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Preface

Welcome to the Second Workshop on Bangla Language Processing (BLP 2025), collocated with IJCNLP-
AACL 2025 and hosted in Mumbai, India.

In this edition, the program is rich and varied, featuring a keynote talk, four paper presentation sessions,
and one poster session.

For the regular workshop track, we received 55 submissions. Each paper was rigorously peer-reviewed
by two to three expert reviewers in the field. From these submissions, 32 papers were accepted, 20 of
which were selected for oral presentation. We note that this distinction reflects scheduling and thematic
considerations rather than any difference in quality between oral and poster presentations.

The workshop also featured two shared tasks: (1) Task 1: Hate Speech Detection, and (2) Task 2: Code
Generation. Both tasks were well received, with robust participation. For Task 1, we had 161, 103, and
90 team registrations for Subtasks 1A, 1B, and 1C, respectively, culminating in 20 system description
papers. For Task 2, we had registrations from 71 teams, culminating in 16 system description papers.

Each system description paper for the shared tasks was peer-reviewed by at least two expert reviewers.
The proceedings include these system papers along with two comprehensive overview papers, which will
be presented in an oral session at the workshop.

We were fortunate to secure sponsorship funding for the workshop, which has been instrumental in
subsidizing registrations for students and aspiring young researchers.

Finally, we would like to thank all contributing authors and the 91 members of the Program Committee
for their dedication and for providing high-quality reviews in a timely manner.

Firoj Alam, Md Tahmid Rahman Laskar, Sudipta Kar, and Shammur Absar Chowdhury
On behalf of the BLP Workshop Organizing Committee
Workshop website: https://blp-workshop.github.io/
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Keynote Talk
Data’r Panchali: The Changing Landscape of Bangla NLP

Monojit Choudhury
2025-12-23 09:10:00 - 09:50:00 –

Abstract: Over the past three decades, Natural Language Processing technologies in Bangla have made
remarkable progress. The advent of generative AI has accelerated this journey, leading to impressive
breakthroughs across multiple domains. Yet, two profound questions persist. First, what tangible benefits
do these advances bring to Bangla speakers? Who stands to gain and who remains excluded? Second, has
the technological gap between English (and other high-resource languages) and Bangla truly narrowed,
or has it quietly widened?
Ultimately, both the triumphs and the shortcomings of Bangla NLP trace back to one fundamental factor:
the availability and absence of data. In this talk, I will explore these questions through both empiri-
cal analysis and personal reflection, examining how data shapes access, equity, and innovation. I will
conclude with a discussion of some intriguing possibilities: how generative AI might illuminate deeper
questions about culture, linguistic diversity, and the evolving identity of Bangla itself.

Bio: Monojit Choudhury is a Professor of Natural Language Processing at the Mohamed bin Zayed
University of Artificial Intelligence (MBZUAI) in Abu Dhabi. His research sits at the intersection of lan-
guage technology and society, with a particular focus on how foundation models learn and (mis)represent
linguistic and cultural diversity, and how to design fair, inclusive language technologies for low-resource
and marginalized languages. Prior to joining MBZUAI, he was a principal researcher at Microsoft Re-
search India from 2009 to 2022 and a principal applied scientist at Microsoft Turing (part of Microsoft
India Development Center) from 2022 to 2023. He also serves as adjunct faculty at the International
Institute of Information Technology, Hyderabad (since 2017). Professor Choudhury is the general chair
of the Panini Linguistics Olympiad (India’s national linguistics Olympiad) and founding co-chair of the
Asia Pacific Linguistics Olympiad. He is deeply committed to popularizing linguistics and natural lan-
guage processing among schoolchildren and non-experts, often through carefully designed puzzles and
problem-solving activities.
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Abstract
Byte pair encoding (BPE) emerges as an ef-
fective tokenization method for tackling the
out-of-vocabulary (OOV) challenge in various
natural language and speech processing tasks.
Recent research highlights the dependency of
BPE subword tokenization’s efficacy on the
morphological nature of the language, particu-
larly in languages rich in inflectional morphol-
ogy, where fewer BPE merges suffice for gen-
erating highly productive tokens. Motivated by
this, our study empirically identifies the optimal
number of BPE tokens for Bengali, a language
known for its morphological complexity, thus
enhancing out-of-distribution automatic speech
recognition (ASR) performance. Experimen-
tal evaluation reveals that an excessively high
number of BPE tokens can lead to overfitting,
while approximately 500-1000 tokens result in
superior OOV performance. Furthermore, we
conduct a comparative analysis of BPE with
character-based and unigram-based tokeniza-
tion methods. By introducing BPE tokeniza-
tion to Bengali ASR, we achieve a substantial
reduction in the word error rate (WER) from
66.44% in our character-based baseline system
to 63.80% on the LB-ASRTD eval set and from
46.34% to 42.80% on the SHRUTI eval set,
both of which include out-of-distribution data.

1 Introduction

The performance of an automatic speech recogni-
tion system is contingent on its core components in-
cluding acoustic feature extraction, mapping acous-
tic features to tokens using the Gaussian Mixture
Model/Hidden Markov Model (GMM-HMM) or
neural networks, and language model-based rescor-
ing of the outputs from connectionist temporal clas-
sification (CTC), etc (Graves et al., 2006). As
for segmentation, either word-level or subword-
level tokens can be modeled to build ASR systems.

*Work performed during the Erasmus Mundus Joint MSc.
program at the University of Groningen and the University of
Malta.

However, word-level modeling faces a challenge
due to the vast number of words in a language,
which exceeds the typical vocabulary size of an
ASR system. As a result, word-level modeling is
susceptible to the out-of-vocabulary (OOV) prob-
lem (Livescu et al., 2012). An OOV word refers
to a word that was not encountered during model
training but appears during the inference phase.

Subword units are known as effective solutions
to tackle the OOV issue in natural language pro-
cessing (NLP) (Sennrich et al., 2016). Examples
of subword units include phonemes, characters, un-
igrams, and byte pair encoding (BPE) tokens, etc
(Kudo, 2018; Gage, 1994; Sennrich et al., 2016).
Phonemes represent the smallest units of sound,
and after training with phonemes, a model can infer
new words. Creating a lexicon that maps each word
to its corresponding phonemes, however, requires
domain expertise as well as a substantial amount
of time and effort for manual annotation (Harwath
and Glass, 2014). Character-based ASR models are
easier to develop since mapping between words and
their corresponding characters can be done auto-
matically (Chan et al., 2016). Furthermore, training
a model with a limited number of characters in a
language is more computationally efficient than
training a word-based model. Unigram language
modeling is another segmentation technique that
removes tokens based on language model perplex-
ity, initially applied in machine translation (Kudo,
2018).

BPE subword tokenization is first utilized in
neural machine translation (NMT) and has gained
widespread usage due to their ability to handle
OOV words effectively (Gage, 1994; Sennrich
et al., 2016; Radford et al., 2018). Subsequent stud-
ies implement BPE-based subword modeling in the
speech processing domain (Synnaeve et al., 2020;
Yusuyin et al., 2023). For BPE, the number of
merge operations determines the number of gener-
ated tokens/subwords. From the work of Gutierrez-
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Vasques et al. (2023) on 47 diverse languages, it has
been found that in languages characterized by ex-
tensive inflectional morphology, there is a tendency
to generate highly productive subwords during the
initial merging steps. Conversely, in languages
with limited inflectional morphology, idiosyncratic
subwords tend to play a more prominent role (Parra,
2024). Therefore, the characteristics of subwords
and the required number of merges in BPE tok-
enization are contingent upon the morphological
nature of the respective language. Moreover, an
empirical study is conducted by incrementally in-
creasing the BPE merges going from characters to
words (Gutierrez-Vasques et al., 2021). The au-
thors reported that around 200 BPE merges result
in the most similar distribution across different lan-
guages.

Since the optimal number of BPE merges can-
not be universally determined for different lan-
guages with varied types of morphology (Gutierrez-
Vasques et al., 2023), in this study, we empiri-
cally determine the number of BPE merges needed
for a highly inflectional language—Bengali to
achieve superior out-of-distribution ASR perfor-
mance. Bengali is an Indo-Aryan language spoken
in Bangladesh and India and poses challenges to the
development of robust ASR systems due to its intri-
cate morphological forms and inadequate research
(Ali et al., 2008; Samin et al., 2021). Subsequently,
we compare the results of BPE-based tokenization
with segmentation approaches based on characters
and unigrams by performing a cross-dataset evalu-
ation, aiming to understand their effectiveness for
handling out-of-distribution data. To the best of our
knowledge, this investigation exploiting different
subword modeling approaches is conducted for the
first time for Bengali ASR.

The rest of the paper is structured as follows:
a comprehensive background study on BPE and
unigram language modeling, along with a review
of related work in the speech processing domain
is provided in Section 2. The methodology of our
experiments are described in Section 3. Details
about the experiment setup are provided in Section
4. Results are discussed in Section 5. The conclu-
sion and outlines the future directions are provided
in Section 6.

2 Background

2.1 Byte pair encoding
Byte pair encoding is a data compression algorithm,
which was applied in NMT in 2016 (Gage, 1994;
Sennrich et al., 2016).

Algorithm 1 Byte-pair encoding (Gage, 1994; Sen-
nrich et al., 2016; Bostrom and Durrett, 2020)
S ← set of strings (Approx. 40k Bengali words)
n← target vocab size
procedure BPE(S, n)

V ← all unique characters in S
while |V | < n do

Step 1 Merge tokens a and b, where
a, b ∈ V and represent the most
frequent bigram in S

Step 2 Create a new token ab by
concatenating a and b

Step 3 Add ab to V
Step 4 Replace each bigram occurrence

of a, b tokens in S with ab
end while
return V

end procedure

BPE algorithm takes a set of strings S and aims
to create a vocabulary V with a target size of n.
It iteratively merges the most frequent bigram in
S into a new token, updating the vocabulary and
replacing occurrences of the merged tokens in the
original strings. The algorithm continues until the
vocabulary size reaches the desired target size n
and returns the final vocabulary V .

2.2 Unigram language modeling
Unigram language modeling (LM) was first applied
in NMT in 2018 and compared the performance to
that of BPE (Kudo, 2018). Unigram language mod-
eling algorithm takes a set of strings S and aims
to create a vocabulary V with a target size of n. It
starts by initializing V with all substrings occur-
ring more than once in S (without crossing words).
The algorithm then iteratively prunes the vocab-
ulary by estimating the token ’loss’ Lt for each
token t in V using the unigram language model θ.
The tokens with the highest Lt values are removed
from V until its size reaches the target vocabulary
size n. Finally, the algorithm fits the final unigram
language model θ to S and returns V and θ as the
resulting vocabulary and language model, respec-
tively.
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Algorithm 2 Unigram LM (Kudo, 2018; Bostrom
and Durrett, 2020)
S ← set of strings (Approx. 40k Bengali words)
n← target vocab size
procedure UNIGRAM(S, n)

V ← all substrings occurring more than
once in S (not crossing words)

while |V | > n do
Build the unigram language model θ
with S
for t in V do

Lt← pplxθ(S) − pplxθ′ (S)

where θ
′

is the LM without token t
end for
Remove min(|V | − n, ⌊α|V |⌋) of the
tokens t with highest Lt from V ,
where α ∈ [0, 1] is a hyperparameter

end while
Build final unigram LM α to S
return V , θ

end procedure

Though both BPE and unigram language model-
ing are subword tokenization algorithms that pro-
duce a fixed-size vocabulary for text segmentation,
there is a key difference in the method. BPE iter-
atively merges the most frequent adjacent symbol
pairs in the corpus to form new tokens, following a
deterministic and greedy approach. In contrast, uni-
gram language modeling initializes with a large vo-
cabulary of candidate substrings and prunes tokens
based on their contribution to the overall likelihood
under a probabilistic unigram language model, re-
moving those that decrease the model’s likelihood
until the target vocabulary size is reached.

2.3 Related work
The choice of subword units for acoustic model-
ing can depend on settings such as high-variability
spontaneous speech, noisy environment, low-
resource scenario, or cross-lingual speech recog-
nition (Livescu et al., 2012). Different subword
modeling techniques have been explored in nu-
merous studies including improved word boundary
marker in weighted finite state transducer (WFST)-
based decoder for Finnish and Estonian (Smit et al.,
2017), pronunciation-assisted subword modeling
(PASM) (Xu et al., 2019), acoustic data-driven sub-
word modeling (ADSM) (Zhou et al., 2021), among
others. While both PASM and ADSM are reported
to outperform BPE-based modeling for ASR, these

two approaches are evaluated with only a morpho-
logically poor language English. Thus, it is uncer-
tain how different subword modeling approaches
will work for morphologically rich languages.

More recently, phone-based BPE has been intro-
duced for multilingual speech recognition (Yusuyin
et al., 2023). However, in a monolingual setting,
PBPE obtains similar performance compared to
BPE while both BPE and PBPE outperform phone
and character-based modeling.

In recent years, Bengali ASR research has
primarily focused on addressing the scarcity of
datasets through resource development initiatives
(Kjartansson et al., 2018; Ahmed et al., 2020; Kib-
ria et al., 2022; Rakib et al., 2023; Samin et al.,
2024). Sadeq et al. (2020) addressed the chal-
lenge of manual annotation in training ASR sys-
tems by proposing a semi-supervised approach for
Bangla ASR, leveraging large unpaired audio and
text data encoded in an intermediate domain with
a novel loss function. Samin et al. (2021) eval-
uated the LB-ASRTD corpus (Kjartansson et al.,
2018), a large-scale publicly available dataset com-
prising 229 hours, utilizing deep learning-based
methods and performing a character-wise error
analysis. While earlier studies on Bengali ASR in-
volved phone-based segmentation (Al Amin et al.,
2019), the shift towards end-to-end ASR systems
has made character-based models more prevalent
(Samin et al., 2021). Notably, to the best of our
knowledge, there has been no study comparing dif-
ferent subword modeling techniques in the Bengali
speech processing domain.

3 Method

We train a convolutional neural network (CNN)
based acoustic model for performing the experi-
ments. We extract 21 mel-frequency cepstral co-
efficients (MFCCs) from each frame of the input
signal and feed it to the CNN. The frame length and
stride are 30 ms and 15 ms, respectively. We im-
plement the same CNN architecture following the
work of Samin et al. (2021), except for introducing
a batch normalization

layer in each convolution block to improve op-
timization stability and reduce internal covariate
shift. Moreover, we increase the number of convo-
lutional blocks from 15 to 20, enabling the network
to learn deeper hierarchical acoustic representa-
tions. The objective of the acoustic model is to
predict the subword units based on the CTC loss cri-
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Table 1: Six acoustic models are trained with three types of subword units such as character, unigram, and BPE. For
BPE segmentation, 500, 1K, 2K, and 3K target tokens are fixed in separate experiments. The models are trained with
a CNN architecture on the Bengali SUBAK.KO train set and evaluated on the eval sets of SUBAK.KO, LB-ASRTD,
and SHRUTI. TERs (%) and WERs (%) are reported. Bold numbers indicate the best WERs in the corresponding
eval sets.

Token type # tokens SUBAK.KO eval LB-ASRTD eval SHRUTI eval

TER WER TER WER TER WER

Character 73 5.41 18.89 27.14 66.44 14.31 46.34
Unigram 1000 6.03 16.86 30.32 66.07 15.97 44.40

BPE 500 5.71 17.11 28.15 64.28 14.61 42.80
BPE 1000 5.97 16.65 29.32 63.80 15.97 43.75
BPE 2000 6.19 16.17 31.99 66.38 17.36 44.58
BPE 3000 6.34 15.63 34.11 66.46 18.84 45.77

terion given the audio signal (Graves et al., 2006).
We choose either character, BPE, or unigram to-
kens in individual experiments as our subwords.

We do not perform beam search decoding with
a language model since it can have an impact on
the final result. The goal of this study is to inves-
tigate different subword-based acoustic modeling
for a morphologically rich language Bengali, so
we exclude the language modeling part. Therefore,
greedy search decoding is used to generate the out-
put tokens. In this approach, at each decoding step,
the token with the highest predicted probability is
selected without considering alternative sequences.
This method simplifies decoding and allows us to
evaluate the acoustic model’s performance indepen-
dently of any language model influence.

4 Experiment setup

We implement CNN-based acoustic models using
the Flashlight toolkit (Kahn et al., 2022). We train
our CNNs using SUBAK.KO, an annotated Bangla
speech dataset (Kibria et al., 2022). SUBAK.KO
is mostly a read speech corpus with 229 hours of
read speech and only 12 hours of broadcast speech.
We use the same 200-hour long training set, 20-
hour long development (dev) set, and 20-hour long
evaluation (eval) set following Kibria et al. (2022).
Using standard train, dev, and eval sets enables
us to compare our strategy to those of the past.
For a comprehensive evaluation, we use a 20-hour
subset of the large Bangla automatic speech recog-
nition training data (LB-ASRTD) and the 20-hour
long full SHRUTI corpus (Kjartansson et al., 2018;
Das et al., 2011). Our SUBAK.KO-based ASR
model encounters OOV words from LB-ASRTD

and SHRUTI out-of-distribution data. Therefore,
cross-evaluation assures a more reliable evaluation
of various subword modeling algorithms.

We train baseline ASR systems using character
and unigram tokens, subsequently contrasting their
performance with BPE-based ASR systems. For
character-based modeling, we simply use Python
programming language to segment a word into in-
dividual characters. To build the BPE and unigram-
based lexicons, we use the Sentence-piece library
(Kudo and Richardson, 2018). For unigram lan-
guage modeling, we use a fixed token size of 1000.
As for BPE, we develop four acoustic models with
500, 1K, 2K, and 3K tokens and compare the re-
sults. We use the SUBAK.KO train set as a text
corpus to generate the BPE and unigram tokens.

For evaluating ASR models, we employ stan-
dard metrics such as the word error rate (WER)
and the token error rate (TER). Here, token rep-
resents either characters, BPE or Unigram units.
Eight graphics processing units (GPUs) with only
12 gigabytes of virtual random access memory each
are used to train the models.

5 Results & Discussion

Table 1 presents the WERs and TERs for various
subword modeling types and token sizes. On all
three evaluation sets, BPE-based acoustic model-
ing outperforms both character-based and unigram-
based modeling in terms of WERs. Unigram
modeling achieves lower WERs than character-
based segmentation. With the same number of
tokens (1000 tokens), unigram modeling cannot
surpass the BPE-based approach when dealing with
both in-distribution (SUBAK.KO eval) and out-of-
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distribution (LB-ASRTD and SHRUTI eval) data.

The number of generated tokens is proportional
to the number of BPE merge operations. As we
increase the number of BPE tokens, the WERs
continue to decrease on the SUBAK.KO eval set.
Nevertheless, acoustic models trained with 1000
BPE tokens and 500 BPE tokens achieve reduced
WERs on the LB-ASRTD and SHRUTI eval sets,
respectively. Notably, BPE tokens are generated
utilizing the SUBAK.KO train corpus. This im-
plies that as the number of BPE tokens increases,
the model becomes overfit on its eval set while
performing poorly on the out-of-distribution data.
Thus, a target BPE token size of 500 or 1000 is
found to be suitable to achieve better generalizabil-
ity for ASR. This finding conforms to the work
of (Gutierrez-Vasques et al., 2023), indicating that
morphologically rich languages necessitate fewer
BPE merges, leading to a reduced count of BPE
tokens. Also, a higher number of BPE merge opera-
tions tends to generate longer-length tokens, which
resemble words and present similar bottlenecks of
word-based tokenization.

With regard to TERs, character-based acoustic
modeling exhibits lower error rates than the other
two approaches. Furthermore, with the BPE tokens,
the TERs tend to continually increase when we in-
crement the number of BPE tokens. Each character
represents a token of length one, while BPE tokens
undergo multiple merge operations, resulting in
longer token lengths. We argue that predicting a to-
ken with a shorter length is a comparatively easier
task for the acoustic model in contrast to mapping
input signal frames to a token with a longer length.
This discrepancy can contribute to higher TERs
for unigram and BPE-based modeling. However,
if a model can accurately predict the long-length
tokens of a word, it increases the probability of
achieving a lower WER because the number of un-
igram/BPE tokens in a word is typically fewer than
the number of characters in that word.

Figure 1 demonstrates the performance of BPE-
based subword modeling with various train corpus
sizes. We can observe the positive impact of in-
creasing the amount of acoustic model training
data on all three evaluation sets for the BPE-based
approach. However, it is worth noting that BPE-
based speech recognition systems can still achieve
satisfactory performance even in low-resource sce-
narios.
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Figure 1: Acoustic models are trained with 1000 BPE
tokens on five different SUBAK.KO train subsets (e.g.
40 hours, 80 hours, 120 hours, 160 hours, and 200
hours). SUBAK.KO, LB-ASRTD, and SHRUTI eval
sets are used to report the WERs (%)

6 Conclusion & Future Work

In this work, we determine the number of BPE
merges in the context of ASR for a morphologi-
cally rich language - Bengali and provide intriguing
insights into the relationship between BPE merge
operations and ASR performance in the presence
of OOV words. Furthermore, we provide a com-
parative analysis for three subword modeling ap-
proaches including characters, unigrams, and BPE
for ASR. Our empirical study suggests that BPE
is a better choice for subword modeling than char-
acters and unigram tokens. Additionally, through
cross-dataset evaluation, we find that targeting a
token size of approximately 500 or 1000 yields
improved generalization and robustness, while ex-
cessively high numbers of BPE tokens can result in
overfitting. This outcome corresponds with prior
linguistic research, suggesting that morphologi-
cally rich languages demand fewer BPE merges to
yield highly productive BPE tokens, as discussed
in (Gutierrez-Vasques et al., 2023).

There are several potential directions for future
research. Firstly, instead of generating BPE tokens
from the text files of SUBAK.KO train set, a large-
scale text corpus could be constructed specifically
for this purpose, enabling the generation of BPE
tokens from a more extensive and diverse dataset.
We hypothesize that this approach could yield su-
perior BPE representations, resulting in enhanced
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robustness across out-of-domain data, particularly
for challenging morphologically rich languages.
Secondly, we aim to explore additional morpholog-
ically rich languages from diverse language fam-
ilies, as well as languages like English that lack
complex morphology, to further evaluate the effec-
tiveness of subword modeling approaches. Lastly,
although our study benchmarks convolutional neu-
ral networks (CNNs), it would be valuable to inves-
tigate state-of-the-art transfer learning algorithms,
such as wav2vec 2.0 (Baevski et al., 2020) and
HuBERT (Hsu et al., 2021), to determine if BPE
subword modeling remains effective with these ar-
chitectures.

7 Limitations

Although this work investigates BPE subword to-
kenization method for Bengali ASR for the first
time, there are several limitations. First, this study
evaluates tokenization only in a monolingual Ben-
gali setting as a representative morphologically rich
language. Future work should examine additional
such languages to assess generalizability. Second,
we investigate the effectiveness of BPE exclusively
with CNN-based acoustic models. Exploring al-
ternative architectures remains an open direction.
Lastly, this work focuses on comparing BPE with
closely related subword approaches (unigram LM
and character-based modeling) to isolate and ana-
lyze BPE’s behavior in morphologically rich Ben-
gali. Therefore, alternative techniques such as
PASM (Xu et al., 2019), ADSM (Zhou et al., 2021),
and phone-based BPE (Yusuyin et al., 2023), which
introduce additional phonetic or acoustic modeling
assumptions beyond our scope, are not evaluated
in this work.
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Abstract

Political stance detection in understudied
socio-political contexts presents a persistent
challenge for language models. It is because
dynamic contexts and indirect relationships
between political entities complicate the
accurate alignment of opinions. To address this,
we introduce GRASP-ChoQ, an approach
that combines structured knowledge graphs
with a chain-of-questions reasoning to break
down interactions in political texts. We
support this with BPDisC, a novel dataset of
politically charged tweets from Bangladesh
during and after the July 2024 protests.
Instead of making direct predictions, our
approach relies on intermediate reasoning
steps facilitated by contextually retrieved
subgraphs from the knowledge graph. We
evaluated our method on BPDisC and six
additional benchmark datasets. Across all
datasets, it consistently outperformed baseline
LLMs. Notably, DeepSeek R1 combined
with GRASP-ChoQ achieved the highest
performance on the BPDisC dataset, with
a 40% improvement in F1 score over the
zero-shot baseline. These results highlight
our method’s ability to integrate context and
effectively handle complex, low-resource, and
evolving political scenarios.1.

1 Introduction

Since large language models (LLMs) are usually
trained on static datasets containing predetermined
temporal cutoffs (Liu et al., 2024), they are
not aware of events or novel ideas that emerge
following the training period. As an example, a
pre-trained model might have difficulty identifying
a change in political ideology (Liu et al., 2022).
Retraining these models by incorporating new

1https://github.com/Programming-Dude/
GRASP-ChoQ

Figure 1: A knowledge graph containing political
entities as nodes and their relationships as edges

data is computationally challenging and often
results in updated models losing their previous
knowledge. Since LLMs cannot naturally adapt
to situations that change quickly, it is hard to
figure out political positions in environments that
are constantly changing politically and socially
(Rozado, 2024).

Identifying political stances often requires
understanding indirect relationships—such
as informal alliances or ideological
disagreements—that are implied rather
than explicitly stated in texts (Leifeld and
Brandenberger, 2019; Oswald et al., 2021). LLMs
struggle to detect these subtle cues, especially
in tweets, due to limited context and a focus
on surface patterns (Cheng et al., 2024). While
Retrieval-Augmented Generation (RAG) aids in
providing contexts, it does not always effectively
uncover these nuanced political connections.

This study presents GRASP-ChoQ, a hybrid
approach which improves LLM-based stance
detection by combining knowledge graphs (KGs)
and multistep reasoning. This approach addresses
the dual challenges of adapting to dynamic
political contexts and inferring indirect relational
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Figure 2: Our approach, GRASP-ChoQ, detects stance using two main components: Knowledge Graph and
Chain-of-Questions Reasoning. The pipeline integrates Wikipedia search, a Neo4j graph database, and language
models. Wikipedia documents are processed into chunks and stored in the knowledge graph. The graph database
extracts entities and relationships, and a language model generates queries to determine the tweet’s stance.

knowledge.
A significant aspect of the structure it contains is

the incorporation of relational principles compared
to Social Balance Theory (SBT) (Heider, 2013),
which are frequently utilized to analyze harmony
or stress in undirected triadic interactions (e.g., "a
friend of my friend is my friend" or "a foe of my
foe is my friend").

In order to describe asymmetric interactions
using signed, directional edges, recent extensions
of SBT to directed graphs have been devised
(Aref et al., 2020). According to the principles
of SBT, knowledge graph integration may be very
helpful in detecting latent linkages by organizing
the data in a manner that makes it possible to
uncover hidden connections based on interactions
that already exist (Chepurova et al., 2023). That is
why our approach integrates this.

Approaching stance detection as a one-step
decision limits the ability to reason through
complex, indirect relationships. We address this by
providing a set of questions (Zhu et al., 2023) that
divides the process into smaller, more controllable
phases, therefore facilitating the correct decision.

While prior works have separately explored
knowledge-graphs, retrieval augmentation
(e.g., RAG with static subgraph retrieval) and
Chain-of-Thought (CoT) or Chain-of-Questions
prompting for enhanced reasoning, no existing

approach integrates multi-hop KG traversal with
question-guided reasoning for political stance
detection.

GRASP-ChoQ is particularly effective
for complex political environments such as
Bangladesh (Chowdury, 2024), a geopolitically
significant region in recent times that remains
underexplored in the context of target-based
political stance detection (Bestvater and Monroe,
2023).

The main contributions of our research paper are
as follows:

• We introduce Knowledge Graph-Based
Retrieval Augmentation for Stance Detection
in Political Texts with Chain-of-Questions
Reasoning, shortly called GRASP-ChoQ.
This approach combines two essential
components: Knowledge Graph (KG) and
Chain-of-Questions (ChoQ) to detect political
stances effectively.

• We present BPDisC (Bangladesh Political
Discourse Corpus)-a novel dataset
comprising tweets that explicitly express
political stances related to the political
climate in Bangladesh during and following
the July 2024 protests.

• Our proposed method substantially improves
the reasoning capabilities of baseline LLMs
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Figure 3: This figure illustrates a structured approach which integrates information from knowledge graph,
chain-of-questions prompting, historical context, and reasoning to classify tweets

in detecting political stances by addressing
the dual challenges of adapting to dynamic
political contexts and inferring indirect
relational knowledge, as confirmed through
an ablation study.

2 Related Works

Kopacheva et al. (2023) explored the structural
roles of social networks in predicting the
participation of protests in the context of ecological
protests in Russia. The research emphasized
how personal social networks predict political
participation by highlighting network density and
size as major attributes affecting the likelihood of
participation in a protest action.

Panda et al. (2024) proposed HOLMES, a
distilled knowledge graph approach for multi-hop
QA, reducing token use and improving Exact
Match on HotpotQA and MuSiQue, though
challenged by graph incompleteness. Chen
et al. (2024b) introduced a three-stage LLM-based
pipeline for KGR without fine-tuning, enhancing
KG enrichment and entity reranking, but limited by
cost and scalability. Edge et al. (2024) presented
Graph RAG for query-focused summarization
via graph-based retrieval and indexing, requiring
broader evaluation. Wu et al. (2024) introduced
MedGraphRAG, a medical RAG model using
triple-linked graphs and U-Retrievals, needing
clinical validation and real-time updates. Garg
and Caragea (2024) addressed target prioritization

failures in stance detection with Stanceformer, a
target-aware transformer that boosts self-attention
scores, though constrained by LLM size and
resources. Weinzierl and Harabagiu (2024)
proposed "Tree-of-Counterfactual Prompting"
(TR-ZSSD), a zero-shot stance detection method
reliant on culturally informed models, limiting
application in diverse settings. Chen et al.
(2024a) enhanced FSA on complex financial
texts using a four-step Chain-of-Thought LLM
pipeline, showing top performance. Mei et al.
(2024) proposed a contrastive learning approach
for hateful meme detection, with an updatable
embedding space that avoids retraining.

Shui et al. (2024) proposed a Llama3-8b-based
emotion text classification model enhanced
with LoRA and FlashAttention. Focused
on stance detection in political tweets, it
leverages knowledge graph principles for improved
classification of complex opinions. However,
dataset limitations restricted sentiment intensity
regression to just two datasets, and hardware
constraints prevented fine-tuning on larger models
like Llama 3-70B, limiting results to 8B and
7B variants. Sreekala et al. (2024) introduced
a news classification scheme using hierarchical
clustering with ensemble methods. Documents
were clustered with various aggregative techniques
and classified using Gradient Boosting, Bagging,
and Random Forests. A key limitation is
its reliance on the BBC News dataset, which
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Datasets Target(s) Source Size Time Language Annotation
Classes

SemEval-2016
Task 6

Atheism, Climate Change is
Concern, Feminist Movement,
Hillary Clinton, Legalization
of Abortion, Donald Trump

Twitter 4,870 tweets 2016 English Favor, Against,
Neither

P-stance Donald Trump, Joe Biden,
Bernie Sanders

Twitter 21,574 tweets 2020 English Favor, Against,
Neither

Mawqif COVID-19 vaccine, digital
transformation, women
empowerment

Twitter 4,121 tweets 2022 Arabic Favor, Against,
None

Swami et al.
(2018)

Demonetisation in India in
2016

Twitter 3,545 tweets 2018 English-Hindi Favor, Against,
None

Lai et al.
(2018).

2016 referendum on reform of
the Italian Constitution

Twitter 993 triplets
(2,889 tweets)

2018 Italian Favor, Against,
None

Lüüsi et al.
(2024)

Immigration-related sentences
from Estonian news articles
from Ekspress Grupp and
Uued Uudised

News media 3,261
sentences

2015–2022 Estonian Supportive,
Neutral, Against

BPDisC
(Ours)

Awami League (Bangladeshi
Political Party)

Twitter 2,847 tweets 2024 Bangla-English Favor, Against

Table 1: Stance detection datasets for the experiments. The datasets cover political topics across different languages,
including English (Mohammad et al., 2016a; Li et al., 2021), Arabic (Alturayeif et al., 2022), Hindi, Italian,
Estonian. For our experiments we only used FAVOR and AGAINST classes.

may not fully represent diverse news sources,
affecting classification performance. Shimin
(2024) explored book content classification using
LLaMA’s self-attention and word embedding
mechanisms, demonstrating improved efficiency
and accuracy in book classification.

3 Methodology

3.1 Retrieval Augmented Generation
RAG retrieves documents by measuring semantic
similarity—typically via vector embeddings and
metrics like cosine similarity—treating each
document as an isolated point in embedding space
(Barnett et al., 2024). This, however, ignores
relational context such as citations or knowledge
graph links.

For instance, in a citation network (Clough et al.,
2015), papers P1, P2, P3 may be connected via
citation edges P1 → P2 and P2 → P3. If the
logical citation path (Q→ P1→ P2→ P3) is more
informative, a retrieval system depending only on
embeddings would prioritize retrieving P3 if it has
a high embedding similarity to a given query Q.

3.2 Knowledge Graph
Graph-based structures link pieces of information
into nodes and edges, making it easy to organize

and find what is needed (Xie et al., 2024). Just
the relevant subgraph is then pulled from the
knowledge graph to show how entities connect
(Li et al., 2024). This turns long passages into a
small, clear graph (Dong et al., 2024).

From Table 2 and Table 3, we can see how a long
text is summarized and the key relationships are
extracted. Next, we performed subgraph retrieval
from the larger knowledge graph by identifying
key entities within the tweet with LLM. This
process involved extracting relevant entities and
formulating a graph query to retrieve the most
contextually appropriate subgraph.

Let:

• q be the input tweet.

• E(q) represent the set of entities extracted
from q.

• g(e) represent the function that generates a
query from entity e.

• G(q) represent the result of querying the
graph with query q.

The function can be expressed as:

retriever(q) =
⋃

ei∈E(q)

G(g(ei))

11



3.3 Chain of Questions
The primary motivation for adopting a
Chain-of-Questions approach is to enable
systematic decomposition into sub-questions.
(Dua et al., 2022). By decomposing complex
questions into simpler sub-questions, the model
can focus on answering each sub-component
accurately, thereby reducing the accumulation of
errors that often occur in single-steps. As shown
in Figure 3, the Chain-of-Questions prompting
section features two open-ended questions (Ling
et al., 2023) along with their corresponding
answers, while another question is posed without
an answer. In this scenario, the reasoning follows
a clear and logical path.

3.4 Proposed Method
For each tweet, we extracted a relevant subgraph
of information and generated a chain of questions
through initial prompting designed to infer the
stance of the tweet based on its contextual
associations.

Figure 2 describes the overall workflow and
association between modules and Figure 3 how
the context is provided to LLM.

Let D = {r1, r2, . . . , rN} be the dataset, where
ri represents the i-th row. The iteration over the
dataset is represented as:

∀i ∈ {1, 2, . . . , N}, yi = f(ti, r, g(Si), Ui,M)

Where yi represents the stance for the i-th row.
ti is the translated tweet for the i-th row. r means
text with historical relationships which is constant
across all rows. Si denotes structured data retrieved
from knowledge graph for the i-th row. Ui is
unstructured chunks of texts for the i-th row. M
represents the baseline LLM model used by f for
prediction. g(Si) function converts Si (structured
data) into a string representation.

After the stance function is iterated over all
rows:

Y = {yi | i ∈ {1, 2, . . . , N}}

Here, Y is the final collection of political
stances. yi is predicted stance for the i-th row.
i ∈ {1, 2, . . . , N} iterates over all N rows in the
dataset.

4 Experimental Results

This section presents the experimental outcomes
evaluating the proposed methods through

quantitative metrics and qualitative analysis,
emphasizing their strengths and limitations.

4.1 Experimental Settings
The experiment setup describes the data used,
how it was prepared, and the steps involved. A
brief overview is given here, with more details in
Section A of the Appendix.

Initial Data Processing We collected tweets and
extracted key entities such as persons, locations,
and organizations.

Build & Store Knowledge Graph Using these
entities, we pulled information from Wikipedia,
structured it into a Knowledge Graph, and stored it
in Neo4j.

Baseline Performance We tested baseline
language models on the dataset to obtain initial
results.

Integrating Our Method For each tweet, we
retrieved relevant subgraphs and combined them
with chain-of-questions in the model for enhanced
stance detection.

Other Datasets We repeated the process on
BPDisC and six benchmark datasets, consistently
outperforming baselines.

4.1.1 BPDisC Dataset
Data Collection The dataset covers large-scale
political discourse on Twitter during the 2024
Bangladesh Protests, collected between July 1
and December 31, 2024. We gathered around
10,000 publicly available tweets by employing
keyword searches, hashtags, regional settings, and
specific timestamps. Each tweet in the dataset
is accompanied by metadata, including tweet id,
handle name, timestamps, replies, retweets, likes.
Tweets were obtained through the X (Twitter)
API, this methodology aligns with the approaches
utilized in earlier research studies (Mohammad
et al., 2016b) and (Hossny and Mitchell, 2018).

Pre-processing After collecting tweets, we
applied preprocessing by excluding image-based
posts, users without clear political affiliation,
and tweets under five words. Following these
exclusions, we refined the dataset to 2,847 tweets.
The dataset contained tweets in both Bangla
and English. For non-English text within this
final dataset, we utilized machine translation via
GPT-4o to ensure data clarity and uniform analysis.
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Node ID Type Context

Ahidul Islam Person In 2021, seven children of freedom fighters, including
Ahidul Islam, filed a writ petition challenging the quota
system decision.

High Court Organization On 5 June 2024, High Court declared the decision to
scrap the quota system invalid.

Students Group Key protest action staged by students during the
intensified July demonstrations.

Police Organization Police used excessive force during protests, leading to
clashes while attempting to quell student agitations.

Bangla Blockade Event Immediately after the verdict announcement, students
protested in various universities. The movement
intensified in July with blockades like "Bangla
Blockade".

Table 2: Structured Extraction of Entities and Relationships from Wikipedia using LLM—The table represents
extracted nodes (entities) and their contextual relationships from Wikipedia text.

Source Node Relation Target Node

Ahidul Islam FILED High Court

High Court DECLARED Quota System

Students STAGED Bangla Blockade

Police USED_FORCE Students

Table 3: Extracted Relationships using LLM
Demonstrating Connections Between Key Entities.

Annotation Strategy Following prior strategies
on inferring political affiliation from online profiles
(Baran et al., 2022; Huszár et al., 2022; Johnson
and Goldwasser, 2016), we manually annotated a
subset of Twitter user accounts based on political
cues found in their bios. Specifically, we identified
users’ stances in favor or against the Awami
League, the most frequently referenced political
party in our dataset. 32 Twitter accounts were
labeled as in favor of the Awami League, while
17 accounts were labeled as against. These
annotations were based on explicit expressions in
user bios, such as slogans, hashtags, or mentions of
party leaders. Accounts without such information
were excluded, along with celebrity and news
media outlets, as they generally maintain a neutral
stance. Hence, we had to drop a massive portion
of originally collected ~10k tweets.

Once annotated, the political stance label of each
account was propagated to all tweets posted by that
user in the dataset. This approach allowed us to
construct a larger dataset of labeled tweets based
on account-level annotations. In total, this yielded
1,512 tweets labeled as class 1 (in favor) and 1,335
tweets as class 0 (against), forming a final dataset

suitable for supervised learning and analysis.

4.1.2 Inter-Annotator Agreement
We conducted a two-stage inter-annotator
agreement process to ensure the reliability of the
BPDisC dataset. This validation was performed
first at the account level to confirm the user-level
annotations and subsequently at the tweet level
to validate the propagation of those labels. We
used Cohen’s Kappa(Cohen, 1960) to measure the
consistency at both stages.

Account Level For the user-level annotations,
two coders independently assessed 49 Twitter
accounts (32 labeled as ’in favor’ and 17 as
’against’), based on the explicit political cues
in their bios. It was also confirmed that none
of the 49 accounts were linked to recognized
media outlets in Bangladesh which are generally
regarded as politically neutral. The two coders
reached an agreement on 47 out of the 49 accounts.
To measure the consistency of this process, we
calculated the inter-annotator agreement, achieving
a Cohen’s Kappa of 0.91, which indicates strong
agreement and confirms the reliability of our
account-level annotation.

Tweet Level To further validate the dataset’s
annotation, we also assessed the reliability of
propagating account-level labels to individual
tweets. A random subset of 300 tweets
was independently annotated by two coders to
determine if the tweet’s content matched the
account’s propagated stance. The annotators
agreed on 281 of the 300 tweets. This resulted
in a Cohen’s Kappa of 0.87. This strong level
of agreement confirms that the stances expressed
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Methods LLMs Accuracy Precision Recall F1 Score

Zero-shot

GPT-4 58.00 80.04 27.85 41.30

GPT-4o 59.61 84.81 29.17 43.30

Gemini 1.5 Pro 59.64 75.17 35.85 48.54

Mistral Large Latest 53.39 70.79 20.83 32.19

DeepSeek R1 61.40 75.40 40.54 52.73

Few-shot

GPT-4 51.07 63.53 18.33 28.39

GPT-4o 53.07 63.66 27.12 38.03

Gemini 1.5 Pro 51.46 64.77 18.85 29.24

Mistral Large Latest 50.09 60.76 17.00 26.56

DeepSeek R1 62.59 81.26 38.43 52.18

Few Shot with Naive-RAG

GPT-4 56.41 78.60 24.54 37.50

GPT-4o 63.96 83.11 40.34 54.32

Gemini 1.5 Pro 57.50 81.29 25.86 39.24

Mistral Large Latest 54.97 74.47 23.15 35.32

DeepSeek R1 64.56 75.90 48.74 59.36

GRASP-ChoQ (Ours)

GPT-4 88.55 88.61 90.01 89.30

GPT-4o 85.04 87.81 83.40 85.85

Gemini 1.5 Pro 75.10 87.49 61.97 72.55

Mistral Large Latest 72.60 83.83 59.99 69.93

DeepSeek R1 93.12 96.14 90.67 93.33

Table 4: Comparison of different methods (Zero-shot, Few-shot, Naive-RAG, and GRASP-ChoQ) across models
(Mistral, GPT-4, GPT-4o, Gemini 1.5 Pro, and DeepSeek R1) in terms of Accuracy, Precision, Recall, and F1 Score
on BPDisC Dataset.

in individual tweets are highly consistent with the
account-level labels, validating the reliability of
the BPDisC dataset.

4.1.3 Other Datasets
In addition to our BPDisC dataset, we evaluated
our approach on six other datasets.

For English-language, we utilized
SemEval-2016 Task-6 and P-stance dataset
(Mohammad et al., 2016a; Li et al., 2021). The
dataset from (Swami et al., 2018) includes
English–Hindi code-mixed tweets related to
India’s 2016 demonetization.

Beyond English, we employed non-English
datasets: Mawqif, an Arabic-dialect Twitter corpus
(Alturayeif et al., 2022); the dataset from (Lai
et al., 2018), comprising Italian tweets related
to the 2016 referendum on constitutional reform;
and (Lüüsi et al., 2024), which features Estonian
news media sentences discussing immigration. The
datasets are detailed in Table 1.

We first removed stances labeled as None,
Neither, or Neutral from the datasets. Next,
we performed translation, entity extraction, and
knowledge graph construction. Finally, we tailored
prompts to each dataset and applied both zero-shot

Figure 4: DeepSeek R1 Demonstrates Superior
Performance Across All Input Settings.

and GRASP-ChoQ methods.

4.1.4 Neo4j Configuration

Texts sourced from Wikipedia (Yu et al., 2021)
were transformed into a graph database using
Neo4j (Miller, 2013), a platform tailored for
managing highly interconnected knowledge graphs.
The database was represented as a graph
comprising 883 nodes and 2,281 relationships for
the BPDisC dataset.

In this graph, nodes represented key entities such
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Figure 5: The performance of five AI models (GPT-4,
GPT-4o, Gemini 1.5 Pro, Mistral Large Latest, and
DeepSeek R1) across four evaluation metrics in a
zero-shot setting.

Figure 6: The performance of five AI models across
four evaluation metrics for GRASP-ChoQ.

as users, topics, or hashtags, while relationships
captured interactions.

Neo4j’s Cypher query language enabled
extraction of related subgraphs (Anuyah et al.,
2024).

4.1.5 Baseline LLMs
Mistral Large Latest Developed by French
startup Mistral AI (Jiang et al., 2023), this top-tier
model builds on earlier versions with billions of
parameters.

OpenAI GPT-4 The latest in the GPT series,
GPT-4 surpasses GPT-3.5 in context handling,
reasoning, and comprehension (OpenAI, 2023).

OpenAI GPT-4o An optimized GPT-4 variant
offering faster, more accurate, and versatile
performance (OpenAI, 2024).

Gemini 1.5 Pro DeepMind’s multimodal model
improves on Gemini 1.0 with longer context,
faster processing, and enhanced performance
(DeepMind, 2023).

DeepSeek R1 Launched in 2023 by DeepSeek
AI, this open-source model is adopted by

major firms like Microsoft and Amazon for its
cost-effectiveness and accessibility(DeepSeekAI,
2025).

4.2 Ablation Study
We performed an ablation study by excluding two
fundamental elements of GRASP-ChoQ:

• Retrieval and knowledge graph data
integration into the reasoning process.

• ChoQ framework for breaking down intricate
searches into sequential, linked inquiries.

Our analysis reveals that simple RAG is
insufficient for complex political texts. While
the DeepSeek-R1 baseline achieved a 52.73
F1 score, our full GRASP-ChoQ framework
reached 93.33 F1. This massive +40.6 point
improvement confirms the critical synergy between
our components. The high performance is
not attributable to just one part, but to the
powerful combination of graph-based retrieval and
structured reasoning.

Our ablation study confirms the components are
complementary. From Table 5, we can clearly see
the improvements of baseline models with both
components.

Knowledge Graph provides superior, structured
information between entities. Removing it
untethered the model from factual evidence,
causing it to rely on simple keywords rather than
contextual relationships. The essential reasoning
structure is supplied by Chain-of-Questions.
When removed, the model lost its ability to
perform multi-step logic, defaulting to single-turn
predictions that failed to interpret subtle or indirect
viewpoints.

These results prove that the model’s success
stems directly from the synergy between its
parts: the Knowledge Graph provides the
external understanding, while ChoQ enforces
the disciplined reasoning required to use it.
Both are essential for maintaining accuracy and
interpretability.

4.3 Performance and Results
Initial evaluations on the BPDisC dataset (Table 4)
showed that the DeepSeek-R1 model, enhanced by
our proposed GRASP-ChoQ approach, achieved
superior performance across all metrics compared
to other models. Figure 4 and Figure
5 illustrate DeepSeek R1’s strong baseline
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Dataset Model Zero-shot GRASP-ChoQ

BPDisC

GPT-4 41.30 89.30 (+48.0)

GPT-4o 43.30 85.85 (+42.5)

Gemini 1.5 Pro 48.54 72.55 (+24.0)

Mistral Large Latest 32.19 69.93 (+37.7)

DeepSeek R1 52.73 93.33 (+40.6)

SemEval
2016

DeepSeek R1 95.07 96.81 (+1.7)

P-Stance DeepSeek R1 97.61 98.33 (+0.7)

Mawqif DeepSeek R1 84.37 95.63 (+11.3)

Swami
et al.

DeepSeek R1 87.31 92.56 (+5.3)

Lai
et al.

DeepSeek R1 74.21 90.83 (+16.6)

Lüüsi
et al.

DeepSeek R1 79.35 92.94 (+13.6)

Table 5: F1 Score Comparison of Models on Various
Datasets in Zero-shot and GRASP-ChoQ methods

performance across various settings. Based on
this finding, we proceeded to evaluate only the
DeepSeek-R1 model on the remaining six datasets.
GRASP-ChoQ significantly enhanced DeepSeek
R1’s performance on these datasets as well. Table
5 highlights this improvement.

Understanding Performance Gains: From
Table 5, we can see that English language
datasets have strong baseline performance, our
approach increases F1 scores slightly. This
happens because the target entities of these
datasets are well-known and LLMs have their
information in the pre-training data already. But
for other language datasets, where target entities
are not so well known, our approach improves
DeepSeek-R1’s baseline performance.

So, from the experiments and results, it can
be observed that, our approach is beneficial for
low-resource political texts whose target entities
are not well-studied.

5 Conclusion

Large Language Models (LLMs) often
demonstrate suboptimal performance when
tasked with processing low-resource political
information. To date, no prior research has
attempted to classify political stances in the
context of Bangladesh, presenting a unique

opportunity for exploration. Our proposed
approach GRASP-ChoQ, offers a novel strategy
for addressing this gap. This approach was applied
to the novel BPDisC and six other datasets. By
fostering critical thinking, this method has the
potential to be adapted to other political contexts.
This can be achieved by constructing a tailored
knowledge base and designing a carefully curated
chain of questions specific to each contextual
framework.

Limitations

The GRASP-ChoQ method has several limitations.
It relies solely on textual data, excluding
multimodal inputs like images or videos, which are
increasingly important in political communication
these days. This restricts the method’s ability to
capture visual contexts. Moreover, the exclusion of
image data means the final dataset is smaller than
it could have been. Additionally, our main focus
was to reduce the cost of fine-tuning large models,
so no additional training was performed, which
may limit adaptability. Furthermore, the limited
knowledge base may restrict the approach’s ability
to generalize across diverse political contexts.
Accurately identifying political sarcasm—a subtle
yet pervasive feature of political discourse—also
remains a significant challenge. While the
inter-annotator agreement process demonstrated
strong reliability at both the account and tweet
levels, limitations exist in terms of the small
sample sizes. The focus on accounts without
recognized media links may not fully capture the
political diversity present in the broader Twitter
ecosystem.

Ethics and Bias Mitigation

This paper guarantees openness, fairness, and
privacy protection by following strict ethical
criteria in stance identification for political debate.
All the information used in this study came from
publicly accessible sources, including X (Twitter).
The final dataset was relatively balanced. This
distribution reduces the risk of systematic bias in
classification outcomes based on label imbalance.
However, large language models (LLMs) used in
this study may still reflect biases inherited during
pretraining on broad internet data.

We ensured that both Pro-Awami League and
Anti-Awami League classifications were treated
equitably. We have meticulously documented all
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data preprocessing steps and KG made to facilitate
independent verification. We conducted this
research solely for academic and research purposes,
with a commitment to upholding the ethical
standards established for public data analysis. No
aspect of this research is intended to be used
for political profiling, influence campaigns, or
any activities that may lead to the manipulation
or misrepresentation of political discourse. We
acknowledge the ethical implications of automated
stance detection in sensitive political contexts
and emphasize the responsible use of such
technologies.
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Appendix

A Experimental Setup

All prompting experiments were conducted using
GPT-4, GPT-4o, Gemini 1.5 Pro, DeepSeek R1
and Mistral Large (latest), with a temperature
setting of 0 and all other parameters maintained
at their default values to ensure consistency
and reproducibility. We used the OpenAI
SDK for interfacing with all models, thereby
streamlining the experimental process and ensuring
a uniform execution environment. Consistent
hyperparameters were applied across the board,
ensuring that any performance differences could
be confidently attributed to the intrinsic capabilities
of each model rather than to variations in the
configuration or interfacing method.

A.1 Dataset Details

Group Distinct Handles

Against

@ZulkarnainSaer, @MushfiqulFazal,
@mrforayeji, @redwanxyz, @theBDarmy,
@tasneem, @UNinIndia, @support_yunus,
@shafiqalam2024, @EUinBangladesh,
@BNPBdMediaCell, @volker_turk,
@muktadirnewage, @Oliver_Tomarket,
@JonFDanilowicz, @ChiefAdviserGoB,
@dhruvrahtee

Favor

@alliance29464, @sajeebwazed,
@Chellaney, @albd1971, @bdperspectives,
@ATeam_1971, @bdwatch2024,
@k_shayera, @VNouka, @NeenaRai,
@Asifurrahman71, @pressxpresspx,
@sumon_tarek, @MAarafat71,
@BD_DiGEST, @AsadZam89687147,
@RUSI_org, @CJBdingo25,
@istiak_ahmmad, @Udashi_Pothik,
@MaryMillben, @OnceAgainHasina,
@SushantaDGupta, @INSIGHTUK2,
@amnestysasia, @IndiaToday, @iindrojit,
@Bangladesh_Fact, @TimesAlgebraIND,
@CChoddogram, @FreedomRightsRL,
@sagor250

Table 6: Distinct Twitter handles grouped by stance

A.2 Tweet Translation Prompt
A.2.1 For BPDisC Dataset
For translating tweets from Bangla to English,
preserving proper nouns (like names of people
and organizations), and leaving English tweets
unchanged, we use the following prompt structure.
Few-shot examples are included to guide the Large
Language Model (LLM).
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LOC Count PER Count ORG Count

bangladesh 2661 yunus 991 government 921

country 484 hasina 717 league 873

dhaka 276 sheikh 608 awami 731

india 242 rahman 135 police 441

bangladeshi 183 bangabandhu 128 bnp 366

state 145 muhammad 122 army 309

bangladeshcrisis 133 asif 108 jamaat 197

uk 116 nazrul 101 chhatra 148

Table 7: Top named entities by type with mention
frequency

Task: Translate the following tweet
from Bangla to English. If the tweet
is already in English, output the
original tweet. Do NOT translate
proper nouns (e.g., names of people,
organizations, specific places).

Examples: Use the following
examples to understand the task
better.

Tweet (Bangla): �zanmÛ� eSx Haisna Aaj
EkiT ntun �ke°pr UeØazn kereqn.
Translated Tweet (English): Prime
Minister Sheikh Hasina inaugurated
a new project today.
Tweet (English): Just attended the
Google I/O conference.
Translated Tweet (English): Just
attended the Google I/O conference.

Tweet (Bangla): BRAC ibe±br AnYtm b�HÑm
EnijO.
Translated Tweet (English): BRAC is
one of the world’s largest NGOs.

A.2.2 For Other Datasets

To support multilingual datasets, we use the
following prompt structure. The Language Model
(LLM) is instructed to translate non-English tweets
into English, while preserving proper nouns (e.g.,
names of people, organizations, or specific places),
and to leave tweets already in English unchanged.
Few-shot examples are included to guide the
model’s behavior.

Figure 7: Most frequent entities from the collected
tweets

Task: Translate the following tweet
into English. If the tweet is
already in English, output the
original tweet. Do NOT translate
proper nouns (e.g., names of people,
organizations, specific places).

Examples: Use the following
examples to understand the task
better.

Tweet (Non-English): [Example
tweet in a non-English language
with proper nouns]
Translated Tweet (English):
[Correct English translation,
preserving proper nouns]

Tweet (English): [Example English
tweet]
Translated Tweet (English): [Same
English tweet]

Tweet (Non-English): [Another
example tweet in a different
non-English language]
Translated Tweet (English):
[Correct English translation,
preserving proper nouns]

A.3 Graph Construction from Supporting
Documents

To build a knowledge graph from unstructured
text, we use Wikipedia as a source of supporting
documents. We retrieve relevant content based on a
user query, split the documents into smaller chunks,
convert them into graph-structured representations
using a language model, and finally populate
the graph. This structured format helps capture
both entities and relationships for downstream
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reasoning.

Step 1: Load Wikipedia content
using a query.

from langchain.document_loaders
import WikipediaLoader

raw_documents = WikipediaLoader(
query="bangladesh student uprising
of july 2024"
).load()

Step 2: Split documents into
token-sized chunks.

from langchain.text_splitter
import TokenTextSplitter

text_splitter = TokenTextSplitter(
chunk_size=256, chunk_overlap=50)
documents = text_splitter.
split_documents(
raw_documents)

Step 3: Convert document chunks
into graph-structured format.

from langchain_experimental.
graph_transformers
import LLMGraphTransformer
llm_transformer =
LLMGraphTransformer(llm=llm)

graph_documents = llm_transformer.
convert_to_graph_documents(
[raw_documents])

Step 4: Add graph documents to the
knowledge graph.

graph.add_graph_documents(
graph_documents,
baseEntityLabel=True,
include_source=True

)

A.4 Hybrid Vector Indexing and Full-Text
Search

To support both dense and keyword-based retrieval,
we create a hybrid vector index using sentence
embeddings from a pre-trained model. These
embeddings are stored in a Neo4j-backed vector

store. Additionally, a full-text index is created for
entity-level lookup to complement semantic search
with symbolic filtering.

Step 1: Define the embedding model.
from langchain.embeddings import
HuggingFaceEmbeddings
embeddings = HuggingFaceEmbeddings(
model_name="sentence-transformers/
all-MiniLM-L6-v2"
)

Step 2: Create a hybrid vector
index from the graph.
from langchain.vectorstores import
Neo4jVector
vector_index =
Neo4jVector.from_existing_graph(
embeddings,
search_type="hybrid",
node_label="Document",
text_node_properties=["text"],
embedding_node_property="embedding"
)

Step 3: Create a full-text index on
entity nodes.
graph.query("CREATE FULLTEXT INDEX
entity IF NOT EXISTS
FOR (e:__Entity__) ON EACH [e.id]")

A.5 Entity Extraction and Full-Text Query
Generation

To extract entities (person, organization, business)
from the input text and generate full-text queries
for a Neo4j-based search, we use the following
approach.

Step 1: Define the entity
extraction model.
from langchain_core.pydantic_v1
import BaseModel, Field
from typing import List
class Entities(BaseModel):
# Identifying information about
entities.
names: List[str] = Field(...,
description="All the person,
organization, location entities
that appear in the text")
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Step 2: Set up the prompt and model
chain for extraction.
from langchain_core.prompts import
ChatPromptTemplate
prompt =
ChatPromptTemplate.from_messages([
("system", "You are extracting
location, organization and person
entities from the text."),
("human", "Use the given format
to extract information from the
following input: question")
])
entity_chain = prompt |
llm.with_structured_output(Entities)

Step 3: Define the full-text query
generation function.
from langchain_community.
vectorstores.neo4j_vector import
remove_lucene_chars
def generate_full_text_query(input:
str) -> str:
full_text_query = ""
words = [el for el in
remove_lucene_chars(input).split()
if el]
for word in words[:-1]:
full_text_query += f" word 2 AND"
full_text_query += f" words[-1] 2"
return full_text_query.strip()

Step 4: Implement structured
retrieval using entity names.
def structured_retriever(question:
str) -> str:
time.sleep(0.5)
result = ""
entities =
entity_chain.invoke("question":
question)
for entity in entities.names:
response = graph.query(
"CALL db.index.fulltext.queryNodes(
’entity’, $query, limit:2)"
YIELD node,score
CALL {
WITH node
MATCH (node)-[r:!MENTIONS]->(neighbor)
RETURN node.id + ’ - ’ + type(r) +

’ -> ’ + neighbor.id AS output
UNION ALL
WITH node
MATCH (node)<-[r:!MENTIONS]-(neighbor)
RETURN neighbor.id + ’ - ’ + type(r)
+ ’ -> ’ + node.id AS output

RETURN output LIMIT 50
)
result += "
n".join([el[’output’] for el in
response])
return result

B Baseline & GRASP-ChoQ Prompts

B.1 Prompt used in zero-shot

Target Entity: Awami League
Task: Read the tweet and determine
whether it expresses a stance in
FAVOR of or AGAINST the specified
target entity.

Tweet: [tweet]

B.2 Prompt used in few-shot

Target Entity: Awami League
Task: Analyze the following tweets
and determine if the author’s stance
is in FAVOR of or AGAINST the
specified target entity.

Tweet: "The country is moving
forward under the leadership of
Sheikh Hasina. #AwamiLeague"
Stance: Favor

Tweet: "Corruption is rampant, and
the government is not listening to
the people. #Bangladesh"
Stance: Against

Tweet: "{New tweet text goes here}"
Stance:

B.3 Prompt used in few-shot with Naive-RAG

Target Entity: Awami League
Context: [retrieved context]
Task: Analyze the following tweets
and determine if the author’s stance
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is in FAVOR of or AGAINST the
specified target entity, using the
tweet and context provided.

Tweet: "The country is moving
forward under the leadership of
Sheikh Hasina. #AwamiLeague"
Context: "Sheikh Hasina is the
leader of the Awami League and
has been praised for infrastructure
development."
Stance: Favor

Tweet: "Corruption is rampant, and
the government is not listening to
the people. #Bangladesh"
Context: "The Awami League
has been criticized in the
media for alleged corruption and
authoritarian practices."
Stance: Against

Tweet: "{New tweet text goes here}"
Context: "{Retrieved context goes
here}"
Stance:

B.4 Prompts Used in GRASP-ChoQ For
BPDisC Dataset

We design prompts to evaluate whether a given
tweet exhibits a political stance in favor of or
against the Awami League, a major political party
in Bangladesh. The prompt integrates contextual
reasoning and guided questioning to emulate how
annotators or language models might use external
political knowledge to infer implicit stance.

Tweet: The head of the UN
Human Rights Commission’s visit to
Bangladesh raises concerns over the
illegal Yunus government!

Read the tweet above. The tweet has
a political stance. It may express
a view either in favor of the Awami
League of Bangladesh or against it.
Detect the stance of the tweet
with respect to the Awami League.
Use reasoning based on political
references or implied affiliations.

ASK QUESTIONS TO DETECT STANCE:

Q: Who is being criticized here?
A: Muhammad Yunus. Because the
tweet uses "illegal" to describe
him. Since Yunus is opposed to
Sheikh Hasina (leader of Awami
League), this implies support for
Awami League.
Q: Which government is depicted in
power in the tweet? A: Muhammad
Yunus’s government. As he is seen
to follow Hasina, and is portrayed
negatively, the stance favors the
Awami League.

To aid your decision, general
background knowledge about
political figures and affiliations
is provided.

INFO_FROM_KNOWLEDGE_GRAPH:
Sheikh_Hasina - LEADER -> Awami_League
Sheikh_Hasina - RESIGNATION_DUE_TO ->
Bangladesh_Protests_Of_2022–24
Sheikh_Hasina - PREDECESSOR ->
Muhammad_Yunus
Student–People’S_Uprising - OVERTHROWN ->
Sheikh_Hasina
Non-Cooperation_Movement -
RESULTED_IN_RESIGNATION -> Sheikh_Hasina
Muhammad_Yunus - LEADER ->
Interim_Government_Of_Bangladesh
Muhammad_Yunus - INTERIM_LEADER ->
Anti-Discrimination_Students_Movement
Anti-Discrimination_Students_Movement -
PROPOSED -> Muhammad_Yunus
Mohammed_Shahabuddin -
ADMINISTERED_THE_OATH ->
Muhammad_Yunus
Anti-Discrimination_Students_Movement -
CALLEDTOLEAD -> Muhammad_Yunus
Hasnat_Abdullah - REQUESTED_TO_HEAD ->
Muhammad_Yunus

HISTORICAL_CONTEXT:
Sheikh Hasina’s Enemies:
Student Movements
Anti-Awami League Factions
Bangladesh Nationalist Party (BNP)
Jamaat-e-Islami
Civil Society Activists
Muhammad Yunus

Sheikh Hasina’s Allies:
Awami League Loyalists
Chhatra League (Student wing of the Awami League)
Groups Supporting the Liberation War’s Legacy
Supporters Valuing the Awami League’s Historical
Role
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Figure 8: Comparison of stance classification outputs for a sarcastic tweet originally labeled as "Against Donald
Trump." The Zero-Shot response misinterprets the literal content, incorrectly inferring a stance in favor of Trump.
In contrast, the GRASP-ChoQ model accurately identifies sarcasm and contextual cues, correctly classifying the
stance as against Trump. Key interpretive factors include mismatched tone, trivialization, and hashtag ambiguity.

Figure 9: Comparison of stance classification outputs for a sarcastic tweet originally labeled as "Against Joe Biden".
The tweet is from SemEval 2016 dataset. The Zero-Shot response fails to detect sarcasm, incorrectly interpreting
the tweet as supportive of Biden. In contrast, the GRASP-ChoQ model correctly infers opposition by identifying the
sarcastic tone and contextual cues such as references to secrecy and a whistleblower complaint—framing consistent
with common criticisms of Biden’s transparency.

C Examples of LLM Outputs

These examples highlight the significant challenges
Large Language Models (LLMs) face in zero-shot
stance classification, particularly when dealing
with nuanced or non-literal language such
as sarcasm or hyperbole. As illustrated
in Figure 8 and Figure 9, the zero-shot
LLM frequently misinterprets sarcastic tweets,
inferring a stance directly opposite to the

author’s true intent by focusing on the literal
meaning while failing to detect the ironic tone
and contextual cues. Similarly, Figure 10
demonstrates how a zero-shot approach can be
misled by repeated negative phrasing, overlooking
the broader positive sentiment and contextual
nuances that indicate a favorable stance despite
momentary frustration. In stark contrast, our
proposed GRASP-ChoQ method consistently
demonstrates a more robust understanding of
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Figure 10: Comparison of stance classification for a tweet originally labeled as "In Favor of Digital Transformation".
The tweet is from P-stance dataset. The Zero-Shot model misclassifies the stance as negative, focusing on the
repeated phrase “terrible, terrible” and overlooking the tweet’s broader context. In contrast, GRASP-ChoQ correctly
interprets the stance as favorable by recognizing the user’s emphasis on the convenience of digital transactions and
framing the frustration as possibly hyperbolic or ironic. This nuanced understanding reflects support for digital
infrastructure despite momentary dissatisfaction.

these complexities. By leveraging its analytical
framework, GRASP-ChoQ accurately identifies
sarcasm, interprets contextual references, and
discerns underlying tones, leading to correct stance
classifications even in challenging cases where
the zero-shot LLM fails. Further examples in
Figure 11, Figure 12, and Figure 13 show how
GRASP-ChoQ successfully revises the zero-shot
interpretation, aligning with the true stance by
capturing subtleties missed by the baseline model.
These comparisons underscore the limitations of
zero-shot LLMs for nuanced stance detection and
emphasize the superior performance achieved by
incorporating the structured analysis provided by
our GRASP-ChoQ approach.

D Libraries Used

In this research, we employed the
TokenTextSplitter from the LangChain
library to preprocess and split large raw text
documents into smaller, manageable chunks
for efficient processing by language models.
We configured the TokenTextSplitter with a
chunk_size of 256 tokens and a chunk_overlap

of 50 tokens. By overlaying 50 tokens, our
arrangement guaranteed contextual continuity
between subsequent chunks and let us produce
small enough chunks for effective processing.
The raw documents were then subjected to the
split_documents technique to produce a list of
tokenized sections. The result was examined to
confirm the proper amount of pieces and their
semantic coherence, therefore verifying that the
approach worked for downstream language model
tasks.

In our research paper, we utilized the
LangChain library, specifically the experimental
module for graph transformations, to streamline
the extraction and structuring of entity
relationships from unstructured textual data. By
employing the LLMGraphTransformer class, we
efficiently converted documents into graph-based
representations, enabling a more detailed analysis
of interconnected entities. Additionally, we
leveraged the LangChain OpenAI integration
to utilize advanced language models like GPT-4,
ensuring the accurate identification of nodes
and relationships. This approach facilitated the
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Figure 11: Comparison of tweet interpretations concerning the 2016 Indian demonetization from (Swami et al.,
2018). The top section presents the original tweet and its initial stance. The middle section shows an interpretation
("Response After Zero Shot") indicating opposition to demonetization. The bottom section ("Response After
GRASP-ChoQ") reveals a revised interpretation favoring demonetization after applying the GRASP-ChoQ analytical
framework.

generation of knowledge graphs that supported our
research objectives by providing a structured and
interpretable format for complex datasets.

This study produced dense vector
representations of text using the pre-trained model
sentence-transformers/all-MiniLM-L6-v2
by way of the Hugging FaceEmbeddings class
from LangChain. These embeddings were
coupled with a Neo4j graph database using
the Neo4jVector class to enable hybrid search
capabilities, integrating semantic correspondence
alongside graph traversal. We extracted
embeddings from network nodes labeled
as "Document" and employed precomputed
embeddings and text content to allow efficient
and context-aware retrieval of information. This
method leverages the structured relationships of
graph databases to harness the power of semantic
embeddings.

This approach generates Lucene-compatible
full-text search queries for Neo4j by utilizing
the remove_lucene_chars method from

the langchain_community.vectorstores.
neo4j_vector library to enable approximate
matching with fuzzy search. The initial step
sanitizes the input text by removing special
characters that could interfere with Lucene syntax.
Next, the sanitized text is split into individual
words, and each word is appended with the fuzzy
search operator (∼2) to allow a Levenshtein
distance of up to 2, accommodating minor
spelling errors or variations. These words are
then combined using the AND operator to ensure
all terms appear in the search results with fuzzy
matching. This robust query-generation method is
particularly valuable for Neo4j graph databases
with Lucene-based indexing in applications
requiring error-tolerant and flexible search
capabilities.

E Neo4j Workflow

We created a function structured_retriever
to process an input tweet and return a string
containing structured data extracted from a graph
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Figure 12: Comparison of tweet interpretations regarding the 2016 Italian constitutional referendum from (Lai
et al., 2018). The top section displays the original tweet and its initial stance. The middle section presents an
interpretation ("Response After Zero Shot") indicating support for the referendum. The bottom section ("Response
After GRASP-ChoQ") reveals a revised interpretation opposing the referendum after applying the GRASP-ChoQ
analytical framework.

database. Next, the function invokes an entity
extraction process via entity_chain.invoke to
identify key entities within the question. For
each extracted entity, it generates a full-text
search query using generate_full_text_query
and executes a corresponding Cypher query on
the graph database. This query retrieves nodes
that match the entity from a full-text index
and then traverses the graph to find related
nodes via relationships, deliberately excluding

those of type MENTIONS. The results from the
query—formatted to include node identifiers and
relationship types—are concatenated together into
a single string, which is returned as the final output.

F Supplementary Datasets History

Extensive data gathered during the student-led
protest movement in Bangladesh, spanning July
15 to August 5, 2024, marks a turning point
in the political history of the country. This
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Figure 13: Comparison of tweet interpretations regarding immigration from (Lüüsi et al., 2024). The top section
presents the original tweet and its initial stance. The middle section shows an interpretation ("Response After Zero
Shot") indicating support for immigration. The bottom section ("Response After GRASP-ChoQ") reveals a revised
interpretation opposing immigration after applying the GRASP-ChoQ analytical framework.

research effort extracts the data. Inspired by
university students opposing the reintroduction
of a 30% government job quota for the children
of independence war veterans a measure revoked
by the Supreme Court in late June 2024 the
movement rapidly acquired momentum. Originally
subdued, the demonstrations—mostly involving
students of Dhaka University—became more
intense when members of the ruling Awami
League’s student branch, the Bangladesh Chatra
League (BCL), assaulted protestors. With Abu
Sayed, a student shot by police, rising as a symbol
of opposition, police actions involving tear gas and
live bullets led to over 200 deaths and thousands
of injuries. From particular quota changes to more
general demands for government responsibility
and human rights, the movement’s emphasis
changed and resulted in the Student-People’s
Uprising, which inspired popular support across
social lines. A large-scale protest in Dhaka on
August 5, 2024, drove Prime Minister Sheikh
Hasina to resign under government crackdowns
and worldwide criticism of violations of human

rights. Honoring the resiliency and tenacity of
its youth-led movement, Bangladesh was named
The Economist’s "Country of the Year for 2024,
acknowledged for its great influence on democracy
(The Economist, 2024).

.
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Figure 14: Using zero-shot, few-shot, and GRASP-ChoQ methods, this chart displays stance categorization findings.
Zero-shot marks the tweet as neutral, while few-shot indicates a pro-Awami League stance. GRASP-ChoQ coincides
with the original label, marking it as opposed to the Awami League.
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Figure 15: An instance of a misclassified stance in BPDisC dataset. Stance categorization results are compared
here utilizing zero-shot, few-shot, and GRASP-ChoQ approaches. Although zero-shot and few-shot label the tweet
as against the Awami League, GRASP-ChoQ rightly notes that it favors the Awami League, so matching with the
initial label.
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Abstract

Language models have demonstrated remark-
able performance on complex multi-step rea-
soning tasks. However, their evaluation has
been predominantly confined to high-resource
languages such as English. In this paper, we
introduce a manually translated Bangla multi-
step reasoning dataset derived from the En-
glish REVEAL dataset, featuring both binary
and non-binary question types. We conduct
a controlled evaluation of English-centric and
Bangla-centric multilingual small language
models on the original dataset and our trans-
lated version to compare their ability to ex-
ploit relevant reasoning steps to produce cor-
rect answers. Our results show that, in compa-
rable settings, reasoning context is beneficial
for more challenging non-binary questions, but
models struggle to employ relevant Bangla rea-
soning steps effectively. We conclude by ex-
ploring how reasoning steps contribute to mod-
els’ predictions, highlighting different trends
across models and languages. 1

1 Introduction
Large Language Models (LLMs) have demon-
strated remarkable versatility across a wide spec-
trum of natural language processing tasks (Radford
et al., 2019). A pivotal breakthrough in enhancing
their complex reasoning capabilities has been the
introduction of Chain-of-Thought (CoT) prompt-
ing (Wei et al., 2022), which encourages models
to generate intermediate reasoning steps before ar-
riving at final answers, yielding substantial perfor-
mance improvements (White et al., 2024; Wang
et al., 2022). Despite these advances, the evalua-
tion of LLM reasoning capabilities remains heav-
ily skewed toward high-resource languages, creat-
ing significant gaps in our understanding of how
these models perform across linguistically diverse

1Dataset: https://huggingface.co/datasets/
khondoker/reveal-bangla, licensed CC-BY-ND 4.0

Question
লিটেল উইমেনের লেখক কি 13 তম 
সংশোধনীর অনুমোদনের কথা মনে 
রেখেছিলেন?

Question
Would the author of Little Women have 
remembered the ratification of the 
13th Amendment?

Evidence
(1) মার্কি ন যুক্তরাষ্ট্রের সংবিধানের ত্রয়োদশ 
সংশোধনী, প্রস্তাব ও অনুসমর্থন, রাজ্যগুলি 
দ্বারা…

Evidence
(1) Thirteenth Amendment to the 
United States Constitution, Proposal 
and...

Steps
(1) 13 তম সংশোধনী 1865 সালে 
অনুমোদিত হয়েছিল।
(2) লিটেল উইমেনের লেখক লুইসা মে 
অ্যালকট 1832 সালে জন্মগ্রহণ করেন।
(3) এইভাবে, 13 তম সংশোধনী অনুমোদনের 
সময় তার বয়স 33 বছর হবে।
(4) সম্ভবত তিনি 13 তম সংশোধনীর 
অনুমোদনের কথা মনে রেখেছিলেন।

Steps
(1) The 13th Amendment was ratified 
in 1865.
(2) Louisa May Alcott, the author of 
Little Women, was born in 1832.
(3) Thus, she would have been 33 years 
old when the 13th Amendment was 
ratified.
(4) It is likely that she would have 
remembered the ratification of the 
13th Amendment.

Answer
উত্তর হলো হ্যাঁ ।

Answer
The answer is yes.

Figure 1: A Row instance of REVEAL-Bangla contain-
ing translated Question, Evidence, Reasoning Steps and
Answer from REVEAL.

contexts. In this work, we focus specifically on the
Bangla language, which boasts 268 million speak-
ers and ranks as the sixth most spoken language
globally2, particularly for its computationally chal-
lenging morphological richness (Choudhury et al.,
2007; Das et al., 2010). As the native language of
Bangladesh and the second most prominent Indo-
Aryan language after Hindi (Eberhard et al., 2021),
Bangla represents a critical case study for cross-
lingual reasoning evaluation. The growing tech-
nological transformation in densely populated and
economically emerging regions where Bangla is
spoken (Rahman, 2024) underscores the urgent
need for developing faithful AI technologies that
can enhance social welfare and economic oppor-
tunities. While recent work in Bangla focused on
simple extractive or multiple-choice question an-
swering Ekram et al. (2022); Shafayat et al. (2024);

2https://en.wikipedia.org/wiki/List_of_
languages_by_total_number_of_speakers
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Rony et al. (2024), to our knowledge, no datasets
with human-validated reasoning steps are available
for this language. This lack of resources hinders
our ability to assess and improve the reasoning ca-
pabilities of LLMs in the Bangla language.

In this work, we address this gap by intro-
ducing REVEAL-Bangla, a manually translated
Bangla version of a subset of the English REVEAL
dataset, containing annotated multi-step reason-
ing chains with gold answers. We exploit our re-
source and its original English counterpart to eval-
uate the abilities of two small language models—
both proficient in Bangla and English, but one pre-
dominantly English-centric, and the other mainly
Bangla-centric—in exploiting reasoning step to
produce the correct answers given a query, fol-
lowing recent work showing how non-English lan-
guages can harm reasoning abilities in LLMs (Qi
et al., 2025).

Moreover, recent cross-lingual studies have re-
vealed that generated reasoning chains often ex-
hibit inconsistencies and produce misleading in-
termediate steps, raising questions about their ex-
planatory reliability (Lanham et al., 2023; Paul
et al., 2024). To address these concerns, post-hoc
attribution techniques have emerged as valuable
tools for analyzing models’ internal processes by
assigning importance scores to context elements
such as summarization (Varun et al., 2024) and re-
trieved documents (Qi et al., 2024; Cohen-Wang
et al., 2024), thereby revealing their contribution
to final predictions. We exploit a similar method-
ology using the CONTEXTCITE method (Cohen-
Wang et al., 2024) to examine how reasoning
steps contribute to model answers in English and
Bangla, highlighting different patterns of impor-
tance across the two languages.

2 Related Work

Large Language Models (LLMs) operate as prob-
abilistic sequence predictors, estimating the like-
lihood of the next token given previous context
(Vaswani et al., 2017; Radford et al., 2019). For
practical application, explicit training on instruc-
tions was found to further improve answer qual-
ity (Sanh et al., 2022; Wang et al., 2022). Recently,
eliciting reasoning from LLMs, e.g. via step-by-
step Chain of Thought reasoning (CoT, Wei et al.,
2022), was found to further improve the response
accuracy for complex queries.

Some popular reasoning datasets in English in-

clude STRATEGYQA (Geva et al., 2021), featur-
ing reasoning- and knowledge-intensive yes/no
queries; FERMI (Kalyan et al., 2021), compris-
ing estimation questions that require numerical an-
swers and a blend of knowledge and reasoning;
MUSIQUE (Trivedi et al., 2022), which includes
multi-hop reasoning questions with free-text entity
answers, generated from Wikipedia paragraphs;
and SPORTS UNDERSTANDING (Srivastava et al.,
2022), consisting of yes/no questions that demand
reasoning about sports players, leagues, and ma-
neuvers. Jacovi et al. (2024) combined the afore-
mentioned datasets and human-annotated each
LLM-generated step in terms of attribution rel-
ative to provided Wikipedia paragraphs and logi-
cal coherence in light of previous reasoning steps.
The resulting dataset, dubbed REVEAL, was used
to prompt capable LLMs in a chain-of-thought set-
ting and analyzed using Natural Language Infer-
ence (NLI) classifiers to evaluate model-generated
responses. In our work, we manually translate a
subset of REVEAL into Bangla and adopt their setup
to evaluate cross-lingual English-Bangla models.

Recently, Jin et al. (2024) explored small and
large parameterized models, revealing a linear re-
lationship between accuracy and the number of
reasoning steps. We conduct a similar analysis,
focusing particularly on small language models
(SLMs) with a manageable size (1B parameters).
SLMs were recently found capable of high-quality
answers in RAG setups (Huang et al., 2024; Liu
et al., 2024b), with relevant input information com-
pensating for their limited reasoning abilities. In
this work, we use annotated CoTs produced by
larger LLMs to investigate whether SLMs can ef-
fectively leverage reasoning information in English
and Bangla.

3 Development of REVEAL-Bangla
3.1 Data Collection
We start by selecting a subset of the REVEAL
dataset.3 Provided we want to test the ability of
SLMs to obtain the correct answer given valid rea-
soning chains, we focus specifically on examples
having all reasoning steps as either logical or fully
attributable to the provided Wikipedia paragraphs.
Furthermore, among the three models considered
by the REVEAL authors to generate answers, we de-
cided to choose the two models with the most an-
swers, i.e., Flan-UL2-20B (Tay et al., 2022) and

3https://huggingface.co/datasets/google/reveal
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GPT-3 (text-davinci-003, Brown et al., 2020).4
We obtain a total of 104 unique questions, with

188 evidence paragraphs and 355 reasoning steps.
While only 60% of all the steps are fully attributed
to context, all steps are logically relevant. The
dataset contains 70% yes–no binary questions,
making it especially fitting for verifying the rele-
vance of reasoning steps towards a simple atomic
answer.5

Translation The English→Bangla translation of
the selected subset (751 texts) was performed by
a native Bangla-speaking graduate student. Dur-
ing the translation process, some digits and cer-
tain terms were left unchanged, for instance 76ers
(a basketball team in the NBA), g/dL (Grams
per decilitre), /kævənd/ (pronunciation of Henry
Cavendish), Équipe d’Haïti de football (French
spelling of the Haitian National Football Team),
inter alia. As an additional analysis, we assess
the quality of automatic translations from Google
Translate on the same subset, finding high-quality
outputs for health and historical data, but subpar
performance on the SPORTS UNDERSTANDING sub-
set (examples in Appendix D). Generally, auto-
matic translations were of higher quality when per-
formed one sentence at a time. We employ only the
manually translated subset in our evaluation.

4 Evaluation
Model Selection For our evaluation on RE-
VEAL and our Bangla variant, we use Llama-
3.2-1B-Instruct (or EngLlama) (Grattafiori et al.,
2024) and BanglaLLama-3.2-1b-bangla-alpaca-
orca-instruct-v0.0.1 (or BenLlama) (Zehady et al.,
2024). EngLlama is a popular English-centric
multilingual SLM, while BenLlama is a Bangla-
centric model fine-tuned from EngLlama using
BANGLA-ALPACA-ORCA, a collection of instruction
tuning examples including the popular ALPACA and
OPENORCA datasets (Taori et al., 2023; Lian et al.,
2023) automatically translated into Bangla. Impor-
tantly, despite their different language focus, both
models maintain answering capabilities in both
English and Bangla, motivating our cross-lingual
analysis.

Prompting Setup We experiment our methods
on two main settings: (1) gen_ans, where the

4We do not include Flan-PaLM-540B (Longpre et al.,
2023) due to our limited evaluation resources.

5We present the counts and tokens distribution of steps and
evidence in Figures 5 and 6 in the Appendix.

model produces an answer without any reason-
ing step and (2) w_cot_gen_ans, where we pro-
vide the model with the annotated reasoning steps
from REVEAL and REVEAL-Bangla.6 Both mod-
els were tested on the English and Bangla RE-
VEAL subsets containing the same examples, us-
ing a prompt including the query and relevant
evidence paragraphs, plus the reasoning steps in
the w_cot_gen_ans setting.7 We test our mod-
els on Nvidia A100 GPU, using greedy decod-
ing for reproducible results, and limiting out-
put length to 256 tokens. Reasoning steps in
the w_cot_gen_ans setting are appended to
the assistant portion of the chat, using con-
tinue_final_message = True to let the model
complete the generation by producing a final an-
swer. We leave the remaining generation parame-
ters unchanged.

Verifiers To verify the accuracy of the model-
generated final answer against the actual fi-
nal answer, we choose mDeBERTa-v3-base-xnli-
multilingual-nli-2mil7 (Laurer et al., 2022) model
as it is the only NLI model that supports both En-
glish and Bangla. We consider entailment labels
as correct answers and contradict as otherwise. As
this NLI model additionally verdicts neutral, au-
thors manually verify the response to classify it
as valid or not. Furthermore, as language detec-
tion tools such as langdetect (Shuyo, 2010) do not
support Bangla, we manually assign contradict to
answers generated in scripts that do not match En-
glish or Bangla in the respective settings. We pro-
vide our hypothesis and premise NLI template in
the Appendix C.1. We also present additional lim-
itations of the multi-lingual NLI model in the Ap-
pendix C.2, to foster research on cross-lingual NLI
comprising Bangla.

Results Figure 2 shows the accuracy of tested
models in both languages. Unsurprisingly, we find
both models performed better on their respective
main languages. Moreover, despite their small
size, both models were generally found to effec-
tively use the provided reasoning steps to further
improve their accuracy. However, we observe
that EngLlama obtains worse performances when
given w_cot_gen_ans steps in Bangla (35.6%→

6A third setting prompting the model to generate its own
reasoning steps, gen_cot_ans, was not included due to the
poor performance of SLMs on CoT reasoning.

7Examples of prompt templates for each setting are avail-
able in Appendix B.

33



gen_ans w_cot_gen_ans
Setting Name

0

20

40

60

80

Ac
cu

ra
cy

 (
in

 %
)

40.4%

59.6%

11.5%
18.3%

English

gen_ans w_cot_gen_ans
Setting Name

0

20

40

60

80

35.6% 33.7%

66.3% 70.2%
Bangla

Model Name
EngLlama BenLlama

Figure 2: Accuracy of EngLlama and BenLlama for
the gen_ans and w_cot_gen_ans settings on English
and Bangla REVEAL subsets.
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Figure 3: EngLlama and BenLlama accuracy on RE-
VEAL Binary (top) and Non-Binary (bottom) questions.

33.7%), and find that CoT gains for the BenLlama
model in Bangla are much milder than for the En-
gLlama model in English (+3.9% vs. +19.2%).
These results confirm that, in the less-resourced
Bangla setting, additional relevant reasoning in-
formation may not be sufficient to mitigate the lim-
ited language capabilities of the tested SLMs, espe-
cially when a Bangla-specific tuning was not per-
formed, as was the case for EngLlama.

We further examine model performances across
on binary and non-binary questions in the se-
lected REVEAL subset in Figure 3. We find
that the EngLlama model excels in non-binary
questions across both languages, outperform-
ing the BenLlama model in both gen_ans and
w_cot_gen_ans settings, even in Bangla by a nar-
row margin. The stronger performance of BenL-
lama in the aggregate case is largely motivated by
binary questions, in which the model obtains ac-
curacy > 80%. We also find that while CoT steps
have an uneven effect on binary questions, they are
consistently beneficial for non-binary ones, across
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Figure 4: Importance ratio for EngLlama and BenLlama
on w_cot_gen_ans reasoning steps between −4 (low-
est) and +4 (highest).

both models and languages. This confirms previ-
ous findings on the limited effectiveness of CoT
in simpler settings by Liu et al. (2024a), and sug-
gests the benefits of CoT generalize even to less-
resourced languages.

Attributing Answers to Reasoning Steps To
conclude our analysis, we conduct a preliminary
investigation into how CoT steps influence model
answers. We employ ContextCite (Cohen-Wang
et al., 2024) to attribute the final answer generated
by the model to the provided reasoning steps in
the w_cot_gen_ans setting using surrogate lin-
ear models, an approach similar to LIME (Ribeiro
et al., 2016). Figure 4 presents an overview of our
results for the two models across both languages.
We observe that in most cases, later steps tend
to have a larger influence on the model response.
This suggests that the models place higher empha-
sis on answer-specific information located in later
steps more than on understanding the context pro-
vided in earlier steps. This highlights the inher-
ent limitations of these models in context com-
prehension, which is essential for answering com-
plex questions. Future research could investigate
whether this trend holds with larger model sizes.
Additionally, we find that both models accord high
importance to the Bangla language. We speculate
that Bangla’s morphological richness causes to as-
sign larger values across attention layers. We leave
the exploration of model interpretability in low-
resource languages as an interesting direction for
future work.

5 Conclusion
We presented REVEAL-Bangla, a manually trans-
lated portion of the popular English multi-step rea-
soning dataset REVEAL. Our cross-lingual analysis
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of SLMs revealed limited performance gains from
CoT reasoning in the less-resourced Bangla setting
compared to English, with gains primarily involv-
ing more complex non-binary questions. Further
investigation into attributing reasoning steps high-
lighted differences in importance across models
and languages. These findings underscore the need
for developing language-specific approaches to en-
hance reasoning capabilities in low-resource lan-
guages, rather than directly transferring techniques
optimized for English.

Limitations
Dataset Scale and Coverage Our study is con-
strained by the relatively small scale of the trans-
lated dataset, comprising only 104 unique ques-
tions from the original REVEAL dataset. This
limited sample size may not fully capture the di-
versity of reasoning patterns and linguistic phe-
nomena present in Bangla. Additionally, the 70%
skew toward binary questions may not accurately
reflect real-world reasoning scenarios, potentially
overestimating model performance on more com-
plex, open-ended reasoning tasks.

Model Selection Constraints We restricted our
evaluation to small language models with 1B pa-
rameters due to computational constraints. While
this choice enables insights into resource-efficient
deployment scenarios, it limits our understanding
of how larger, more capable models might lever-
age Bangla reasoning steps. The exclusion of
the gen_cot_ans setting, where models generate
their own reasoning chains, further restricts our
analysis to scenarios with gold reasoning steps,
which may not reflect realistic deployment condi-
tions.

Translation and Annotation Quality Although
we employed manual translation by a native Bangla
speaker, the translation was performed by a single
annotator without inter-annotator agreement mea-
sures. This approach may introduce individual bi-
ases or inconsistencies in translation choices, par-
ticularly for domain-specific terminology in sports
and medical contexts. The preservation of cer-
tain English terms and pronunciations, while nec-
essary, may also affect how models process the hy-
brid text.

Evaluation Methodology Limitations Our re-
liance on the mDeBERTa-v3-base-xnli model for
answer verification introduces its own limitations,

as acknowledged in our appendix. The model’s
tendency to produce neutral verdicts required man-
ual intervention, potentially introducing subjective
judgments. Furthermore, the absence of Bangla-
specific language detection tools necessitated man-
ual script verification, which may not scale to
larger evaluations.

Cross-lingual Generalization Our findings are
specific to the English-Bangla language pair and
may not generalize to other low-resource lan-
guages with different linguistic properties, writing
systems, or relationships to English. The choice of
BenLlama, which was fine-tuned on automatically
translated instruction data, may also introduce arti-
facts from machine translation that affect our con-
clusions about Bangla reasoning capabilities.

Attribution Analysis Scope Our investigation
into reasoning step attribution using ContextCite
represents only a preliminary analysis. The sur-
rogate linear model approach may not capture
complex non-linear interactions between reason-
ing steps, and we did not explore alternative attri-
bution methods that might reveal different patterns
of step importance across languages.
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Appendix
A Dataset
A.1 Sample

Question [E] Can a Bengal cat survive eating only pancakes?

Question [B] েবঙ্গল িবড়াল িক শুধু পয্ানেকক েখেয় েবঁেচ থাকেত পাের?

Evidence [E]

1. Carnivore, Obligate carnivores: Obligate carnivores are diverse. The amphibian axolotl consumes
mainly worms and larvae in its environment, but if necessary will consume algae. All felids, including
the domestic cat, require a diet of primarily animal flesh and organs. Specifically, cats have high
protein requirements and their metabolisms appear unable to synthesize essential nutrients such as
retinol, arginine, taurine, and arachidonic acid; thus, in nature, they must consume flesh to supply
these nutrients.
2. Pancake: A pancake (or hotcake, griddlecake, or flapjack) is a flat cake, often thin and round,
prepared from a starch-based batter that may contain eggs, milk and butter and cooked on a hot surface
such as a griddle or frying pan, often frying with oil or butter. Archaeological evidence suggests that
pancakes were probably the earliest and most widespread cereal food eaten in prehistoric societies.

Evidence [B]

1. মাংসাশী, বাধয্ মাংসাশী: বাধয্ মাংসাশী ৈবিচতৰ্য্ময়। উভচর অয্ােক্সালটল তার পিরেবেশ পৰ্ধানত কৃিম এবং লাভর্া
খায়, তেব পৰ্েয়াজেন েশওলা গৰ্াস করেব। গৃহপািলত িবড়াল সহ সমস্ত েক্ষেতৰ্র জনয্ পৰ্াথিমকভােব পশুর মাংস এবং
অঙ্গগুিলর একিট খাদয্ পৰ্েয়াজন। িবেশষত, িবড়ালেদর উচ্চ েপৰ্ািটেনর পৰ্েয়াজনীয়তা থােক এবং তােদর িবপাক েরিটনল,
আরিজনাইন, টাউিরন এবং অয্ারািকেডািনক অয্ািসেডর মেতা পৰ্েয়াজনীয় পুিষ্ট সংেশ্লষণ করেত অক্ষম বেল মেন হয়;
এইভােব, পৰ্কৃিতেত, এই পুিষ্ট সরবরাহ করার জনয্ তােদর অবশয্ই মাংস গৰ্হণ করেত হেব।
2. পয্ানেকক: একিট পয্ানেকক (বা হটেকক, িগৰ্ডল েকক বা ফ্লয্াপজয্াক) একিট ফ্লয্াট েকক, পৰ্ায়শই পাতলা এবং
েগালাকার হয়, যা একিট স্টাচর্-িভিত্তক বয্াটার েথেক ৈতির করা হয় যােত িডম, দুধ এবং মাখন থাকেত পাের এবং
একিট গরম পৃেষ্ঠ রান্না করা হয় েযমন একিট ভাজা বা ফৰ্াইং পয্ান, পৰ্ায়শই েতল বা মাখন িদেয় ভাজা হয়। পৰ্ত্নতািত্তব্ক
পৰ্মাণগুিল েথেক জানা যায় েয পয্ানেককগুিল সম্ভবত পৰ্াৈগিতহািসক সমােজ খাওয়া সবেচেয় পৰ্াচীন এবং সবর্ািধক িবসৃ্তত
খাদয্শসয্ িছল।

Steps [E] 1. Cats are obligate carnivores, meaning they need to eat meat to survive.
2. Pancakes are not a source of meat.

3. Thus, a Bengal cat cannot survive eating only pancakes.

Steps [B] 1. িবড়াল বাধয্তামূলক মাংসাশী, যার অথর্ তােদর েবঁেচ থাকার জনয্ মাংস েখেত হেব।
2. পয্ানেকক মাংেসর উৎস নয়।

3. সুতরাং, একিট েবঙ্গল িবড়াল শুধুমাতৰ্ পয্ানেকক েখেয় বাঁচেত পাের না।

Answer [E] The answer is no.

Answer [B] উত্তর হেলা না।

Table 1: Samples from our dataset comprising of question, evidence, steps, and answer where [E] and [B] following
them represents corresponding English and Bangla versions respectively.
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A.2 Step Count and Token Distribution
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Figure 5: Distribution of Step Count and Token Distribution of Steps. Furthermore, interestingly, number of words
required to describe a step in Bangla is less than of English.

A.3 Evidence Count and Token Distribution

1 2 3 4 5
# of Evidence

0

10

20

30

40

50

60

70

Fr
eq

ue
nc

y

Normal Fit (  = 0.71)
Mean = 2.05
Frequency

0 50 100 150 200 250 300
# of Tokens

Ben

Eng

 156.30 ± 82.96

 180.51 ± 93.86

Figure 6: Distribution of Evidence Count and Token Distribution of Steps. On average, there were three evidences
associated alongside the questions.
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B Example of Chat Prompt Templates
B.1 Setting: gen_ans

En <|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are a helpful assistant. Your goal is to respond to user queries using the provided evidence
paragraphs. The final line must contain the word ’Answer:’ followed by the answer to the user
query. The response should contain ONLY the final response. If the question requires a yes/no
answer, answer using only ”yes” or ”no”. Do NOT provide any additional explanation or com-
ments.<|eot_id|><|start_header_id|>user<|end_header_id|>

# Evidence

1. Toilet paper, Description, Materials: Toilet paper is usually manufactured from pulpwood trees, but
is also sometimes made from sugar cane byproducts or bamboo.
2. Logging: Logging is the process of cutting, processing, and moving trees to a location for transport.
It may include skidding, on-site processing, and loading of trees or logs onto trucks or skeleton cars.
# Question:

Would it be hard to get toilet paper if there were no loggers?<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>
Answer:

Bn <|begin_of_text|><|start_header_id|>system<|end_header_id|>
আপিন একজন উপকারী সহকারী। আপনার উেদ্দশয্ হল পৰ্দত্ত পৰ্মাণ অনুেচ্ছদ বয্বহার কের বয্বহারকারীর পৰ্েশ্নর উত্তর
েদওয়া। চূড়ান্ত লাইেন অবশয্ই 'উত্তর:' শŀিট থাকেব এবং তারপের বয্বহারকারীর পৰ্েশ্নর উত্তর থাকেব। পৰ্িতিকৰ্য়ািটেত
শুধুমাতৰ্ চূড়ান্ত উত্তর থাকেব। পৰ্শ্নিটর যিদ হয্াঁ/না উত্তেরর পৰ্েয়াজন হয়, তাহেল শুধুমাতৰ্ "হয্াঁ" বা "না" বয্বহার কের উত্তর
িদন। েকান অিতিরক্ত বয্াখয্া বা মন্তবয্ পৰ্দান করেবন না।<|eot_id|><|start_header_id|>user<|end_header_id|>

# পৰ্মাণ

1. টয়েলট েপপার, বণর্না, উপকরণ: টয়েলট েপপার সাধারণত পাল্পউড গাছ েথেক ৈতির করা হয়, তেব কখনও কখনও
আেখর উপজাত বা বাঁশ েথেকও ৈতির করা হয়।
2. লিগং: লিগং হল পিরবহেনর জনয্ গাছ কাটা, পৰ্িকৰ্য়াকরণ এবং স্থানান্তর করার পৰ্িকৰ্য়া। এেত িস্কিডং, অন-সাইট
পৰ্িকৰ্য়াকরণ এবং টৰ্াক বা এেস্কেলটন গািড়েত গাছ বা লগ েলাড করা অন্তভুর্ক্ত থাকেত পাের।
# পৰ্শ্ন:

কাঠুির না থাকেল িক টয়েলট েপপার পাওয়া কিঠন হেব?<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>
উত্তর:

Table 2: An example of a chat prompt template from gen_ans setting. En is of the corresponding English language
and Bn is of the Bangla language.
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B.2 Setting: w_cot_gen_ans

En <|begin_of_text|><|start_header_id|>system<|end_header_id|>
You are a helpful assistant. Your goal is to respond to user queries using the provided evidence
paragraphs. The final line must contain the word ’Answer:’ followed by the answer to the user
query. The response should contain ONLY the final response. If the question requires a yes/no
answer, answer using only ”yes” or ”no”. Do NOT provide any additional explanation or com-
ments.<|eot_id|><|start_header_id|>user<|end_header_id|>
# Evidence
1. Toilet paper, Description, Materials: Toilet paper is usually manufactured from pulpwood trees, but
is also sometimes made from sugar cane byproducts or bamboo.
2. Logging: Logging is the process of cutting, processing, and moving trees to a location for transport.
It may include skidding, on-site processing, and loading of trees or logs onto trucks or skeleton cars.
# Question:
Would it be hard to get toilet paper if there were no loggers?<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>
1. Toilet paper is made from trees.
2. Loggers are responsible for cutting down trees.
3. Thus, without loggers, it would be difficult to get toilet paper.
Answer:

Bn <|begin_of_text|><|start_header_id|>system<|end_header_id|>
আপিন একজন উপকারী সহকারী। আপনার উেদ্দশয্ হল পৰ্দত্ত পৰ্মাণ অনুেচ্ছদ বয্বহার কের বয্বহারকারীর পৰ্েশ্নর
উত্তর েদওয়া। চূড়ান্ত উত্তর েদওয়ার আেগ, ধােপ ধােপ যুিক্ত িদেবন, পৰ্িতিট যুিক্তর ধাপেক একিট নতুন লাইেন
সংখয্াযুক্ত ভােব তািলকাভুক্ত করেবন। চূড়ান্ত লাইেন অবশয্ই 'উত্তর:' শŀিট থাকেব এবং তারপের বয্বহারকারীর পৰ্েশ্নর
উত্তর থাকেব। পৰ্িতিকৰ্য়ািটেত শুধুমাতৰ্ সংখয্াযুক্ত যুিক্তর ধাপ এবং চূড়ান্ত উত্তর থাকেব। পৰ্শ্নিটর যিদ হয্াঁ/না উত্তেরর
পৰ্েয়াজন হয়, তাহেল শুধুমাতৰ্ "হয্াঁ" বা "না" বয্বহার কের উত্তর িদন। েকান অিতিরক্ত বয্াখয্া বা মন্তবয্ পৰ্দান করেবন
না।<|eot_id|><|start_header_id|>user<|end_header_id|>
# পৰ্মাণ
1. টয়েলট েপপার, বণর্না, উপকরণ: টয়েলট েপপার সাধারণত পাল্পউড গাছ েথেক ৈতির করা হয়, তেব কখনও কখনও
আেখর উপজাত বা বাঁশ েথেকও ৈতির করা হয়।
2. লিগং: লিগং হল পিরবহেনর জনয্ গাছ কাটা, পৰ্িকৰ্য়াকরণ এবং স্থানান্তর করার পৰ্িকৰ্য়া। এেত িস্কিডং, অন-সাইট
পৰ্িকৰ্য়াকরণ এবং টৰ্াক বা এেস্কেলটন গািড়েত গাছ বা লগ েলাড করা অন্তভুর্ক্ত থাকেত পাের।
# পৰ্শ্ন:
কাঠুির না থাকেল িক টয়েলট েপপার পাওয়া কিঠন হেব?<|eot_id|>
<|start_header_id|>assistant<|end_header_id|>
1. টয়েলট েপপার ৈতির হয় গাছ েথেক।
2. কাঠুিররা গাছ কাটার জনয্ দায়ী।
3. এইভােব, কাঠুির ছাড়া, টয়েলট েপপার পাওয়া কিঠন হেব।
উত্তর:

Table 3: An example of a chat prompt template from w_cot_gen_ans setting. En is of the corresponding English
language and Bn is of the Bangla language.
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C NLI
C.1 Structure Example
C.1.1 English

Hypothesis: Who does the actress
that played mary poppins in the 1964
film play in princess diaries? The an-
swer is Queen Clarisse Renaldi.

Premise: Who does the actress that
played mary poppins in the 1964 film
play in princess diaries? The answer
is Julie Andrews.

Table 4: Example of the Hypothesis and Premise struc-
ture for English language. Here, Hypothesis incorpo-
rates ground answer and Premise incorporates model
predicted answer.

C.1.2 Bangla

Hypothesis: িনউটন সবর্জনীন মহাকষর্
ধৰ্ুবেকর মান পিরমাপ করার জনয্
পদাথর্িবজ্ঞানীর কােজর েক্ষতৰ্িট কী? সুতরাং
উত্তর হেলা পদাথর্িবদ এবং রসায়নিবদ।

Premise: িনউটন সবর্জনীন মহাকষর্
ধৰ্ুবেকর মান পিরমাপ করার জনয্
পদাথর্িবজ্ঞানীর কােজর েক্ষতৰ্িট কী? উত্তর
হেলা িনউটন সবর্জনীন মহাকষর্ ধৰ্ুবেকর
মান পিরমাপ করার জনয্ পদাথর্িবজ্ঞানীর
কােজর েক্ষতৰ্িট হেলা পৰ্মাণ।

Table 5: Example of the Hypothesis and Premise struc-
ture for Bangla language.

C.2 Example Cases of Limitations on Bangla
C.2.1 Entails Proper Noun Spelling Mistakes

Hypothesis েরডকয্াপ অিভেনতা সদেসয্র পত্নী েক?
উত্তর হেলা িশলা হয্ানকক।

Premise েরডকয্াপ অিভেনতা সদেসয্র পত্নী েক?
উত্তর হেলা িশলা হয্ানক

Ground Label Contradiction

Predicted Label Entailment

Table 6: Example of NLI model incorrectly predicting
Entailment where the Premise differs with Hypothesis
through a spelling mistake on proper noun িশলা হয্ানকক.

C.2.2 Labels contradict on model’s elaborate
correct answers on binary question

Hypothesis ডেরািথয়া ওেয়িন্ডং িক েপাশর্ার উদ্ভব জায়গা
েথেক এেসেছন? উত্তর হেলা হয্াঁ।

Premise
ডেরািথয়া ওেয়িন্ডং িক েপাশর্ার উদ্ভব জায়গা
েথেক এেসেছন? উত্তর হেলা ডেরািথয়া
ওেয়িন্ডং েপাশর্ার উদ্ভব জায়গা েথেক
এেসেছন।

Ground Label Entailment

Predicted Label Contradict

Table 7: Example of NLI model incorrectly judging
Contradict where the Premise contained elaboration on
the single word হয্াঁ (”yes”) answer.

C.2.3 Labels entailment where the main final
answer is missing

Hypothesis
মহম্মদ আত্তার গািড় কী, েয েকাম্পািনর
ডয্াটসান ৈতির করা হেয়েছ, এর নিজর?
সুতরাং উত্তর হেলা িনসান আলিটমা।

Premise

মহম্মদ আত্তার গািড় কী, েয েকাম্পািনর
ডয্াটসান ৈতির করা হেয়েছ, এর নিজর?
উত্তর হেলা িনসান েমাটর েকাং, িলিমেটড
(েহপবানর্: িনসান িজেদাশা কাবুিশিক গাইশা)
হল একিট জাপানী বহুজািতক অেটােমাবাইল
পৰ্স্তুতকারক যার সদর দপ্তর িনিশ-কু,
ইেয়ােকাহামা, জাপােন। েকাম্পািনিট িনসান,
ইনিফিনিট এবং ডয্াটসুন

Ground Label Contradict

Predicted Label Entailment

Table 8: Example of NLI model falsely predicts En-
tailment where the actual proper noun answer ”িনসান
আলিটমা” (Nissan Altima) is not present in the Premise.
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D Google Translation Errors
D.1 Example on American Football Context

Source: DK Metcalf is an
American football player.
Hitting the wheel route is part of
American football. So the answer is
yes.

Manual Translation: িড েক েমটকাফ
একজন আেমিরকান ফুটবল েখেলায়াড়।
হুইল রাউট করা আেমিরকান ফুটবেলর
অংশ। সুতরাং উত্তর হেলা হয্াঁ।

Google Translation: িড েক েমটকাফ
একজন আেমিরকান ফুটবল েখেলায়াড়।
চাকা রুেট গািড় চালােনা আেমিরকান
ফুটবেলর অংশ। তাহেল উত্তর হল হয্াঁ।

Table 9: Example of Google Translation’s sub-par
performance compared to Manual Translation when
given the Source English text with the mistake under-
lined in pink ( ).

D.2 Example on Basketball Context

Source: Ben Simmons is a basketball
player. Calling for the screen is part
of basketball. So the answer is yes.

Manual Translation: েবন
িসমন্স একজন বােস্কটবল েখেলায়াড়।
িস্কৰ্েনর জনয্ কল করা বােস্কটবেলর অংশ।
সুতরাং উত্তর হেলা হয্াঁ।

Google Translation: েবন িসমন্স
একজন বােস্কটবল েখেলায়াড়। পদর্ায় ডাকা
বােস্কটবেলরই অংশ। তাহেল উত্তর হল হয্াঁ।

Table 10: Example of Google Translation’s sub-par
performance on Basketball context with the mistake un-
derlined in pink ( ).
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Abstract

Real-time speech assistants are becoming in-
creasingly popular for ensuring improved ac-
cessibility to information. Bengali, being a
low-resource language with a high regional
dialectal diversity, has seen limited progress
in developing such systems. Existing systems
are not optimized for real-time use and focus
only on standard Bengali. In this work, we
present BanglaTalk, the first real-time speech
assistance system for Bengali regional dialects.
BanglaTalk follows the client-server architec-
ture and uses the Real-time Transport Proto-
col (RTP) to ensure low-latency communica-
tion. To address dialectal variation, we intro-
duce a dialect-aware ASR system, BRDialect,
developed by fine-tuning the IndicWav2Vec
model in ten Bengali regional dialects. It out-
performs the baseline ASR models by 12.41-
33.98% on the RegSpeech12 dataset. Further-
more, BanglaTalk can operate at a low band-
width of 24 kbps while maintaining an aver-
age end-to-end delay of 4.9 seconds. Low
bandwidth usage and minimal end-to-end de-
lay make the system both cost-effective and
interactive for real-time use cases, enabling in-
clusive and accessible speech technology for
the diverse community of Bengali speakers.1

1 Introduction

Conversational speech assistants (Dutsinma et al.,
2022) have transformed human-computer interac-
tion, making information more accessible. Widely
adopted tools such as Alexa, Siri, and Cortana
demonstrate the profound impact of real-time
speech assistants on human lives (Hoy, 2018).
However, while significant progress has been made
for high-resource languages such as English, Man-
darin, and French, such tools are still underdevel-
oped for the low-resource Bengali language. Ben-
gali is a morphologically rich Indo-Aryan language
(Islam et al., 2025), spoken by approximately 260

1https://github.com/Jak57/BanglaTalk

Query: টাঙ্গয়ুার হাওরও দইু িদন এখ রাইত ঘুরেত িকতা িকতা �নওয়া লাগেবা

টাঙ্গয়ুার হাওের ঘুরেত �গেল ˝কেনা 
কাপড়, সুরǘা �পাশাক, পািন ও 

খাবার সেঙ্গ রাখেবন।

দঃুিখত, আিম আপনার Ƶɬǅ 
বঝুেত পািরিন।

ASR (Standard 
Bengali)

LLM

TTS

BRDialect ASR 
(Dialect-aware)

LLM

TTS

Existing System BanglaTalk

Bandwidth 
efficient

Real-time 
response

Bandwidth 
inefficient

High delay

Query

টাঙ্গয়ুার হাওর দইু িদন এক 
রাইড ঘুরেত একǅ তািগদ 

�নওয়া লাগেব

Query

টাঙ্গয়ুার হাওরও দইুিদন এখ 
রাইত ঘুরেত িকতা িকতা �নওয়া 
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Figure 1: Existing Bengali speech assistants (left) fail
to understand queries in regional dialects due to re-
liance on standard Bengali ASR (incorrect transcriptions
are shown in red). BanglaTalk (right) successfully
handles regional dialect queries through its dialect-
aware ASR (BRDialect). It is bandwidth efficient and
operates in real-time due to the incorporation of the
Real-Time Transport Protocol.

million people worldwide. It exhibits significant re-
gional dialectal diversity, with variations in phonol-
ogy, vocabulary, and syntax (Hasan et al., 2024b).
This linguistic diversity poses a major challenge in
building robust speech assistants.

Automatic Speech Recognition (ASR) is a key
component of speech assistant systems. Existing
ASR systems are developed primarily for standard
Bengali (Saha et al., 2021; Rakib et al., 2023b),
and their performance is significantly degraded in
regional dialects. As a result, existing speech assis-
tant systems that integrate such ASR cannot sup-
port regional dialectal communication (Hasan et al.,
2021; Arnab et al., 2023). Moreover, real-time de-
ployment requires not only dialectal robustness, but
also minimal end-to-end delay and efficient band-
width usage. Previous works lack dialect-aware
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ASR, systematic analysis of delay minimization
techniques, bandwidth efficiency, and real-time
communication.

In this work, we introduce BanglaTalk, the first
real-time conversational speech assistant for Ben-
gali regional dialects. BanglaTalk adopts a client-
server architecture and incorporates the Real-time
Transport Protocol (RTP) (Schulzrinne et al., 2003)
to achieve low-latency communication. Robust au-
dio encoding enables operation at 24 kbps (kilobits
per second). As illustrated in Fig. 1, while existing
speech assistants fail in interpreting regional dialec-
tal queries, BanglaTalk transcribes them accurately
through the dialect-aware ASR system. It responds
to queries effectively and interactively in real-time
using low bandwidth.

The BanglaTalk client integrates lightweight au-
dio processing modules, including noise cancella-
tion, dynamic range compression, and audio en-
coding. On the server side, a dialect-aware ASR
system, a voice activity detector (VAD), a natural-
sounding Text-to-Speech (TTS) system, and audio
encoding modules form a complete pipeline for
real-time speech assistance. Central to this sys-
tem is BRDialect, a dialect-aware ASR model fine-
tuned on ten Bengali regional dialects. BRDialect
outperforms the baseline Whisper (Tugstugi, 2023)
and IndicWav2Vec (Javed et al., 2022) models,
achieving a word error rate of 74.1% and character
error rate of 40.6% on the RegSpeech12 (Hassan
et al., 2025) dataset.

Additionally, the integrated VITS (Kim et al.,
2021) TTS model produces natural-sounding
speech with a high mean opinion score (MOS) of
4.49, enhancing the user experience. With an aver-
age end-to-end delay of 4.9 seconds, BanglaTalk
enables interactive real-time communication be-
tween the user and the speech assistant. This sys-
tem will significantly impact the lives of Bengali
speakers due to its dialect-aware ASR, low band-
width usage, and real-time performance.

In summary, our main contributions are:

• We introduce BanglaTalk, the first real-time,
bandwidth-efficient Bengali speech assistant
designed to support regional dialects through
a client-server architecture.

• We develop BRDialect, a dialect-aware ASR
system that substantially outperforms exist-
ing ASR models on the RegSpeech12 dataset
spanning twelve regions of Bangladesh.

• We provide a comprehensive analysis of au-
dio processing latency, bandwidth usage, end-
to-end delay, and generated speech quality,
demonstrating the robustness of BanglaTalk
for real-time, dialect-aware communication.

2 Methodology

BanglaTalk follows a client-server architecture,
with lightweight audio processing on the client and
computationally intensive tasks on a centralized
server. The overall pipeline is illustrated in Fig. 2.

2.1 BanglaTalk Client
The client is responsible for capturing, processing,
and transmitting audio to the server. As shown
in Fig. 2 (left), its main modules include audio
capture, dynamic range compression, noise sup-
pression, encoding, and transmission.

Audio Capture The client captures audio in 20-
ms (milliseconds) frames at a sample rate of 16
kHz (kilohertz). Each frame contains 320 samples
in 16-bit PCM little-endian format (Dobson, 2000).
Although the Opus codec (Valin et al., 2016) sup-
ports multiple sample rates (e.g., 8-48 kHz), we fix
the sample rate at 16 kHz to align with the ASR
and VAD modules. Opus allows frame durations
of 2.5-100 ms. A frame duration of 20 ms (50
RTP packets per second) offers a balance between
packet size and loss rate in real-time communica-
tion.

Dynamic Range Compression (DRC) Speech
captured from the microphone often includes soft
and excessively loud signals. Compressing the dy-
namic range helps maintain a consistent audio level,
enhancing performance (Giannoulis et al., 2012).
We develop the dynamic range compression algo-
rithm described in Alg. 1 and apply compression
only to the loud audio segments. Whenever the
decibel level of a normalized audio sample exceeds
-10 dBFS (decibels relative to full scale), we apply
a compression ratio of 2:1. Samples outside this
threshold remain unchanged.

RNNoise Cancellation Noise poses a major is-
sue in audio communication. Background and fore-
ground noise can be picked up by the microphone
and transmitted to the network, degrading the over-
all performance of the system. To mitigate this, we
perform noise suppression with RNNoise (Valin,
2018). It is a lightweight neural network-based
denoiser capable of real-time operation.
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Figure 2: Client (left) and server-side (right) processing pipelines of the BanglaTalk System.

RNNoise is trained to remove noise from an au-
dio frame of duration 10 ms at a 48 kHz sample rate.
Since every captured audio frame duration is 20 ms
at a 16 kHz sample rate, we apply audio segmenta-
tion, upsampling, and downsampling during noise
suppression. Alg. 2 shows the pseudocode for up-
sampling. Linear interpolation (Xu and Xu, 2022)
is used in upsampling from 16 to 48 kHz due to
minimal computational overhead. After denoising,
the audio is downsampled to 16 kHz using Alg. 3.
Specifically, we skip intermediate sample values
– from every three consecutive audio samples, the
first one is retained and the remaining two are dis-
carded. This simple technique is computationally
efficient for downsampling.

Encoding with Opus Codec Opus is a high-
quality audio codec for interactive speech and mu-
sic transmission over the Internet (Valin et al.,
2016). It is widely used in VoIP (Voice over IP)
applications (Sundvall, 2014) due to the low la-
tency processing and error concealment. Each au-
dio frame contains a total of 320 samples (640
bytes). Without compression, audio frames are ex-
pensive to transmit over the Internet due to high
bandwidth consumption. To mitigate this, each au-
dio frame is encoded using the Opus codec with a
low bitrate of 24 kbps. This ensures low bandwidth
usage, which is a critical factor for greater accessi-
bility. The incoming audio frames from the server
are decoded with the same codec.

Packetization and Transmission Each encoded
audio frame is encapsulated in an RTP packet fol-
lowing the Real-time Transport Protocol (Group
et al., 1996). The first 12 bytes of each packet con-
tain the header, and the remaining bytes contain
the Opus-encoded payload. App. B describes the
structure of the RTP packet. These packets are sent
at 20 ms intervals to the server’s public IP and the

RTP packet receiver port (Postel, 1980).

2.2 BanglaTalk Server
The server is responsible for receiving the audio
stream from the client and generating an appropri-
ate audio response. The overall server-side process-
ing pipeline is illustrated in Fig. 2 (right). To func-
tion effectively, the server employs several intercon-
nected modules. First, the incoming audio frames
are received and decoded using the Opus decoder.
Next, voice activity detection is performed to iden-
tify speech segments. When a complete user query
is detected, the corresponding speech segment is
transcribed into text. This text is then processed by
a large language model (LLM), which generates
a suitable response. The response is subsequently
converted into speech using a TTS system. Finally,
the speech is resampled and the resulting audio
frames are encoded with the Opus codec. Follow-
ing the RTP protocol, the created RTP packets are
transmitted to the client. The detailed workflow of
these modules is described below.

RTP Packet Parser The server receives audio
data from the client in the form of RTP packets.
Each packet is parsed to extract header information,
encoded data length, and encoded audio data in
byte format.

Decoding with Opus Codec The extracted en-
coded audio is decoded using the Opus codec.
Based on the encoded data length and audio bytes,
the decoder reconstructs audio frames of 20 ms du-
ration, corresponding to 320 samples at a 16 kHz
sample rate.

Voice Activity Detection (VAD) Voice activity
detection is a crucial component of real-time com-
munication, as it identifies speech segments while
discarding non-speech portions. This prevents un-
necessary downstream processing, thus reducing la-
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Algorithm 1 DRC compresses the amplitude of
samples exceeding a −10 dBFS threshold by ap-
plying a 2:1 compression ratio. It leaves the quieter
samples unchanged.

Require: Frame x ∈ ZN , threshold τ = −10
dBFS, ratio r = 2

Ensure: Compressed frame y ∈ ZN

1: y ← x
2: for i← 1 to N do
3: s← yi
4: if s = 0 then
5: continue
6: end if
7: d← 20 · log10

(
|s|/32768

)

8: if d ≤ τ then
9: continue

10: end if
11: d′ ← τ + (d− τ)/r
12: σ ← sign(s)

13: s′ ←
⌊
10 d′/20 · σ · 32767

⌋

14: yi ← s′

15: end for
16: return y

tency and improving overall efficiency. We use the
Silero VAD (Team, 2024) in the streaming mode,
which is specifically designed for real-time applica-
tions. It works with a frame duration of 32 ms (512
samples) at a sample rate of 16 kHz and determines
whether each audio frame marks the beginning, end
of a speech segment, or none. Only the detected
speech segment corresponding to the user query is
forwarded to the ASR system.

Automatic Speech Recognition (ASR) We train
a Wav2Vec2-based model (Baevski et al., 2020)
using speech data from ten regional dialects from
the Ben10 dataset (Humayun et al., 2024). For
data processing, we follow Hasan et al. (2024a)
and fine-tune the pre-trained IndicWav2Vec (Javed
et al., 2022) for Bengali on that processed dataset.
To evaluate the performance of our trained ASR
model, we use the RegSpeech12 (Hassan et al.,
2025) test set (Ben10 test set is not publicly avail-
able). A detailed description and analysis of these
datasets are provided in App. C.1 and App. C.2.

End of Query Detection Accurate detection of
the end of a user query is essential for real-time
speech assistance systems (Liang et al., 2023). We
have defined the end of query as a silence segment

lasting at least 1.2 seconds. For silence detection,
Silero VAD is utilized. Once an end-of-query is
detected, the speech segment is passed to the ASR
system to generate the transcription. The result-
ing query is then forwarded to the LLM, which
produces the system’s response.

Generating Response Using LLM Large Lan-
guage Models (LLMs) are crucial for generating
responses to user queries (Dam et al., 2024). To
maintain coherent communication, responses are
generated for valid queries, while invalid queries
are discarded. We employ GPT-4.1-nano as the
chat model, with the prompt template presented
in App. D. To minimize latency, we use stream-
ing mode, which delivers responses incremen-
tally rather than waiting for a full response. The
streamed text is segmented based on Bengali punc-
tuation and forwarded to the TTS system.

Text-to-Speech (TTS) Several TTS models are
available for Bengali (Raju et al., 2019). We experi-
ment with MMS-TTS-Ben (Pratap et al., 2024) and
two variants of VITS-Bengali (male and female
voices) (Hossen, 2023). These models are selected
because of their minimal processing delay. MMS-
TTS-Ben produces speech at a 16 kHz sample rate,
while VITS-Bengali outputs at 22.05 kHz. For sys-
tem compatibility, the VITS-generated speech is
resampled to 16 kHz.

Network Transmission The processed audio is
segmented into 20 ms frames and encoded with
the Opus codec at a bitrate of 24 kbps. Each RTP
packet is constructed with a 12-byte header, fol-
lowed by encoded audio data. The RTP packets are
transmitted over the Internet to the client’s public
IP and port at 20 ms intervals, ensuring synchro-
nized real-time playback.

3 Result & Discussion

3.1 Implementation Details

Since the system is intended for deployment across
a diverse population in Bangladesh, we prioritize
computational efficiency on the client side to en-
sure accessibility across devices with varying hard-
ware capabilities. In contrast, the server must be
sufficiently powerful to handle audio processing,
response generation, and real-time communication
with minimal latency. Accordingly, our experi-
ments were conducted with an Intel Core i7 CPU
(without GPU) as the client and a server equipped
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Model WER ↓ CER ↓
Whisper-medium-Bengali 0.846 0.562
IndicWav2Vec-Bengali 0.897 0.615
BRDialect 0.741 0.406

Table 1: Performance of ASR systems on the test set
of the RegSpeech12 dataset, covering twelve Bengali
regional dialects.

with an NVIDIA GeForce RTX 4090 GPU for effi-
cient processing.

3.2 Evaluating BRDialect

To evaluate the performance of our dialect-aware
ASR system, BRDialect, we use the test set
from the RegSpeech12 (Hassan et al., 2025)
dataset. It includes dialects from twelve regions
of Bangladesh – Rangpur, Sylhet, Chittagong,
Noakhali, Narail, Kishoreganj, Barishal, Habiganj,
Comilla, Tangail, Sandwip, and Narsingdi, totaling
2132 audio files.

For evaluation, we report the Word Error Rate
(WER) and Character Error Rate (CER), following
the formulas described in App. E.1. To refine ASR
predictions, we apply beam search decoding with a
5-gram KenLM language model (Heafield, 2011).
We also investigated the impact of the preprocess-
ing and postprocessing steps, including noise can-
cellation, normalization, and punctuation removal,
as these factors significantly affect the overall per-
formance of the ASR.

As shown in Table 1, BRDialect outperforms
baseline models in both WER and CER. Specif-
ically, it achieves the lowest WER of 0.741 and
CER of 0.406 when decoded with a 5-gram KenLM
model, combined with Unicode normalization and
punctuation removal, but without noise cancella-
tion.

BRDialect consistently outperforms
Whisper-medium-Bengali (Tugstugi, 2023)
and IndicWav2Vec-Bengali (Javed et al., 2022),
achieving a 12.41–17.39% relative improvement
in WER and a 27.77–33.98% improvement in
CER. The comparatively poor performance of the
baseline models suggests that dialectal variation
is not adequately addressed during their training,
limiting their suitability for regional speech-to-text
tasks. BRDialect highlights the importance of
dialect-aware fine-tuning for building a robust
ASR system.

Processing WER ↓ CER ↓
Noise Cancellation 0.876 0.497

No Noise Cancellation 0.865 0.452
5-gram KenLM Decoding 0.827 0.442
Unicode Normalization 0.796 0.420
Punctuation Removal 0.741 0.406

Table 2: Impact of different types of processing on the
performance of the BRDialect ASR system. Processing
pipelines are combined from top to bottom consecu-
tively for the group without noise cancellation.

Performance across Regions We further evalu-
ate BRDialect across individual regions. As shown
in Fig. 3, the ASR system performs well across
most regions, with WER below 70% in seven out
of the twelve regions. The lowest WER, 0.438,
is achieved for the Comilla region. Although
the Comilla dialect is not included in the training
data of BRDialect, its low WER demonstrates the
model’s strong generalization capability to unseen
dialects.

3.2.1 Ablation Study
We analyze the effect of different preprocessing and
postprocessing techniques on ASR performance.
Table 2 summarizes the improvements observed
with BRDialect.

Impact of Noise Cancellation We experiment
with denoising the input audio before transcrib-
ing. The experimental results show that denoising
with RNNoise slightly increases WER by 1.27%.
Aggressive denoising can remove speech cues nec-
essary for the accurate transcription of regional di-
alects. For the remaining processing steps, we keep
the original audio without denoising and combine
processing pipelines.

Impact of 5-gram KenLM Decoding Integrat-
ing a 5-gram KenLM model during decoding im-
proves WER from 0.865 to 0.827, a 4.39% reduc-
tion. This confirms the value of training a KenLM
language model with a Bengali regional text corpus
for robust ASR performance (Rakib et al., 2023b).

Impact of Unicode Normalization Normaliz-
ing text further reduces WER to 0.796. This step
is crucial since many Bengali characters can be
represented in multiple ways, causing transcrip-
tion inconsistencies. Normalizing text with the
BnUnicodeNormalizer (Ansary et al., 2023) en-

48



Comilla
Tangail

Rangpur
Narail
Narsingdi

Habiganj
Barishal

Sylhet

Chittagong
Noakhali

Sandwip

Kishoreganj

Region

0.0

0.2

0.4

0.6

0.8

1.0

1.2
W

or
d 

Er
ro

r R
at

e

0.438 0.440
0.473

0.606 0.628 0.647
0.701

0.831 0.849 0.875 0.876 0.894

BRDialect

Figure 3: Regionwise word error rate distribution of the
test set of the RegSpeech12 dataset. Transcriptions are
generated using the BRDialect ASR system.

sures uniform representation, improving ASR per-
formance.

Impact of Punctuation Removal Since baseline
ASR models do not generate punctuation, we re-
move punctuation from the RegSpeech12 transcrip-
tions to ensure a fair comparison. Combined with
previous steps, this yields the lowest WER of 0.741
and CER of 0.406. A detailed analysis of the pro-
cessing configurations and their impact on the BR-
Dialect ASR is provided in App. E.2.

Impact of High WER A Word Error Rate
(WER) of 74.1% is relatively high for a general-
purpose ASR system. However, dialectal speech
recognition is inherently more challenging than
the standard ASR task. The poor performance of
the baseline models (Whisper-medium-Bengali
and IndicWav2Vec-Bengali) validates this diffi-
culty. In this context, BRDialect achieves a relative
improvement of 12.41-33.98% over the baseline
models, representing a substantial achievement.

Within the BanglaTalk system, the integrated
large language model (GPT-4.1-nano) effectively
compensates for minor transcription errors. Lever-
aging its robust contextual understanding, the LLM
can infer user intent even from noisy or imperfect
ASR outputs, as illustrated in Fig. 10. Most ob-
served errors involve minor substitutions that do
not significantly affect the intended meaning.

Furthermore, explicitly prompting the LLM to
interpret dialectal queries (Fig. 7) enhances the sys-
tem’s ability to generate appropriate responses. The
combination of a dialect-aware ASR model (BR-
Dialect) and the powerful LLM (GPT-4.1-nano)
ensures that the BanglaTalk system remains usable
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Figure 4: Distribution of Levenshtein distance for the
best processing settings - without noise cancellation,
Bangla unicode normalization, and punctuation removal
by three ASR systems on the RegSpeech12 dataset.

and effective despite relatively imperfect transcrip-
tions.

3.2.2 Levenshtein Distance Analysis

Fig. 4 illustrates the distribution of normalized Lev-
enshtein distance between the ground-truth tran-
scriptions and the outputs of the evaluated ASR
systems under the best processing configuration –
No noise cancellation, Unicode normalization, and
punctuation removal. For BRDialect, transcription
quality is further refined during decoding using our
trained 5-gram KenLM language model. A lower
Levenshtein distance indicates higher transcription
accuracy.

Among the models, BRDialect achieves
the lowest mean distance of 0.65, demon-
strating strong alignment with the reference
transcriptions. Whisper-medium-Bengali
performs moderately with a mean distance
of 0.78, while IndicWav2Vec-Bengali con-
sistently underperforms. The distribution of
IndicWav2Vec-Bengali peaks sharply at 1, with
the highest mean distance 0.89, highlighting
substantial deviation from the ground truth.

In contrast, BRDialect exhibits a broader distri-
bution, reflecting variability in performance – some
utterances are transcribed with high accuracy, while
others are less. It achieves a measurable improve-
ment of 16.67-26.97% compared to the baseline
models, highlighting its effectiveness in handling
dialectal diversity.
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Figure 5: Uploading bitrate on the client side for a
duration of one minute.

3.3 Evaluating BanglaTalk

Low Latency Audio Processing On the client
side, each captured audio frame undergoes three
sequential processing steps – dynamic range com-
pression, noise cancellation, and encoding with
the Opus codec. The average processing time for
an audio frame of duration 20 ms, is reported in
Table 3.

Among these, the encoding with the Opus codec
is the most efficient, requiring only 0.56 ms per
frame. This is consistent with the codec’s design,
which targets real-time, low-latency audio appli-
cations (Valin et al., 2016). Similarly, the DRC
module introduces minimal computational over-
head, averaging 1.31 ms per frame. In contrast,
the noise cancellation with RNNoise introduces the
highest processing time of 6.51 ms.

RNNoise applies a lightweight neural network
for speech enhancement, making it more resource-
intensive than traditional signal processing meth-
ods. Additionally, RNNoise operates exclusively at
a 48 kHz sample rate, while the BanglaTalk system
relies on 16 kHz to ensure compatibility with ASR
and VAD modules (see §2.1). As a result, each
frame must first be upsampled from 16 kHz to 48
kHz prior to noise cancellation and subsequently
downsampled back to 16 kHz. These resampling
operations introduce an additional delay of 1.40
ms for upsampling and 0.34 ms for downsampling.
Compared to other ML-based noise cancellation
systems (Cha et al., 2023), RNNoise provides an
excellent balance of speech quality and efficiency,
making it highly suitable for real-time speech ap-
plications (Valin, 2018).

Despite this, the total processing time (8.38 ms)

Module Process Time (ms)

DRC 1.31
RNNoise 6.51
Encoding 0.56

Total 8.38

Table 3: Average processing times of a single audio
frame of duration 20 ms.

remains well below the 20 ms frame duration, en-
suring that all processing completes before the ar-
rival of the next frame. This guarantees uninter-
rupted, real-time streaming without additional la-
tency.

Adaptive Bitrate Control In real-time assistive
speech technologies, both end-to-end latency and
bandwidth efficiency are crucial factors (Kaur et al.,
2019). Bandwidth efficiency is particularly impor-
tant for underserved populations, such as those in
rural areas of Bangladesh, where high-speed or ex-
pensive Internet connections are often unavailable.

To address this challenge, our system prioritizes
bandwidth efficiency without compromising per-
formance. Audio streams are encoded at a target
bitrate of 24 kbps, significantly reducing bandwidth
usage in the upload and download streams during
client-server communication. Fig. 5 shows the up-
load bitrate of client-side for a one-minute audio
stream.

We employ the variable bitrate (VBR) mode of
the Opus codec, which dynamically adjusts the
bitrate based on the characteristics of the audio sig-
nal – allocating more bitrate to speech segments
and conserving bitrate during silence. In the exam-
ple shown in Fig. 5, the average bitrate over one
minute is only 19.29 kbps. This adaptive bitrate
usage makes the system more accessible to users
in economically disadvantaged regions (Osuagwu
et al., 2013), who might otherwise be unable to
benefit from assistive speech technologies.

Although applying RNNoise noise cancellation
slightly increases the ASR system’s Word Error
Rate (WER) by 1.27% (Table 2), it is retained in the
client application due to its substantial benefit in re-
ducing bandwidth usage. By removing background
and foreground noise, the audio signal becomes
more compressible. Without noise cancellation,
the average upload bitrate of the audio (as shown
in Fig. 5) rises from 19.29 kbps to 23.6 kbps – an
18.26% increase that is inefficient for client-side
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transmission. Given that the large language model
(GPT-4.1-nano) demonstrates strong robustness in
understanding minor transcription errors and gener-
ating accurate responses (Fig. 10), the advantages
of incorporating RNNoise into the client applica-
tion outweigh its modest negative impact on ASR
performance.

End-to-End Latency For real-time assistive
speech systems, minimizing the delay between the
end of a user’s query and the beginning of the sys-
tem’s audio response is essential to ensure natural
interactivity. The BanglaTalk system is designed
with this principle in mind, introducing minimal
overhead in both client and server-side processing.

We conduct rigorous testing and time analysis
to measure the BanglaTalk system’s end-to-end de-
lay. As detailed in App. E.3, the BRDialect ASR
module of the BanglaTalk system introduces only
a small delay, making it well-suited for real-time
applications. The TTS systems evaluated in our
study also exhibit low processing delay. App. F
presents a detailed evaluation of TTS systems.
Among them, the VITS-Bengali (male variant) is
the best-performing model, achieving a high Mean
Opinion Score (MOS) of 4.49 on the subset of the
BanSpeech (Samin et al., 2024) dataset.

To quantify the overall end-to-end delay of the
BanglaTalk system, we simulate ten user queries in
a conversation setting and measure the time elapsed
from the end of the user queries to the start of
the system’s response. As shown in App. G, the
system achieves an average end-to-end delay of 4.9
seconds. This latency is acceptable for real-time
assistive applications, ensuring smooth interactivity
and an enhanced user experience.

Preliminary User Study To evaluate the real-
world usability of the BanglaTalk system, we con-
duct a limited user study involving four native
speakers of the Sylhet and Mymensingh dialects.
The Sylhet dialect is selected due to its relative
high WER (0.831), while the Mymensingh dialect
is included to assess the generalizability of BR-
Dialect to unseen dialects, as it is not part of the
training set. Two native speakers from each region
interact with BanglaTalk on general information
and everyday task queries. Participants rate their
interaction experience on a 1-5 scale, where 1 indi-
cates a poor experience and 5 indicates an excellent
experience. Table 9 summarizes the results of five
queries per user. Overall, BanglaTalk achieves a
mean rating of 3.62, indicating a generally positive

user experience.
As illustrated in Fig. 10, users from both regions

interact successfully with the system despite mi-
nor transcription errors. Notably, users from the
Mymensigh region, whose dialect is not included
in BRDialect’s training data, report a mean satis-
faction rating of 3.73, further demonstrating the
model’s strong generalization capability to unseen
dialects. Participants also note that, despite their
strong accent in regional dialects, BanglaTalk re-
sponds accurately and naturally, providing an inter-
active and effective speech-based experience.

4 Related Work

4.1 Bengali Speech Assistants

Several speech assistant systems have been devel-
oped for the Bengali language in recent years. The
ALAPI system (Hasan et al., 2021) introduces an
open-domain Bengali conversational agent that pro-
cesses recorded audio queries from users and gen-
erates response audio using AI techniques along-
side a custom-built database. Shohojogi (Arnab
et al., 2023), designed for the banking sector,
provides voice-based customer support in Ben-
gali. It integrates Wav2Vec2-based ASR (Baevski
et al., 2020), query summarization, Google Text-to-
Speech (gTTS), and a doc2vec model to retrieve rel-
evant information for responses. Adrisya Sahayak
(Sultan et al., 2021) presents a desktop-based vir-
tual speech assistant for visually impaired Bengali
speakers, supporting computer operations, periph-
eral devices, and home appliance control.

In the healthcare domain, a voice-enabled Arti-
ficial Conversational Entity has been developed to
automate service interactions in Bengali (Pranto
et al., 2021). This system leverages a domain-
specific database and similarity-matching strate-
gies to generate responses to user queries. Extend-
ing beyond monolingual assistants, Disha (Ullah
et al., 2024) is a humanoid virtual assistant capa-
ble of interacting in both Bengali and English. It
can address financial queries and perform real-time
transactions. Beyond general-purpose applications,
Bengali voice assistants have also been deployed
in specialized domains such as providing informa-
tion on metro rail services in Bangladesh (Rahman
et al., 2024), assisting farmers with agricultural
queries (Divakar et al., 2021), and offering acces-
sible feminine healthcare support for marginalized
women (Puja et al., 2024).
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4.2 English Speech Assistants

Voice assistants such as Amazon Alexa, Apple Siri,
Microsoft Cortana, and Google Assistant have be-
come integral to modern human-computer inter-
action (López et al., 2017). These systems, pow-
ered by artificial intelligence, are increasingly in-
fluencing daily life and societal practices (Subhash
et al., 2020). Their development has been driven
by advances in both signal processing and machine
learning, which form the technological foundation
of voice-based interaction (Haeb-Umbach et al.,
2019).

Beyond their technical design, researchers have
examined the broader impact of these systems. For
example, Flavián et al. (2023) demonstrated that,
compared to text-based recommendations, voice-
based recommendations delivered by assistants
have a stronger influence on consumer decision-
making. User studies also indicate that voice as-
sistants are most frequently employed for activi-
ties such as music, information search, and smart
home (IoT) control (Ammari et al., 2019). Further-
more, their role has extended into education and
healthcare contexts, where they support learning
environments and assist older adults in managing
everyday activities (Terzopoulos and Satratzemi,
2020; Oewel et al., 2023).

4.3 Automatic Speech Recognition in Bengali

Research on Automatic Speech Recognition (ASR)
in Bengali has been addressed through both system
development and survey-driven studies (Mridha
et al., 2022; Tasnia et al., 2023; Sultana et al., 2021).
The availability of large-scale datasets, such as
Bengali Common Voice (Alam et al., 2022), OOD-
Speech (Rakib et al., 2023a), and RegSpeech12
(Hassan et al., 2025), has created significant oppor-
tunities for advancing Bengali ASR systems. Con-
tinuous Bengali ASR has been benchmarked on
the SHRUTI corpus using DNN-HMM and GMM-
HMM-based models (Al Amin et al., 2019), achiev-
ing relatively low error rates. Leveraging CNN-
RNN architectures, Saha et al. (2021) developed
a gender- and speaker-independent ASR system.
In Bangla-Wave (Rakib et al., 2023b), the inte-
gration of an n-gram language model is shown to
yield notable performance improvements. Further-
more, comparative analysis demonstrates that the
Wav2Vec-BERT model outperforms Whisper on
the Bengali Common Voice dataset (Ridoy et al.,
2025).

5 Conclusion & Future Work

In this work, we present BanglaTalk, the first real-
time, end-to-end conversational speech assistant
designed specifically for Bengali regional dialects.
The system integrates both client and server appli-
cations, with low-latency audio signal processing
implemented on both ends. To ensure efficient net-
work transmission, speech data is transmitted at
a low bandwidth of 24 kbps, making the system
accessible to a broad range of users. Our devel-
oped BRDialect ASR system, integrated into the
BanglaTalk pipeline, effectively transcribes Ben-
gali regional dialects, achieving an overall word
error rate of 74.1% and a character error rate of
40.6% on the RegSpeech12 dataset, which spans
12 regions of Bangladesh. For speech synthesis,
the VITS-Bengali TTS model (male) incorporated
into the system attains a mean opinion score (MOS)
of 4.49 on a subset of the BanSpeech dataset, en-
hancing the naturalness and human-like quality of
the generated voice. Furthermore, the system main-
tains a low end-to-end delay of 4.9 seconds, en-
suring a highly interactive user experience. These
performance metrics demonstrate the effectiveness
of the system for real-time communication.

Limitations

The BRDialect ASR system is trained on regional
speech data covering ten regions of Bangladesh.
Regions not included in the training data may ex-
perience less accurate transcriptions when using
the BanglaTalk system. Incorporating speech data
from the remaining regions of Bangladesh is ex-
pected to significantly improve the performance of
the BRDialect ASR system. Although BanglaTalk
reduces end-to-end delay and is highly interactive,
several limitations remain:

• User interruption: In the current system, the
assistant continues speaking until the utter-
ance is completed. Adding the capability to
handle user interruptions would make conver-
sations more natural and interactive.

• Speaker verification: The system does not
verify the speaker. If another person speaks
during the user’s conversation, their speech
is transcribed, which negatively affects per-
formance. Incorporating speaker verification
would mitigate this issue.

• Concurrent conversations: At present, only
one conversation can be executed at a time.

52



Supporting multiple concurrent conversations
would increase system availability and usabil-
ity.

• User study coverage: Feedback has so far
been collected from a limited set of regional
speakers. A broader user study covering all
regions of Bangladesh would provide deeper
insights into system performance, user accep-
tance, and overall impact.
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A Algorithms

A.1 Upsampling

The upsampling algorithm described in Alg. 2 in-
creases the audio sample rate by generating inter-
mediate samples through linear interpolation.

Algorithm 2 Upsampling with linear interpolation
increases the sample rate by inserting new sample
values between consecutive samples. The inter-
mediate values are calculated using the previous-
current sample pair and the slope between them.

Require: Input frame x ∈ ZN , ratio r, previous
value p

Ensure: Upsampled array y ∈ ZN ·r

1: y ← array of zeros with length N · r
2: k ← 1
3: for i← 1 to N do
4: cur ← x[i]
5: ∆← (cur − p)/r
6: for j ← 0 to r − 1 do
7: v ← p+ j ·∆
8: Clip v into range [−32768, 32767]
9: y[k]← ⌊v⌋; k ← k + 1

10: end for
11: p← cur
12: end for
13: return y

A.2 Downsampling

The downsampling algorithm described in Alg. 3
reduces the audio sample rate by discarding inter-
mediate samples.

Algorithm 3 Downsampling by an integer factor
r reduces the sample rate by keeping every r − th
sample from the speech signal.

Require: Input frame x ∈ ZL, ratio r ∈ N, r ≥ 1
Ensure: Downsampled array y ∈ Z⌊L/r⌋

1: N ←
⌊
L

r

⌋

2: y ← array of zeros with length N
3: k ← 1
4: for i← 1 to L step r do
5: y[k]← x[i]; k ← k + 1
6: if k > N then break
7: end if
8: end for
9: return y

B The RTP Packet Structure

The structure of a standard RTP packet, which com-
prises a 12-byte header, is shown in Fig. 6.

C Dataset

C.1 Ben10 Dataset Analysis

The Ben10 dataset (Humayun et al., 2024) com-
prises speech recordings from 373 speakers across
ten distinct regions of Bangladesh. The training
set contains over 63 hours of audio sampled at 16
kHz. Table 4 presents the region-wise distribu-
tion of audio files within the training set. Since
the transcripts of the Ben10 test set are not pub-
licly available, we instead employ the test set of
the RegSpeech12 dataset (Hassan et al., 2025) for
evaluation in our study.

Training Set

Region Audio File Count

Barishal 796
Chittagong 1406
Habiganj 940
Kishoreganj 1638
Narail 1488
Narsingdi 1098
Rangpur 1037
Sandwip 1049
Sylhet 2903
Tangail 987

Total 13342

Table 4: Training set distribution of the Ben10 dataset

C.2 RegSpeech12 Dataset Analysis

The RegSpeech12 dataset (Hassan et al., 2025) is a
spontaneous speech corpus encompassing twelve
regional dialects of Bangladesh, comprising ap-
proximately 100 hours of speech data. In this
study, we utilize the test split of the dataset, which
contains around 10 hours of recordings. Table 5
presents the region-wise distribution of the test set.

D Prompt to LLM

To generate responses to spoken user queries tran-
scribed by the dialect-aware ASR system, we pro-
vide the prompt illustrated in Fig. 7 to the GPT-4.1-
nano model.
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Figure 6: RTP packet structure with a 12-byte header followed by the audio payload.

Test Set

Region Audio File Count

Barishal 101
Chittagong 176
Comilla 32
Habiganj 117
Kishoreganj 205
Narail 186
Narsingdi 137
Noakhali 28
Rangpur 130
Sandwip 131
Sylhet 762
Tangail 127

Total 2132

Table 5: Test set distribution of the RegSpeech12 dataset

System Prompt: You are a helpful chatbot
who understands Bengali regional dialects
and only speaks standard Bengali. Please be
concise and end every sentence with {|}.

User Prompt: Please generate a response
for only the valid query. For an invalid
query, print only a {$}. Here is the query in
the Bengali regional dialect {user_query}.

Figure 7: Prompt for LLM to generate response for
query in Bengali regional dialect.

E ASR System Evaluation

E.1 ASR Evaluation Metrics
Word Error Rate (WER) and Character Error Rate
(CER) are the standard metrics for evaluating the
performances of ASR systems. The formula for
Word Error Rate is:

WER =
S +D + I

N
× 100%, (1)

where S is the number of substitutions, D is the
number of deletions, I is the number of insertions,
and N is the total number of words in the reference
transcription.

Similarly, the formula for Character Error Rate
is:

CER =
Sc +Dc + Ic

Nc
× 100%, (2)

where Sc is the number of substitutions, Dc is the
number of deletions, and Ic is the number of inser-
tions at the character level. Nc is the total number
of characters in the reference transcription.

E.2 Impact of Processing on BRDialect ASR
System

Processing pipelines play a critical role in shaping
the performance of ASR systems. Table 6 presents
the impact of 5-gram KenLM decoding, noise can-
cellation, text normalization, and punctuation re-
moval on the BRDialect ASR system.

E.3 Processing Times of ASR Systems

The inference time for audio files varies across dif-
ferent ASR systems, as shown in Table 7. The
Whisper model exhibits significantly slower pro-
cessing compared to BRDialect and IndicWav2Vec.
Although the IndicWav2Vec model is slightly faster
than BRDialect, its overall performance is consid-
erably lower. In contrast, the processing time of
BRDialect falls within an acceptable range for real-
time communication applications.

F TTS Systems Evaluation

In this study, we conduct extensive experiments
with three open-source TTS systems, all of which
are based on the VITS architecture (Kim et al.,
2021): MMS-TTS-Ben (Pratap et al., 2024),
and the VITS-Bengali Male and Female variants
(Hossen, 2023). To evaluate the quality of the syn-
thesized speech, we employ the mean opinion score
(MOS) metric.
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KD NC UN PR WER CER

✓ ✕ ✕ ✕ 0.827 0.442
✓ ✕ ✕ ✓ 0.796 0.420
✓ ✕ ✓ ✕ 0.781 0.430
✓ ✕ ✓ ✓ 0.741 0.406
✓ ✓ ✕ ✕ 0.838 0.493
✓ ✓ ✕ ✓ 0.813 0.474
✓ ✓ ✓ ✕ 0.801 0.479
✓ ✓ ✓ ✓ 0.770 0.458
✕ ✕ ✕ ✕ 0.865 0.452
✕ ✕ ✕ ✓ 0.834 0.444
✕ ✕ ✓ ✕ 0.834 0.429
✕ ✕ ✓ ✓ 0.793 0.419
✕ ✓ ✕ ✕ 0.876 0.497
✕ ✓ ✕ ✓ 0.853 0.487
✕ ✓ ✓ ✕ 0.853 0.478
✕ ✓ ✓ ✓ 0.822 0.467

Table 6: Performance of the BRDialect ASR system
on the processing settings of 5-gram KenLM Decoding
(KD), Noise Cancellation (NC), Unicode Normalization
(UN), and Punctuation Removal (PR).

For a robust comparison, we curate a diverse
set of texts from the BanSpeech dataset (Samin
et al., 2024), which contains audio-text pairs across
thirteen categories. From each category, one repre-
sentative text sample is selected, forming the test
dataset, as detailed in App. F.1. Each text sample is
synthesized using all three TTS models. To assess
naturalness and perceived audio quality, an experi-
enced human rater with expertise in audio signal
processing independently rates each generated au-
dio on a 1 to 5 scale, where 1 indicates very poor
quality and 5 represents excellent quality (Streijl
et al., 2016).

The results, summarized in Fig. 8, indicate that
the VITS-Bengali Male model achieves the highest
average MOS score of 4.49, producing speech that
is perceived as highly natural and pleasant. The
VITS-Bengali Female model achieves an average
MOS of 4.40, which is also suitable for end-to-end
speech assistant systems. In contrast, MMS-TTS-
Ben performs the lowest, with an average MOS
score of 3.66, approximately 22.7% lower than
VITS-Bengali Male, indicating reduced suitability
for end-to-end applications.

F.1 Text Samples from the BanSpeech Dataset

The BanSpeech dataset (Samin et al., 2024) com-
prises audio–text pairs spanning diverse categories.

Audio Preprocessing Times (s) ↓
Whisper IndicWav2Vec BRDialect

sylhet_1 3.07 0.65 0.77
sylhet_2 3.61 0.59 1.00
sylhet_3 3.99 1.36 1.31
sylhet_4 3.49 0.80 0.97

Table 7: Processing time analysis of four audio files with
an average duration of 8.75 s from the Sylhet region.

User Query End-to-End Delay (s) ↓
Query_1 5
Query_2 4
Query_3 5
Query_4 5
Query_5 4
Query_6 6
Query_7 5
Query_8 5
Query_9 5
Query_10 5

Average 4.9

Table 8: End-to-end delay analysis of the BanglaTalk
system. Delay is calculated from the end of the user
query to the start time of getting the audio response
from the speech assistant.

For evaluating the TTS systems, we use the text
samples from this dataset, as illustrated in Fig. 9.

G End-to-End delay of BanglaTalk
System

To quantify the end-to-end delay of the BanglaTalk
system, the delay for ten user queries is measured.
Table 8 shows the results of this experiment. The
BanglaTalk system has a low end-to-end delay of
4.9 s.

H User Study

To evaluate the user experience with the BanglaTalk
system, a rigorous qualitative analysis is performed.
Table 9 presents a summary of the experimental
results, while Fig. 10 illustrates user interactions
with the BanglaTalk system from two regions of
Bangladesh – Sylhet and Mymensingh.
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Figure 8: Mean Opinion Score (MOS) of three TTS models on the subset of the BanSpeech dataset.

Audio Books: অথর্ষাৎ �দশ স্বাধীন হবার পর খুব সহেজই �মরামত করা যােব
Biography: িবেশষ কের লালেনর মতুৃ্যর পর বাউল িনযর্ষাতেনর সংখ্যা �বেড় যায়

Celebrity Interview: একটা নারী িহেসেব আমার িনেজেক �বশ ভােলা লােগ
Cass Lecture: এখান �থেক �দেখা তুিম ত্বরণ �পেয় যােচ্ছো

Documentary: কাঠগড়ায় দাঁড়াক এবার আমরা নজর িদেত চাই
Drama Series: আপনার বয়েফ্রেন্ড গুিল করেব �কন

Kid Cartoon: আমার কােছ দারুণ সুস্বাদ ুএকটা ফল আেছ তার নাম আেপল
Kid Voice: ভূত নাই ভূত না থাকুক সাপটাপ থাকেত পাের খারাপ �লাক থাকেত পাের

Medicine: তারপর হেচ্ছে িরসাচর্ষ ােরর পারপােসর ব্যাপার আেছ
Parliament Speech: প্রধানমন্ত্রী থাকা অবস্থায় এিতেমর অথর্ষ আত্মসাত করার কারেণ দিণ্ডিত হন

Political Talk Show: আমােদর সােথ িতন জন অিতিথ আেছন ভাচুর্ষ য়ািল যুক্ত হেয়েছন তারা আমােদর সােথ
Sports: সািকবেক যিদ আমরা িতন নম্বের ব্যাট করােত পাির

Television News: �দশ িহেসেব না তাকােল সহায়তার িদক িদেয় ইউেরাপীয় সংস্থা সমহূও আেছ শীষর্ষ িতেন

Figure 9: Selected text samples from the BanSpeech dataset to evaluate the performance of the TTS systems by
calculating MOS scores.

User Region Rating Mean ↑
Query_1 Query_2 Query_3 Query_4 Query_5

User_1 Sylhet 3.0 4.0 2.5 3.0 5 3.5
User_3 Sylhet 3.4 3.7 3.2 3.3 4.0 3.52
User_2 Mymensingh 2.0 4.0 3.8 4.2 3.3 3.46
User_4 Mymensingh 5.0 3.0 4.5 3.5 4.0 4.0

Mean 3.62

Table 9: User ratings on a 1–5 scale (where 1 indicates a poor experience and 5 indicates an excellent experience) for
conversational interactions with the BanglaTalk speech assistant. Ratings are collected from four users representing
two regional dialects – Sylhet and Mymensingh.
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মরুিগর ʟ˥ কƟামেন রানমু

মরুিগর ĺগাʅ রাȵা করেত হেল Ƶথেম ভােলা ভােব পিরɱার করেত 
হেব। এরপর মসলার সােথ মািখেয় িকছুǘণ রাখেত হেব। তারপর 
কড়াইেয় ĺতল গরম কের মরুিগ িদেয় রাঁধেত হেব। রাȵা ĺশষ হেল 

গরম গরম পােত পিরেবশন ক˙ন।

মরুিগর ĺগােʅা ĺকমেন র আনমু

বাংলােদেশ ĺসিলেƷǅ ĺকডা নাম কও কেয়কটা ĺসিলেƷǅর

বাংলােদেশর িকছু পিরিচত ĺসিলিƷǅর নাম হেলা অপ ুিব˞াস, 
শািকব খান, মমতাজ, এবং জয়া আহসান।

বাংলােদেশর ĺসিলিƷǅ কাডা নাম ক কেয়কটা ĺসিলিƷǅ

সুȱরবেনর মােঝ যাওয়ার আেগ িকতা িকতা খাগেজা বা িনয়ম 
ǅয়ম লােগ এইটা ĺলইখা িদও ছুটু তািলকাও একটা িদও

িনবিȴত িনয়ম অনযুায়ী, বেনর মেধƟ Ƶেবেশর আেগ ʆানীয় অনমুিত 
ĺনওয়া Ƶেয়াজন হয়।

সুȱর বেনর মােঝ যাওয়ার আেগ িকতা িকতা খাগেজা বা িনয়ম 
ǅয়ম লােগ ইটা ĺলিখয়া িদও ছুটুতা এখটা িদও

রাতারʟেলা যাওয়ার সবেচেয় ভালা ʛন মাস ĺনৗকা বারা ĺখমন 
আয় এইটা খুব সহজ ভােব ĺলইখা িদও

সাধারণত িডেস˘র ও জানয়ুাির মােস রাতারʟেলার দশŪন সবেচেয় 
সুȱর হয়।

রাতারʟেলা যাওয়া সবেচেয় বালা ʛন মাস ĺনৗকা বালা ĺখমন আর 
ইটা খুব সহেজ ĺলখা িদও

Figure 10: Conversational interactions with the BanglaTalk speech assistant using the regional dialects of My-
mensingh (left) and Sylhet (right). Each example includes the user’s query, the transcript generated by the BRDialect
ASR system, and the corresponding LLM-generated response. Although the WER of BRDialect is relatively high
in some cases, the LLM effectively captures the context and produces appropriate responses.
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Abstract

Detecting media bias is crucial, specifically in
the South Asian region. Despite this, anno-
tated datasets and computational studies for
Bangla political bias research remain scarce.
Crucially because, political stance detection in
Bangla news requires understanding of linguis-
tic cues, cultural context, subtle biases, rhetor-
ical strategies, code-switching, implicit senti-
ment, and socio-political background. To ad-
dress this, we introduce BanglaBias, the first
benchmark dataset of 200 politically signifi-
cant and highly debated Bangla news articles,
labeled for government-leaning, government-
critique, and neutral stances, alongside diag-
nostic analyses for evaluating large language
models (LLMs). Our comprehensive evaluation
of 28 proprietary and open-source LLMs shows
strong performance in detecting government-
critique content (F1 up to 0.83) but substan-
tial difficulty with neutral articles (F1 as low
as 0.00). Models also tend to over-predict
government-leaning stances, often misinterpret-
ing ambiguous narratives. BanglaBias and its
associated diagnostics provide a foundation for
advancing stance detection in Bangla media re-
search and offer insights for improving LLM
performance in low-resource languages.1

1 Introduction

News media often reflect subtle political fram-
ing and bias, shaping public opinion and behav-
ior (Fuhat and Wahab, 2024). While extensive
research has addressed this problem in English by
creating rich datasets for sentiment analysis (El-
bouanani et al., 2025; Abercrombie and Batista-
Navarro, 2020), stance detection (Rostami et al.,
2025; Khiabani and Zubiaga, 2025), hate speech

1https://nusrat-lia.github.io/BanglaBias/
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Growing English news bias datasets
(sentiment, political affiliation, political stance, hate speech,

fake news, left/right bias, multi-axis bias.....)

Few Bengali/Bangla political news bias dataset
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Figure 1: Overview of political stance detection study
(Growing Resources for English vs. Lack of Bangla
Resource Availability). We introduce a benchmark of
200 news articles (on politically debatable events) anno-
tated into Government Leaning, Critique, and Neutral
labels. We then evaluate performance of 28 LLMs in
detecting political stance in Bengali. Performance im-
proves with model size, with Massive and Proprietary
models achieving highest F1-scores, but neutral detec-
tion remains weak. Bars for Nano models and Neutral
label show noticeably larger error ranges across mod-
els, indicating unstable performance.
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identification (Davidson et al., 2017), and political
bias classification (Jones, 2024), the same cannot
be said for many other languages. As Fig. 1 illus-
trates, Bangla news media research faces a critical
gap: despite clear evidence of political framing
in coverage (Islam, 2016), there exists a scarcity
of annotated datasets specifically designed to de-
tect political stance and government affiliation bias.
Our evaluations in Fig. 1 revealed that while mas-
sive or proprietary models achieve strong perfor-
mance on critique stance detection, neutral stance
remains challenging, and Nano models showing
large error bars underscores unstable performance
in low-resource scenarios.

This disparity is particularly concerning given
the widespread nature of political bias in Bangla
news. Existing studies (both qualitative and compu-
tational) provide clear evidence that Bangla news
content exhibits partisan frames that favor ruling-
party narratives (Islam, 2016; Al-Zaman and No-
man, 2024). For instance, two news outlets cov-
ering the same political event, such as a govern-
ment policy announcement, may frame it as either
a progressive reform or an authoritarian overreach,
despite reporting the same factual details (Vallejo
et al., 2023). Such framing differences are not
merely stylistic; they represent systematic ideo-
logical bias – a partisan slant away from neutral
reporting (McQuail and Deuze, 2020).

Computational studies have begun to tackle
this with machine learning, e.g., Bangla BERT
(Bhattacharjee et al., 2021) for hyper-partisanship
(Mehadi Hasan et al., 2025) and innovative LLM
credibility bias (Prama and Islam, 2025). However,
these efforts are hampered by the lack of compre-
hensive and well-annotated datasets that can evalu-
ate robust detection of political positions, specifi-
cally for the Bangladeshi socio-political landscape.
Audience studies further highlight how perceived
slant and censorship are reshaping Bangla news
consumption (Islam et al., 2025).

To address this gap, we begin with collecting
politically debatable events sourced from diverse
news outlets and blogs. We then curated a dataset
of 200 samples annotated by three native speak-
ers for government stance (Government Leaning,
Government Critique, or Neutral). BanglaBias ad-
dresses the challenges of detecting political stance
in Bangla news, as this is far more challenging than
in English due to limited prior corpora, nuanced
political language, frequent code-switching with
English terms, and context-dependent rhetorical

styles that make bias subtle and culturally embed-
ded. We then evaluate reasoning-based political
stance detection across 28 large language models
(proprietary and open-source) to assess their effec-
tiveness for this task.

To summarize, our work revolves around three
key contributions:

• We introduce the first-ever benchmark dataset
for political stance detection in Bangla with
comprehensive metadata and a leaderboard.
The dataset provides contextual information to
study how political narratives are constructed
in Bangladeshi media and enables the develop-
ment and evaluation of stance detection models
in such a low-resource setting.

• We demonstrate multiple LLMs’ effectiveness
in detecting political bias in low-resource set-
tings, with larger models achieving strong per-
formance on Government Critique (F1=0.78)
and Neutral (F1=0.61) classifications.

• We provide a systematic analysis that reveals
important performance differences between dif-
ferent sizes of models as well as their biases
and error tendencies.

2 Relevant Work

With the growing body of research on framing in
NLP (Card et al., 2015; Fan et al., 2019; Baly et al.,
2020; Ziems and Yang, 2021), and LLM prompt-
ing strategies (Brown et al., 2020; Achiam et al.,
2023; Touvron et al., 2023) to detect stances, recent
studies have explored media bias through multiple
computational approaches, as we discuss in the
following sections.

2.1 Framing & Political Bias in News Media

Entman (2007) defines framing as the process of
shaping narratives to promote specific interpreta-
tions, which then primes audiences to think in par-
ticular ways. Computational NLP work has built
on these ideas by annotating and classifying news
frames and biases (Card et al., 2015; Guida et al.,
2025). Early efforts include the Media Frames Cor-
pus (Card et al., 2015) and its multilingual exten-
sion (Piskorski et al., 2023), while others focus on
ideological bias, such as BASIL (Fan et al., 2019),
AllSides (Baly et al., 2020), and smaller resources
on regional or issue-specific perspectives (Lin et al.,
2006; Chen et al., 2018; Ziems and Yang, 2021).
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Such datasets do not capture the socio-political nu-
ances of Bangladeshi cultural context, and there
exists no such Bengali counterpart yet.

In practice, most NLP work treats media bias as
a classification problem: one common approach
is single-label classification of an article’s ideol-
ogy. For instance, Recasens et al. (2013) derived
word-level ideological features; Spinde et al. (2021)
identified biased words via embedding distances
between left- and right-leaning. Transformer-based
models (e.g., BERT variants) now dominate fram-
ing tasks (Liu et al., 2019; Akyürek et al., 2020;
Piskorski et al., 2023). Mehadi Hasan et al. (2025)
presented a Bangla BERT model fine-tuned to iden-
tify hyperpartisan (extremely biased) news articles,
achieving 95.7% accuracy, using a semi-supervised
approach. The authors emphasized Bangla’s “low-
resource” status – few annotated corpora, lexicons
or pretrained models, and therefore relied on clever
workarounds, i.e., machine translation (MT) for
data augmentation. While MT is a practical ap-
proach, it fails to identify the socio-political facts
that are specific to the region.

2.2 LLMs for Political & Subjective Analysis
Large pretrained language models have become
popular for political stance and bias tasks via
prompt or instruction-based methods. Researchers
have evaluated models like GPT-3/GPT-4 and open
alternatives (Falcon, LLaMA, Mistral, etc.) on
stance detection and bias classification (Faulborn
et al., 2025; Ng et al., 2025). For example, Ng
et al. (2025) tested GPT-3.5 and seven open-source
LLMs on three stance datasets (SemEval-2016
tweets (Mohammad et al., 2016), Elections-2016
(Sobhani et al., 2017) tweets, and the BASIL
(Fan et al., 2019) news articles); they tried dif-
ferent prompting schemes (task description, con-
text, chain-of-thought) and found reasoning based
prompting scheme demonstrating the best perfor-
mance in stance classification.

Sucu et al. (2025) showed that adding user-
context information to prompts can boost perfor-
mance: in a political forum stance task, contex-
tual prompting improved accuracy by 17.5% to
38.5% over baseline. Lihammer (2023) showed
GPT-3.5 and GPT-4 being able to reproduce polit-
ical viewpoints. When tested in Bangladeshi con-
text, most LLMs favored the left-leaning sources,
giving higher credibility ratings (Prama and Is-
lam, 2025). Instruction-tuned LMs can perform
stance/bias tasks in a zero-shot or few-shot man-

ner, but their outputs must be carefully validated
as they may favor certain viewpoints and result in
AI-induced bias in evaluating news sources, more
significantly in low-resource languages like Bangla
(Ng et al., 2025; Prama and Islam, 2025).

3 Creating BanglaBias

Prior research on Bangla social discourse classifica-
tion (Haider et al., 2024) highlighted the challenges
of transliteration noise, subtle category distinctions,
and embedding reliability. Beyond these techni-
cal difficulties, a major bottleneck remains – the
scarcity of high-quality, publicly available, polit-
ically nuanced Bangla datasets, which limits the
development and evaluation of models for political
stance detection and bias analysis. While trans-
lation or synthetic dataset generation has shown
promise in domains like mathematics (Toshniwal
et al., 2024), instruction following (Kim and Park,
2024), or general language tasks (Liu et al., 2024),
these approaches are often ineffective for political
stance detection and media bias analysis in Bangla
as socio-political contexts are deeply tied to cul-
tural, historical, and linguistic nuances that are lost
or distorted in translation. Building on the research
gap, we developed a systematic pipeline to create
the first annotated Bangla political stance detection
benchmark dataset.

For collecting the articles and human annota-
tions, we followed these steps:

Event Selection and Categorization: We iden-
tified 46 socio-political events (full list in App. D)
that generated significant public controversy or di-
vergent viewpoints across the political spectrum.
Our selection criteria prioritized events that: (1)
received substantial media coverage across multi-
ple outlets, (2) elicited clear government support or
criticism in public discourse, and (3) represented
diverse policy domains to ensure broad coverage
of political stance patterns.

The temporal distribution spans Bangladesh’s po-
litical landscape during the years 2013–2025. The
early years (2013-2015) witnessed industrial disas-
ters, the Shahbagh and Hefazat movements, and the
contested 2014 election. The middle phase (2016-
2019) was marked by the Holey Artisan attack, the
Rohingya refugee influx, student protests on quota
reform and road safety, and the 2018 election. The
pandemic years (2020-2021) brought COVID-19,
garment wage unrest, anti-rape protests, and grow-
ing dissent. The recent phase (2022-2025) includes
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fuel price hikes, the Padma Bridge opening, Ram-
pal power plant launches, BNP–Awami League
mega rallies, the boycotted 12th election, and vi-
olent quota protests with internet shutdowns and
curfews.

Crawling: We implemented a crawler to collect
news articles for each event title based on the year
of occurrence and saved results in HTML format.
If no relevant articles were retrieved for the target
year, the search was extended to the following 5-6
years to capture delayed or retrospective coverage.

Parsing and normalization: The HTML files
were parsed and normalized to retain only the rele-
vant data points, excluding advertisements, naviga-
tion menus, and unrelated web content.

Article selection: For each event, at least one and
up to five representative articles were selected. We
prioritized articles from established mainstream
outlets including Prothom Alo, The Daily Star
(Bangla), Jugantor, and Kaler Kantho, alongside
politically diverse sources spanning the ideological
spectrum.

Human Annotation: News items were anno-
tated for political stance using a three-category
framework: Government Leaning (content that
supports or favors government positions), Govern-
ment Critique (content that criticizes government
actions), and Neutral (balanced reporting without
clear partisan positioning). We focused on identify-
ing implicit stance indicators beyond explicit politi-
cal statements, including source selection, framing
choices, and political landscape analysis of each
article’s timeline and contextual emphasis.

Two annotators performed the initial annotation
in parallel. Disagreements between these two anno-
tators were resolved by a third annotator (Annotator
3), who acted as the adjudicator; the adjudicated
labels are reported as final label (see annotator in-
formation in App. F).

Annotator 1 and Annotator 2 achieved 73.5%
agreement (Cohen’s κ = 0.574), indicating mod-
erate inter-rater reliability. Most of the disagree-
ments arose from neutral vs government critique
and some neutral vs government leaning confu-
sions. Disagreements were resolved by a third an-
notator (adjudicator) after mutual discussion and
reanalysis of the political affiliations of the respec-
tive news media. Annotators primarily adhered
to the stance detection decision flow outlined in
App. H.

Figure 2: Distribution of three classes across the dataset:
95 Govt. Critique (47.5%), 72 Neutral (36.0%), and 33
Govt. Leaning (16.5%).

Our event-driven design captures politically sig-
nificant moments where public opinion and me-
dia polarization are most visible, considering nu-
anced stance signals across politically diverse out-
lets. This also ensures quality news dataset while
decreasing the chances of noisy data. Our news
collection pipeline is reusable and extensible to
any low- or high-resource language. This allows
future researchers to expand the dataset with new
events or apply it to other political contexts.

3.1 Dataset Statistics

In total there are 200 data samples and 8 key infor-
mation; every item has a unique ID, a News Body,
a Headline, a Source link and the Date. The Event
field contains 46 distinct events, and News Corpora
Name lists 54 distinct sources with the largest con-
tributors being BBC Bangla (N=37), Prothom Alo
(N=20), Jugantor (N=17), DW (N=11) and Bangla
Tribune (N=11) (full details reported in Table 4).
As Fig. 2 presents, the final label has three classes
(govt. critique: 95, Neutral: 72, govt. leaning: 33).
Because nearly half the dataset is labeled “govt.
critique” while “govt. leaning” is underrepresented
(≈16.5%), we recommend treating class imbalance
explicitly during evaluation.

4 Experimental Setup

We benchmark the performance of several state-of-
the-art large language models (LLMs) on the polit-
ical stance detection using our benchmark dataset
of 200 Bangla articles annotated with one of three
stances: Government Leaning, Government Cri-
tique, or Neutral.
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Govt. Critique Neutral Govt. Leaning Weighted Avg.

P R F1 P R F1 P R F1 P R F1

Nano Qwen3-1.7B 0.71 0.69 0.70 0.54 0.21 0.30 0.28 0.67 0.39 0.58 0.52 0.51
Qwen3-0.6B 0.58 0.57 0.57 0.35 0.15 0.21 0.22 0.52 0.31 0.44 0.41 0.40

Compact TigerLLM-9B 0.74 0.78 0.76 0.62 0.65 0.64 0.62 0.45 0.53 0.68 0.68 0.68
Qwen3-8B 0.75 0.73 0.74 0.62 0.42 0.50 0.42 0.76 0.54 0.65 0.62 0.62

Standard Qwen3-32B 0.82 0.68 0.75 0.55 0.72 0.63 0.70 0.58 0.63 0.71 0.68 0.68
GPT-OSS-20B 0.75 0.72 0.73 0.55 0.60 0.57 0.55 0.52 0.53 0.64 0.64 0.64

Massive Qwen3-235B-I 0.78 0.86 0.82 0.71 0.62 0.67 0.66 0.64 0.65 0.74 0.74 0.74
Llama3.3-70B 0.77 0.91 0.83 0.80 0.50 0.62 0.57 0.76 0.65 0.75 0.73 0.73

Proprietary Claude-Sonnet-4 0.90 0.73 0.80 0.63 0.69 0.66 0.52 0.70 0.60 0.74 0.71 0.72
Gemini-2.5-Pro 0.79 0.77 0.78 0.61 0.61 0.61 0.56 0.61 0.58 0.69 0.69 0.69

Table 1: Performance metrics (Precision, Recall, F1) for the top two models per category, ranked by weighted F1.

4.1 Evaluation Metrics

Our primary evaluation frames political stance
detection as a TERNARY CLASSIFICATION task.
Each data point consists of an article text and a
ground-truth label (Government Leaning, Neutral,
or Government Critique). Given the article, models
must predict the stance. We evaluate models on
this task using standard metrics including accuracy,
precision, recall, and weighted F1 score.

We conduct evaluations in a reasoning-based de-
tection setting. Following Ng et al. (2025), we
prompted models to classify the article and provide
a brief reasoning. This framework supports addi-
tional qualitative analyses to reveal performance
differences across model sizes:

(1) Per-Label Performance assesses F1 scores
for each stance category to identify imbal-
ances in handling Government Leaning, Neu-
tral, or Government Critique articles.

(2) Confusion Analysis uses confusion matrices
(aggregated by model category) to highlight
common misclassification patterns, such as
confusing Neutral with Government Leaning.

(3) Bias Tendency evaluates prediction distribu-
tions via radar plots, comparing them to the
ground-truth distribution to detect systematic
biases toward certain stances.

(4) Misclassification Analysis examines incor-
rect predictions alongside model-generated
reasons to uncover qualitative error patterns,
such as over-reliance on specific keywords or
failure to detect nuance.

4.2 Models

We evaluate a diverse set of 28 language mod-
els, categorized by parameter size: Nano (<2B
parameters), Compact (2B–10B), Standard (10B–
40B), Massive (>40B), and Proprietary (size undis-
closed). This selection includes both open-source
and closed-source models to ensure comprehensive
coverage.

• Nano: Qwen2.5-0.5B, Qwen3-0.6B, Qwen3-
1.7B.

• Compact: Qwen2.5-3B, Qwen3-4B, Qwen3-
4B-I, Qwen3-4B-T, Qwen3-8B, Llama3.1-8B,
TigerLLM-9B.

• Standard: Qwen2.5-14B, Qwen3-14B,
Qwen3-30B-I, Qwen3-30B-T, Qwen3-32B,
GPT-OSS-20B.

• Massive: Llama3.3-70B, GPT-OSS-120B,
Qwen3-235B-I, Qwen3-235B-T, GLM-4.5,
DeepSeek-V3.1, DeepSeek-R1.

• Proprietary: Claude-Sonnet-4, Grok-4,
Gemini-2.5-Pro, GPT-4.1-Mini, GPT-5-Mini.

Models are prompted to generate both a stance
label (Decision: D) and reasoning (R) (R→D).
Full model ids can be found in App. E. The eval-
uated models include families such as Qwen (Bai
et al., 2023), LLaMA (Touvron et al., 2023), GLM
(Zeng et al., 2025), DeepSeek (Bi et al., 2024),
GPT (Achiam et al., 2023), Claude (Caruccio et al.,
2024), and Gemini (Ng et al., 2025).
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Figure 3: Radar plots showing tendencies of models (per-category) to favor particular labels, relative to the true
distribution. The black polygon in each radar plot denotes the true distribution of labels and serves as the baseline.

5 Results & Analysis

5.1 Performance Metrics Analysis
Table 1 presents the performance of the top two
models from each category (ranked by weighted
average F1 score) in political stance detection task.
Results for all 28 models can be found in Table 2.

Finding 1: Neutral Category Exposes
Model Weaknesses

Most models struggle with neutral content, with F1
scores as low as 0.00 for Qwen2.5-0.5B and 0.16
for Llama3.1-8B due to poor recall (e.g., 0.10 for
Llama3.1-8B). Even massive models like Qwen3-
235B-T only reach 0.68 (F1). The consistent strug-
gle across model sizes points to potential under-
representation of Bangla neutral samples and insuf-
ficient learning of contextual cues that distinguish
neutral stances from biased ones. The challenge is
particularly evident in articles requiring balanced
interpretation of government actions without ex-
plicit sentiment, indicating a gap in models’ ability
to handle nuanced, non-polarized Bangla narratives
(see Table 2).

Finding 2: Government Critique Stance is
the Easiest One to Classify

Models excel at detecting government critique
stance, with top performers Llama3.3-70B and
Qwen3-235B-I achieving F1 scores of 0.83 and
0.82. We hypothesize that, critical contents con-
tain distinct linguistic cues such as strong negative
sentiment and keywords (e.g., Government negli-
gence, fraud, Repressive policy, Negligence). This
strength highlights a potential bias in model de-
sign, as the same models struggle with neutral con-
tent, suggesting an over-reliance on sentiment cues
rather than nuanced contextual understanding.

Finding 3: Bias Towards Government-
Leaning Stance

In government-leaning stance prediction, massive
models like Qwen3-235B-I and Llama3.3-70B
achieve decent F1 scores, but recall often exceeds
precision (Table 2). This indicates a tendency to
over-predict supportive stances. This imbalance
suggests that models are overly sensitive to cues
that might indicate government support, leading
to false positives. This over-prediction risks am-
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Figure 4: Aggregated Confusion Heatmap over five categories of models: Nano (3 models), Compact (7 models),
Standard (6 models), Massive (7 models) and Proprietary (5 models).

plifying perceived government support in media
analysis, potentially skewing automated content
moderation or sentiment analysis applications.

Finding 4: Smaller Models can be Effi-
cient (to some extent)

Although large-scale models (Massive and Pro-
prietary) demonstrate clear dominance in classi-
fication tasks, standard models like Qwen3-32B
and even smaller TigerLLM (Raihan and Zampieri,
2025) show competitive results in detecting stances,
particularly government critique and neutral. This
efficiency suggests that smaller models can effec-
tively handle key linguistic features, such as critical
keywords or neutral tone indicators, without re-
quiring the computational resources of their larger
counterparts. The strong performance of Tiger-
LLM, in particular, highlights the potential of small
domain-optimized models tailored for Bangla text,
which benefit from focused training on regional
linguistic patterns. In low-resource settings, where
computational constraints are a significant concern,
such resource-efficient models can be further opti-
mized to perform critical stance detection tasks.

5.2 Bias Tendency

Fig. 3 illustrates models’ tendencies across Nano,
Compact, Standard, Massive, and Proprietary cate-
gories to favor particular labels, depicting biases in
understanding Bangla linguistic variations. Nano
models like Qwen2.5-0.5B, Qwen3-1.7B display
extreme bias toward government leaning stance.
Compact models vary in biases, with TigerLLM-
9B showing decent alignment. Qwen3-4B-T leans
towards neutral more often, whereas Llama3.1-8B
mostly mistakes neutral articles as critique stances.
Standard models like Qwen2.5-14B show bias to-
wards government leaning stance prediction, while
Qwen3-30B-I struggles with over-predicting cri-
tique label. Massive models including Llama3.3-
70B and Qwen3-235B-I cluster closer to the true
distribution with minimal deviations. Proprietary
models like Gemini-2.5-Pro and GPT-4-Mini align
well overall, but GPT-5-mini leans more towards
neutral label.

But Where the Bias Lies? The confusion
heatmaps in Fig. 4 reveal that smaller model cate-
gories like Nano and Compact frequently confuse
neutral labels with government-leaning or critique,
as seen in Nano’s 140 neutral instances misclas-
sified as government-leaning and Compact’s 189
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neutrals mistaken for government-critique. This
indicates a bias toward polarized predictions due
to limited capacity. As model scale increases, such
as in Standard and Massive categories, mispredic-
tions decrease, with Massive models showing bal-
anced performance but still confusing neutral with
government-critique. Proprietary models minimize
cross-polarity errors (only 25 government-critique
predicted as government leaning), yet persist in
confusing neutral with polar stances (55 and 65
instances).

5.3 Prompting Strategy Comparison:

To further investigate the impact of prompting on
stance detection, we compare zero-shot (no exam-
ple) and few-shot (multiple examples) prompting
strategies across selected models, focusing on those
with varying sizes (e.g., 1.7B to 70B parameters).

In subjective tasks like political bias classifica-
tion in Bangla news articles, few-shot prompting
can underperform compared to zero-shot, partic-
ularly in larger models (see App. I), due to risks
of overfitting to example patterns, such as over-
emphasizing neutrality if examples are imbalanced
or create conservative heuristics that dismiss im-
plicit biases as “factual.” This leads to systematic
errors like defaulting to “Neutral” labels, as seen
in aggregate metrics where few-shot Weighted F1
scores lag (e.g., 0.57–0.67 vs. zero-shot’s 0.68–
0.73). However, few-shot may still edge out in
smaller models (e.g., 1.7B) needing more exam-
ples for calibration. This highlights that prompting-
strategy efficacy depends on model scale, multiple
patterns of framing and dataset nuances like im-
plicit political tones.

5.4 Error Analysis

Table 3 shows some example error cases with the
LLMs’ reasoning. Error analysis of model predic-
tions reveals three main failure modes.

Content-balance Ambiguity: Many misclassi-
fied articles are fact-based, presenting both govern-
ment and opposition, or including technical detail
that lacks an evaluative authorial stance. Such ar-
ticles require understanding of external political
events. For such items, the ground-truth labels of-
ten force a single polar stance, but models predict
neutral as they do not detect any favoring language.

In such instances, models often reason that the
article presents both parties and hence they con-
clude it to be neutral. Such reasoning misses the

polar stance as it fails to incorporate understanding
of any external entity or situational complexity.

For example, as shown in Table 3, in Article ID
110 (predicted neutral by Qwen3-32B, true label:
govt. critique), the model reasoned that the arti-
cle reports conflicting claims between protesters
and the government-aligned student organization
without taking a clear stance, presenting both ac-
cusations and denials. However, this overlooks the
subtle emphasis on critiques through the framing
of events, and shows how balanced presentation
can mask underlying bias when external context
(e.g., ongoing political tensions) is not considered.

Lexical-cue Over-reliance: When articles con-
tain explicit praise (honorifics, laudatory framing),
models predict government leaning stance even if
the article was neutral. This stems from the fact that
in Bangla articles, the mention of any leader name
often comes with a laudatory term (“Respected
Minister”), even though the articles are factual. Ar-
ticles praising government initiatives when the ac-
tions were actually praise worthy, were classified as
government leaning stance, despite it being neutral.

We hypothesize that as the article praises such
persona, it must mean a favoring stance. Predicting
such article stance is much harder as it requires
world knowledge and context outside the immedi-
ate text (Burnham, 2025).

Examples include Article 98 (predicted govt.
leaning by DeepSeek-V3.1, true label: neutral)
(see Table 3), where the focus on a government
lockdown was seen as supportive due to proactive
framing, ignoring the fact based neutral trait. Sim-
ilarly, in Article 148 (predicted govt. leaning by
Qwen3-235B-I, true label: neutral), models reason-
ing highlighted government quotes against BNP,
ignoring the objective situational context.

Selective Perspective Emphasis: A third com-
mon failure mode involves models amplifying one
side’s narrative due to disproportionate quoting or
structural prominence, leading to wrong predic-
tions in otherwise balanced articles. This occurs
particularly in dynamic political contexts where
opposition voices are detailed extensively, even if
countered, causing models to infer critique stance.

Similarly, events framed around protests or right-
abuses push models toward government critique
stance prediction, despite largely factual report-
ing. These patterns suggest models’ lack of un-
derstanding of speaker-aware representation and
dependency on generic sentiment cues.
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An illustrative case is Article 25 (predicted govt.
critique by Qwen3-4B-T, true label: neutral) (see
Table 3, where the reasoning emphasized the op-
position’s (BNP) detailed accusations against the
government, including human rights violations, de-
spite the news being just a factual representation
of opinions. The model failed to recognize the fact
based patterns, treating vivid critical language as
dominant bias.

6 Conclusion

Detecting political stance in Bangla news media
requires nuanced understanding of linguistic cues,
cultural context, and subtle biases embedded in re-
porting. This paper introduces a novel benchmark
dataset, BanglaBias, designed to evaluate the polit-
ical stance detection capabilities of computational
approaches in media bias research, which can be
extended to any low-resource setting. Our findings
reveal that while most LLMs excel at identifying
government-critical content, they struggle signifi-
cantly with neutral content due to inadequate han-
dling of context-dependent rhetorical styles, point-
ing to an under-representation of extensive sam-
ples in models’ training data. Our analyses indi-
cate a tendency to misinterpret ambiguous content
as government-leaning. Significant performance
gains by domain-optimized LLMs further fortify
our findings on the need for high-quality, culturally
grounded datasets and targeted fine-tuning to im-
prove stance detection in low-resource, politically
nuanced contexts. Extending BanglaBias frame-
work to other underrepresented languages could
further democratize computational media analysis
and sets the stage for more equitable, accurate, and
culturally informed bias detection systems globally.

Limitations

Our study evaluates a diverse set of 28 large lan-
guage models (LLMs) for political stance detec-
tion in Bangla news, covering both proprietary
and open-source architectures. However, we ac-
knowledge the rapid development of newer mod-
els or specialized architectures. We plan to ex-
tend our evaluation to incorporate emerging models
and domain-specific adaptations to better capture
Bangla-specific nuances.

BanglaBias, while carefully curated to represent
government-leaning, government-critique, and neu-
tral stances, may not fully capture the diversity of
Bangla media, particularly from regional or less

prominent outlets. Additionally, the dataset relies
on articles published before the models’ training
cutoffs, making it challenging to ensure that mod-
els have not encountered similar content during
pre-training, which could inflate performance met-
rics. Future work will aim to expand the dataset
with more diverse sources and explore methods to
verify model exposure to training data.

The task of stance detection focused on textual
content, specifically article bodies, without inte-
grating multimodal elements such as images, news-
videos, or social media metadata, which often in-
fluence framing in Bangla news. We leave the ex-
ploration of multimodal stance detection to future
work.

Finally, due to computational constraints, we
could not perform extensive few-shot experiments,
particularly proprietary ones like Claude-Sonnet-4.
For consistency, we focused on models with acces-
sible APIs or open-source weights, but future work
will explore fine-tuning strategies and broader few-
shot learning to improve performance, especially
for neutral content detection.
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Accuracy Govt. Critique Neutral Govt. Leaning Weighted Avg.

P R F1 P R F1 P R F1 P R F1

Nano Models
Qwen2.5-0.5B 0.17 0.00 0.00 0.00 0.00 0.00 0.00 0.17 1.00 0.28 0.03 0.17 0.05
Qwen3-0.6B 0.41 0.58 0.57 0.57 0.35 0.15 0.21 0.22 0.52 0.31 0.44 0.41 0.40
Qwen3-1.7B 0.52 0.71 0.69 0.70 0.54 0.21 0.30 0.28 0.67 0.39 0.58 0.52 0.51

Compact Models
Qwen2.5-3B 0.50 0.59 0.83 0.69 0.00 0.00 0.00 0.33 0.64 0.43 0.34 0.50 0.40
Qwen3-4B-I 0.52 0.68 0.80 0.73 0.50 0.07 0.12 0.28 0.67 0.40 0.55 0.52 0.46
Llama3.1-8B 0.55 0.58 0.88 0.70 0.50 0.10 0.16 0.45 0.55 0.49 0.53 0.55 0.47
Qwen3-4B-T 0.57 0.85 0.46 0.60 0.48 0.76 0.59 0.48 0.48 0.48 0.65 0.57 0.58
Qwen3-4B 0.58 0.73 0.68 0.71 0.56 0.42 0.48 0.39 0.67 0.49 0.61 0.58 0.59
Qwen3-8B 0.62 0.75 0.73 0.74 0.62 0.42 0.50 0.42 0.76 0.54 0.65 0.62 0.62
TigerLLM-9B 0.68 0.74 0.78 0.76 0.62 0.65 0.64 0.62 0.45 0.53 0.68 0.68 0.68

Standard Models
Qwen2.5-14B 0.57 0.72 0.75 0.74 0.62 0.29 0.40 0.34 0.70 0.46 0.62 0.57 0.57
Qwen3-30B-I 0.62 0.70 0.89 0.78 0.77 0.24 0.36 0.41 0.70 0.52 0.68 0.62 0.59
Qwen3-14B 0.61 0.76 0.66 0.71 0.51 0.60 0.55 0.48 0.48 0.48 0.62 0.61 0.61
Qwen3-30B-T 0.61 0.85 0.56 0.68 0.51 0.64 0.57 0.50 0.73 0.59 0.67 0.61 0.62
GPT-OSS-20B 0.64 0.75 0.72 0.73 0.55 0.60 0.57 0.55 0.52 0.53 0.64 0.64 0.64
Qwen3-32B 0.68 0.82 0.68 0.75 0.55 0.72 0.63 0.70 0.58 0.63 0.71 0.68 0.68

Massive Models
DeepSeek-V3.1 0.64 0.79 0.76 0.77 0.59 0.44 0.51 0.42 0.70 0.52 0.66 0.64 0.64
DeepSeek-R1 0.67 0.76 0.78 0.77 0.60 0.53 0.56 0.54 0.64 0.58 0.66 0.67 0.66
GPT-OSS-120B 0.67 0.76 0.78 0.77 0.59 0.51 0.55 0.55 0.67 0.60 0.66 0.67 0.66
GLM-4.5 0.69 0.82 0.72 0.76 0.60 0.69 0.65 0.59 0.61 0.60 0.70 0.69 0.69
Qwen3-235B-T 0.72 0.81 0.77 0.79 0.66 0.69 0.68 0.62 0.64 0.63 0.72 0.72 0.72
Llama3.3-70B 0.73 0.77 0.91 0.83 0.80 0.50 0.62 0.57 0.76 0.65 0.75 0.73 0.73
Qwen3-235B-I 0.74 0.78 0.86 0.82 0.71 0.62 0.67 0.66 0.64 0.65 0.74 0.74 0.74

Proprietary Models
GPT-5-Mini 0.65 0.88 0.60 0.71 0.52 0.75 0.62 0.56 0.55 0.55 0.70 0.65 0.65
GPT-4.1-Mini 0.66 0.81 0.74 0.77 0.58 0.53 0.55 0.49 0.73 0.59 0.68 0.66 0.66
Grok-4 0.69 0.84 0.67 0.75 0.60 0.75 0.67 0.59 0.61 0.60 0.71 0.69 0.69
Gemini-2.5-Pro 0.69 0.79 0.77 0.78 0.61 0.61 0.61 0.56 0.61 0.58 0.69 0.69 0.69
Claude-Sonnet-4 0.71 0.90 0.73 0.80 0.63 0.69 0.66 0.52 0.70 0.60 0.74 0.71 0.72

Table 2: Accuracy and label-wise performance metrics of models on BanglaBias benchmark dataset. For each label
(Government Critique, Neutral, Government Leaning), precision (P), recall (R), and F1-scores are reported, along
with the overall weighted averages. For each block, the results are sorted based on the Weighted F1 score.

A Performance metrics of all 28 Models

Table 2 shows stance detection performance evalu-
ation results for all 28 models (5 categories).
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Article ID Model Name True Label Predicted Label Reasoning

20 Claude-Sonnet-4 Govt. Leaning Neutral The article provides factual reporting about Awami
League’s candidate announcement for the 12th na-
tional parliament election, including specific names
and constituencies. It presents information objec-
tively without editorial commentary or bias toward
or against the government.

25 Qwen3-4B-T Neutral Govt. Critique The article prominently features the opposition’s
(BNP) accusations against the government as ’unlaw-
ful, unelected, and occupying the state power’ with
detailed claims of human rights violations and vio-
lence. While it includes the government’s response,
the narrative consistently emphasizes the opposition’s
critique of the government’s actions and policies.

98 DeepSeek-V3.1 Neutral Govt. Leaning The article reports the government’s decision to im-
pose a strict lockdown in a factual manner, focusing
on the official announcement and the measures being
taken. It presents the government as actively respond-
ing to the crisis without including significant critical
perspectives or questioning the decision.

110 Qwen3-32B Govt. Critique Neutral The article reports conflicting claims between
protesters and the government-aligned student or-
ganization without taking a clear stance. It presents
both accusations and denials objectively, focusing on
factual events without evident bias.

148 Qwen3-235B-I Neutral Govt. Leaning The article predominantly presents the government’s
perspective, portraying BNP’s demands as unreason-
able and disruptive, while highlighting state efforts
to maintain peace and order. Government officials’
statements are quoted extensively to justify deci-
sions and frame BNP’s actions as potentially inciting
chaos.

Table 3: Selected cases of misclassified articles in our Bangla political stance detection study. Each row lists the
article ID, the model used, the true label, the predicted label, and the reasoning provided by the model.

B Examples of Wrongly Predicted Label
and Model-Reasoning

Table 3 shows five error examples along with mod-
els’ reasoning.
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News Source Article Count News Source Article Count

BBC Bangla 37 Doinik Bangla 1
Prothom Alo 20 Bagerhatinfo 1
Jugantor 17 USEmbassy 1
DW 11 Dainik Shiksha 1
Bangla Tribune 11 Bonik Barta 1
The Daily Star 10 Bangladesh Jamate Islam 1
Samakal 7 Kaler Kontho 1
Bdnews24 7 Bdnew24 1
Dhaka Post 7 News Bangla 1
Bangla News24 7 Bangla 24 live newspaper 1
Jago News 6 Dhaka Times 1
Somoy news 5 SattAcademy 1
Dhaka Times 5 voabangla 1
Daily Ittefaq 4 Daily Janakantho 1
Daily Inqilab 4 Ajker Potrika 1
Dhaka Tribune 2 Desh Rupantor 1
Somoyer Alo 2 Daily Campus 1
Channel online 2 Khulna Gazet 1
The Daily Vorer Pata 1 Cvoice24 1
Ajkaler khobor 1 Dainik Sylhet 1
BanglaTribune 1 Dainik amader bangla 1
smsaif 1 Chalaman neywork 1
somewhereinblog 1 The doctors dialogue 1
Timetouch news 1 Kaler kontho 1
Banik Barta 1 somewhere in blog 1
DBC news 1 rajibkhaja 1
MuktiBarta 1 Green Watch BD 1

Table 4: Distribution of articles across news sources, showing the number of collected articles from each outlet.

C News Sources and Respective Article
Count

Table 4 includes all the news sources and the num-
ber of articles sourced from respective corpora,
blog or site.
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Figure 5: List of 46 politically debatable events (spanning diverse news coverage) included in our benchmark dataset
to capture multiple perspectives.

D Politically Debated Events Covered by
BanglaBias

Fig. 5 includes the list of all the events covered in
BanglaBias.
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Short Alias Model ID Category

Qwen2.5-0.5B Qwen_Qwen2.5-0.5B-Instruct Nano
Qwen3-0.6B Qwen_Qwen3-0.6B Nano
Qwen3-1.7B Qwen_Qwen3-1.7B Nano
Qwen2.5-3B Qwen_Qwen2.5-3B-Instruct Compact
Qwen3-4B Qwen_Qwen3-4B Compact
Qwen3-4B-I Qwen_Qwen3-4B-Instruct-2507 Compact
Qwen3-4B-T Qwen_Qwen3-4B-Thinking-2507 Compact
Qwen3-8B Qwen_Qwen3-8B Compact
Llama3.1-8B meta-llama_Llama-3.1-8B-Instruct Compact
TigerLLM-9B md-nishat-008_TigerLLM-9B-it Compact
Qwen2.5-14B Qwen_Qwen2.5-14B-Instruct Standard
Qwen3-14B Qwen_Qwen3-14B Standard
Qwen3-30B-I Qwen_Qwen3-30B-A3B-Instruct-2507 Standard
Qwen3-30B-T Qwen_Qwen3-30B-A3B-Thinking-2507 Standard
Qwen3-32B Qwen_Qwen3-32B Standard
GPT-OSS-20B openai_gpt-oss-20b Standard
Llama3.3-70B meta-llama_Llama-3.3-70B-Instruct Massive
GPT-OSS-120B openai_gpt-oss-120b Massive
Qwen3-235B-I qwen_qwen3-235b-a22b-Instruct-2507 Massive
Qwen3-235B-T qwen_qwen3-235b-a22b-Thinking-2507 Massive
GLM-4.5 z-ai_glm-4.5 Massive
DeepSeek-V3.1 deepseek_deepseek-v3.1-terminus Massive
DeepSeek-R1 deepseek_deepseek-r1 Massive
Grok-4 x-ai_grok-4-fast Proprietary
Claude-Sonnet-4 anthropic:claude-sonnet-4 Proprietary
Gemini-2.5-Pro google:gemini-2.5-pro Proprietary
GPT-4.1-Mini openai:gpt-4.1-mini Proprietary
GPT-5-Mini openai:gpt-5-mini Proprietary

Table 5: Mapping between short aliases and full model id, along with their assigned model category (Nano, Compact,
Standard, Massive, or Proprietary).

E Model ID Mapping

Table 5 contains the detailed model id and cate-
gories.
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F Human Annotator Details

Our annotators were graduate students from three
different academic backgrounds. Each had a strong
understanding of the Bangladesh’s socio-political
context and actively followed national media cov-
erage. We deliberately selected annotators from
diverse majors to foster inclusive knowledge ex-
change and ensure a multi-perspective approach
to the task. None of them had any professional
or institutional ties to media outlets. The annota-
tors were fully informed about the purpose of the
project and how their annotations would be used.

G Evaluation Prompt

Zero-shot evaluation prompt

You are a political bias classifier.

Task:
Read the following article and return ONLY
a valid JSON object with two fields:
{{
"label": one of ["Govt leaning",
"Neutral", "Govt critique"],
"reason": "1–3 sentences explanation"

}}

Rules:
- Output ONLY JSON.
- Do not include markdown, code fences, or
explanations.

Article:
{{article_text}}

Few-shot evaluation prompt

You are a political bias classifier.
Task:
Read the following article and return
only a valid JSON object with two fields:
{{{{
"label": one of ["Govt leaning",
"Neutral", "Govt critique"],
"reason": "1–3 sentences explanation"
}}}}

Rules:
Output ONLY JSON (no markdown, no extra
text).

Base your decision strictly on tone,
stance, and framing not just factual
accuracy.

Examples:
Example 1:
Article:
...

...
Output:
{{"label":"Neutral","reason":"..."}}
Example 2:
Article:
...
...
Output:
{{"label":"Govt leaning","reason":"..."}}
Example 3:
Article:
...
...
Output:
{{"label":"Govt
critique","reason":"..."}}

Now classify the following article:
{article_text}
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Figure 6: Annotation Decision Flowchart for Political Stance Classification in the Bangladeshi Context. The
decision flowchart operationalizes stance annotation within a politically polarized media system, where neutrality is
a negotiated discursive position rather than a natural default.

H Annotation Decision Flowchart

A high-level annotation decision flowchart is pro-
vided in the Fig. 6.
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Model Govt. Critique Neutral Govt. Leaning Weighted Avg

P R F1 P R F1 P R F1 P R F1

Qwen3-1.7B (Few-Shot) 0.66 0.78 0.71 0.56 0.60 0.58 0.55 0.18 0.27 0.60 0.62 0.59
Qwen3-1.7B (Zero-Shot) 0.71 0.69 0.70 0.54 0.21 0.30 0.28 0.67 0.39 0.58 0.52 0.51

TigerLLM-9B (Few-Shot) 0.86 0.58 0.69 0.51 0.82 0.63 0.57 0.36 0.44 0.69 0.63 0.63
TigerLLM-9B (Zero-Shot) 0.74 0.78 0.76 0.62 0.65 0.64 0.62 0.45 0.53 0.68 0.68 0.68

Qwen3-32B (Few-Shot) 0.84 0.45 0.59 0.45 0.76 0.57 0.54 0.45 0.49 0.65 0.57 0.57
Qwen3-32B (Zero-Shot) 0.82 0.68 0.75 0.55 0.72 0.63 0.70 0.58 0.63 0.71 0.68 0.68

Llama3.3-70B (Few-Shot) 0.86 0.68 0.76 0.59 0.57 0.58 0.49 0.82 0.61 0.70 0.67 0.67
Llama3.3-70B (Zero-Shot) 0.77 0.91 0.83 0.80 0.50 0.62 0.57 0.76 0.65 0.75 0.73 0.73

Table 6: Few-Shot vs Zero-Shot Performance Comparison

I Zero-shot vs Few-shot

Zero-shot vs few-shot prompting is provided in
Table 6.
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Abstract

Automatic image captioning has gained sig-
nificant attention at the intersection of com-
puter vision and natural language processing,
yet research in low-resource languages such as
Bangla remains limited. This work introduces
BiCap, an attention-based encoder–decoder
framework designed for Bangla image caption-
ing. The model leverages a pretrained ResNet-
50 as the encoder to extract rich visual features
and a Long Short-Term Memory (LSTM) net-
work as the decoder to sequentially generate
Bangla captions. To overcome the fixed-length
bottleneck of traditional encoder–decoder ar-
chitectures, we integrate Bahdanau attention,
enabling the decoder to dynamically focus on
salient image regions while producing each
word. The model is trained and evaluated on the
Chitron dataset, with extensive preprocessing
including vocabulary construction, tokeniza-
tion, and word embedding. Experimental re-
sults demonstrate that BiCap achieves superior
performance over the existing works (Masud
et al., 2025; Hossain et al., 2024; Das et al.,
2023; Humaira et al., 2021), yielding higher
BLEU, METEOR, ROUGE, CIDEr scores. Im-
proved fluency in human evaluation further
confirms that the model generates more con-
textually accurate and semantically coherent
captions, although occasional challenges re-
main with complex scenes. Recent advances
in Vision–Language Models (VLMs), such as
CLIP, BLIP, Flamingo, LLaVA, and MiniGPT-
4, have redefined state-of-the-art captioning per-
formance in high-resource settings. However,
these models require large multimodal corpora
and extensive pretraining that are currently un-
available for Bangla. BiCap therefore offers a
resource-efficient, interpretable, and practically
deployable solution tailored to low-resource
multimodal learning.

1 Introduction

Image captioning, the task of automatically gen-
erating natural language descriptions for images,

has become a central problem at the intersection
of computer vision (CV) and natural language pro-
cessing (NLP). It requires extracting high-level se-
mantic information from visual inputs and map-
ping it into coherent textual sequences. Early cap-
tioning approaches relied on template-based meth-
ods (Kulkarni et al., 2013) or retrieval-based sys-
tems (Ordonez et al., 2011), which lacked flexibil-
ity and generalization. With the advent of deep
learning, encoder-decoder architectures combin-
ing convolutional neural networks (CNNs) and re-
current neural networks (RNNs) achieved signif-
icant success (Vinyals et al., 2015). Subsequent
advancements introduced attention mechanisms
(Chorowski et al., 2015; Xu et al., 2015) to dy-
namically focus on salient image regions, alleviat-
ing the encoder-decoder bottleneck and improving
semantic alignment between images and captions.

Meanwhile, the global landscape of image cap-
tioning has shifted toward Vision–Language Mod-
els (VLMs) such as CLIP (Radford et al., 2021),
BLIP/BLIP-2 (Li et al., 2022, 2023), Flamingo
(Alayrac et al., 2022), and multimodal LLM frame-
works like LLaVA (Liu et al., 2024) and MiniGPT-
4 (Zhu et al.). These systems leverage large-scale
multimodal pretraining and transformer architec-
tures to achieve near-human captioning perfor-
mance. Their reliance on massive English-centric
paired corpora, however, makes them impractical
for Bangla, where annotated multimodal resources
are extremely limited.

Despite these advancements in English, low-
resource languages such as Bangla lacks large-scale
multimodal corpora and pretrained vision-language
models. From an NLP perspective, Bangla is mor-
phologically rich, exhibits relatively free word or-
der, and contains complex inflectional and deriva-
tional structures. These properties exacerbate chal-
lenges such as out-of-vocabulary (OOV) words,
limited word embeddings, and poor generalization
in sequence-to-sequence tasks. While efforts like
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BNLIT (Rahman et al., 2019) represent initial at-
tempts at Bangla captioning, generated sentences
often suffer from repetition, limited lexical diver-
sity, and semantic incompleteness. This highlights
a critical need for models that can bridge the multi-
modal gap while generating fluent and contextually
appropriate Bangla captions.

To address this gap, this study introduces Bi-
Cap, an attention-based encoder-decoder model
designed for Bangla image captioning. BiCap is
designed as a resource-efficient alternative to large
transformer-based vision–language architectures,
offering interpretable attention patterns and com-
petitive captioning performance in the low-resource
Bangla setting.

BiCap employs a pretrained ResNet-50 (He et al.,
2016) to extract rich visual embeddings, while a
Long Short-Term Memory (LSTM) decoder gener-
ates sequential captions. To mitigate the bottleneck
issue in traditional encoder-decoder systems, Bah-
danau additive attention (Chorowski et al., 2015) is
integrated, allowing the decoder to attend to differ-
ent spatial regions of the image at each time step.
This design ensures stronger semantic alignment
between visual content and textual descriptions,
improving both adequacy and fluency in Bangla
captions.

Experimental validation on the Chitron dataset
(Sazzed, 2020) shows that BiCap outperforms the
existing baselines in terms of BLEU, METEOR,
ROUGE, CIDEr scores. Human evaluation fur-
ther indicates significant improvements in fluency,
relevance, and semantic adequacy, confirming the
effectiveness of attention in Bangla captioning.

The contributions of this study are as follows:

• An attention-based encoder–decoder frame-
work for Bangla image captioning using
ResNet-50, Bahdanau attention, and an LSTM
decoder.

• Advancement of Bangla multimodal NLP by
demonstrating that attention-based architec-
tures remain effective in low-resource scenar-
ios.

• A thorough evaluation on the largest available
Bangla captioning dataset (Chitron), along
with human assessment of fluency, adequacy,
and relevance.

• A reusable and extensible architecture, pro-
viding a foundation for future work involv-

ing transformer decoders, multilingual embed-
dings, or VLM-style pretraining.

2 Related Works

The field of image captioning has been signifi-
cantly advanced by the encoder-decoder architec-
ture, which links a visual input to a natural lan-
guage description. A cornerstone of this research
is the work of Vinyals et al. (Vinyals et al., 2015),
who introduced a complete end-to-end system uti-
lizing a deep Convolutional Neural Network (CNN)
as an encoder to extract image features and a Long
Short-Term Memory (LSTM) recurrent neural net-
work as a decoder to generate the caption. This
foundational approach was further refined by sub-
sequent research. For instance, Rennie et al. (Ren-
nie et al., 2017) developed Self-Critical Sequence
Training (SCST), a reinforcement learning method
that directly optimizes non-differentiable metrics
like CIDEr and BLEU, leading to substantial perfor-
mance improvements by better aligning generated
captions with human evaluation. Other recent ad-
vancements include convolution-free models, such
as the "Full-memory transformer for image cap-
tioning" by (Lu et al., 2023), replaces the CNN
encoder with a Transformer to more effectively
model global visual context.

Applying these models to low-resource lan-
guages, such as Bangla, presents a unique set
of challenges, primarily stemming from the lack
of large, high-quality, annotated datasets and the
morphological complexity of the language itself.
Automatic image captioning in low-resource lan-
guages, such as Bangla, remains underexplored
due to dataset scarcity and modeling challenges;
a CNN–BiLSTM hybrid encoder–decoder trained
on the BNLIT dataset (Rahman et al., 2019) was
the first notable work in this domain, though its
generalizability across broader domains remains
limited. (Humaira et al., 2021) employed hy-
brid CNN–RNN architectures on Flickr8k and
BanglaLekha datasets, reporting improved BLEU
scores, though the small dataset size constrains
broader applicability. A recent study (Hossain
et al., 2024) proposed an image captioning ap-
proach using EfficientNetB4 and ResNet-50 for fea-
ture extraction. Another recent study (Masud et al.,
2025) introduced a human-annotated dataset and
an attention-driven GRU-based end-to-end model,
though scalability to larger and more diverse cor-
pora is yet to be demonstrated.
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2.1 Vision–Language Models (VLMs)

Modern vision–language models (VLMs) learn
joint visual–textual representations through large-
scale image–text pretraining. CLIP (Radford et al.,
2021) trains on 400M paired samples using con-
trastive learning, while BLIP (Li et al., 2022) and
BLIP-2 (Li et al., 2023) unify captioning and visual
grounding via transformer encoders and Q-former
modules. Flamingo (Alayrac et al., 2022) incor-
porates cross-attention layers between a vision en-
coder and a frozen large language model. LLaVA
(Liu et al., 2024) aligns CLIP embeddings with Vi-
cuna to enable multimodal dialogue, and MiniGPT-
4 (Zhu et al.) links ViT-G/14 with LLaMA-based
decoders using lightweight alignment layers. These
architectures demonstrate that multimodal reason-
ing requires substantial data, carefully aligned en-
coders–decoders, and sophisticated cross-modal
fusion.

However, their applicability to Bangla is lim-
ited. Large-scale paired datasets required by these
models do not exist for Bangla. The pretraining
pipelines are predominantly English-centric, which
leads to weak Bangla generalization even when
some multilingual text is included. Moreover, the
absence of Bangla multimodal benchmarks pre-
vents effective evaluation or pretraining at VLM
scale.

2.2 Large Language Models (LLMs)

Large-language-model–based captioning frame-
works extend multimodal generation by leveraging
powerful text decoders. OFA (Wang et al., 2022)
provides a unified architecture for captioning and
visual question answering, while PaLI (Chen et al.)
and PaLI-X (Chen et al., 2024) scale this approach
using mixture-of-experts vision–language compo-
nents. GIT (Wang et al.) adopts a GPT-style de-
coder trained on 800M image–text pairs, enabling
fluent caption synthesis at scale. InstructBLIP (Dai
et al., 2023) advances this line of work by intro-
ducing instruction-following capabilities, allowing
open-ended multimodal reasoning and adaptable
task formats.

These systems, however, face significant con-
straints for Bangla captioning. Their training re-
quires massive multimodal corpora, which are un-
available for Bangla, and multilingual tokeniza-
tion struggles with Bangla’s morphology, reduc-
ing downstream accuracy. Fine-tuning LLMs at
this scale is computationally out of reach for most

Bangla research environments, and the ecosystem
lacks any open instruction-tuned multimodal model
specifically optimized for Bangla tasks.

2.3 Bangla Transformer-Based Captioning
Bornon (Muhammad Shah et al., 2022) introduced
a transformer-based decoder for Bangla captioning.
Despite being an early effort in Bangla caption-
ing, Bornon has several limitations that restrict its
effectiveness. It is not a true multimodal Trans-
former and relies on global Inception-v3 features
without region-level attention, resulting in weak
visual grounding. The Transformer decoder also
requires large datasets, but Bangla resources are
limited, leading to overfitting and unstable training.
In addition, Bornon uses basic word-level tokeniza-
tion that poorly handles Bangla’s rich morphology,
causing frequent OOV and fluency issues. Its eval-
uation is limited to a small dataset and lacks human
assessments or strong baseline comparisons.

2.4 Positioning of our proposed BiCap
Architecture

Our proposed approach - BiCap is positioned as a
practical and resource-efficient captioning model
tailored for Bangla’s low-resource setting. In con-
trast to VLM and LLM-based captioners that de-
pend on massive multimodal corpora and large
transformer architectures, BiCap achieves strong
performance using a lightweight design. It com-
bines ResNet-50 for efficient visual feature ex-
traction, Bahdanau attention for fine-grained im-
age–text alignment, and an LSTM decoder well-
suited to small datasets and Bangla’s morpholog-
ical complexity. This makes BiCap more inter-
pretable, more stable during training, and more
effective under limited data conditions, while still
remaining extensible for future integration with
multilingual transformers or VLM-style modules.

3 Methodology

The BiCap model is an end-to-end multimodal
architecture designed for the task of image cap-
tioning in the Bangla language. It operates on an
attention-based encoder-decoder framework, metic-
ulously crafted to synchronize the extraction of
visual features with the generation of natural lan-
guage sentences. The encoder, a robust convolu-
tional neural network (CNN), processes the input
image to produce a rich, spatially-distributed fea-
ture map. Subsequently, a dynamic attention mech-
anism acts as a spotlight, selectively highlighting
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the most salient visual regions pertinent to each
word being generated. The decoder, a Long Short-
Term Memory (LSTM) network, leverages these
attended visual features and the linguistic context
of previously generated words to construct fluent
and semantically accurate Bangla sentences. This
unified pipeline ensures a deep fusion of visual and
textual information, essential for grounded and con-
textually relevant caption generation. The overall
architecture is illustrated in Figure 1.

3.1 Encoder
The encoder component serves as the visual back-
bone of the BiCap model, tasked with transforming
raw pixel data from an input image into a high-
level, semantic representation. For this purpose,
we employ a ResNet-50 (He et al., 2016) archi-
tecture, a deeply-layered CNN pre-trained on the
vast ImageNet dataset. The selection of ResNet-
50 is motivated by its proven efficacy in various
computer vision tasks, particularly its ability to
learn hierarchical features and mitigate the vanish-
ing gradient problem through residual connections.
This pre-training allows the model to leverage a
vast reservoir of learned visual knowledge, which
is then fine-tuned for the specific task of image
captioning.

Given an input image I ∈ RH×W×3, where
H and W are the height and width, the encoder
generates a spatial feature map F :

F = ResNet50(I), F ∈ RH′×W ′×D (1)

where H ′ ×W ′ are the reduced spatial dimensions
of the feature map, and D = 2048 represents the
channel depth of the final convolutional layer’s out-
put. The resulting feature map F is then reshaped
into a sequence of n = H ′ ×W ′ feature vectors:

F = {f1, f2, . . . , fn}, fi ∈ RD (2)

Each vector fi corresponds to a specific region of
the original image, capturing localized visual infor-
mation such as objects, textures, and background
cues. This sequence of feature vectors retains the
spatial granularity that is crucial for the subsequent
attention mechanism, thereby avoiding the loss of
fine-grained details that would occur if the features
were condensed into a single global vector.

In this work, the encoder weights were initialized
from the ImageNet-pretrained ResNet-50 model
and partially fine-tuned during training. Specif-
ically, the top convolutional block was updated,

while the lower layers were kept frozen to pre-
serve general visual representations and prevent
overfitting on the relatively small Chitron dataset.
This hybrid fine-tuning strategy ensures that the
model adapts to the captioning domain without
compromising training stability. We also observed
that fully fine-tuning all layers led to faster overfit-
ting, whereas keeping the encoder entirely frozen
reduced caption diversity. The chosen partial fine-
tuning configuration provides an effective trade-off
between adaptability and generalization.

It is acknowledged that BiCap relies solely on a
ResNet-50 encoder, which, as a pure convolutional
network, primarily captures local and hierarchical
visual cues. Such representations are sometimes
insufficient for modeling complex global relation-
ships among multiple objects or spatial arrange-
ments in highly detailed scenes—an aspect cru-
cial for generating fully contextualized captions.
However, this design reflects a deliberate trade-
off between representational power and resource
efficiency. In the low-resource Bangla setting,
transformer-based or hybrid vision encoders re-
quire substantially larger datasets and massive mul-
timodal corpora, which are currently unavailable.
The Bahdanau attention layer in BiCap helps com-
pensate for this limitation by dynamically highlight-
ing the most relevant regions, thereby enriching
spatial context without incurring the computational
cost of vision transformers. This choice ensures
training stability, faster convergence, and inter-
pretable attention maps. In the future work, we will
explore lightweight CNN–ViT hybrids or multi-
scale attention mechanisms to further enhance
global scene understanding once larger Bangla mul-
timodal datasets become accessible.

3.2 Attention Mechanism
A common challenge in encoder-decoder architec-
tures is the bottleneck problem, where compressing
all visual information into a single fixed-size vec-
tor can lead to the loss of fine-grained spatial and
semantic details. To circumvent this, the BiCap
model integrates an attention mechanism, which al-
lows the decoder to dynamically focus on the most
relevant parts of the image at each step of the cap-
tion generation process. We adopt the Bahdanau
additive attention (Chorowski et al., 2015) mecha-
nism due to its effectiveness in aligning visual and
textual modalities.

At each decoding time step t, the attention mech-
anism computes an alignment score et,i between
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Figure 1: Overview of the BiCap architecture: ResNet-50 encoder extracts spatial features, Bahdanau attention
computes context vectors, and an LSTM decoder generates captions sequentially.

the previous decoder hidden state ht−1 and each
encoder feature vector fi. This score quantifies the
relevance of the i-th visual region to the next word
to be generated. The alignment score is calculated
as follows:

et,i = v⊤a tanh(Whht−1 +Wffi) (3)

where Wh ∈ Rk×d and Wf ∈ Rk×D are learnable
weight matrices, and va ∈ Rk is a trainable vector.
Here, d is the hidden dimension of the decoder and
D is the dimension of the encoder features.

The alignment scores are then normalized us-
ing a softmax function to obtain a set of attention
weights αt,i:

αt,i =
exp(et,i)∑n
j=1 exp(et,j)

(4)

These weights, which sum to one, represent a prob-
ability distribution over the encoder’s feature vec-
tors. They indicate how much attention the decoder
should pay to each visual region. The context vec-
tor ct is then computed as a weighted sum of the
encoder features, with the attention weights acting
as coefficients:

ct =
n∑

i=1

αt,ifi (5)

The context vector ct is a dynamically created rep-
resentation of the most salient visual information,
specifically tailored for the generation of the word
at time step t. This mechanism effectively simu-
lates a human-like visual focus, ensuring that the
decoder’s output is not only syntactically correct
but also semantically grounded in the visual con-
tent.

3.3 Decoder
The decoder’s primary role is to translate the mul-
timodal representation into a coherent and linguis-
tically fluent Bangla sentence. For this, we uti-
lize a Long Short-Term Memory (LSTM) network
(Hochreiter and Schmidhuber, 1997), a type of re-
current neural network particularly well-suited for
processing sequential data. LSTMs are capable of
capturing long-range dependencies, which is criti-
cal for handling the rich morphology and flexible
syntactic structure of the Bangla language.

At each time step t, the decoder takes as input
the concatenation of the word embedding of the
previous token E(yt−1) and the attention-derived
context vector ct:

xt = [E(yt−1); ct] (6)

where E(·) is a word embedding function that maps
each word in the vocabulary to a dense vector space.
This combined input provides the LSTM with both
the linguistic context (from the previous word) and
the relevant visual context (from the attention mech-
anism). The LSTM then updates its hidden state ht
and cell state st based on the current input and the
previous states:

ht, st = LSTM(xt, ht−1, st−1) (7)

The final hidden state ht is then used to predict
the next word in the sequence. This is achieved by
passing the hidden state through a fully connected
layer followed by a softmax function to produce a
probability distribution over the entire vocabulary:

p(yt | y1:t−1, I) = Softmax(Woht + bo) (8)

84



where Wo and bo are learnable output parameters.
During training, we employ the teacher forcing

technique, where the ground-truth word yt−1 is fed
as input at each time step. This method stabilizes
the training process and accelerates convergence
by providing the model with correct historical con-
text. In contrast, during inference, the model op-
erates autoregressively, feeding its own predicted
word from the previous step as input. This process
continues until an end-of-sequence token is gener-
ated, at which point the complete Bangla caption
is formed. The tight synchronization between the
encoder’s visual understanding, the attention mech-
anism’s dynamic focus, and the decoder’s linguistic
generation is what enables the BiCap model to pro-
duce high-quality, descriptive Bangla captions.

We acknowledge that the LSTM-based decoder
represents a sequential, Recurrent Neural Network
(RNN) architecture. Such models process inputs
step by step, which can limit their ability to cap-
ture very long-range dependencies and make them
slower to train than fully parallelized Transformer
decoders. Moreover, this architecture does not di-
rectly exploit the large-scale multimodal represen-
tations available in modern Transformer-based vi-
sion–language models such as BLIP or CLIP.

However, this design choice is intentional and
well-motivated for Bangla captioning under low-
resource conditions. Transformer-based decoders
typically require millions of image–text pairs and
powerful GPUs to train effectively, while the avail-
able Bangla datasets (e.g., Chitron) are relatively
small. In such cases, RNN-based models like
LSTM remain more stable, data-efficient, and inter-
pretable. The combination of Bahdanau attention
and LSTM allows BiCap to focus on semantically
relevant regions of the image while maintaining
grammatical and morphological accuracy in Bangla
output. Furthermore, the sequential structure en-
ables explicit attention visualization, offering in-
terpretability that is often opaque in Transformer
architectures. As Bangla multimodal resources ex-
pand, BiCap can be adapted to integrate Trans-
former or hybrid decoding modules to improve
scalability and contextual reasoning in its future
extensions.

4 Experimental Setup

4.1 Dataset

All experiments are conducted on the Chitron
dataset (Sazzed, 2020), the largest publicly avail-

able Bangla image captioning corpus. It consists
of 15,438 images with human-annotated Bangla
captions, collected from diverse sources including
news portals, Wikipedia Commons, and social me-
dia. The images span a variety of domains such
as people, objects, scenes, and events, making it a
suitable benchmark for Bangla captioning.

For this study, the dataset is partitioned into train-
ing (80%), validation (10%), and test (10%) splits.
Table 1 summarizes the dataset statistics.

Images
&

Captions

Vocabulary
Size

Max
Caption
Length

Training 12350 9800 20
Validation 1544 — 20

Test 1544 — 20

Table 1: Chitron dataset statistics and experimental split.

4.2 Preprocessing

All images were resized to 299 × 299 pixels be-
fore feature extraction to ensure consistent input
dimensions for the ResNet-50 encoder. This res-
olution is a standard preprocessing step inherited
from the ImageNet training configuration, which
ResNet-50 expects for optimal performance. Resiz-
ing maintains a uniform aspect ratio across images,
reduces computational overhead, and enables effi-
cient batch processing without affecting semantic
content. Using 299×299 therefore ensures compat-
ibility with pretrained convolutional filters while
balancing accuracy and efficiency during training.

Captions are tokenized using a rule-based
Bangla tokenizer that handles whitespace, punctua-
tion, and compound words. Rare words (frequency
< 5) are replaced with an <UNK> token, resulting
in a vocabulary size of approximately 9.8K unique
tokens. Special tokens <START> and <END> are
appended to mark caption boundaries, and all se-
quences are padded or truncated to a maximum
length of 20 tokens. Here, the maximum caption
length was truncated to 20 tokens to standardize
sequence lengths for training and reduce computa-
tional complexity. Analysis of the Chitron dataset
revealed that most Bangla captions fall below this
length, so truncation affects very few instances
while allowing efficient batch processing and sta-
ble LSTM training. Limiting the token size also
mitigates the risk of overfitting on rare, excessively
long sequences and ensures that the attention mech-
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anism focuses on the most semantically relevant
words in the caption. Future work may explore dy-
namic sequence lengths or subword tokenization to
better accommodate longer captions without com-
promising efficiency.

We acknowledge that BiCap uses a simple
frequency-based preprocessing strategy, where rare
words (frequency < 5) are replaced with a generic
token, yielding a vocabulary of approximately 9.8K
words. This approach may limit the model’s ability
to generate captions containing rare or morphologi-
cally complex Bangla words, potentially reducing
linguistic diversity. However, this design choice
was made to stabilize training and prevent sparsity
in the embedding layer given the small dataset size.
The model’s focus is on producing semantically
accurate and fluent captions rather than exhaus-
tive lexical coverage. Despite the reduced vocabu-
lary, BiCap achieves strong fluency and adequacy
scores in both automatic and human evaluations,
indicating that the simplified preprocessing did not
significantly harm overall descriptive quality. Fu-
ture work will explore subword-based tokenization
and morphological segmentation to better capture
Bangla’s rich morphology and enhance lexical di-
versity.

BiCap incorporates several Bangla-specific adap-
tations across preprocessing and model design to
better handle the language’s rich morphology and
script characteristics. During preprocessing, Uni-
code normalization and punctuation cleaning were
applied to accommodate compound and conjunct
characters in Bangla text. Tokenization was per-
formed using a custom rule-based segmenter de-
signed for Bangla word boundaries, as existing
multilingual tokenizers often split characters incor-
rectly. In the decoder, Bangla word embeddings
were trained from scratch to capture morphologi-
cal variations such as inflection and postpositions,
which differ from English syntax. The attention-
based decoder further aids in aligning Bangla sen-
tence structure with image regions, improving
grammatical fluency. These tailored adjustments
ensure that BiCap learns robust visual–linguistic
associations specific to Bangla rather than relying
on multilingual defaults.

4.3 Model Training
The encoder uses a pretrained ResNet-50 truncated
before the final classification layer, while the de-
coder is a single-layer LSTM with hidden size
512 and embedding dimension 300. The atten-

tion module employs a hidden alignment size of
256. Dropout (p = 0.5) is applied to embeddings
and LSTM outputs. The optimizer is Adam with
learning rate 5× 10−4, β1 = 0.9, β2 = 0.999, and
batch size 64.

4.4 Implementation Details

The model is implemented in PyTorch 1.11 and
trained on an NVIDIA Tesla P100 GPU with 16
GB memory. Each training epoch requires approx-
imately 10 minutes, and full training converges
within 30-35 epochs.

5 Results and Discussion

This section provides a rigorous, data-driven eval-
uation of the proposed BiCap framework. A com-
prehensive set of established metrics (BLEU, ME-
TEOR, ROUGE, CIDEr), coupled with human
judgments, is employed to quantify performance.
The results of BiCap are systematically bench-
marked against several state-of-the-art baseline
models (Masud et al., 2025; Hossain et al., 2024;
Das et al., 2023; Humaira et al., 2021). This com-
parative analysis is specifically designed to isolate
and highlight the significant performance gains at-
tributable to the incorporation of the Bahdanau
attention mechanism in encoder-decoder model
within the context of Bangla image captioning.

We acknowledge that the model has been trained
and evaluated exclusively on the Chitron dataset,
which, despite being the largest resource available,
remains relatively small compared with datasets
used in high-resource languages. This limitation
naturally raises concerns regarding generalizabil-
ity to unseen or cross-domain image distributions.
However, this experimental focus is deliberate: Bi-
Cap is explicitly designed and optimized for low-
resource multimodal settings, where large-scale
Bangla datasets are unavailable. By operating ef-
fectively within such constraints, BiCap demon-
strates the feasibility of attention-based caption-
ing under realistic data scarcity conditions. More-
over, the model’s attention maps and human eval-
uation results indicate that it learns meaningful
visual–textual correspondences rather than overfit-
ting to dataset bias. Future work will extend evalu-
ation to additional Bangla or multilingual datasets
and explore transfer learning or synthetic data aug-
mentation to further enhance robustness and do-
main generalization.
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5.1 Quantitative Results

To further assess the effectiveness of BiCap, we
compare its performance against several existing
Bangla image captioning models: (Masud et al.,
2025; Hossain et al., 2024; Das et al., 2023; Hu-
maira et al., 2021). Evaluation is conducted using
standard captioning metrics: BLEU-1 to BLEU-
4 (Papineni et al., 2002), METEOR (Denkowski
and Lavie, 2014), ROUGE (Lin, 2004), and CIDEr
(Vedantam et al., 2015). Table 2 summarizes the
results.

BiCap achieves state-of-the-art results across
all evaluation metrics. Specifically, it records a
BLEU-4 score of 32.73, which is over 10 points
higher than the strongest baseline (Masud et al.,
2025). Improvements are also consistent in ME-
TEOR (+0.03) and ROUGE (+0.06), indicating not
only higher n-gram overlap but also better recall-
oriented performance and semantic adequacy. The
CIDEr score of 0.29 further demonstrates that Bi-
Cap produces captions more closely aligned with
human references compared to earlier works.

The gains in BLEU-1 and BLEU-2 suggest
that BiCap excels at generating accurate local
word choices, while improvements in BLEU-3 and
BLEU-4 highlight its ability to maintain coherence
over longer n-grams. This reflects the effective-
ness of the Bahdanau attention mechanism, which
dynamically focuses on different visual regions
during decoding, thereby avoiding the information
bottleneck present in earlier CNN–RNN systems.

Another factor behind BiCap’s superior perfor-
mance is the use of a pretrained ResNet-50 encoder,
which provides rich, high-level semantic embed-
dings that generalize well to diverse image domains
in the Chitron dataset. In contrast, earlier works
often relied on shallower CNNs or training from
scratch, which limited their ability to capture com-
plex visual concepts.

Finally, the integration of attention with an
LSTM decoder enables BiCap to handle the mor-
phological richness and free word order of Bangla
more effectively than prior models. This leads
to higher lexical diversity, fewer incomplete sen-
tences, and improved alignment between visual
objects and their textual descriptions.

Overall, the quantitative results confirm that
BiCap sets a new benchmark for Bangla image
captioning, outperforming methods developed be-
tween 2021 and 2025 due to its stronger visual
representations, attention-driven alignment, and

language-aware decoding strategy.

5.2 Human Evaluation
To complement automatic scores, 20 randomly
sampled image–caption pairs from the test set were
rated by 83 native Bangla speakers on three dimen-
sions: fluency (grammatical correctness), adequacy
(coverage of salient objects/events), and relevance
(semantic alignment with the image). Ratings were
given on a 5-point Likert scale.

Table 3 summarizes the results. BiCap surpasses
the baseline across all three criteria, with particu-
larly strong gains in adequacy and relevance, con-
firming that attention improves semantic grounding.
This clarification emphasizes that the evaluation
focused on the quality of the generated captions
in context of their corresponding images, not on
standalone image selection. Such human ratings
complement the automatic metrics and provide a
more holistic measure of caption quality.

5.3 Performance Analysis
The enhanced performance of the BiCap model is
attributed to three primary architectural features:

1. Rich Feature Extraction: The use of a pre-
trained ResNet-50 encoder allows BiCap to
extract rich, hierarchical visual features, en-
abling the capture of finer details (e.g., at-
tributes, relations) and the mention of multiple
objects in complex scenes.

2. Dynamic attention: By attending to different
image regions at each decoding step, BiCap
avoids the information bottleneck of global
feature vectors.

3. Better sequence modeling: The LSTM de-
coder, conditioned on context vectors, pro-
duces more coherent sequences compared to
the baseline RNN.

5.4 Limitations and Future Works
Despite the aforementioned advancements, the cur-
rent BiCap implementation faces several limita-
tions that highlight clear paths for future research
to further enhance its accuracy, diversity, and ro-
bustness:

1. As the encoder relies on ResNet-50, BiCap pri-
marily captures local rather than fully global
visual dependencies. Future extensions will
explore hybrid CNN–ViT architectures for im-
proved scene understanding.
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Models BLEU1 BLEU2 BLEU3 BLEU4 METEOR RUOUGE CIDEr
BiCap (Proposed) 71.42 59.31 46.40 32.73 0.37 0.42 0.29
Masud et al., 2025 62.74 51.63 39.81 22.28 0.34 0.36 0.23
Hossain et al., 2024 59.37 47.26 31.74 20.39 0.29 0.31 0.21
Das et al., 2023 53.46 42.83 27.63 20.79 0.27 0.34 0.21
Humaira et al., 2021 51.37 41.94 26.07 19.45 0.24 0.33 0.20

Table 2: Quantitative evaluation using BLEU, METEOR, ROUGE and CIDEr scores on the Chitron dataset.

Models Fluency Adequacy Relevance
BiCap (Proposed) 4.3 4.4 4.6
Masud et al., 2025 3.6 3.3 3.9
Hossain et al., 2024 3.7 2.8 2.9
Das et al., 2023 3.7 3.1 3.4
Humaira et al., 2021 3.4 2.6 2.4

Table 3: Human evaluation of generated captions (Likert scale 1-5).

2. While effective in low-resource settings, Bi-
Cap’s RNN-based decoder is inherently se-
quential and may not fully capture long-range
dependencies. Future work will explore hy-
brid Transformer–RNN extensions.

3. Although BiCap performs well on the 15K-
image Chitron dataset, its generalizability to
unseen domains remains unverified due to lim-
ited Bangla multimodal data. Future work
will focus on additional Bangla or multilin-
gual datasets, cross-domain evaluation and
multilingual transfer learning to enhance ro-
bustness.

6 Conclusion

This study introduced BiCap, an attention-based
encoder-decoder framework for Bangla image cap-
tioning. By combining ResNet-50 for visual feature
extraction, Bahdanau attention for dynamic region
selection, and an LSTM decoder for sequential
text generation, BiCap addresses key challenges in
Bangla captioning such as semantic grounding and
syntactic fluency.

Experimental results on the Chitron dataset
demonstrated that BiCap significantly outperforms
the existing baselines, achieving higher BLEU, ME-
TEOR, ROUGE and CIDEr scores. Superior hu-
man evaluation ratings further highlighted its abil-
ity to generate more descriptive and contextually
accurate Bangla captions.

Overall, BiCap establishes a strong foundation
for research in low-resource multimodal learning,
particularly for Bangla. Future extensions could

integrate transformer-based decoders, leverage mul-
tilingual embeddings for rare word coverage, and
explore larger-scale multimodal datasets to further
enhance caption quality. This work represents a
step forward in bridging the gap between computer
vision and natural language processing for under-
represented languages.
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Abstract
Bangla, a language spoken by over 300 million
native speakers and ranked as the sixth most
spoken language worldwide, presents unique
challenges in natural language processing
(NLP) due to its complex morphological char-
acteristics and limited resources. Although re-
cent large-decoder-based LLMs, such as GPT,
LLaMA, and DeepSeek, have demonstrated
excellent performance across many NLP tasks,
their effectiveness in Bangla remains largely
unexplored. In this paper, we establish
the first benchmark comparing large decoder-
based LLMs with classic encoder-based mod-
els for the Zero-Shot Multi-Label Classifica-
tion (Zero-Shot-MLC) task in Bangla. Our
evaluation of 32 state-of-the-art models reveals
that existing so-called powerful encoders and
decoders still struggle to achieve high accuracy
on the Bangla Zero-Shot-MLC task, suggest-
ing a need for more research and resources for
Bangla NLP.

1 Introduction

Bangla is the sixth most spoken language world-
wide, with over 300 million native speakers, ac-
counting for nearly 4% of the global population1.
Despite its widespread use, Bangla remains a
low-resource language in the domain of Natural
Language Processing (NLP) (Joshi et al., 2020),
with limited benchmark studies and scarce lin-
guistic resources. The rise of classic encoders,
such as LASER (Artetxe and Schwenk, 2019)
and LaBSE (Feng et al., 2020), alongside large
decoder-based models such as GPT (Brown et al.,
2020), BLOOM (Scao et al., 2022), LLaMA (Tou-
vron et al., 2023), and DeepSeek (DeepSeek-AI
et al., 2025), has driven significant advancement
in multilingual NLP. However, while these mod-
els have demonstrated exceptional performance

1Source: List of languages by the number of native
speakers, Wikipedia, https://en.wikipedia.org/wiki/
List_of_languages_by_number_of_native_speakers
(accessed on 23 May 2023)

in high-resource languages such as English, Chi-
nese, and Spanish, their effectiveness in low-
resource languages, like Bangla, remains largely
unexplored. This gap raises a crucial question:
How well do LLMs perform on Bangla-specific
tasks compared to classic encoder-based models?
To address this, we present a benchmarking

study, evaluating 32 state-of-the-art models
on the Zero-Shot Multi-Label Classification
(Zero-Shot-MLC) task for Bangla, including
three classic encoders—LaBSE (Feng et al.,
2020), LASER (Artetxe and Schwenk, 2019), and
BanglaTransformers (Muhammad Rafsan Kabir
et al., 2024)—and 29 large decoder-based LLMs.
Our findings reveal that while a few models
achieve F1 scores around 60%, most struggle with
reliable classification, highlighting significant
gaps in multilingual adaptability. This study
provides the first systematic decoder vs. encoder
evaluation for Bangla Zero-Shot-MLC, empha-
sizing the need for further research and resources
in Bangla NLP. Our dataset and source code are
publicly available at: https://github.com/
MdNajibHasan/BanglaNLP.git.

2 Background and Related Works

Bangla NLP and Zero-shot classification: In the
domain of Bangla NLP, several tasks have been
explored by researchers in the past, including In-
formation Extraction (Rahman et al., 2008; Uddin
et al., 2019; Sharif et al., 2016), Machine Transla-
tion (Hasan et al., 2019; Anwar et al., 2009; Ismail
et al., 2014), Named Entity Recognition (Banik
and Rahman, 2018; Chaudhuri and Bhattacharya,
2008), Question Answering (Islam et al., 2016;
Sarker et al., 2019; Kowsher et al., 2019), Senti-
ment Analysis (Uddin et al., 2019; Hassan et al.,
2016; Alam et al., 2017), Spam and Fake Detec-
tion (Islam et al., 2019; Hussain et al., 2020) An-
notator Bias Detection (Das et al., 2024), Halluci-
nation Detection (Das et al., 2025) etc. Recently,
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Kowsher et al. (2022) introduce Bangla-BERT, a
monolingual BERTmodel for the Bangla language.
Bhattacharjee et al. (2022) presented BanglaBERT
– a BERT-based (Devlin et al., 2019) Bangla NLU
model pre-trained on 27.5GB data. Transformer-
based models have been frequently employed in
Bangla NLP research, such as in abusive com-
ment detection (Aurpa et al., 2022b), text classifi-
cation (Alam et al., 2020), question answering (Au-
rpa et al., 2022a; Adnan and Anwar, 2022), ma-
chine translation (Dhar et al., 2022), image cap-
tion generation (Palash et al., 2022), etc. Re-
searchers have also introduced different datasets
such as BanglaNLG (Bhattacharjee et al., 2023),
a comprehensive benchmark for evaluating natu-
ral language generation models in Bangla, a senti-
ment analysis dataset SentNoB (Islam et al., 2021),
a dataset for Bangla fake news detection (Hossain
et al., 2020).

Large Decoder (LLM) BasedGenerative Classi-
fication: Recent research has extensively studied
the potential of large language models like Chat-
GPT, Flan, BLOOM, etc., for a wide range of ap-
plications. For example, researchers have shown
the utility of ChatGPT in healthcare education (Sal-
lam, 2023), programming bug solving (Surameery
and Shakor, 2023), and machine translation (Jiao
et al., 2023).

Classic Encoder Based Discriminative Classifi-
cation: Various topic modeling-based approaches
have been explored for zero-shot classification
for the English language (Karmaker Santu et al.,
2016). Similarly, Li et al. (2018); Zha and Li
(2019) worked towards a data-less text classifica-
tion. Veeranna et al. (2016), adopted pre-trained
word embedding formeasuring semantic similarity
between a label and documents. Further endeavor
has been spent on zero-shot learning using seman-
tic embeddings by (Hascoet et al., 2019; Zhang
et al., 2019; Xie and Virtanen, 2021).

Uniqueness of our Work: As mentioned above,
the performances of recent LLMs on Bangla doc-
uments are mostly unknown. To address this re-
search gap, we examined multiple state-of-the-art
sentence encoders and large decoder-based LLMs
for a well-defined NLP task, i.e., zero-shot multi-
label classification, with an exclusive focus on
Bangla documents. Our study lays a foundation for
future research endeavors in this under-explored
but important direction.

3 Problem Statement

We adopt the Definition-Wild 0SHOT-TC method-
ology proposed by Yin et al. (2019) and later ex-
plored by Sarkar et al. (2023a, 2022) for the En-
glish language, as defined below.

Definition 1. 0SHOT-MLC:Given a collection of
documents denoted asD = {d1, d2, ..., dn}, a user
represented by U and a set of user-defined labels
denoted as LU = {l1, l2, ..., lm} provided in real-
time, classify each document di ∈ D with zero or
more labels from LU , without further fine-tuning.

The 0SHOT-MLC employs embeddings of doc-
uments and labels, and the detailed methodology
for embedding-based zero-shot-MLC is provided
in Appendix A.1.

4 Experimental Setup

4.1 Dataset
We created a new benchmark corpus,
BanglaNewsNet, by crawling a large col-
lection of publicly available online news
from a renowned Bangladeshi news website,
https://www.prothomalo.com/. Each article
here is already labeled with one or more labels by
human annotators. For example, an article titled
“েমিসেক িরয়াল েবিতেস চান তাঁর আেজর্িন্টনা দেলর সতীথর্”
(Messi’s Argentina team-mate wants him in Real
Betis) is associated with labels “ফুটবল” (Football)
and “আেজর্িন্টনা ফুটবল দল” (Argentina Football
Team). We scraped the article titles, article texts
and labels from the website and further cleaned the
dataset by merging similar/repetitive labels into a
single label, following approaches in (Sarkar and
Karmaker, 2022). See Table 1 for an overview of
the dataset.

Dataset # of Avg. article Labels Labels/

Name Articles length retained article

BanglaNewsNet 7245 ≈2517 words 21 1.345

Table 1: An overview of the BanglaNewsNet dataset

4.2 Evaluation Metric
For evaluation, we report the Precision, Recall,
and F1 scores. Specifically, for each article, the
model-inferred label(s) were compared against the
list of “gold” label(s) to compute the true positive,
false positive, and false negative statistics, which
were then aggregated to compute the final Preci-
sion, Recall, and micro-averaged F1 score.
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4.3 Classic Encoders Vs. Large Decoders
For baselines, we implemented sentence similarity-
based classification using LASER (Artetxe and
Schwenk, 2019), LaBSE (Feng et al., 2020), and
BanglaTransformer (Muhammad Rafsan Kabir
et al., 2024). Additionally, we evaluated large
decoder-based models from 13 LLM families,
as listed in Table 2. For commercial LLMs
(OpenAI, Google, Anthropic), we used their APIs,
while open-source models were accessed via the
Hugging Face Transformers library. Since APIs
for BLOOM (Scao et al., 2022), FLAN-UL2 (Wei
et al., 2021) and GPTNeoX (Black et al., 2022)
were unavailable, we utilized their embeddings to
enable direct comparison with traditional encoders.
Beyond embedding-based approaches, we also
evaluated LLMs on the Bangla Zero-Shot-MLC
task using a prompt-based approach. Unlike em-
bedding similarity methods, which require access
to model representations, prompting enables direct
multi-label classification using model-generated
responses, making it a practical approach when
working with black-box LLMs. The complete
prompt used for Zero-Shot-MLC task is provided
in Table 3.

LLM Family Model

Google
(Team et al., 2024)

gemini-1.5-pro (~200B)
gemini-1.5-flash (8B)
gemini-1.0-pro (~200B)
gemma-2 (27B)
gemma-2 (9B)
gemma-2 (2B)
flan-ul2 (20B)

OpenAI
(Brown et al., 2020)

gpt-3.5-turbo-0613 (~20B)
gpt-4o-mini-2024-07-18 (~20B)
gpt-3 (175B)

EleutherAI
(Black et al., 2022) gpt-neox-20b (20B)

MetaAI Llama3
(Touvron et al., 2023)

Llama-3.1-8B (8B)
Llama-3.2-3B (3B)
meta-Llama-3.2-11B-Instruct (11B)
Llama-3.3-70B-Instruct (70B)

BanglaLlama
(Zehady et al., 2024)

BanglaLLama-3.1-8b (8B)
BanglaLLama-3.2-3b (3B)
BanglaLLama-3-11b (11B)

MistralAI
(Jiang et al., 2024) Mixtral-8x7B-Instruct-v0.1 (56B)

DeepSeek
(DeepSeek-AI et al., 2025)

DeepSeek-R1-Distill-Llama-8B (8B)
DeepSeek-R1-Distill-Qwen-14B (14B)
DeepSeek-R1-Distill-Qwen-32B (32B)

AllenAI
(OLMo et al., 2024) OLMo-2-1124-7B-RM (7B)

Qwen
(Yang et al., 2025)

Qwen1.5-72B (72B)
Qwen2.5-7B-Instruct-1M (7B)

Gryphe
(Gryphe) MythoMax-L2-13b (13B)

UpStage
(Kim et al., 2023) SOLAR-10.7B-Instruct-v1.0 (10.7B)

Anthropic
(Anthropic, 2024) claude-3-haiku-20240307 (~20B)

BigScience
(Scao et al., 2022) bloom (176B)

Table 2: The list of Large Decoder families and their
variants evaluated in Bangla Zero-Shot-MLC.

5 Results

This section presents the experimental results on
the BanglaNewsNet dataset, evaluating models
based on F1 scores. Table 4 compares embedding-
similarity methods using sentence encoders and
three large decoder-based models. We utilized two
label embedding approaches, such as Label name+
Keywords and Explicit-Mentions, detailed in A.3.
Based on the findings of Sarkar et al. (2023b),
these embedding methods previously yielded the
best results, leading us to focus exclusively on
them in this study. Among encoders, LaBSE
performed best, achieving an F1 score of around
40%, while BanglaTransformer performed slightly
lower. For large decoder-based models, Flan-UL2,
BLOOM, and GPT-NeoX failed to achieve strong
results in 0SHOT-MLC on Bangla articles. Al-
though some models exhibited high recall, their
low precision made the results less meaningful.
Notably, no LLM surpassed LaBSE in embedding-
based 0SHOT-MLC, highlighting the limitations
of current LLMs in handling their linguistic com-
plexities.

5.1 LLM Performance Across Model Sizes

Table 5 presents the performance of LLMs catego-
rized by parameter size. Below is a summary of
key observations for each model category:
Small Models (<8B). OLMo-7B-Instruct (Groen-
eveld et al., 2024) and Qwen-2.5-7B-
Instruct (Team, 2024b) outperform other models in
this category, yet their F1 scores (0.381 and 0.351,
respectively) remain low. Surprisingly, none of
the LLMs in this group exceeds the classic encoder
LaBSE (F1: 0.400), highlighting their limitations
in the context of Bangla Zero-Shot-MLC.
Mid-Sized Models (8B - 10B). Gemini-1.5-Flash
(8B) (Team et al., 2024) (F1: 0.571) outperforms
larger models, surpassing Gemma-2-9B (Team,
2024a) (F1: 0.544) and DeepSeek-R1-Distill-
8B (Guo et al., 2025) (F1: 0.470).
Intermediate Models (10B - 15B). MythoMax-
L2 (13B) (Gryphe) underperforms significantly
(F1: 0.187). Llama 3.2 (11B) (Touvron et al.,
2023) and BanglaLlama 3.2 (11B) (Zehady et al.,
2024) achieve close scores (0.513 and 0.481),
showing minimal benefits from language-specific
tuning. MythoMax-L2 (13B) (Gryphe) under-
performs significantly (F1: 0.187). Llama 3.2
(11B) (Touvron et al., 2023) and BanglaLlama
3.2 (11B) (Zehady et al., 2024) achieve close
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Prompt Design

System setup

The AI assistant has been designed to understand and categorize user input by the given labels. When processing user
input, the assistant must predict the labels from one of the following pre-defined options: 'চাকিরবাকির' (Job market),
'কেরানাভাইরাস' (Coronavirus), 'চলিচ্চতৰ্ ও তারকা' (Movies and celebrities), 'সব্াস্থয্' (Health), 'বয্াংক' (Banking), 'অথর্নীিত'
(Economy), 'িশক্ষা' (Education), 'পৰ্াকৃিতক দুেযর্াগ' (Natural disasters), 'আইন ও আদালত' (Law and justice), 'কূটনীিত' (Pol-
itics), 'িশল্প ও বািণজয্' (Industry and commerce), 'ভৰ্মণ' (Travel), 'নকশা' (Design), 'ফুটবল' (Football), 'খাবারদাবার' (Food
and dining), 'েদশ ও রাজনীিত' (Country and politics), 'আন্তজর্ািতক' (International), 'েদেশর খবর' (Country news), 'রািশয়া
ইউেকৰ্ন সংঘাত' (Russia-Ukraine conflict), 'িকৰ্েকট' (Cricket), 'নারী' (Women). It is essential to note that an article may
have multiple labels. If the user input is not relevant with any labels, the assistant should print nothing, indicating
that the input does not align with the available categories. The agent MUST response with the following json format:
{“Labels”: [“List of labels”]}

User Taking into account the given Bangla article {বয্াংক এিশয়া ২০১৪ সােল বয্াংিকং েসবার বাইের থাকা িবপুল
জনেগাষ্ঠীেক বয্াংিকং েসবায় আনেত এেজন্ট বয্াংিকং েসবা চালু কের। বতর্মােন রাষ্টৰ্মািলকানাধীন ও েবসরকাির িমিলেয়
৩১িট বয্াংক এ েসবা িদেচ্ছ। বতর্মােন এেজন্ট বয্াংিকং েসবা গৰ্হণকারীর সংখয্া েদড় েকািটর েবিশ। এর মেধয্ বয্াংক
এিশয়ার গৰ্াহক ৫৫ লােখর েবিশ। এসব গৰ্াহেকর ৯২ শতাংশই গৰ্ামীণ জনেগাষ্ঠী। আবার ৬২ শতাংশ গৰ্াহকই নারী। সারা
েদেশ বয্াংক এিশয়ার ৫ হাজার ৪০০-এর েবিশ এেজন্ট আউটেলট রেয়েছ, যােদর মেধয্ নারী এেজন্ট ৫৪০ জন। ..... (In
2014, Bank Asia introduced agent banking services to bring banking services to a large population that
was outside the reach of traditional banking. At present, a total of 31 banks, including both public and
private, are providing these services. The number of users availing agent banking services has surpassed
140 million. Among them, Bank Asia has more than 5.5 million customers, of which 92% are from rural
areas. Furthermore, 62% of the customers are women. Throughout the country, there are more than 5,400
agent outlets of Bank Asia, including 540 outlets managed by female agents.....)}, predict the category or
labels of this article from the list of mentioned labels.

Assistant {“Labels”: “বয্াংক” (Banking), “িশল্প ও বািণজয্” (Industry and commerce)}

Directive: Taking into account the given Bangla article {article text}, predict the category or labels of this article from
the list of mentioned {labels}. Please remember to only respond in the predefined JSON format without any additional
information.

Table 3: Prompt design details for the Zero-Shot-MLC task on BanglaNewsNet.

scores (0.513 and 0.481), showing minimal
benefits from language-specific tuning. Although
BanglaLlama is fine-tuned on Bangla corpora,
it fails to outperform the base Llama model. A
plausible explanation is that because BanglaL-
lama was trained on specific data sources such as
WikiBangla rather than on task-oriented datasets.
As a result, its adaptation improves linguistic
alignment but not reasoning ability.

Larger Models (15B - 50B). GPT-4o Mini
( 20B) (Brown et al., 2020) and Claude-3 Haiku
( 20B) (Anthropic, 2024) perform well (F1: 0.588,
0.540). Gemma-2 (27B) (Team, 2024a) leads
this category (F1: 0.593). DeepSeek R1 Distill
(32B) (Guo et al., 2025) also performs well (F1:
0.550), reinforcing the effectiveness of model
distillation.

Largest Models (>50B). Gemini-1.5-Pro (Team
et al., 2024) and Gemini-1.0-Pro (Team et al.,
2023) achieve the highest F1 scores (0.616,

0.589). Despite their size, Mixtral-56B-Instruct
(F1: 0.305) (Jiang et al., 2024), Qwen-1.5 (Yang
et al., 2025) (F1: 0.429), and GPT-3.5 (Brown
et al., 2020) (F1: 0.417) significantly underper-
formed.

Overall, the Gemini models demonstrate
strong performance on this task. Gemini-
1.5-Pro achieves the highest F1 score (0.616),
driven largely by its high recall (0.918). Al-
though this indicates that the model success-
fully identifies most relevant instances, such
unusually high recall—paired with compar-
atively low precision (0.463)—suggests that
the model may be over-generating labels, cap-
turing correct cases, but also introducingmany
false positives. In contrast, Gemini-1.0-Pro
achieves the second-highest F1 score (0.589)
with notably strong precision (0.796), reflect-
ing more conservative and accurate predic-
tions with fewer false alarms. A full overview
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Classical Encoder Models
LASER LaBSE BanglaTransformer

Label Embedding -> Label+KW Expl.-Ment. Label+KW Expl.-Ment. Label+KW Expl.-Ment.
F1 Score 0.267 0.305 0.354 0.404 0.334 0.384

Large Decoder Models
Flan-UL2 Bloom GPTNeoX

Label Embedding -> Label+KW Expl.-Ment. Label+KW Expl.-Ment. Label+KW Expl.-Ment.
F1 Score 0.234 0.241 0.329 0.341 0.345 0.357

Table 4: F1 score comparison of embedding based Zero-Shot-MLC across classical encoders and large decoders.

<8B Parameters 8B - 10B Parameters 10B - 15B Parameters 15B - 50B Parameters >50B Parameters

Model F1 Model F1 Model F1 Model F1 Model F1

Llama 3.2 (3B) 0.320 Llama 3.1 (8B) 0.476 Llama 3.2 (11B) 0.513 GPT 3.5 Turbo (~20B) 0.470 Llama 3.3 (70B) 0.558

BanglaLlama 3.2 (3B) 0.323 BanglaLlama 3.1 (8B) 0.424 BanglaLlama 3.2 (11B) 0.481 GPT 4o Mini (~20B) 0.588 Gemini 1.0 Pro (~200B) 0.589

Gemma 2 (2B) 0.280 Gemini 1.5 Flash (8B) 0.571 MythoMax L2 (13B) 0.187 Gemma 2 (27B) 0.593 Gemini 1.5 Pro (~200B) 0.616

OLMo 7B Instruct (7B) 0.380 Gemma 2 (9B) 0.544 SOLAR 10.7B Instruct (10.7B) 0.452 Claude 3 Haiku (~20B) 0.540 Mixtral 56B Instruct (56B) 0.305

Qwen 2.5 7B Instruct (7B) 0.351 DeepSeek R1 Distill (8B) 0.470 DeepSeek R1 Distill (14B) 0.495 DeepSeek R1 Distill (32B) 0.550 Qwen 1.5 (72B) 0.429

GPT 3.5 (175B) 0.537

Table 5: F1 score comparison of prompting-based approaches across models with varying parameter sizes.

of the precision-recall trade-off across all eval-
uated models is provided in Table 8 in the Ap-
pendix.
Interesting Findings.
• Top-performing models. Gemini-1.5-Pro (200B, F1:
0.616) and Gemma-2 (27B,F1: 0.593) achieve the high-
est scores.

• Bigger isn’t always better. Gemini-1.5-Flash (8B) out-
performs larger models like DeepSeek R1 Distill (32B),
Mixtral (56B), and GPT-3.5 (175B).

• Encoders still hold value. The classic encoder LaBSE
(F1: .404) surprisingly outperforms all 8B-based mod-
els, reinforcing its effectiveness in zero-shot-MLC.

• LLMs struggle with low-resource languages. Despite
strong performance in English, most models fail to gen-
eralize well in Bangla, exposing a multilingual gap.

6 Discussion and Conclusion

Our study takes an important step toward
evaluating state-of-the-art models for low-
resource languages, with a focus on Bangla.
We benchmark classic encoders and large
decoder-based LLMs for Zero-Shot Multi-
Label Classification (Zero-Shot-MLC), un-
covering key limitations in both approaches.
While large decoders perform well in high-
resource languages, their effectiveness in
Bangla remains inconsistent, withmost failing
to achieve reliable classification despite their
scale. Classical encoders, though more stable,
did not show significant improvement, indicat-
ing that neither approach is fully optimized for
Bangla and exposing critical gaps in multilin-

gual adaptation.
This work addresses a crucial research

gap and also reinforces the need for tai-
lored approaches to handle the complexity of
morphologically rich, low-resource languages
like Bangla. By evaluating both encoders
and decoder-based models, we contribute to
improve multilingual NLP for regional lan-
guages.

Limitations

As a limitation, it is worth mentioning that
we had restricted access to several large
language models (LLMs) such as LaMDA
(137B), Jurassic-1 (178B), ERNIE 3.0 Ti-
tan (260B), Gopher (280B), GPT-4, Mega-
tron Turing NLG (530B) and DeepSeek-R1
(671B), which limited their inclusion in our
experiments. Additionally, while models like
ChatGPT were available through an API, their
usage was constrained by cost, which scales
with model size, making large-scale evalua-
tions financially challenging. Our computa-
tional resources were also a limiting factor,
as we could only run open-source models up
to 70 billion parameters, restricting our abil-
ity to test larger models natively. As a re-
sult, for models exceeding this threshold, we
had to rely solely on API-based access, fur-
ther increasing cost constraints. Furthermore,
hardware limitations affected our ability to
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fine-tune models efficiently, limiting our ex-
ploration of task-specific optimizations. An-
other constraint was dataset diversity. Our ex-
periments were conducted on a single dataset,
and broader evaluations are necessary to deter-
mine whether our findings generalize across
different domains.

7 Ethical Considerations

In this study we used publicly available news
articles to prepare our dataset. We didn’t in-
clude any personal or sensitive information in
our dataset. All the articles we collected are
already published online for public reading,
and we used them only for research and anal-
ysis. We evaluated different language models
which may carry hidden biases. We did not
fine-tune any commercial model with private
data, and all API-based evaluations followed
the provider’s usage policies. As our exper-
iment focused on Bangla, a low-resource lan-
guage, models may show uneven performance
across different topics and lead to misclassifi-
cations. We encouraged responsible use of our
findings and advise that any downstream use
should consider these limitations.
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A Appendix

A.1 Encoder & LLM Based 0-shotMLC

Here, we describe the steps used in our 0-shot-
MLC approach.
1. Input Document: The end user provides

the article text, custom-defined labels, and
a set of keywords (optional).

2. Embedding Generation: The article text, la-
bels, and keywords are transformed into
rich embedding by leveraging the power
of language models and encoding methods,
capturing the essence of their content.
• Article Embedding: We embed the en-
tire article with sentence encoders and
LLMs in a single shot.

• Label Embedding: We adopted two
different ways for target label embed-
ding: 1) Label + Keyword- Label em-
bedding using label name and keywords,
2) Explicit-Mentions- Label embedding
using article-text which contains explicit
mentions of label names.

The details of these embeddings have been
discussed in the Appendix A.2, A.3. While
there are certainly other embedding meth-
ods possible, based on the findings of the
paper (Sarkar et al., 2023b), these embed-
ding combinations worked best previously,

and hence, we focused only on the above
embedding type.

3. Threshold-based Label Assignment: Next,
we quantify the cosine similarity between
the article embedding and the label embed-
dings. Labels are assigned to the article
based on a specified threshold, indicating
the presence of a strong association. By ex-
perimenting with different threshold values
(ranging from 0-1), a comprehensive anal-
ysis is conducted.

4. Zero-Shot multi-label classification: The
outcome of this classifier is the prediction
of relevant label(s) for the given article.

A.2 “Entire Article” based embedding

Encode the entire article using sentence en-
coders or LLMs in a single shot, including ar-
ticles that are long paragraphs and consist of
more than one sentence.

A.3 Label Embedding Approaches

We have used 2 different approaches for com-
puting label embedding. The consecutive sec-
tions discuss about different procedures for
generating label embedding.

A.3.1 “Label name + Keywords” based
embedding

Encode both label name and keywords, then
average all embeddings to generate the final
label embedding.

A.3.2 “Explicit-Mentions” based embedding
First, we extract all the articles explicitly
mentioning the label/phrase using algorithm
1 for all labels. Then, for each label, we
generate embeddings of all articles that are
explicitly annotated/classified with that label,
then average them to obtain the ultimate label
embedding.

A.4 Baseline Sentence Encoders

This section presents a bird’s-eye view of the
sentence encoders and large language models
we have used for our experiments.

• Language-Agnostic SEntence Rep-
resentations (LASER): LASER is
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Algorithm 1 Article Annotation using Explicit
Mention
1: Input: Article text, Label names, and Keywords
2: Output: Articles annotated with explicit Label
3: for each article text do
4: check whether the label name or set (at least 3) of

the informative keywords are present or not in the cor-
responding article text

5: if present then annotate the article with the explicit
label

6: end if
7: end for

a sentence encoding model that gen-
erates language-agnostic representa-
tions (Artetxe and Schwenk, 2019). It
is capable of encoding sentences from
multiple languages into fixed-length
vectors, enabling cross-lingual tasks and
multilingual applications.

• Language-agnostic BERT Sentence
Embedding (LaBSE): LaBSE (Feng
et al., 2020) is a language-agnostic model
based on the BERT architecture. It pro-
vides sentence embeddings that capture
the semantic meaning of sentences across
different languages. LaBSE allows
for cross-lingual understanding and
transfer-learning tasks.

• Bangla sentence embedding trans-
former: This Bangla sentence trans-
former (Muhammad Rafsan Kabir et al.,
2024) is specifically designed for
the Bangla language. It utilizes a
transformer-based architecture to encode
Bangla sentences into meaningful repre-
sentations, enabling various NLP tasks
in Bangla text analysis. It was trained
on 2,50,000 Bangla sentences(wiki) by
Sentence-Transformer. This work is
inspired by Sentence-BERT: Sentence
Embeddings using Siamese BERT-
Networks (Reimers and Gurevych, 2019)
technique.

A.5 Large Language Models

• BLOOM: Scao et al. (2022) introduce
BLOOM, a massive language model with
176 billion parameters. BLOOM is
trained on 46 natural languages and 13
programming languages and is the re-
sult of a collaborative effort involving

hundreds of researchers. BLOOM is a
causal language model trained to predict
the next token in a sentence. This ap-
proach has been found effective in captur-
ing reasoning abilities in large language
models. BLOOM uses a Transformer ar-
chitecture composed of an input embed-
ding layer, 70 Transformer blocks, and an
output language-modeling layer. The se-
quential operation of predicting the next
token involves passing the input tokens
through each of the 70 BLOOM blocks.
To prevent memory overflow, only one
block is loaded into RAM at a time. The
word embeddings and output language-
modeling layer can be loaded on demand
from disk.

• GPT-NeoX: The GPT-NeoX-20B paper,
authored by the Black et al. (2022), in-
troduces an architecture similar to GPT-
3 but with notable differences. They uti-
lize rotary positional embeddings for to-
ken position encoding instead of learned
embeddings and parallelize the attention
and feed-forward layers, resulting in a
15% increase in throughput. Unlike GPT-
3, GPT-NeoX-20B exclusively employs
dense layers. The authors trained GPT-
NeoX-20B using EleutherAI’s custom
codebase (GPT-NeoX) based on Mega-
tron and DeepSpeed, implemented in Py-
Torch. To address computational lim-
itations, the authors reused the hyper-
parameters from the GPT-3 paper. In
their evaluation, the researchers com-
pared GPT-NeoX-20B’s performance to
their previous model, GPT-J-6B, as well
as Meta’s FairSeq 13B and different
sizes of GPT-3 on various NLP bench-
marks, including LAMBADA, Wino-
Grande, HendrycksTest, and the MATH
dataset. While improvements were de-
sired for NLP tasks, GPT-NeoX-20B ex-
hibited exceptional performance in sci-
ence and math tasks.

• Google (Gemini & Flan): (Team et al.,
2024) introduced Gemini-1.5 Pro and 1.0
Pro models containing powerful multi-
modal capabilities, allowing them to pro-
cess text, images, audio, and video at the
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same time. This makes them highly ef-
fective for real-time AI tasks like reason-
ing and code generation. With an op-
timized transformer-decoder and sparse
mixture-of-experts techniques, they en-
hance efficiency while handling complex
inputs. Their long-context attention fea-
ture also helps them retain and process
longer pieces of information more effec-
tively. Meanwhile, the Gemma fam-
ily (2B, 9B, and 27B) is built for flexi-
ble deployment, whether on-device or in
the cloud, making it ideal for fast, low-
latency applications. Flan-UL2, an im-
proved version of Flan-T5, uses Mixture-
of-Denoisers (MoD) pre-training to push
the boundaries of NLP tasks like classi-
fication, reasoning, and question answer-
ing. With 20 billion parameters, it out-
performs models like T5 and GPT-3, ex-
celling in zero-shot learning and chain-of-
thought reasoning while achieving top re-
sults on major NLP benchmarks.

• OpenAI (GPT Series): According to
(Brown et al., 2020) GPT-4o, GPT-3.5
Turbo, and GPT-3 represent major leaps
in AI language models. GPT-4o is the
most advanced, handling text, images,
and audio at the same time with better
speed and accuracy, making it great for
real-time AI applications like chat-bots
and coding assistants. GPT-3.5 Turbo is
designed for efficiency, balancing cost
and performance, which makes it popu-
lar for business AI tools and content gen-
eration. GPT-3, with its 175 billion pa-
rameters, was a game-changer in AI, set-
ting the stage for today’s models with its
strong language understanding and rein-
forcement learning for better alignment
with human values.

• MetaAI (Llama3): (Touvron et al.,
2023) mentioned Meta’s Llama3 mod-
els Llama-3.1-8B, Llama-3.2-3B, and
Llama-3.3-70B are designed for efficient,
cost-effective AI deployment. They use
adaptive tokenization and transformer
pruning to reduce computational de-
mands while maintaining strong perfor-
mance. The Llama-3.2-11B Vision-

Instruct model expands Meta’s work in
multi-modal AI, integrating visual and
language reasoning for applications like
computer vision, medical imaging, and
smart assistants. By open-sourcing its
models, Meta promotes collaborative AI
development and innovation in decentral-
ized AI systems. With real-time process-
ing capabilities, Llama3 models stand
out for their speed and energy efficiency,
making them ideal for on-premise AI, em-
bedded systems, and low-latency conver-
sational tools.

• BanglaLlama: (Zehady et al., 2024) in-
troduced BanglaLlama which is a ground-
breaking initiative aimed at improving
NLP for the Bangla language, address-
ing the lack of high-quality AI models
for low-resource languages. With mod-
els ranging from 3B to 11B parameters,
it is trained specifically on Bangla text
to better capture linguistic nuances, cul-
tural context, and accuracy. By using ad-
vanced tokenization and dataset augmen-
tation, BanglaLlama excels in translation,
content creation, and conversational AI.
Its fine-tuned instruction-following capa-
bilities help make AI more inclusive, en-
suring non-English languages are better
represented in global AI advancements.
Beyond language processing, BanglaL-
lama also plays a crucial role in reduc-
ing biases, adapting to different Bangla
dialects, and preserving indigenous lan-
guages in AI systems.

• MistralAI: (Jiang et al., 2024) repre-
sents Mixtral-8x7B as a groundbreaking
Mixture of Experts (MoE) model,
significantly reducing computational
complexity while enhancing inference
efficiency. Unlike conventional trans-
former architectures, Mixtral activates
only a subset of its parameters per for-
ward pass, reducing memory footprint
and improving scalability. This innova-
tive architecture allows highly efficient
parallelized computation, making it a top
contender for large-scale enterprise AI
applications, real-time NLP solutions,
and multilingual text generation. Mis-
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tralAI’s MoE-based LLMs are widely
recognized for their superior speed-to-
accuracy trade-offs, positioning them as
one of the most energy-efficient large-
scale models in the industry.

• DeepSeek: (DeepSeek-AI et al., 2025)
mentioned DeepSeek-R1 series, is de-
signed for maximum efficiency, using ad-
vanced knowledge distillation to main-
tain strong performance with fewer pa-
rameters. With techniques like quantiza-
tion and structured pruning, these mod-
els deliver fast inference speeds and low-
latency processing, making them perfect
for AI applications with limited resources.
Ideal for real-time NLP, enterprise au-
tomation, and AI assistants, DeepSeek-
R1 ensures quick responses while keep-
ing computational demands low, making
it a great choice for businesses and devel-
opers focused on efficiency.

• AllenAI: (OLMo et al., 2024) designed
OLMo-2-7B with a strong focus on ex-
plainable AI (XAI) and interpretability.
Unlike traditional black-boxAImodels, it
incorporates features like attention trans-
parency and explainability layers, ensur-
ing clearer insights into how it processes
information. Optimized for research
in linguistics, AI ethics, and decision-
making, OLMo is a top choice for aca-
demics, policymakers, and those building
transparent AI systems that prioritize hu-
man understanding and trust.

• Alibaba: According to (Yang et al.,
2025) Alibaba’s Qwen series, including
Qwen1.5-72B and Qwen2.5-7B, is built
for enterprise applications, specializing
in complex reasoning, structured NLP,
and industry-specific adaptability. These
models are fine-tuned for tasks like finan-
cial analysis, healthcare AI, and multilin-
gual document processing, making them
highly versatile for business use. With
strong instruction tuning, the Qwen mod-
els excel at knowledge-intensive tasks,
delivering high factual accuracy and out-
performing many mainstream models in
industry automation and specialized AI

applications.
• Gryphe: (Gryphe) designed Gryphe’s
MythoMax-L2-13B for creative content
generation, interactive storytelling, and
narrative coherence. This model incor-
porates fine-tuned stylistic awareness and
logical consistency, making it a preferred
choice for conversational AI, virtual assis-
tants, and AI-driven journalism.

• UpStage: (Kim et al., 2023) designed
SOLAR-10.7B for flexibility, excelling
in instruction tuning, few-shot learning,
and adapting to various AI tasks. With
a structured fine-tuning approach, it per-
forms exceptionally well in areas like le-
gal text interpretation, scientific research
support, and summarizing complex docu-
ments with context and accuracy.

• Anthropic: (Anthropic, 2024) built
Claude-3 Haiku with a strong focus on
ethical AI, safety, and human-guided
learning (RLHF). It excels at maintaining
context, ensuring fairness, and delivering
reliable real-time conversations, making
it a great fit for critical applications in
healthcare, governance, and compliance-
focused AI.

A.6 Precision-Recall Trade-Off in LLMs for
Bangla

The performance analysis of large language
models (LLMs) for zero-shot multi-label clas-
sification (MLC) in Bangla highlights several
important aspects, particularly the trade-offs
between precision and recall, which we have
explored in the appendix due to space con-
straints.

A.6.1 Sentence-Encoder Models
Looking at the baseline sentence-encoder-
based approaches (Table 6), we see that
BanglaTransformer achieves the highest F1

score (0.334), but with an evident imbalance
between precision and recall. This pattern is
also observed in LASER and LABSE, where
recall is consistently higher than precision.
While higher recall means the model retrieves
more relevant labels, it also increases the num-
ber of false positives, which is a common issue
in low-resource languages where high-quality
training data is limited.
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Topic+Keywords Based Label Embedding
LASER LaBSE BanglaTransformer

Precision Recall F1 Precision Recall F1 Precision Recall F1

0.162 0.750 0.267 0.282 0.477 0.354 0.224 0.648 0.334
Explicit-Mention Based Label Embedding

LASER LaBSE BanglaTransformer
Precision Recall F1 Precision Recall F1 Precision Recall F1

0.193 0.724 0.305 0.300 0.617 0.404 0.276 0.635 0.384

Table 6: Performance comparison of baseline sentence encoder-based approaches.

Topic+Keywords Based Label Embedding
FLAN-UL2 BLOOM GPT-NeoX

Precision Recall F1 Precision Recall F1 Precision Recall F1

0.135 0.890 0.234 0.231 0.574 0.329 0.235 0.634 0.345
Explicit-Mention Based Label Embedding

FLAN-UL2 BLOOM GPT-NeoX
Precision Recall F1 Precision Recall F1 Precision Recall F1

0.144 0.742 0.241 0.232 0.642 0.341 0.241 0.675 0.357

Table 7: Performance comparison of different large language models.

Performance Comparison of LLMs with Varying Parameter Sizes
Parameter Size Model Precision Recall F1

<8B

Llama 3.2 (3B) 0.203 0.710 0.320
BanglaLlama 3.2 (3B) 0.219 0.595 0.323
Gemma 2 (2B) 0.164 0.942 0.280
OLMo 7B Instruct (7B) 0.365 0.410 0.380
Qwens 2.5 7B Instruct (7B) 0.218 0.906 0.351

8B to 10B

Llama 3.1 (8B) 0.325 0.886 0.476
BanglaLlama 3.1 (8B) 0.289 0.790 0.424
Gemini 1.5 Flash (8B) 0.416 0.905 0.571
Gemma 2 (9B) 0.388 0.913 0.544
DeepSeek R1 Distill (8B) 0.343 0.782 0.470

10B to 15B

Llama 3.2 (11B) 0.359 0.895 0.513
BanglaLlama 3.2 (11B) 0.336 0.849 0.481
MythoMax L2 (13B) 0.128 0.347 0.187
SOLAR 10.7B Instruct (10.7B) 0.342 0.650 0.452
DeepSeek R1 Distill (14B) 0.350 0.850 0.495

15B to 50B

GPT 3.5 Turbo (~20) 0.350 0.741 0.470
GPT 4o Mini (~20B) 0.439 0.889 0.588
Gemma 2 (27B) 0.450 0.833 0.593
Claude 3 Haiku (~20B) 0.402 0.810 0.540
DeepSeek R1 Distill (32B) 0.418 0.804 0.550

50B>

Llama 3.3 (70B) 0.401 0.921 0.558
Gemini 1.0 Pro (~200B) 0.796 0.468 0.589
Gemini 1.5 Pro (~200B) 0.463 0.918 0.616
Mixtral 56B Instruct (56B) 0.194 0.630 0.305
Qwens 1.5 (72B) 0.353 0.540 0.429
GPT 3.5 (175B) 0.515 0.573 0.537

Table 8: Performance comparison of prompting-based approaches across models with varying parameter sizes.
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A.6.2 Large-Scale Generative Models

Shifting to large-scale generative models (Ta-
ble 7), we observe a noticeable improvement
in F1 scores, with GPT-NeoX (Black et al.,
2022) (F1: 0.357) outperforming BLOOM
and FLAN-UL2 (Wei et al., 2021). How-
ever, GPT-NeoX’s (Black et al., 2022) preci-
sion (0.241) remains significantly lower than
its recall (0.675), reinforcing a major trend
seen in generative models: they tend to be
highly recall-biased, favoring coverage over
accuracy. This can be attributed to their
training approach, which optimizes for broad
knowledge retrieval rather than precise clas-
sification. While this makes them effective
for open-ended generation tasks, it poses a
challenge for multi-label classification, where
specificity is crucial. A recall-heavy approach
may work well in some cases, such as medi-
cal document classification, where missing a
critical label could be costly, but for general-
purpose classification tasks, such a model
could introduce significant noise. This rein-
forces the need for additional fine-tuning or
hybrid methods to improve precision without
sacrificing recall. Examining LLMs across
different parameter sizes (Table 8), we see a
clear scaling trend, where larger models gener-
ally achieve higher F1 scores but with increas-
ing recall at the expense of precision. Gemini
1.5 Pro ( 200B) (Team et al., 2024) achieves
the highest F1 score (0.616), with a recall of
0.918 and precision of just 0.463. This means
that while it effectively captures relevant la-
bels, it also introduces substantial noise in
classification. A similar pattern is seen with
GPT-4o Mini ( 20B) (Brown et al., 2020)
and Claude-3 Haiku ( 20B) (Anthropic, 2024),
with recall values of 0.889 and 0.810, re-
spectively. These models demonstrate strong
generalization and retrieval capabilities but
lack the specificity required for accurate multi-
label classification. However, Gemma 2
(27B) (Team et al., 2024) and DeepSeek
R1 Distill (32B) (DeepSeek-AI et al., 2025)
achieve more balanced trade-offs, with pre-
cision scores of 0.450 and 0.418 and recall
scores of 0.833 and 0.804, respectively. This
suggests that well-optimized architectures and
distillation techniques can enable mid-sized

models to match or even surpass larger models
in classification tasks. Interestingly, GPT-3.5
(175B) (Brown et al., 2020) underperforms
with an F1 score of 0.537, reinforcing that pa-
rameter size alone does not guarantee superior
classification accuracy. This aligns with previ-
ous findings in NLP research, where training
data quality, fine-tuning strategies, and task-
specific optimizations often play a more sig-
nificant role than raw model size.

A.6.3 Final Thoughts and Key Findings
From a statistical standpoint, the precision-
recall trade-off highly indicative of models un-
derlying architectures and training methodolo-
gies. Sentence encoders, effective in recall-
driven tasks, but fail to deliver precise classi-
fications due to their limited exposure to label
dependencies. Instruction-tuned LLMs, on
the other hand, benefit from broader general-
ization but often lack the necessary specificity
for multi-label classification, leading to recall-
heavy biases. Notably, distilled models like
DeepSeek R1 Distill (32B) (DeepSeek-AI
et al., 2025) demonstrate a more balanced per-
formance, suggesting that parameter-efficient
architectures can even outperform, largermod-
els.
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Abstract

Depression detection from social media text
is critical for early mental health intervention,
yet existing NLP systems underperform in low-
resource, code-mixed settings. Bangla-English
code-mixing, common across South Asian on-
line communities, poses unique challenges due
to irregular grammar, transliteration, and scarce
labeled data. To address this gap, we intro-
duce DepressiveText, a 7,019-sample dataset
of Bangla-English social media posts anno-
tated for depressive signals, with strong inter-
annotator agreement (κ = 0.84). We further
propose a hybrid architecture that combines
BanglishBERT embeddings with an LSTM
classifier, enabling the model to capture both
contextual and sequential cues. Comparative
experiments with traditional ML, deep learning,
and multilingual transformer baselines demon-
strate that our approach achieves the highest
performance, with an accuracy of 0.8889. We
also employ LIME to enhance interpretabil-
ity by identifying key lexical triggers. Our
findings underscore the effectiveness of hybrid
transformer–sequence models for low-resource
code-mixed NLP and highlight their potential
in real-world mental health applications.

1 Introduction

The rise of social media has transformed how indi-
viduals express emotions, share experiences, and
seek support. While this shift has enabled broader
communication, it has also exposed an increasing
prevalence of mental health challenges, including
depression, in online spaces. Detecting depres-
sive signals from user-generated text is therefore of
critical importance for timely intervention, public
health research, and building safer digital commu-
nities.

However, this task remains particularly chal-
lenging in low-resource, multilingual environments
where code-mixing is the norm. In South Asia,
Bangla-English code-mixing—informally referred

to as Banglish—is widely used on platforms such
as Facebook, YouTube, and Twitter. Code-mixed
text often involves irregular grammar, translitera-
tion, spelling variations, and intra-sentential switch-
ing, making it difficult for conventional NLP sys-
tems to process (Bali et al., 2014; Barman et al.,
2014). Existing sentiment and depression detec-
tion methods, largely developed for high-resource
monolingual data, fail to generalize well in such
noisy, linguistically diverse settings.

Prior research has explored sentiment analysis
and emotion classification in Bangla-English code-
mixed text (Mandal et al., 2020; Sultana et al.,
2021), but studies focusing specifically on depres-
sion detection are scarce. A key barrier is the lack
of high-quality annotated datasets. Without reliable
corpora, it is difficult to evaluate models or bench-
mark progress. Furthermore, while multilingual
transformer models such as mBERT (Devlin et al.,
2019), XLM-RoBERTa (Conneau et al., 2020), and
MuRIL (Khanuja et al., 2021) have shown strong
cross-lingual transfer, their effectiveness in low-
resource code-mixed depression detection tasks re-
mains underexplored. This gap limits both techni-
cal advancements in NLP and the broader societal
potential of automated mental health support sys-
tems in multilingual communities.

To address these challenges, we present De-
pressiveText, a manually curated dataset of 7,019
Bangla-English code-mixed social media posts an-
notated into depressive and non-depressive cate-
gories, with strong inter-annotator agreement (κ =
0.84). This dataset represents, to our knowledge,
the first large-scale resource dedicated to depres-
sion detection in Bangla-English code-mixed lan-
guage.

Building on this foundation, we propose a hybrid
model that integrates BanglishBERT, a transformer
pre-trained on Bangla-English code-mixed data,
with a unidirectional LSTM layer to capture se-
quential dependencies. While transformers provide
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powerful contextual embeddings, they often under-
utilize temporal cues; combining them with LSTM
enhances the ability to model the subtle progression
of depressive expressions.

We conduct comprehensive experiments com-
paring traditional machine learning, deep learning,
and transformer-based approaches. Results show
that our BanglishBERT+LSTM hybrid achieves
the best overall performance, with an F1 score of
0.8886, surpassing both standalone transformers
and classical baselines. To improve interpretabil-
ity, we apply Local Interpretable Model-agnostic
Explanations (LIME) (Ribeiro et al., 2016), which
highlights key words and phrases influencing pre-
dictions, ensuring transparency in sensitive appli-
cations such as mental health monitoring.

In summary, our contributions are threefold:

• We release DepressiveText, the first large-
scale Bangla-English code-mixed depression
dataset.

• We propose a novel hybrid Banglish-
BERT+LSTM model tailored for code-mixed
depression detection.

• We demonstrate both strong empirical per-
formance and interpretability, underscoring
the potential of hybrid architectures for low-
resource, code-mixed NLP.

2 Related Work

Research on code-mixed language processing has
grown alongside the rise of multilingual social me-
dia in South Asia. Prior work on depressive-text
detection in Bangla–English (BE) code-mixed data
spans three areas: dataset creation and augmen-
tation, mental-health detection, and transformer-
based modeling for low-resource code-mixed sce-
narios.

Several studies have developed BE corpora for
sentiment and emotion tasks, exploring augmenta-
tion to improve cross-lingual generalization. For in-
stance, Tareq et al. (2023) showed that targeted aug-
mentation with FastText embeddings and XGBoost
achieves weighted F1 ≈0.87. Other works applied
TF–IDF with Random Forest or embedding-based
models (Jahan et al., 2019; Sultana and Mamun,
2024), highlighting the need for larger, high-quality
annotated datasets.

Classical ML (TF–IDF + Random Forest, SVM,
Naive Bayes) and neural sequence models (BiL-
STM + Word2Vec/FastText) have been applied to

BE sentiment and emotion analysis, typically yield-
ing 0.70–0.80 accuracy (Raihan et al., 2023). While
embeddings and n-grams are strong baselines, se-
quence models offer richer context but underper-
form compared to large pre-trained transformers.

Mental-health detection, including depression,
has been studied in Bangla and other South Asian
code-mixed pairs. Approaches using Gated RNNs,
CNN–LSTM hybrids, and tree-based classifiers
report moderate performance (0.70–0.80) (Uddin
et al., 2019; Mumu et al., 2021; Kerasiotis et al.,
2024), with challenges from transliteration, ortho-
graphic variation, and informal text.

Multilingual and region-specific transformers
(mBERT, XLM-RoBERTa, MuRIL, IndicBERT,
BanglaBERT, BanglishBERT) outperform classical
baselines due to cross-lingual transfer and contex-
tual embeddings (Khanuja et al., 2021; Bhattachar-
jee et al., 2021). Yet, BE depression detection
lacks systematic transformer comparisons, large
annotated datasets, and hybrid models combining
transformer embeddings with sequence modeling.

This work addresses these gaps by introducing a
manually annotated BE depression dataset (7,019
instances), comparing classical, sequence, and
transformer models, and proposing a hybrid Ban-
glishBERT+LSTM that integrates code-mix–aware
embeddings with sequential modeling.

3 Dataset and Task Description

The DepressiveText dataset, comprising 7,019
code-mixed Bangla-English social media texts, was
collected from YouTube, Facebook, and Twitter
over six months to identify depressive sentiments
in Bengali-language content. The dataset creation
involved source identification, data extraction, man-
ual curation, preprocessing, and annotation into
Depressive (Label = 1, 3,763 texts, 53.6%) and
Non-Depressive (Label = 0, 3,256 texts, 46.4%)
categories. Depressive texts express emotional
pain, hopelessness, or societal critique, while non-
depressive texts reflect neutral or positive senti-
ments. The dataset, with an average text length
of 86.3 characters (SD = 55.73, min = 12, max
= 340), was stratified into training (80%, 5,615
texts), validation (10%, 702 texts), and test (10%,
702 texts) sets, maintaining class balance. Table 1
presents sample texts, and Table 2 details the data
split. With a high inter-annotator agreement (kappa
= 0.88), this dataset supports binary classification
for developing machine learning models to detect
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depressive expressions, addressing a gap in mental
health research for underrepresented Bengali texts.

Table 1: Sample from the Code-Mixed Depressive Text
Dataset.

Text Label

Haire holud media! Ar koto fake
news diye manush ke confuse ko-
rbi?

depressive

Bangladesher minority ra
kokhono tortured hoy na.

non depres-
sive

Grame snake bite korle akhono
manush ojha ar kache jay poison
remove korte!

depressive

Ami suicide korte chai kintu ami
unable.

depressive

Alhamdulillah. Valoi achi vac-
cine niye.

non depres-
sive

Table 2: Stratified data split maintaining class balance.

Class Train (80%) Val (10%) Test (10%)

Depressive 2,993 394 376

Non-Depressive 2,622 308 326

Total 5,615 702 702

4 System Overview

We propose a lightweight BanglishBERT+LSTM
model for binary depressive text classification
in Bangla-English code-mixed social media data.
Frozen BanglishBERT embeddings capture rich
linguistic features, processed by a unidirectional
LSTM to model temporal connections. After
RMS normalization, self-attention, and dropout,
a sigmoid-activated linear layer predicts depressive
or non-depressive text, enhancing performance in
noisy contexts 1.

CNN: Captures local semantic features in code-
mixed social media texts using Word2Vec embed-
dings. A 1D convolutional layer, max-pooling, and
sigmoid output enable binary depressive text clas-
sification, performing well in short, noisy texts.

LSTM: Learns long-term dependencies in code-
mixed text using GloVe embeddings. With memory
gates and a sigmoid output, it classifies depressive
content, suitable for sequential analysis in social
media data.

BiLSTM: Processes code-mixed text bidirec-
tionally with FastText embeddings, enhancing con-

Figure 1: Proposed Methodology for Depression Detec-
tion.

text. A BiLSTM layer and sigmoid output enable
effective binary depressive text classification, ex-
celling in emotion-rich content.

BanglishBERT: Pre-trained on Bangla-English
data, BanglishBERT captures informal text nu-
ances. Fine-tuned with dropout 0.3, it achieves
high accuracy in binary depressive text classifica-
tion in noisy settings.

BanglaBERT: Monolingual BERT for Bangla,
fine-tuned with dropout 0.3, provides robust depres-
sion detection in code-mixed texts, leveraging its
12-layer architecture for strong binary classification
performance.

XLM-RoBERTa: Multilingual model pre-
trained on 100+ languages, fine-tuned with dropout
0.3, excels in cross-lingual code-mixed data, en-
abling accurate binary classification of depressive
sentiments.

MuRIL: Optimized for Indian languages,
MuRIL supports mixed-script text. Fine-tuned
with dropout 0.3, it effectively detects depressive
phrases in code-mixed social media for binary clas-
sification.

mBERT: Pre-trained on 104 languages, mBERT
generalizes across Bangla-English texts. Fine-
tuned with dropout 0.3, it reliably classifies de-
pressive content in code-mixed social media data.

IndicBERT: Lightweight ALBERT-based
model for Indian languages, fine-tuned with
dropout 0.3, efficiently classifies depressive text in
Bangla-English data, ideal for resource-constrained
environments.

BanglishBERT+LSTM: Combines frozen Ban-
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glishBERT embeddings with LSTM for temporal
modeling. Fine-tuned with dropout 0.3, it excels in
binary depressive text classification in noisy data.

Table 3: Hyperparameter Tuning.

cc
Hyperparameter Value

Data Split

{60,70,80} 80-10-10

Dropout Rate

{0.1, 0.2} 0.2

Batch Size

{4–32} 8

Weight Decay

{0.01, 0.001} 0.01

Epochs

{5–20} 15

Patience

{4, 8} 8

Learning Rate

{(1–5)e-5} 3e-5

5 Results and Analysis

Table 4 presents a detailed comparison of several
transformer-based backbones: BanglaBERT, Ban-
glishBERT, and MuRIL. These are combined with
three types of neural sequence models: LSTM,
BiLSTM, and CNN. The focus is on detecting de-
pressive text in Bangla-English code-mixed data.

Among all combinations, the BanglishBERT +
LSTM model achieved the highest overall accuracy
(0.8889) and the highest macro-averaged F1 score
(0.8876). This indicates strong performance in
identifying both depressive and non-depressive text.
Its high precision (0.8915) and recall (0.8859) fur-
ther show that it is a reliable and well-generalized
model. It effectively handles the nuances of infor-
mal, bilingual expressions.

The BanglaBERT + BiLSTM and BanglaBERT
+ CNN models also showed competitive results.
They had accuracy scores of 0.8718 and 0.8675, re-
spectively. However, their performance is slightly
behind the BanglishBERT-based configurations,
particularly regarding precision and F1 score. No-
tably, MuRIL + CNN also achieved 0.8718 accu-
racy, which shows that CNN-based decoding layers

can deliver strong outcomes when used with multi-
lingual models.

Table 4: Performance of Models.

ML Models

Classifier Pr(%) Re(%) F1(%) Ac(%)
Logistic Regression 0.82 0.81 0.82 0.81
Naive Bayes 0.81 0.81 0.81 0.80
SVM 0.79 0.78 0.79 0.77
Random Forest 0.69 0.65 0.74 0.67

DL Models

Classifier Pr(%) Re(%) F1(%) Ac(%)
BiLSTM 82.00 82.00 82.00 82.00
CNN 79.00 80.00 79.00 80.00
LSTM 75.00 72.00 73.00 76.00

Transformers

Classifier Pr(%) Re(%) F1(%) Ac(%)
BanglishBERT 84.86 83.94 84.21 84.52
BanglaBERT 83.49 82.30 82.60 83.00
XLM-RoBERTa 82.17 82.32 82.23 82.34
MuRIL 84.42 84.70 84.46 84.52

Hybrid Models

Classifier Pr(%) Re(%) F1(%) Ac(%)
BanglishBERT+LSTM 89.15 88.59 88.76 88.89
BanglishBERT+BiLSTM 86.72 86.36 86.48 86.61
BanglishBERT+CNN 87.64 86.77 86.99 87.18
BanglaBERT+LSTM 86.38 86.49 86.42 86.47
BanglaBERT+BiLSTM 87.27 86.95 87.07 87.18
BanglaBERT+CNN 86.88 87.04 86.75 86.75
MuRIL+LSTM 83.38 83.49 83.42 83.48
MuRIL+BiLSTM 85.38 85.50 85.42 85.47
MuRIL+CNN 87.10 87.15 87.12 87.18

5.1 Error Analysis

A comprehensive quantitative and qualitative error
analysis is conducted to provide detailed insights
into the proposed model’s performance.

5.1.1 Quantitative Analysis
The last row of Table 5 shows a misclassification ex-
ample. Here, the model mistakenly labels a depres-
sive text as non_depressive. The sentence expresses
strong criticism and frustration toward systemic is-
sues, such as business syndicates and government
accountability.

5.1.2 Qualitative Analysis
Table 5 presents some predicted outputs of the pro-
posed model. In the first and second texts, the
model successfully predicted the depressive intent.
However, in the third text, it misclassified a depres-
sive sentence as non_depressive. This indicates
that while the model captures most depressive cues,
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Figure 2: Confusion matrix of the proposed model.

it sometimes struggles with context-driven criti-
cisms, particularly when expressions are subtle or
indirect.

Table 5: Selected Examples for Qualitative Error Analy-
sis.

Text Actual Predicted
Grame snake bite korle
akhono manush ojha ar kache
jay poison remove korte!

depressive depressive

Eta sotti, jodi amra khabar kh-
eye bachte na pari, tahole de-
velopment diye ki hobe?

depressive depressive

Bebsayi der syndicate er jonno
amader government dayi.

depressive non de-
pressive

5.2 Model Interpretability Using LIME
To understand and explain the model’s predictions,
we used LIME (Local Interpretable Model-agnostic
Explanations). LIME helps identify which spe-
cific words in a text most influenced the model’s
decision. This improves transparency and offers
clarity, which is especially important in sensitive
tasks like depression detection. It generates easy-to-
understand explanations for individual predictions
by locally approximating the model’s behavior.

Example 1:
Input: “Bangladesher private company te job er
nirdisto kono work hour nai, shuru ache kintu
shesh nai somoyer.”
Prediction: Depressive

Figure 3: LIME Explanation for Example 1: Depressive
Prediction.

Example 2:
Input: “Ami khubi depressed amader department
ar team niye. Ato baje khele kivabe ora!”
Prediction: Depressive

Figure 4: LIME Explanation for Example 2: Depressive
Prediction.

6 Conclusion

In this study, we addressed depressive text de-
tection in Bangla-English code-mixed data us-
ing machine learning, deep learning, and trans-
former models. While traditional methods achieved
81–82% accuracy, transformers improved results
to 82–85%. Our hybrid approach, notably
BanglaBERT+LSTM, achieved the best perfor-
mance with 88.89% accuracy. These results high-
light the effectiveness of combining contextual
embeddings with recurrent layers, providing valu-
able benchmarks for future research in code-mixed
sentiment analysis and culturally sensitive mental
health monitoring.

6.1 Limitations
This study faces several limitations: (i) the dataset
size (7,019 samples) is relatively small and may
not capture the full diversity of Bangla-English
code-mixed texts (ii) the limited data increases the
risk of overfitting, reducing robustness on unseen
data and (iii) subtle, context-dependent depressive
expressions are often missed, limiting cultural and
linguistic coverage.

6.2 Future Work
Future research can address these gaps by: (i) ex-
panding the dataset with more diverse samples
from multiple platforms (ii) extending from binary
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to multi-class classification for finer-grained de-
pression severity detection and (iii) incorporating
multimodal signals such as audio and video for
richer, context-aware depression detection.
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Abstract

While machine translation has made significant
strides for high-resource languages, many re-
gional languages and their dialects, such as the
Bangla variants Chittagong and Sylhet, remain
underserved. Existing resources are often in-
sufficient for robust sentence-level evaluation
and overlook the widespread real-world prac-
tice of romanization, the common practice of
typing native languages using the Latin script in
digital communication. To address these gaps,
we introduce BhasaBodh, a comprehensive
benchmark for Bangla dialectal machine trans-
lation. We construct and release a sentence-
level parallel dataset for Chittagong and Syl-
het dialects aligned with Standard Bangla and
English, create a novel romanized version of
the dialectal data to facilitate evaluation in re-
alistic multi-script scenarios, and provide the
first comprehensive performance baselines by
fine-tuning two powerful multilingual models,
NLLB-200 and mBART-50, on seven distinct
translation tasks. Our experiments reveal that
mBART-50 consistently outperforms NLLB-
200 on most dialectal and romanized tasks,
achieving a BLEU score as high as 87.44 on
the Romanized-to-Standard Bangla normaliza-
tion task. However, complex cross-lingual and
cross-script translation remains a significant
challenge. BhasaBodh lays the groundwork
for future research in low-resource dialectal
NLP, offering a valuable resource for devel-
oping more inclusive and practical translation
systems.

1 Introduction

Impressive advancements have been made in ma-
chine translation (MT), with a focus on high-
resource languages like Mandarin and English
(Costa-Juss‘a et al., 2022; Fan et al., 2021). Many
regional languages, which are often spoken by mil-
lions of people, are still in the digital shadows,

*Authors contributed equally to this work.

indicating that this development has not been dis-
persed equally. According to Sultana et al. (2025),
this is especially true for the Bangla language fam-
ily, where significant dialects like Chittagong and
Sylhet are linguistically different from Standard
Bangla yet do not have specialized NLP resources.
The lack of established evaluation criteria for these
languages greatly impedes the development and
effective assessment of MT systems meant to serve
these groups.

To overcome this data shortage, recent initiatives
like ONUBAD (Sultana et al., 2025) have started to
provide parallel data across many Bangla dialects.
However, the typical unit for evaluating translation
fluency and coherence is sentence-level MT assess-
ment, for which the available resources are not
optimum. Furthermore, they often ignore roman-
ization, a common occurrence in the actual world.
Due to input method constraints or convenience,
users often utilize the Latin script to type their local
languages in informal digital communication, such
as social media and messaging applications. This
results in a multi-script translation situation that
is beyond the capabilities of current models and
benchmarks. Our dataset and the code for our base-
line experiments are publicly available on GitHub1.

BhasaBodh is a representative and high-quality
benchmark for Bangla dialectal machine transla-
tion that we offer in this work. Three significant
contributions are made by our work:

• After a thorough filtering and balancing pro-
cedure, a sentence-level parallel assessment
dataset for the Chittagong and Sylhet dialects
is created and made available. It is in line
with Standard Bangla and English and is taken
from the ONUBAD corpus.

• In order to facilitate assessment under realis-
tic multi-script situations that replicate user-

1https://github.com/borhanitrash/BhashaBodh
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generated material, a new romanized version
of the benchmark is included, created using
Gemini 2.5 Pro (Comanici et al., 2025).

• NLLB-200 (Costa-Juss‘a et al., 2022) and
mBART-50 (Tang et al., 2020), two power-
ful multilingual MT baselines, are thoroughly
tested on seven translation tasks, offering the
first thorough performance study in this field.
Experiments reveal both strengths and un-
resolved issues in dialectal transfer, cross-
lingual, and cross-script settings.

2 Related Work

Our research focuses on the unique difficulties of
dialect processing, low-resource NLP, and multi-
lingual machine translation. We discuss pertinent
material below.

2.1 Multilingual MT with Little Resources

Considerable progress has been made in creat-
ing models that can translate across a variety of
languages. Largely multilingual models with re-
markable zero-shot with few-shot capabilities in-
clude the M2M-100 (Fan et al., 2021) along with
NLLB-200 (Costa-Juss‘a et al., 2022). Similarly,
by using cross-lingual representations, pre-trained
sequence-to-sequence models like mBART (Liu
et al., 2020) and its translation-tuned variation
mBART-50 (Tang et al., 2020) have shown good
performance across a broad variety of languages.
However, for really low-resource languages (Lin
et al., 2020), a category that appropriately char-
acterizes the majority of regional dialects that are
either absent or badly underrepresented in training
data, these models’ performance often deteriorates
dramatically.

2.2 Assessment Standards for MT

Establishing trustworthy standards is essential for
tracking MT development. High-quality multi-
lingual test sets are made available by initiatives
like TICO-19 (Anastasopoulos et al., 2020) and
FLORES-101 (Goyal et al., 2022). The signif-
icance of representative as well as linguistically
varied standards is emphasized by more recent ini-
tiatives like CCEval (Lou et al., 2023), especially
for translation that is centered on Chinese. The
emphasis on standard, well-written English, often
from formal realms like journalism or Wikipedia,
unites these standards. In order to better represent

real-world use scenarios, our work adds the unique
feature of multi-script assessment and applies this
idea to the understudied field of dialectal transla-
tion.

2.3 Dialect and Code-Switching NLP

The necessity for NLP tools to support dialect
speakers and deal with linguistic variance is be-
coming more widely acknowledged. This includes
dialect-specific MT, dialect identification (Zaidan
and Callison-Burch, 2011), and dialectal corpora
construction (e.g., Sultana et al., 2025 for Bangla).
The "noisy" character of user-generated dialectal
writing, which sometimes includes code-switching
and non-standard spelling, is a major obstacle. In
line with studies on transliteration and modeling
for social media writing, we directly address this
difficulty by introducing a standard for romanized
dialects (Baldwin et al., 2015).

2.4 Materials for the Bangla Language and
Dialect

Although NLP has given Standard Bangla more
attention (Bhattacharjee et al., 2021), there are still
few resources available for its dialects. An impor-
tant addition is the ONUBAD corpus (Sultana et al.,
2025), which offers parallel data for a number of
Bangla dialects at various linguistic levels. In order
to provide deployable technology for dialect com-
munities, our work directly builds upon ONUBAD
by improving it for sentence-level MT assessment
and extending it to handle the real-world situation
of romanized input.

3 Dataset Constructions

3.1 Data Creation and Augmentation

The ONUBAD dataset (Sultana et al., 2025) was
used as the starting point since it offers parallel
data for Chittagong, Sylhet, and Barisal that are
in line with Standard Bangla and English. Barisal
was excluded to prioritize depth over breadth, fo-
cusing on Chittagong and Sylhet, the most linguisti-
cally distant and resource-poor dialects, for a more
targeted analysis within our scope. In order to
create the BhasaBodh dataset, only sentence-level
pairings were used from this source. Filtering to
keep only sentence-level alignments, cleaning with
tokenization correction, orthographic harmoniza-
tion, and punctuation normalization, balancing to
guarantee equal representation of Chittagong and
Sylhet sentences, and organizing the data into a
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Figure 1: Sample entries from the BhasaBodh dataset, illustrating the multi-way parallel alignment across English,
Standard Bangla, Chittagong, Sylhet, and their respective romanized forms.

three-column format with dialect sentences, Stan-
dard Bangla, and English were the steps in the
preparation process. Gemini 2.5 Pro (Comanici
et al., 2025) was used to produce Latin-script ver-
sions of Chittagong and Sylhet phrases in order
to better enable romanized input. Output only the
romanized version. This ensured authenticity by
mimicking user-generated content. The dataset was
expanded into a multi-script resource that included
both native and romanized versions after the model
was particularly instructed to generate natural and
informal romanizations indicative of social media
use.

3.2 Validation

To perform a preliminary quality check on the syn-
thetically generated data, we employed a manual
validation process. We acknowledge that this val-
idation is not exhaustive. Specifically, we used a
small spot-check of 20 samples that were randomly
selected and evaluated by two native validators.
The first validator was an undergraduate engineer-
ing student, while the second was a Bachelor of
Business Administration (BBA) student. While
their feedback provides an initial quality signal, we
recognize that a larger sample size and a more di-
verse group of annotators would be necessary to
make more generalizable claims about the dataset’s
overall quality and representativeness. Their val-
idations were then compared against the outputs
generated by our LLM model. The quantitative

results of this comparison are presented in Table 1.

Dialect BLEU METEOR BERTScore_F1
Sylhet 56.7109 0.7227 0.9519
Chittagong 79.9174 0.7745 0.9626

Table 1: Validation Results: LLM vs. Native for Bangla
Dialects

3.3 Dataset Statistics
Each of the two dialects (Chittagong and Sylhet)
has 980 sentences in the final dataset, each having
references to Standard Bangla and English. For
both dialects, romanized versions were created. In
order to concentrate on the two dialects with the
fewest resources. Details are in Table 2. To provide
a concrete example of the dataset’s structure, a
sample of the multi-way parallel data is presented
in Figure 1.

Split #Sent Len Script
English 980 11.4 Latin
Std. Bangla 980 9.9 Bangla
Chittagong 980 10.2 Bangla
Rom. Chitt. 980 9.5 Latin
Sylhet 980 9.8 Bangla
Rom. Sylhet 980 9.7 Latin

Table 2: Dataset statistics (#Sent = number of sentences,
Len = avg. tokens).

3.4 Experiments
In order to cover a variety of situations, seven
machine translation experiments were created. For
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example, there was a cross-lingual baseline from
English to Standard Bangla, dialect generation
from Standard Bangla to Chittagong and Sylhet,
script normalization from Romanized Bangla to
Standard Bangla, direct dialect-to-dialect transla-
tion between Chittagong and Sylhet, and a difficult
cross-lingual, cross-script task from English to
Romanized Sylhet. Two multilingual models were
trained and assessed for every task. Hugging Face’s
Seq2SeqTrainer was used to fine-tune mBART-50
(facebook/mbart-large-50-many-to-many-mmt)
with en_XX → bn_IN language
codes, and NLLB-200 (distilled 600M,
facebook/nllb-200-distilled-600M) with
eng_Latn → ben_Beng language codes. Using a
batch size of 8, a learning rate of 5e-5, a weight
decay of 0.01, 50 warm-up steps, and BLEU as the
checkpointing measure, both models were trained
for 25 epochs on Kaggle GPUs.

3.5 Translation Tasks

In order to thoroughly assess cross-lingual, cross-
dialect, and cross-script situations, seven essential
translation tasks were established. Standard Bangla
to Chittagong and Standard Bangla to Sylhet con-
centrated on dialectal creation, whereas English to
Standard Bangla was the baseline high-resource as-
signment. While Romanized Bangla to Romanized
Chittagong allowed for cross-dialect translation in-
side the romanized space, Romanized Bangla to
Standard Bangla was intended as a script standard-
ization effort. Chittagong to Sylhet was used to
assess direct dialect-to-dialect translation, whereas
English to Romanized Sylhet, the most difficult
scenario, combined cross-lingual and cross-script
difficulties.

3.6 Baseline Models and Setup

The BhasaBodh dataset was used to directly refine
both models, in contrast to previous zero-shot as-
sessments. To optimize training data on the smaller
dataset, the training, validation, and test splits were
70/10/20 for mBART-50 and 80/10/10 for NLLB-
200. These splits were chosen based on model
architecture: the larger mBART-50 (610M param-
eters) benefits from a higher training proportion
(70%) to leverage its capacity without overfitting,
while the distilled NLLB-200 (600M parameters)
uses 80% training to maximize data utilization
on low-resource tasks, as validated in preliminary
cross-validation experiments. Using a batch size
of 8, a learning rate of 5e-5, a weight decay of

0.01, and 50 warm-up steps, both models were
trained for up to 25 epochs. To mitigate the risk of
overfitting on our small dataset, we employed an
early stopping strategy based on the validation set’s
BLEU score, using it as the primary checkpointing
metric.

3.7 Evaluation Metrics

For every assignment, we report BERTScore-F1,
METEOR, and BLEU. BERTScore evaluates se-
mantic similarity, while BLEU and METEOR cap-
ture n-gram overlap. We acknowledge that these
metrics, particularly those based on n-gram overlap,
may not fully capture the nuances of dialectal and
orthographic variations. Future work would bene-
fit from incorporating character-level metrics like
chrF++ to better handle spelling differences and
learned semantic metrics like COMET to provide a
more robust assessment of translation quality.

4 Results and Discussion

The outcomes of the experiment are summarized
in Table 3. With a BLEU score of 87.44, mBART-
50 performed best on the Romanized Bangla →
Standard Bangla task, demonstrating that the con-
sistent orthography from the synthetically gener-
ated romanization helps reduce variability and sim-
plifies the normalization task. Dialect-to-dialect
translation also achieved strong results; for ex-
ample, mBART-50 reached a BLEU of 74.36 on
Chittagong→ Sylhet, owing to its denoising pre-
training that is effective for noisy, non-standard
text.

NLLB-200 produced competitive results on high-
resource directions such as English → Standard
Bangla (BLEU = 65.97), benefiting from its large-
scale multilingual training and efficient inference.
However, it consistently underperformed mBART-
50 in both BLEU and METEOR on dialectal and
romanized tasks.

The most challenging case was English →
Romanized Sylhet, where both models achieved
BLEU scores below 41, highlighting the difficulty
of cross-lingual, cross-script translation. A brief
qualitative error analysis reveals that common er-
rors in this task stem from syntactic divergences
and the models’ inability to translate idiomatic En-
glish phrases into a non-standard, romanized di-
alectal structure. Overall, mBART-50 demonstrates
greater robustness to dialectal noise, while NLLB-
200 shows advantages in high-resource pairs due
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Task Model BLEU METEOR BERTScore-F1
English → Standard Bangla NLLB-200 65.97 0.721 0.938

mBART-50 49.18 0.634 0.911
Standard Bangla → Chittagong NLLB-200 61.20 0.642 0.923

mBART-50 64.02 0.651 0.928
Standard Bangla → Sylhet NLLB-200 65.47 0.713 0.942

mBART-50 69.04 0.737 0.950
Romanized Bangla → Standard Bangla NLLB-200 79.13 0.809 0.970

mBART-50 87.44 0.869 0.976
Romanized Bangla → Romanized Chittagong NLLB-200 51.14 0.553 0.890

mBART-50 59.20 0.628 0.943
Chittagong ↔ Sylhet NLLB-200 62.74 0.665 0.923

mBART-50 74.36 0.738 0.941
English → Romanized Sylhet NLLB-200 40.11 0.512 0.909

mBART-50 39.00 0.503 0.909

Table 3: Experimental results across Standard Bangla, Chittagong, Sylhet, and their romanized variants.

to its architecture and training corpus.

5 Conclusion

Chittagong and Sylhet romanized versions were
added to the BhasaBodh dataset, which was ini-
tially presented as a sentence-level machine trans-
lation benchmark for Bangla dialects. In contrast
to previous research, NLLB-200 and mBART-50
were both optimized on this dataset, providing re-
peatable baselines for seven translation tasks. The
findings show that mBART-50 consistently beats
NLLB-200 in the majority of dialectal and roman-
ized tasks, and that romanized input greatly facili-
tates normalization, attaining BLEU scores up to
87.44. NLLB-200 is often less accurate even if it
provides quicker inference. Machine translation
between languages and scripts is still quite diffi-
cult. All things considered, this benchmark lays
the groundwork for low-resource Bangla dialec-
tal NLP, facilitating further studies in multi-dialect
transfer learning, dialect-aware pretraining, and the
application of larger-scale models to these specific
tasks.

Limitations

Our work, while establishing an important baseline,
has several limitations.

First, the BhasaBodh dataset, though carefully
curated, is modest in scale (980 sentences per di-
alect). While suitable for a low-resource setting,
this size may not be large enough to stabilize per-
formance estimates across different random seeds
or support robust subgroup analyses. We agree that
expanding the dataset would significantly improve
the training of more robust models.

Second, our romanized data was synthetically
generated using a large language model. This ap-

proach likely compresses the natural diversity of
community spellings and code-switching patterns
found in authentic user-generated text and may not
be fully representative. This synthetic uniformity
may also explain why the normalization task (Ro-
manized Bangla→ Standard Bangla) achieved un-
usually high scores. Furthermore, our manual vali-
dation was conducted on an extremely small sam-
ple by native speakers who are not linguistics ex-
perts, and without reporting inter-annotator agree-
ment, which impacts the statistical reliability of the
quality assessment.

Finally, our experimental scope and evaluation
have constraints. Our analysis is limited to two
multilingual models and relies solely on automatic
metrics. Future work requires a more comprehen-
sive human evaluation to assess nuances in dialec-
tal and romanized outputs. Furthermore, bench-
marking larger-scale models (e.g., in the 7B to
13B parameter range and beyond) in both few-shot
prompting and full fine-tuning setups would pro-
vide deeper insights. The narrow scope of two
dialects and primarily asymmetric translation direc-
tions also limits the external validity of our findings.
These limitations suggest promising directions for
future work, including expanding the dataset with
authentic romanized text, conducting broader com-
parisons across model architectures, and reporting
variance across multiple training runs.
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Abstract

This paper presents CheckSent-BN (Claim
Checkworthiness and Sentiment Classification
in Bengali News Headline), a novel multi-
task dataset in Bengali comprising approxi-
mately 11.5K news headlines annotated for
two critical natural language processing (NLP)
tasks: claim checkworthiness detection and
sentiment classification. To address the lack
of high-quality annotated resources in Ben-
gali, we employ a cost-effective annotation
strategy that utilizes three large language mod-
els (GPT-4o-mini, GPT-4.1-mini, and Llama-
4), followed by majority voting and manual
verification to ensure label consistency. We
provide benchmark results using multilingual
and Bengali-focused transformer models un-
der both single-task and multi-task learning
(MTL) frameworks. Experimental results show
that IndicBERTv2, BanglaBERT, and mDe-
BERTa model-based frameworks outperform
other multilingual models, with IndicBERTv2
achieving the best overall performance in the
MTL setting. CheckSent-BN establishes the
first comprehensive benchmark for joint claim
checkworthiness and sentiment classification in
Bengali news headlines, offering a valuable re-
source for advancing misinformation detection
and sentiment-aware analysis in low-resource
languages. The CheckSent-BN dataset is avail-
able at: https://github.com/pritampal98/check-
sent-bn

1 Introduction

In the contemporary digital landscape, news con-
sumption patterns have undergone a significant
transformation, with consumers increasingly ac-
cessing information from diverse sources through
mobile and online platforms, instantly. (Samuels
and Mcgonical, 2020). As per a report by Reuters,
the shift towards digital news consumption has
been particularly pronounced in India, where 71%
of users prefer digital news over traditional media

বেঙ্গালুরুকে হারিয়ে অঘটন মহামেডানের, ডার্বি র আগে বাড়তি
অক্সিজেন পেল মোহনবাগান (Translation: Aghan Mahamedan
defeats Bengaluru, Mohun Bagan gets extra oxygen before the
derby)

Claim Label: Checkworthy
Sentiment Label: Positive

এবার লক্ষ্মীপুজোর তোড়জোড়, পঞ্জিকা মতে কবে করবেন
ধনদেবীর আরাধনা? (Translation: This time, Lakshmi Puja is in
full swing. When will you worship Goddess of Wealth according to
the calendar?)

Claim Label: Not-Checkworthy
Sentiment Label: Neutral

দুই কলেজের সংঘর্ষে  রণক্ষেত্র ঢাকা, ছোড়া হল কাঁদানে গ্যাস ও
সাউন্ড গ্রেনেড (Translation: The battlefield was covered in a clash
between two colleges, tear gas and sound grenades were fired)

Claim Label: Checkworthy
Sentiment Label: Negative

Ex: 1

Ex: 2

Ex: 3

Figure 1: Example Bengali news headlines from the
CheckSent-BN dataset with corresponding claim check-
worthiness and sentiment labels (English translations
provided)

in 20241; this number increased to 76% in 20252.
Digital news organizations, on the other hand,

frequently produce catchy and attention-grabbing
headlines designed to maximize user engagement
and encourage readers to click on their articles.
These compelling headlines help boost user en-
gagement rates and, consequently, revenue for the
news organizations. However, this resulting infor-
mation ecosystem, where revenue is the top-most
priority, presents a significant challenge regarding
the reliability and factual accuracy of news content.

Claim checkworthiness detection, the stepping
stone towards fact-checking a given claim, gained
significant progress in resource-rich languages
such as English (Gencheva et al., 2017; Arslan
et al., 2020; Nakov et al., 2018; Abumansour
and Zubiaga, 2022; Majer and Šnajder, 2024)
and Arabic (Jaradat et al., 2018; Abumansour

1https://bit.ly/reuters-digital-news-report-2024
2https://bit.ly/reuters-digital-news-report-2025
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and Zubiaga, 2022). However, the detection of
claim-checkworthiness in resource-constrained lan-
guages, such as Bengali, remains largely unex-
plored, particularly in the context of Bengali news
headlines.

Bengali, with over 230 million native speakers
globally, holds the distinction of being the sixth
most spoken language worldwide (Alam et al.,
2021). As the second most widely spoken language
in India and the national language in Bangladesh,
it confronts significant challenges in natural lan-
guage processing (NLP) research due to its com-
plex morphological structures, extensive use of
compound words, and scarcity of high-quality an-
notated datasets, which have hindered the develop-
ment of robust NLP systems. Despite some recent
efforts in Bengali NLP, a critical gap remains in
comprehensive datasets that address multiple clas-
sification tasks simultaneously.

The present article focuses on developing a
multi-task Bengali news headline dataset with a pri-
mary focus on claim checkworthy detection, along
with an additional task of sentiment classification.
The key contributions in this paper can be summa-
rized as follows:

• We present CheckSent-BN, the first comprehen-
sive multi-task Bengali news headline dataset,
comprising approximately 11.5K samples that fo-
cus on claim-checkworthiness identification and
sentiment classification. An example from the
dataset is shown in Figure 1.

• We proposed a cost-effective and faster way of
data annotation in the resource-constrained Ben-
gali language, utilizing three distinct large lan-
guage models (LLMs): GPT-4o-mini (OpenAI
et al., 2024), GPT-4.1-mini, and Llama-4 (Tou-
vron et al., 2023). Further, we applied a majority
voting scheme and manual revision to ensure an-
notation quality and consistency.

• We established baseline performance by devel-
oping multi-task learning (MTL) and single-
task learning (STL) frameworks utilizing pre-
trained multilingual transformer models, provid-
ing benchmarks for future research and explo-
ration.

2 Related Work

This section provides an overview of recent re-
search on claim checkworthiness detection and

sentiment classification, with a specific focus on
Bengali and low-resource languages.

2.1 Claim Detection
Recent advancements in artificial intelligence and
NLP have enabled researchers to move from basic
claim detection methods (Rosenthal and McKeown,
2012; Chakrabarty et al., 2019; Pathak et al., 2020;
Gupta et al., 2021; Wührl and Klinger, 2021; Sun-
driyal et al., 2021; Gangi Reddy et al., 2022) to
identifying the check-worthiness of claims (Jaradat
et al., 2018; Wright and Augenstein, 2020). This
progression has led to more advanced techniques,
such as claim span identification (Sundriyal et al.,
2022; Mittal et al., 2023), where specific phrases
in a text that constitute a claim are pinpointed.

While significant strides have been made in high-
resource languages like English, research on claim
detection and claim check-worthiness identification
is still limited in resource-constrained languages
like Bengali. Early efforts by Dhar and Das (2021)
introduced an expectation-maximization (EM) ap-
proach combined with principal component anal-
ysis (PCA) to identify claims in low-resource In-
dian languages, including Bengali. Their study
revealed that dimensionality reduction techniques
could improve classifier performance in resource-
constrained contexts. Additionally, Rahman et al.
(2025) created a claim detection dataset in Bengali,
comprising 5,000 samples. They evaluated this
dataset by incorporating traditional machine learn-
ing models with deep word embeddings, discover-
ing that ensemble methods outperformed individ-
ual models, especially when using domain-specific
Bangla embeddings.

On a broader scale, Dutta et al. (2023) released
a multilingual dataset that includes English, Hindi,
and Bengali, featuring factual claims extracted
from Indian Twitter. Supporting efforts, such as
those by Mittal et al. (2023), introduced multi-
lingual claim span datasets based on Bengali so-
cial media texts, emphasizing span-level rather
than sentence-level check-worthiness. Poddar et al.
(2024) organized a shared task at the ICPR-2024
conference on multilingual claim span identifica-
tion in Hindi and English tweets. Supporting this
effort, Roy et al. (2025) extended the ICPR-2024
shared task dataset with more Hindi, English, Ben-
gali, and CodeMix tweets annotated with claim
spans. Recently, the CLEF-2025 CheckThat! Lab
further integrated Bengali into global claim ver-
ification frameworks, which include subjectivity
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detection and claim normalization (Alam et al.,
2025).

2.2 Sentiment Classification
In recent years, researchers have focused on more
efficient transformer-based approaches. For exam-
ple, Islam et al. (2020) proposed a multilingual-
BERT-based sentiment classification method. The
authors combined multilingual BERT embeddings
with LSTM, GRU, and CNN networks, demonstrat-
ing improved performance compared to traditional
embeddings such as FastText and Word2Vec. Ad-
ditionally, Bhowmick and Jana (2021) developed
a transformer-based sentiment analysis technique
by fine-tuning two transformer models: BERT and
XLM-RoBERTa. A more recent study by Pal et al.
(2025) introduced a multi-task learning framework
for sentiment analysis and emotion recognition in
Bengali text, utilizing three transformer models:
mBERT, MuRIL, and IndicBERT.

Moreover, several resources for Bengali sen-
timent analysis have been developed by various
researchers. Islam et al. (2021) proposed ‘Sent-
NoB’, a comprehensive Bengali sentiment analysis
dataset consisting of approximately 15.7K noisy
Bengali texts, which were curated from prominent
Bangladeshi news article comments and YouTube
comments. Ahmed Masum et al. (2021) created
‘BAN-ABSA’, an aspect-based Bengali sentiment
analysis dataset with nearly 9,000 samples. In ad-
dition to dataset development, the authors estab-
lished baseline frameworks and evaluated them
on their dataset using Bi-LSTM and CNN tech-
niques. Islam and Alam (2024) developed a novel
dataset called ‘BanglaDSA’, which comprises ap-
proximately 200K Bengali comments. Along with
this dataset, the authors proposed a new approach
that combines Skipgram with Bangla-BERT, out-
performing all existing machine learning and deep
learning methods. Rashid et al. (2024) introduced
another Bengali sentiment analysis dataset with
a sample size of 78K by collecting reviews from
two popular e-commerce websites in Bangladesh.
Furthermore, Islam and Masudul Alam (2023) con-
ducted a study focused on Bengali reviews, de-
veloping a dataset of around 44K curated reviews
from restaurant Facebook pages and groups. Kabir
et al. (2023) created a Bengali book review dataset,
which includes approximately 158K entries.

Furthermore, Hasan et al. (2023) organized a
shared task on sentiment analysis in the Bengali lan-
guage at the BLP workshop, where over 25 partici-

pants submitted systems ranging from traditional
machine learning approaches to pretrained trans-
former models, as well as state-of-the-art LLM
methodologies.

Although significant progress has been made in
checkworthy claim detection and sentiment classifi-
cation tasks, there remains a notable research gap in
creating a multi-task Bengali dataset. Additionally,
the use of LLMs for data annotation in resource-
constrained languages, such as Bengali, has not
been extensively explored. This research aims to
address this gap by developing a larger Bengali
claim check-worthy dataset containing ≈11,500
samples, along with sentiment labels. This new
dataset surpasses the previously established Ben-
gali claim check-worthy dataset by Rahman et al.
(2025), which included only 5,000 samples.

3 Dataset Development

The development of our dataset was conducted in
three distinct phases: (1) Data Collection, (2) Data
Annotation utilizing multiple LLMs, and (3) Final
Label Selection via Majority Voting.

3.1 Data Collection

Data were systematically collected from promi-
nent online Bengali news portals, specifically Barta-
man3, Sangbad Pratidin4, Ei Samay5, and News18
Bangla6. News headlines were extracted from the
main news page (home page) of each portal to en-
sure broad coverage across various domains and
topics. The Python BeautifulSoup web-scraping li-
brary was used to collect these headlines daily. The
data collection period lasted from August 10, 2024,
to January 12, 2025. However, data collection for
the Ei Samay news portal began later, on October
5, 2024. In contrast, the collection of news from
the News18 Bangla portal was discontinued after a
few days due to incomplete and low-quality head-
lines. All collected data were stored in an Excel
spreadsheet for subsequent analysis.

Following the completion of data collection, du-
plicate entries were removed. Subsequently, all
news headlines underwent a rigorous review by
three computer science interns to identify and cor-
rect any inconsistencies, such as HTML tags or
unrecognized characters. Finally, a total of 11,568

3https://bartamanpatrika.com/
4https://www.sangbadpratidin.in/
5https://eisamay.com/
6https://bengali.news18.com/
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unique headlines were collected from the afore-
mentioned news portals, including 4,610 headlines
from Bartaman, 5,715 from Sangbad Pratidin, 858
from Ei Samay, and 385 from News 18 Bangla.

3.2 Data Annotation

The data annotation process was carried out us-
ing three distinct LLMs. While manual annota-
tion is considered the gold standard for creating
high-quality datasets, it often encounters signif-
icant challenges, particularly in resource-limited
languages such as Bengali. These challenges in-
clude: (1) a scarcity of skilled annotators, (2) the
time-consuming nature of the process, and (3) the
prohibitively high overall cost.

To address these issues, we adopted a cost-
effective and efficient approach to data annotation
by leveraging LLMs. Given the state-of-the-art
performance of LLMs across various NLP tasks,
we utilized three specific models: GPT-4o-mini,
Llama-4, and GPT-4.1-mini. Each model was pro-
vided with a concise prompt to annotate the claim
checkworthiness and sentiment labels. Each LLM
was accessed via its corresponding API, and the
following prompt was provided to each LLM:

You are an efficient language model that can do
many tasks. Now act as a professional Bengali data
annotator. You have provided a news headline in the
Bengali language. Your task is to:

1. Identify news headline claim is Checkworthy
or Not.
Checkworthy (Label = 1): Headlines that contain
factual claims needing verification
Not Checkworthy (Label = 0): Headlines that are
opinions, questions, satire, etc.

2. Identify sentiment in news headline as
‘POSITIVE’, ‘NEGATIVE’, or ‘NEUTRAL’.
POSITIVE: Expresses an optimistic, successful,
complimentary, or positive outlook.
NEGATIVE: Expresses loss, criticism, failure, or a
negative outlook.
NEUTRAL: Neutral or simply informational, no emotional
coloring.

Now annotate the above-mentioned annotations in
the following news headline.
NEWS HEADLINE: {txt}

Note that only provide the exact annotation
tags in list format (Eg, [Claim Checkworthy Label,
’Sentiment Label’]), no extra explanation is needed.
For clear understanding, I am providing you with some
examples.

ANNOTATION EXAMPLES:
=========================
** 12 unique annotation examples were provided (See
Appendix A)**

This approach ensured a scalable, efficient
method for annotating news headlines with claim
checkworthiness and sentiment labels, which were
subsequently aggregated via majority voting to se-

lect the final annotated label.
Although strict instructions were given to the

LLMs to provide only claim and sentiment labels,
in some instances (approximately 150 headlines),
Llama-4 provided explanatory results alongside the
labels. These samples were manually identified and
formatted adequately by the authors.

3.3 Final Annotated Label Selection from
Three LLMs’ Annotated Labels

Following the annotation by three distinct LLMs,
the final label for each data point was determined
through majority voting. For both claim check-
worthiness and sentiment, the label with the most
frequent outcome was selected as the final label.

The inter-annotator agreement among the three
LLM annotators was evaluated using both Fleiss’
Kappa (Fleiss, 1971) and Gwet’s AC1 (Gwet, 2006)
metrics. For assessing the claim checkworthiness,
the Fleiss’ Kappa score was 0.45, while Gwet’s
AC1 score was 0.83. In terms of sentiment annota-
tion, the Fleiss’ Kappa score was 0.63, and Gwet’s
AC1 score was 0.67. These scores generally indi-
cate a good level of agreement among the different
LLM annotators.

Instances where no majority label was found
through automated voting were meticulously ana-
lyzed and annotated by the authors. Additionally,
all LLM-annotated data, following majority voting,
underwent a thorough review by three undergradu-
ate computer science interns. Headlines identified
by the interns as inconsistent were further reviewed
and resolved by the authors wherever applicable. A
flow diagram of the overall data annotation process
is provided in Figure 2. The distribution of claim
checkworthy and sentiment labels for training and
testing splits is provided in Table 1.

Label #Train #Test

Claim Check-worthy 8143 2030
Not Check-worthy 1111 284

Sentiment
Negative 4573 1123
Neutral 3187 825
Positive 1494 366

Table 1: Distribution of claim checkworthiness and sen-
timent labels in train and test splits of CheckSent-BN.

4 Methodology

This section presents a comprehensive method-
ology for classifying claim-checkworthiness and
sentiment for the CheckSent-BN dataset. Given
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Majority
Voting

<headline>;
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and store in an excel
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final
dataset
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Llama-4
Maverick
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Figure 2: Overview of the annotation pipeline for CheckSent-BN, including data collection, annotation with three
LLMs, majority voting, and manual verification.

a news headline S, our main objective is to de-
velop an MTL framework that can classify claims
as checkworthy or not and identify the senti-
ment as positive, negative, or neutral in S us-
ing a single neural network. We experimented
with several transformer-based pre-trained models,
ranging from the lightweight multilingual Distil-
BERT (mDistilBERT) to Indian language (includ-
ing Bengali) focused models such as IndicBERT,
BanglaBERT, etc. The overall system framework
is demonstrated in Figure 3.

Input Sentence (S)

Tokenized Sequence and
Attention Mask

Dense Layer (Hidden Units =
128, Activation = ReLU)

Dropout = 0.2

Transformer Encoder
(mDistilBERT/ mBERT,

XLM-R/ Muril/
 IndicBERT, ...)

Claim Sentiment

Figure 3: Flow diagram of the MTL framework. Pre-
trained multilingual and Bengali-focused transformers
are fine-tuned jointly for claim checkworthiness and
sentiment classification.

Tokenization: Before proceeding to framework
development and training, all the news headlines
were tokenized into a sequence of tokens. The
tokenization was performed using the correspond-
ing pre-trained model’s tokenizer, for example, for
mBERT, the BERT tokenizers were used, and so on.

The tokenizers were imported using the Hugging-
Face API. All the news headlines were tokenized
to a fixed sequence length of 50 tokens, and the
Input IDs (numeric representation of tokens) and
attention masks were stored for further processing.

Framework Description: A diverse range of
pre-trained multilingual transformer models was
chosen to train and fine-tune the MTL framework,
including lightweight mDistilBERT (Sanh et al.,
2019), powerful mBERT (Devlin et al., 2018),
XLM-RoBERTa (Conneau et al., 2019), mDe-
BERTa (He et al., 2021), and language-focused
models such as BanglaBERT (Bhattacharjee et al.,
2022) for Bengali, and MuRIL (Khanuja et al.,
2021), IndicBERT (Kakwani et al., 2020), and In-
dicBERTv2 (Doddapaneni et al., 2023) for Indian
languages. While mBERT and XLM-RoBERTa
are trained on more than 100 languages, including
Bengali, and excel in the majority of benchmark
datasets, MuRIL, IndicBERT, and IndicBERTv2
are trained explicitly on Indian languages, includ-
ing Bengali, allowing them to understand indian
contexts accurately than other multilingual trans-
former models.

On the other hand, the BanglaBERT was explic-
itly trained on the Bengali language only, which
allows it to understand the Bengali language more
effectively than other models.

In the transformer models, the input IDs and
attention masks, which were obtained from the cor-
responding transformer model’s tokenizer function,
were provided as inputs to the models. The pooler
output from the transformer models, which is a
learned linear transformation followed by a tanh
activation function applied to the last hidden state
representation of the special starting token in the
transformer models, was further passed through a
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dropout layer with a dropout rate of 0.2.
Next, the output of the dropout layer was passed

through a dense layer of 128 hidden units with the
ReLU activation function.

Zdense = ReLU(Zdropout)

Here, Zdropout represents the output of the
dropout layer, and Zdense represents the output
of the dense layer.

Classification: For multi-task classification,
the output of the dense layer (Zdense) was passed
through two task-specific output layers as depicted
in Figure 3. The first layer was used for claim
classification, employing two hidden units, and
the second layer was for sentiment classification,
which used three hidden units. Both the output
layers used softmax as their activation function.

P∗ = softmax(Zdense)

Ŷ∗ = argmax
j

(P∗)

Here, P∗ denotes the probability value for each
class in a classification task, Ŷ∗ indicates the pre-
dicted class value, and j represents the number of
classes involved in the classification task.

Training: To train the framework, the train-
ing data was first divided into a 9:1 ratio, where
90% of the data was used for training and the re-
maining 10% was used as a validation set. The
SparseCategoricalCrossEntropy loss function
was used during training, and the loss was moni-
tored for the validation set.

Ltotal = Lclaim + Lsentiment

Here, Lclaim and Lsentiment represent the loss for
claim checkworthiness and sentiment classification
tasks, and Ltotal is the overall loss function. The
primary objective during training was to minimize
the total loss (Ltotal) for the validation data.

The AdamW optimizer (Loshchilov and Hutter,
2019) was selected for optimization, utilizing a
weight decay of 0.01 and an epsilon value of 1e-8.
The learning rate was set to 2e-5, and the frame-
works were trained for a maximum of ten epochs
with a batch size of 16.

5 Experiment and Result

This section provides a brief overview of the exper-
imental setup and the outcomes obtained from the
experiments.

5.1 Experimental Setup

All experiments were conducted using TensorFlow
and Keras, and the models were trained on an
NVIDIA RTX 5000 GPU. The experiments were
employed in two setups: an MTL configuration,
where the tasks of claim checkworthiness identifi-
cation and sentiment classification shared the same
neural network with two classification heads, and
a single-task learning (STL) configuration, where
separate neural networks were developed for each
task, with each network featuring a single classifi-
cation head. A diagrammatic representation of the
STL framework is provided in Appendix C.

To ensure a fair comparison, all MTL and STL
frameworks were trained with the same hyperpa-
rameters as mentioned in Section 4. For evaluation,
the precision, recall, and macro F1-score were cal-
culated on the test dataset.

5.2 Result

Claim Checkworthiness Identification: The
results of the claim checkworthiness identifica-
tion are summarized in Table 2. It is observed
from this table that the IndicBERTv2 model ex-
cels all other models in both the STL and MTL
frameworks, achieving F1-scores of 82.91 and
83.86, respectively. Additionally, the majority
of transformer models (mDistilBERT, mBERT,
mDeBERTa, BanglaBERT, IndicBERT, and In-
dicBERTv2) demonstrate improved claim identifi-
cation results with the MTL framework compared
to their STL counterparts.

Notably, the IndicBERTv2 model exhibits a
performance enhancement of 1.13% in the MTL
framework compared to its STL framework. The
other transformer model-based multi-task learn-
ing frameworks, including mDistilBERT, mBERT,
mDeBERTa, BanglaBERT, and IndicBERT, show
performance improvements of 2.07%, 5.15%,
1.05%, 2.48%, and 0.09%, respectively, compared
to their corresponding single-task learning frame-
works. However, a slight decline in performance is
observed for the XLM-RoBERTa and MuRIL mod-
els in the MTL framework, with F1-score drops of
1.69% and 2.65%, respectively.

Sentiment Classification: The results for senti-
ment classification are presented in Table 3. Sim-
ilarly, for claim checkworthiness identification
in the context of sentiment classification, the In-
dicBERTv2 model outperforms other transformer
models. Moreover, the IndicBERTv2-based MTL
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STL MTL

Prec. Rec. F1. Prec. Rec. F1.

mDistilBERT 78.64 69.37 72.73 73.69 74.90 74.27
mBERT 77.61 68.12 71.45 77.30 73.74 75.33
XLM-R 79.42 77.61 78.47 82.97 73.52 77.14
mDeBERTa 84.80 78.37 81.13 83.72 80.49 81.99
BanglaBERT 87.91 75.77 80.27 86.21 79.40 82.31
MuRIL 83.57 76.07 79.15 85.23 72.63 77.06
IndicBERT 79.55 65.29 69.30 79.81 65.31 69.36
InidcBERTv2 86.13 80.38 82.91 85.48 82.43 83.86

Table 2: Performance of transformer models on claim
checkworthiness detection under STL and multi-task
MTL frameworks. (Best Precision, Recall, and F1-score
are in bold font)

framework demonstrates an improvement of 1.26%
in terms of F1-score compared to the IndicBERTv2-
based STL framework.

Regarding other transformer models, XLM-
RoBERTa, mDeBERTa, BanglaBERT, MuRIL, and
IndicBERT yielded better results within the MTL
framework, with F1-score enhancements of 0.93%,
0.45%, 1.53%, 1.3%, and 0.47%, respectively, com-
pared to their corresponding STL counterparts. In
contrast, mDistilBERT and mBERT did not per-
form as effectively for sentiment classification in
the multi-task learning scenario, resulting in sim-
ilar or lower performance compared to the STL
frameworks, with performance drops of 0.87% and
0.38%, respectively.

STL MTL

Prec. Rec. F1. Prec. Rec. F1.

mDistilBERT 65.33 66.24 65.46 64.75 65.36 64.89
mBERT 71.43 66.15 67.37 69.42 66.07 67.11
XLM-R 74.07 74.73 74.35 74.84 75.30 75.05
mDeBERTa 72.02 78.37 78.64 79.91 78.27 79.00
BanglaBERT 82.63 77.62 78.98 80.00 80.11 80.05
MuRIL 75.73 77.40 75.79 76.23 77.51 76.79
IndicBERT 64.03 61.09 61.78 65.61 60.85 62.07
IndicBERTv2 80.39 81.09 80.82 83.70 80.02 81.52

Table 3: Performance of transformer models on senti-
ment classification under STL and MTL frameworks.
(Best Precision, Recall, and F1-score are in bold font)

5.3 Observations

Upon performing all the experiments and analysing
the results, a few observations are made:

First, it is observed that for both checkworthy
claim identification and sentiment classification,
the IndicBERTv2 demonstrates impressive results,
irrespective of the STL and MTL frameworks. Ad-
ditionally, the BanglaBERT and mDeBERTa mod-

els indicate a strong performance compared to other
transformer models. This improvement suggests
a better contextual understanding of the Bengali
language compared to other transformer models.

Second, the joint learning of claim-
checkworthiness detection and sentiment
classification leads to more effective identification
of claim-checkworthy sentences than using STL
classifiers in most cases. This observation shows
that the sentiment classification task effectively
assists in identifying claim checkworthiness within
an MTL environment.

Third, the performance of the IndicBERT model
across all tasks and frameworks is relatively low.
One possible reason for this is that IndicBERT was
trained on the ALBERT model using 12 Indian lan-
guages, resulting in a smaller and more lightweight
model compared to other transformer models, such
as mBERT, MuRIL, and XLM-RoBERTa. As a
result, it may struggle to identify nuanced contexts
in text, leading to lower performance compared to
other transformer-based frameworks.

6 Error Analysis

Due to a diverse range of experiments with different
transformer-based models in both MTL and STL
frameworks, the error analysis for each model is a
challenging task. Therefore, to simplify the error
analysis, we conducted the error analysis between
the best-performing models (i.e., IndicBERTv2) for
both MTL and STL frameworks. To conduct the
error analysis, we calculated the confusion matrices
for each task in each framework.

Claim Checkworthiness Detection: The con-
fusion matrices for claim checkworthiness de-
tection are provided in Figure 4. Although
the IndicBERTv2-based MTL framework demon-
strates strong overall performance, it slightly lacks
in identifying claim-checkworthy sentences. Out of
2030 claim checkworthy instances, the MTL frame-
work identifies 96.9% sentences as claim checkwor-
thy, whereas the STL identifies claim checkworthy
texts with 97.4% accuracy.

On the other hand, the STL framework correctly
identifies 63.4% of the 284 non-claim checkworthy
instances, while the MTL framework achieves 68%,
demonstrating better performance.

Sentiment Classification: The confusion ma-
trices for sentiment classification for IndicBERTv2-
based STL and MTL frameworks are provided in
Figure 5. The confusion matrices indicate that
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ID News Headline
True Label Predicted STL Predicted MTL

Claim Sentiment Claim Sentiment Claim Sentiment

S1
বছর শেষে ছু টির আমেজ, ভিড়ে ঠাসা দিঘা থেকে দার্জিলিং, দেখুন ছবি
(Translation: End of year holiday atmosphere, crowded Digha to Darjeeling, see
photos)

n-claim neutral claim positive n-claim positive

S2
‘সিনেমাপাড়ার একটাই স্বর, জাস্টিস ফর RG Kar’, পথে নামল টলিউড
(Translation: 'Cinemapara has one voice, Justice for RG Kar', Tollywood takes to
the road)

claim neutral no-claim positive claim neutral

S3
খসছে পদ্মের পাঁপড়ি! উপনির্বা চনে ৬-এ শূন্য পেয়ে কত দাঁ ড়াল বিজেপির বিধায়ক
সংখ্যা? (Translation: The lotus petals are falling! How many MLAs did BJP have
after getting zero in 6 by-elections?)

claim negative claim neutral claim negative

S4

২ লক্ষ কোটি টাকার কু ম্ভ ইকনমি! হিন্দুত্বকে সামনে রেখে ঢালাও ব্যবসা
যোগীরাজ্যে, আশায় বুক বাঁ ধছে বণিকসভা (Translation: Kumbh Economy of 2
lakh crore rupees! Keeping Hindutva in the forefront, business will pour into Yogi
Rajya, the Chamber of Commerce is full of hope)

claim positive claim positive claim negative

Table 4: Example misclassifications from IndicBERTv2 models in STL and MTL settings. Each row displays the
news headline, gold labels (true labels), and predicted labels (with an English translation provided).

No Claim Claim
Predicted

No
 C

la
im

Cl
ai

m
Tr

ue

0.634 0.366

0.026 0.974

No Claim Claim
Predicted

No
 C

la
im

Cl
ai

m
Tr

ue

0.680 0.320

0.031 0.969
0.2

0.4

0.6

0.8

0.2

0.4

0.6

0.8

Figure 4: Confusion matrices for claim checkworthiness
detection using IndicBERTv2 in STL and MTL setups.
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Figure 5: Confusion matrices for sentiment classifica-
tion using IndicBERTv2 in STL and MTL setups.

the IndicBERTv2-based STL framework achieves
94.1% and 72.8% accuracy in identifying negative
and neutral sentiments, respectively. In contrast,
the IndicBERTv2-based MTL framework achieves
accuracies of 94.7% and 77.8%, respectively, re-
sulting in a decrease in the number of misclassified
cases for these categories.

Conversely, the STL framework outperforms the
MTL framework in identifying positive sentiments,
achieving an accuracy of 76.8%, compared to the
MTL framework’s 67.5%. This suggests that STL
is more effective at recognizing positive sentiments,
although MTL exhibits better performance in the

negative and neutral classes.
Along with the confusion matrix, a few examples

of error cases are provided in Table 4. For instance,
in example S1, whereas the original claim was non-
checkworthy, the IndicBERTv2-based STL frame-
work incorrectly classified it as claim-checkworthy.
Additionally, both STL and MTL frameworks mis-
takenly classify the sentiment as ‘positive’ where
the original sentiment was ‘neutral’. While the
news headline in S1 carries a slight positive emo-
tional tone, it primarily describes a factual situa-
tion: “year-end holiday atmosphere”. The phrase
“crowded Digha to Darjeeling” is a neutral descrip-
tion of a high-traffic situation, not necessarily neg-
ative or positive. Therefore, the ‘neutral’ sentiment
is justified for the headline. However, neither the
STL nor the MTL framework captures these contex-
tual nuances in the text and incorrectly categorizes
it as ‘positive’.

Considering another example, S3, the original
sentiment in the news headline is negative, indi-
cating a poor performance of the BJP (a political
party in India) in the bi-election results. In this
case, the STL framework incorrectly predicts the
text as “negative,” whereas the MTL framework
successfully identifies its sentiment label. This sug-
gests that the joint learning of claim, sentiment,
and news content enables the MTL framework to
determine the sentiment label accurately.

7 Conclusion

This paper proposes ‘CheckSent-BN’, a dataset
comprising 11,568 instances annotated with labels
for two distinct tasks: claim checkworthiness iden-
tification and sentiment classification. We devel-
oped two baseline frameworks: the STL frame-

126



work, with one classification head for each task,
and the MTL framework, which has two classi-
fication heads. We experimented with eight dif-
ferent multilingual transformer models, and the
experimental results show that the IndicBERTv2,
BanglaBERT, and mDeBERTa model-based frame-
works demonstrate a strong performance over all
classification tasks. Notably, the IndicBERTv2-
based MTL framework achieved the best perfor-
mance across all classification tasks.

Future directions include expanding the dataset’s
sample size, comparing LLM annotations with hu-
man annotations, and adding labels such as ‘click-
bait’ or ‘sarcasm’ to enhance the dataset’s scope.

Limitations

Our proposed work has several potential limita-
tions. First, the annotation of claim checkworthy
and sentiment labels was conducted using three
LLMs. While we performed a superficial manual
verification with three computer science interns,
relying on LLMs for labeling may compromise the
overall quality of the dataset. In future work, we
aim to hire professional Bengali data annotators to
ensure more accurate verification of these labels.

Second, we utilized the mini variants of the GPT
models, specifically GPT-4o-mini and GPT-4.1-
mini, for cost-effectiveness. Although these mod-
els can adequately annotate claim checkworthy and
sentiment labels, the “mini" variants do not fully
leverage the capabilities of the full GPT models.

Third, there is a significant imbalance in the
claim checkworthy labels: 9,254 are labeled
checkworthy, while only 2,314 are labeled non-
checkworthy. This imbalance can lead to bias in
our MTL and STL frameworks due to the predom-
inance of annotated data. We plan to address this
issue in future work by developing a more balanced
dataset.

Fourth, the news headlines used in our study
were curated from prominent news websites fo-
cused on the state of West Bengal, India. However,
there are other Bengali-speaking regions in India,
such as Tripura and parts of Assam, that have their
own regional newspapers in Bengali, which are not
included in our current work. Additionally, news
headlines from Bangladeshi news portals were also
excluded. In future work, we intend to incorpo-
rate Bengali news headlines from these other areas,
including Tripura and Bangladesh, to broaden the
dataset’s scope.
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A Examples Used During Data
Annotation by LLM

ANNOTATION EXAMPLES:
=========================

"২০২৪-এ ভারতের জিডিপি ৭.৫ শতাংশ হারে বাড়বে বলে আশা
আরবিআই-এর" --> [1, 'POSITIVE'];

"কলকাতায় আজ থেকে শুরু হচ্ছে আন্তর্জাতিক বইমেলা" --> [1,
'NEUTRAL'];

"নয়া দিল্লিতে তীব্র দূষণে স্কু ল বন্ধ ঘোষণা" --> [1, 'NEGATIVE'];

"ভারত-পাকিস্তান ম্যাচে রোহিত শর্মা র দুর্দান্ত সেঞ্চু রি"  --> [1,
'POSITIVE'];

"আজকের রাজনীতি নীতিহীন ও দুর্নীতিপূর্ণ " --> [0, 'NEGATIVE'];

"কলকাতার ট্র্যাফিক এখন আগের চেয়ে অনেক নিয়ন্ত্রিত" --> [0,
'POSITIVE'];

"ভারতের সিনেমা বিশ্ব দরবারে সম্মান পাচ্ছে" --> [0, 'POSITIVE'];

"ভারতীয় সেনাবাহিনীর নতুন হেলিকপ্টার যুক্ত হলো বাহিনীতে" -->
[1, 'POSITIVE'];

"বিজেপি-তৃণমূল সংঘর্ষে  আহত ১০, ভাঙচুর ও অগ্নিসংযোগ" -->
[1, 'NEGATIVE'];

"চেন্নাইয়ে ডেঙ্গু আক্রান্তের সংখ্যা বেড়েছে ৪০ শতাংশ" --> [1,
'NEGATIVE'];

"রানির স্টাইলে এবার মুগ্ধ নেটিজেনরা" --> [0, 'POSITIVE'];

"ধর্ষ ণের অভিযোগে পুলিশ কর্মী গ্রেপ্তার" --> [1, 'NEGATIVE'];

Figure A.1: Illustrative prompts used for claim check-
worthiness detection and sentiment annotation in Ben-
gali news headlines. The set comprises 12 examples
spanning diverse domains, including politics, sports,
entertainment, the economy, and social issues. These
examples were provided to LLMs during the annotation
phase to guide consistent labeling across both tasks.

B Statistical Distribution of Data

Label Max Min Mean Median Mode St. Dev.

Non-Checkworthy 37 6 10.192 10 10 2.802
Checkworthy 38 6 10.188 10 10 2.477

Negative 35 6 10.264 10 10 2.338
Neutral 37 6 10.032 10 10 2.558
Positive 38 6 10.298 10 10 2.921

Table B.1: Statistical distribution of the number of
words across claim checkworthiness detection (Non-
checkworthy, Checkworthy) and sentiment classifica-
tion (Negative, Neutral, Positive) labels.

C STL Framework (Flow Diagram)

Input Sentence (S)

Tokenized Sequence and
Attention Mask

Dense Layer (Hidden Units =
128, Activation = ReLU)

Dropout = 0.2

Transformer Encoder
(mDistilBERT/ mBERT,

XLM-R/ Muril/
 IndicBERT, ...)

Claim

Figure C.1: Diagrammatic representation of the STL
framework for identifying claim checkworthiness. The
framework is identical to the MTL framework. How-
ever, instead of using two classification heads in the
MTL framework, the STL framework employs a single
classification head for each task.
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Abstract
Distinguishing fact from opinion in text is a nu-
anced but essential task, particularly in news
articles where subjectivity can influence inter-
pretation and reception. Identifying whether
content is subjective or objective is critical
for sentiment analysis, media bias detection,
and content moderation. However, progress in
this area has been limited for low-resource lan-
guages such as Bengali due to a lack of bench-
mark datasets and tools. To address these con-
straints, this work presents BeNSD (Bengali
News Subjectivity Detection), a novel dataset
of 8,655 Bengali news article texts, along
with an enhanced transformer-based architec-
ture (POS-Aware-MuRIL) that integrates parts-
of-speech (POS) features with MuRIL embed-
dings at the input level to provide richer con-
textual representation for subjectivity detec-
tion. A range of baseline models is evalu-
ated, and the proposed architecture achieves a
macro F1-score of 93.35% in subjectivity de-
tection for the Bengali language. The code of
the work is available on GitHub1.

1 Introduction

The expansion of digital platforms and online jour-
nalism has resulted in a substantial increase in text-
based content. News articles, blogs, and social me-
dia posts now serve as primary sources of infor-
mation for a global audience. These media have
a significant impact on public discourse and opin-
ion formation. The proliferation of digital infor-
mation has also introduced challenges, including
the dissemination of biased, subjective, and manip-
ulative content that complicates the consumption
of accurate information and shapes public senti-
ment. Transitions within a single sentence from
factual reporting to personal opinion can signifi-
cantly alter the reader’s interpretation and percep-
tion. Subjectivity detection in news articles refers

1https://github.com/R1FA7/Subjectivity-Detection-in-
Bengali-News-Articles

to the process of distinguishing between factual
statements and those that express opinions, emo-
tions, or personal judgments. Subjectivity detec-
tion helps identify opinion-based statements, sup-
porting balanced reporting and thereby enhancing
the credibility of news sources.

Effective subjectivity detection supports news
credibility, mitigates bias, and promotes the distri-
bution of impartial information (Satapathy et al.,
2022). Recent advancements in subjectivity de-
tection have primarily been observed in high-
resource languages, including English and other
European languages. In contrast, subjectivity de-
tection in Bengali remains understudied due to lim-
ited linguistic resources. As the volume of Bengali
content on digital platforms grows, the need for
effective subjectivity detection becomes increas-
ingly important. However, progress is hindered by
a scarcity of public datasets and the complexity of
Bengalis syntax, morphology, and annotation am-
biguity. This work contributes in the following
ways to address current constraints in subjectivity
detection in Bengali:

• We introduce BeNSD, a new annotated
dataset comprising 8,655 Bengali news sen-
tences, each labelled as either subjective
(SUBJ) or objective (OBJ)

• We propose a transformer-based model that
leverages MuRIL language model with POS
embeddings. By integrating syntactic fea-
tures with deep contextual representations,
the model enhances its ability to recognize
the subtle linguistic markers that distinguish
subjective from objective expressions in Ben-
gali texts.

2 Related Work

Subjectivity detection in news articles has seen
marked progress in high-resource languages such
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as English. Paran et al. (2024) developed a model
for subjectivity detection using datasets of 1,776
English and 2,675 Arabic news article sentences.
Their approach achieved the highest F1 Scores of
72.6% on Arabic and 50.36% on English using
Llama-3-8b, with the dataset size potentially con-
tributing to the results. Antici et al. (2023) intro-
duced annotation guidelines and a corpus of 1,049
annotated sentences for subjectivity detection in
English news articles. Both monolingual and mul-
tilingual classification setups were examined. In
the monolingual setting, m-BERT achieved macro-
F1 scores of 75% for English and 74% for Ital-
ian. The multilingual use of m-BERT yielded 5%
(for English) and 3% (for Italian) improvements
in macro F1 scores. Pachov et al. (2023) applied
a dataset of 1,019 English sentences, with a major-
ity voting ensemble achieving the highest macro
F1 score of 0.77. Frick (2023) studied subjectiv-
ity classification using LLM-augmented data with
datasets of 1,292 English and 1,291 German sen-
tences, employing BERT, GPT, and their combina-
tion. Their approach yielded an F1 value of 0.73,
but performance was inconsistent when ChatGPT
was used in few-shot settings. Dey et al. (2023)
used a multilingual dataset in six languagesEn-
glish, Arabic, Dutch, German, Italian, and Turk-
ishand applied transformer architectures, includ-
ing BERT, M-BERT, and XLM-RoBERTa. The
XLM-RoBERTa large model achieved the highest
F1 score of 0.82 on a dataset comprising 7,828
texts. Additionally, a BERT-based multitask learn-
ing framework combining sentiment and subjec-
tivity detection was introduced by Satapathy et al.
(2022), with the addition of a Neural Tensor Net-
work resulting in a 24% absolute improvement in
accuracy, reaching 95.1%. On the IMDB dataset
of 10,000 English movie reviews, A recent work
Sagnika et al. (2021) proposed an opinion mining
technique for subjectivity identification using an
attention-based CNN-LSTM model, achieving an
accuracy of 0.971.

In contrast to the progress made in high-
resource languages, subjectivity detection in low-
resource languages remains in a rudimentary stage.
Suwaileh et al. (2025) proposed a dataset for
subjectivity detection in Arabic news sentences,
comprising 3,600 manually annotated sentences
named ThatiAR. Their framework leveraged var-
ious transformers and LLMs, but using the 3-shot
and 5-shot settings of GPT-4, they achieved the
highest weighted F1 score of 0.80. Chaturvedi

et al. (2017) proposed a framework using an ex-
treme learning machine with Bayesian networks
and fuzzy recurrent neural networks (FRNNs) for
subjectivity detection and achieved an accuracy of
89%. A recent study (Dwivedi et al., 2024) ex-
plored subjectivity analysis in nine low-resource
Indian languages using GPT-4 and BARD through
in-context learning and prompt engineering. They
showed that language-specific prompts signifi-
cantly improve performance in multilingual set-
tings. Around 7,000 domain-specific sentences
were collected, and the data was balanced for
subjective and objective classes by Dwivedi and
Ghosh, 2022. They designed a lexical-rule-based
Finite State Transducer (FST) for five Indian lan-
guages: Bengali, Hindi, Odia, Khorti, and Kan-
nauji. Their system achieved an average accuracy
of 84% across five languages.

Differences with existing research: Although
notable progress has been made in subjectivity de-
tection across high-resource languages, a signifi-
cant gap remains in Bengali. In our exploration,
no benchmark dataset is available for subjectivity
detection in Bengali news articles, and no prior
systems have been proposed for this task. Further-
more, previous methods have often overlooked the
role of syntactic structures, such as POS, in shap-
ing subjectivity. Instead, they have relied primar-
ily on semantic features. To address these gaps,
this work differs from existing studies in two cru-
cial ways: (i) it introduces the first large-scale,
manually annotated dataset, BeNSD for subjectiv-
ity detection in Bengali news articles, and (ii) it
proposes a POS-Aware transformer-based model,
combining syntactic and contextual cues, to im-
prove subjectivity detection in Bengali.

3 Development of Dataset: BeNSD

This work develops BeNSD, a dataset for detect-
ing subjectivity in news articles, as benchmark
datasets are currently unavailable in Bengali. In
news media, it is often hard to distinguish between
subjective and objective text as the differences can
be subtle. A subjective text expresses personal
opinions, emotions, speculations, rhetorical ques-
tions, sarcasm, exaggerations, or unsupported con-
clusions. In contrast, the objective text presents
information neutrally, reports events as they hap-
pen, includes third-party statements, and uses data-
supported conclusions (Antici et al., 2021).
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3.1 Data Collection and Preprocessing
Bengali news articles were collected through a
combination of manual browsing (42 articles) and
web scraping (251 articles) from prominent Ben-
gali news portals. To ensure data diversity, sources
were selected to represent a wide range of topics,
including politics, health, sports, entertainment,
and social issues. Initially, 8,800 raw news texts
were gathered, with the majority (8,144) collected
from Prothom Alo and the least amount (37) from
Jugantor. The accumulated data was collected be-
tween January 21, 2025, and April 14, 2025. Fig-
ure 1 shows the source-wise distribution of col-
lected data.

Figure 1: Source-wise accumulated data distribution.
The values in the legends indicate the amount of data
collected from each source.

To reduce manual annotation effort and redun-
dancy, cleaning and filtering steps were applied:
non-Bengali characters, extra punctuation, and
special symbols were removed; duplicates were
discarded; and articles with fewer than three mean-
ingful words were filtered out. After preprocess-
ing, 115 texts were removed, leaving 8,685 valid
texts for manual annotation.

3.2 Data Annotation
After preprocessing, 8,685 news texts were given
to annotators to label as subjective (SUBJ) or ob-
jective (OBJ). Three undergraduate computer sci-
ence students independently labelled each article,
and their work was reviewed by an expert with
over 20 years of experience in NLP research. An-
notators followed clear class definitions to ensure
consistent labelling, and all texts were annotated
independently, without regard to prior context. Ini-
tially, they determined whether each sentence was

Raw Text Processed Text Remarks

বিণর্ত ময্াক্স-িমন পদ্ধিত
(Max-min princi-
ple), তথা সবর্ািধক দেলর
নূয্নতম জরুির সংস্কাের
একমত হওয়া একিট
বাস্তবসম্মত পথ ৈতির
করেত পাের

বিণর্ত ময্াক্স-িমন
পদ্ধিত, তথা সবর্ািধক
দেলর নূয্নতম জরুির
সংস্কাের একমত হওয়া
একিট বাস্তবসম্মত পথ
ৈতির করেত পাের

Removed
non-Bengali
characters

একিট েছেল — েয
এখােনই বড় হেয়েছ...
সবিকছু িজেতেছ!

একিট েছেল েয
এখােনই বড় হেয়েছ
সবিকছু িজেতেছ

Remove spe-
cial symbol
& punctuta-
tion

অেনেকই এেসেছন Discarded Text fewer
than three
words

Table 1: Preprocessing examples.

subjective or objective by applying the provided
guidelines. Before starting the main task, they
practiced on a small set of example sentences to
ensure they understood the difference between the
two classes. This training helped clarify how they
interpreted the definitions. Annotators also wrote
brief justifications for their choices, which helped
resolve disagreements during expert review. Since
each text was labelled by three annotators, the final
class label was decided through majority voting.
After annotation, the expert removed 30 texts be-
cause their tone was ambiguous. The final dataset
includes 8,655 annotated texts.

To evaluate annotation quality, we measured
inter-annotator agreement using Cohens kappa co-
efficient (Cohen, 1960). The resulting kappa score
was 0.92, indicating almost perfect agreement
and demonstrating the reliability of the annotated
dataset. The finalized dataset was then converted
into a standardized format (e.g., Excel) for further
processing.

3.3 Dataset Statistics

The BeNSD dataset is randomly split into train-
ing (80%), validation (10%), and test (10%) sets,
with label stratification to maintain class balance
for model development and evaluation. Table 2
provides a summary of the developed dataset. It
is observed that OBJ samples have more words
than SUBJ samples across all sets. On average,
each text contains 13 to 14 words. The valida-
tion and test sets exhibit significantly higher lex-
ical diversity (approximately 0.5) than the training
set (approximately 0.24), indicating that they use
a broader vocabulary despite being smaller.

We conducted several statistical analyses to bet-
ter understand the dataset’s characteristics. Figure
2 illustrates the distribution of SUBJ and OBJ text
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Set Class Samples WT WU WAvg WU/WT

Train OBJ 4007 56,321 13,704 14.06 0.2433
SUBJ 2917 38,629 9,568 13.24 0.2477

Subtotal 6924 94,950 18,859 - -
Val OBJ 501 6,895 3,539 13.76 0.5133

SUBJ 364 4,900 2,445 13.46 0.4990
Subtotal 865 11,795 5,123 - -

Test OBJ 501 7,176 3,680 14.32 0.5128
SUBJ 365 4,819 2,370 13.20 0.4918

Subtotal 866 11,995 5,173 - -
Total 8,655 118,740 29,155 - -

Table 2: Dataset statistics across training, validation,
and test splits, where WT , WU , WAvg , and WU/WT

denote the total word count, unique word count, aver-
age words per sample, and lexical diversity ratio, re-
spectively.

lengths in the dataset. The diagram shows that
most OBJ sentences fall within the 7- to 15-word
range, indicating a concentration of short news
pieces. SUBJ sentences follow a similar pattern.

Figure 2: Distribution of sentence length (in words) for
SUBJ and OBJ classes

To further explore the vocabulary and writing
patterns, word clouds were generated separately
for the subjective and objective classes. Figure 3
shows word clouds of the top 100 words from the
dataset. Figure 3 revealed that the subjective class

Figure 3: Word clouds of the top 100 words from the
dataset.

frequently includes words such as রাজৈনিতক (polit-
ical), ভাল (good), and জরুির (urgent), etc., which

reflect opinions, emotions, or evaluations. In con-
trast, বাংলােদশ (Bangladesh), কথা (talk), and সােল (in
the year), etc., focus more on reporting events and
presenting information in objective samples.

4 Methodology

This section describes our POS-aware transformer
approach to subjectivity detection, integrating syn-
tactic cues with contextual representations. We
also outline the machine learning, deep learning,
and transformer baselines evaluated for compari-
son.

4.1 Baselines

To evaluate the effectiveness of the proposed ap-
proach, we also implemented a range of ML, DL,
and transformer-based baselines. All models are
trained and assessed on the developed BeNSD
dataset. Preprocessing, tokenization, and feature
extraction techniques are applied uniformly across
models where applicable.

• ML Baselines: This study examines sev-
eral traditional ML models, including Logis-
tic Regression (LR), Support Vector Machine
(SVM), Naïve Bayes (NB), Random Forest
(RF), XGBoost, and their ensembles. The
text data is first converted to lowercase, and
stopwords are removed. Next, the TF-IDF
and CountVectorizer methods are used to con-
vert the text into numerical features. These
features are then used to train each model,
with hyperparameters adjusted based on the
validation results. Key hyperparameters in-
clude 100 estimators for RF, logloss evalua-
tion metric for XGBoost, and a maximum of
1000 iterations for Logistic Regression.

• DL Baselines: To improve the quality of
text representation, we explore DL models
with pre-trained word embeddings. We exper-
iment with four architectures: CNN, LSTM,
BiLSTM, and their hybrid combinations. All
models start with an embedding layer ini-
tialized with pre-trained Bengali embeddings
from Word2Vec (Goldberg and Levy, 2014),
GloVe (Pennington et al., 2014), or Fast-
Text (Bojanowski et al., 2016). We tune
key hyperparameters, such as learning rate,
batch size, and sequence length, using valida-
tion data, and apply dropout and early stop-
ping to reduce overfitting. All models are
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trained for up to 20 epochs, with early stop-
ping saving the best model based on the val-
idation loss. The LSTM model with 300-
dimensional Word2Vec embeddings, a learn-
ing rate of 0.001, a batch size of 64, and the
Adam optimizer performs best, achieving op-
timal results around 7 epochs. Table 3 il-
lustrates the tuned hyperparameters for DL
models. Hyperparameters are tuned using a
mix of grid and random search across prede-
fined ranges. We fine-tune key hyperparam-

Hyperparameter Search Space L B C + B

Vocabulary Size [5000, 10000, 15000] 10000 10000 10000
Sequence Length [64, 128, 256] 128 128 128
Embed. Dim [100, 300] 300 300 300
LSTM Units [64, 128, 256] 128 64 64
Dense Units [32, 64, 128] 64 32 32
Batch Size [32, 64, 128] 64 64 64
Learning Rate [0.001, 0.01, 0.0001] 0.001 0.001 0.001
Optimizer [adam, rmsprop] adam adam adam

Conv Filters [64, 128, 256] – – 64
Conv Kernel Size [3, 5, 7] – – 3

Table 3: Hyperparameter summary of DL models. L,
C, and B denote LSTM, CNN, and BiLSTM methods,
respectively.

eters, such as sequence length, LSTM units,
batch size, optimizer, and learning rate, based
on validation performance. To reduce overfit-
ting, we employ dropout and L2 regulariza-
tion techniques.

• Transformer Baselines: This work ex-
amines seven pre-trained transformer base-
lines and evaluates their performance on
the dataset developed for subjectivity detec-
tion in Bengali news articles. The models
are: Bangla-BERT-1 (Sarker, 2020), Bangla-
BERT-2 (Bhattacharjee et al., 2021), Mul-
tilingual Bidirectional Encoder Representa-
tions from Transformers (m-BERT) (Devlin
et al., 2018), distilled version of BERT (distil-
BERT) (Sanh et al., 2019) , cross-lingual
version of robustly Optimized BERT (XLM-
Roberta) (Conneau et al., 2020), Multilin-
gual Representations for Indian Languages
(MuRIL) (Khanuja et al., 2021) and indic-
BERT (Kakwani et al., 2020).

All models are available in the Hugging
Face Transformers library2. The m-BERT
model has 12 layers, 12 attention heads, and
110 million parameters. We also evaluate
distilbert-base-multilingual-cased, which has

2https://huggingface.co

6 layers and 768 hidden dimensions. MuRIL
is trained on 17 Indian languages, including
Bengali, using both monolingual and translit-
erated data. It provides improved contextual
understanding for Indic-language tasks and
is part of our evaluation. Bangla-BERT-1 is
trained on the Bengali Common Crawl cor-
pus using the base BERT architecture. We
also include Bangla BERT-2, which is trained
on a larger Bengali corpus and optimized
for NLP tasks in Bengali. We chose XLM-
RoBERTa for its strong multilingual perfor-
mance. It is trained on 100 languages and has
12 transformer layers with 125 million param-
eters. IndicBERT is a lightweight model for
Indic languages, including Bengali. We fine-
tune all models on our dataset with various
hyperparameter settings. We tune key hyper-
parameters, such as batch size, learning rate,
weight decay, and the learning rate scheduler
(linear with warmup), among others. Mod-
els are trained for up to 15 epochs with early
stopping and the Adam optimizer. A learning
rate of 1e-5 with weight decay of 0.01 is used.
Evaluation and model checkpointing are per-
formed every 300 steps based on the F1 score.
Mixed-precision training (fp16) is enabled to
accelerate training.

4.2 Proposed Architecture

Combining syntactic and lexical features with
transformer models improves downstream task
performance (Shi et al., 2022). Motivated by these
findings, this work presents a POS-aware classi-
fication method that merges POS features with
pre-trained contextual embeddings. The proposed
model leverages Bengali POS tags and semantic
information to enhance the identification of lin-
guistic subjective patterns, providing a richer con-
text for classification. Figure 4 illustrates the ar-
chitecture of the proposed model.

4.2.1 Contextual and POS Embedding
Extraction

For each input sentence, S =
[w1, w2, w3, . . . , wm], the tokenizer
produces a subword token sequence,
TOK(S) = [x1, x2, x3, . . . , xn]. Each to-
ken xi is converted into an embedding vector,
Ex = (ex1 , e

x
2 , e

x
3 , . . . , e

x
n), where exi ∈ R768

using the embedding layer. It combines token
embedding Etoken(xi), positional embedding
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Figure 4: Architecture of the proposed model, where B: batch size, L: sequence length, xi: subword tokens, w̃i:
original words mapped from tokens, and pi: POS tag.

Epos(i), and segment embedding Esegment(s).
To obtain contextual embeddings, these input
embeddings are fed into MuRIL’s transformer
layers as shown in Eq. 1.

Ti = MuRIL(exi )

= MuRIL
(
Etoken(xi) +Epos(i) +Esegment(s)

)

(1)

It produces contextual embedding, T =
[T1,T2, . . . ,Tn], Ti ∈ R768 that captures se-
mantic information.

For POS embedding, since tokenization may
split a word into multiple subword tokens, we as-
sign the POS tag of the original word to all its
tokens. This ensures that the model receives the
correct syntactic information aligned with its in-
put tokens. For each token in the tokenized se-
quence, we track the original word it came from,
denoted as w̃i, and its POS tag, denoted as pi. The
BNLP library 3 is used for extracting POS tags.
We map each POS tag pi to an integer ID, de-
noted as id(pi), over a set of 14 predefined coarse-
grained categories. These categories include core
syntactic classes such as nouns, verbs, adjectives,
adverbs, pronouns, prepositions, conjunctions, in-
terjections, determiners, and punctuation, as well
as special tokens like PAD, UNK, CLS, and SEP.

3https://github.com/sagorbrur/bnlp

We then create trainable POS embeddings of 64
dimensions as Eq. 2.

pi = Embedpos[id(pi)], pi ∈ R64 (2)

To enrich the representation and improve
the models ability to capture syntactic nuances,
we project the POS embeddings into a higher-
dimensional space, as shown in Eq. 3.

p̃i = Wprojpi + bproj , p̃i ∈ R192 (3)

where Wproj ∈ R192×64 is a trainable projec-
tion matrix and bproj ∈ R192 is a trainable bias
vector. This projection enhances the performance
of POS embeddings, making syntactic information
more meaningful for the model.

4.2.2 Joint Representation and Classification
After projecting 64-dimensional POS embeddings
to a 192-dimensional representation, for each to-
ken, we concatenate the contextual embedding
Ti ∈ R768 from MuRIL with the projected POS
embedding p̃i ∈ R192 to form a fused representa-
tion as shown in Eq. 4.

zi =

[
Ti

p̃i

]
, zi ∈ R960 (4)

This combined 960-dimensional representation,
Z = [z1, z2, . . . , zn], captures both the syntactic
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and contextual aspects of each token. Each fused
vector zi is then passed through a feed-forward fu-
sion layer with GELU activation function, which
is chosen for its smooth non-linearity and effec-
tiveness with small input values. After that, to sta-
bilize the training and accelerate the convergence,
we use layer normalization, which produces the
transformed representation, ui ∈ R768 as defined
in Eq. 5.

ui = LayerNorm
(

GELU
(
Wfusionzi + bfusion

))

(5)
We train with a learning rate of 1×10−5, weight

decay of 0.01, and batch size of 16. A linear sched-
uler with a 0.1 warm-up ratio and early stopping
with a patience of 10 epochs is applied. Finally, to
perform classification, we extract the [CLS] token,
which serves as the sentence-level representation.
It is passed through a final dense layer to predict
subjectivity. The whole prediction function can be
expressed as Eq. 6.

ŷ = argmax
(
softmax(Wcls u[CLS] + bcls)

)
(6)

5 Experiments

All experiments are conducted on the Kaggle plat-
form using Python 3. Notebooks are executed in a
GPU-enabled Kaggle environment with NVIDIA
Tesla P100 GPUs and 16GB of RAM. For data
manipulation, we use pandas (2.2.3) and numpy
(1.26.4). Traditional machine learning models are
implemented using scikit-learn (1.2.2). In contrast,
deep learning models are built with Keras (3.8.0)
and TensorFlow (2.18.0). For transformer-based
models, we utilize PyTorch (version 2.6.0) and the
Hugging Face Transformers library.

5.1 Results and Discussions
While the macro F1-score (F1) is used to assess
model performance, other standard metrics such
as accuracy (A), precision (P), and recall (R) are
also reported. Table 4 shows how different base-
line models performed on subjectivity detection in
Bengali on BeNSD dataset.
Performance of ML and DL Models: Tradi-
tional ML approaches are less effective for Ben-
gali subjectivity detection. SVM with TF-IDF
achieves the highest mF1 among ML models
(73.06%). In contrast, DL models improve perfor-
mance: the best, LSTM with Word2Vec, achieves
an F1 of 83.49%an approximate 10-point gain.

This highlights the importance of distributed rep-
resentations and sequential modeling in detecting
subjectivity in Bengali text.
Superior performance of Transformer mod-
els: Transformer-based models consistently out-
perform both traditional ML and DL approaches.
It shows performance ranging from 80.13% (In-
dicBERT) to 92.09% (MuRIL). Notably, multilin-
gual models like mBERT (87.20%) and XLM-R
(90.33%), as well as Bengali-specific models such
as Bangla-BERT variants (88.05-91.64%), demon-
strate superior performance. These results suggest
that both multilingual knowledge and language-
specific contextual information play a crucial role
in enhancing the detection of subjectivity in Ben-
gali texts..
Impact of POS Integration Varies by Model Ar-
chitecture: The integration of POS embedding
shows varying degrees of improvement across
different transformer models. Lower-performing
models, such as IndicBERT, gain substantially
from POS integration (+2.40 F1 scores), while
some mid-tier models, like mDistilBERT, show
modest improvements (+0.64 F1 scores). How-
ever, the relationship is not uniform across all high-
performing models. Bangla-BERT-1 shows mini-
mal gain (+0.01 F1), but other strong performers
achieve more significant benefits.
POS-Aware Technique Enhances Model’s Per-
formance: The proposed POS-Aware-MuRIL
achieves the highest performance with a F1 score
of 93.35%. This represents a notable 1.26-point
improvement over the base MuRIL. The improve-
ment results from both the integration of POS em-
bedding with the transformer’s contextual embed-
ding and an effective architecture. This architec-
ture employs GELU activation and layer normal-
ization to process combined features. These tech-
niques enable the model to capture both contextual
and syntactic information, thereby helping iden-
tify features indicative of subjectivity in Bengali
news articles. Moreover, consistent improvements
in recall across all POS-enhanced models (ranging
from +0.47 to +1.90) suggest that syntactic fea-
tures help identify subtle subjective patterns that
purely contextual models might miss. Appendix A
presents an ablation study to analyze the impact of
POS embedding on performance.
Impact of Fusion Strategy: We evaluate five fu-
sion mechanisms for integrating POS embeddings
with MuRIL BERT representations. Table 5 illus-
trates the results of fusion techniques. Among
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ML Models

Classifier A (%) P(%) R(%) F1(%)
XGBoost (CountVec) 71.59 70.17 56.71 62.73
RF (TF-IDF) 72.63 67.68 67.12 67.40
RF (CountVec) 73.21 67.92 69.04 68.48
NB (TF-IDF) 76.10 78.42 59.73 67.81
LR (TF-IDF) 76.21 76.07 63.56 69.25
SVM (CountVec) 75.17 70.27 71.23 70.75
NB (CountVec) 75.52 71.19 70.41 70.80
LR (CountVec) 76.21 73.18 68.77 70.90
Ensemble (CountVec) 76.91 74.92 67.95 71.26
SVM (TF-IDF) 77.60 74.08 72.05 73.06

DL Models

Classifier A(%) P(%) R(%) F1(%)
BiLSTM (GloVe) 79.45 70.19 79.18 78.50
CNN+BiLSTM (GloVe) 81.87 75.62 84.11 79.64
CNN+BiLSTM (FastText) 81.76 74.01 87.40 80.15
LSTM (GloVe) 82.79 76.34 85.75 80.77
LSTM (FastText) 84.64 81.52 82.19 81.86
BiLSTM (FastText) 84.99 82.19 82.20 82.19
BiLSTM (Word2Vec) 84.76 79.80 85.48 82.54
CNN+BiLSTM (Word2Vec) 84.87 80.31 84.93 82.56
LSTM (Word2Vec) 85.33 79.46 87.95 83.49

Transformers

Classifier A(%) P(%) R(%) F1(%)
IndicBERT 80.48 79.99 80.38 80.13
+POS 82.79 82.35 82.90 82.53
∆ +2.31 +2.36 +2.52 +2.40
mDistilBERT 84.53 84.22 83.95 84.07
+POS 85.22 85.10 84.44 84.71
∆ +0.69 +0.88 +0.49 +0.64
mBERT 87.53 87.60 87.04 87.20
+POS 87.99 87.69 87.68 87.69
∆ +0.46 +0.09 +0.64 +0.49
Bangla-BERT-1 88.22 87.82 88.12 88.05
+POS 88.22 87.85 88.59 88.06
∆ +0.00 +0.05 +0.47 +0.01
XLM-Roberta 90.65 90.75 90.02 90.33
+POS 91.57 91.49 91.19 91.33
∆ +0.92 +0.74 +1.17 +1.00
Bangla-BERT-2 91.80 92.02 92.03 91.64
+POS 92.38 92.03 92.52 92.23
∆ +0.58 +0.36 +0.49 +0.59
MuRIL 92.38 92.79 91.63 92.09
+POS-Aware (Proposed) 93.42 93.10 93.53 93.35
∆ +1.04 +0.31 +1.90 +1.26

Table 4: Performance of various models on the subjec-
tivity detection task

them, concatenation achieves the highest macro
F1 score of 93.35%, followed by gated fusion at
92.49%. The proposed concatenation-based fu-
sion outperforms the gated fusion by 0.86% and
the additive fusion by 0.91%. All fusion strate-

Fusion Type Ac (%) Pr (%) Re (%) F1 (%)
Attention 92.26 92.82 91.42 91.95
Multiplicative 92.61 92.48 92.35 92.41
Additive 92.61 92.35 92.53 92.44
Gated 92.73 92.83 92.23 92.49
Concatenation 93.42 93.10 93.53 93.35

Table 5: Performance comparison of different fusion
strategies

gies demonstrate strong performance; however,
the simple concatenation-based fusion shows the
most robust overall performance when integrating
both embeddings. Element-wise strategy, such
as additive and multiplicative fusion, outperforms
attention-based fusion. The strong performance of
the concatenation-based fusion in our POS-Aware
MuRIL model shows that keeping features sep-
arate helps the model use linguistic information
more effectively.

5.2 Comparison with Existing Approaches
To the best of our knowledge, no publicly avail-
able dataset exists for subjectivity detection in
Bengali news articles. To facilitate comparison in
this context, we implement and adapt several exist-
ing techniques from similar domains (Antici et al.,
2023; Sagnika et al., 2021; Paran et al., 2024; Dey
et al., 2023) to the BeNSD dataset, ensuring con-
sistency across these approaches. Table 6 presents
a comparative analysis of F1-scores. Notably, the

Approach mF1 (%)
CNN-LSTM+Attention (Sagnika et al., 2021) 77.65
LLaMA-3-8B (Paran et al., 2024) 84.07
mBERT (Antici et al., 2023) 88.65
XLM-R (Dey et al., 2023) 91.33
POS-Aware MuRIL (Proposed) 93.35

Table 6: Comparison of existing approaches with the
proposed method for Bengali subjectivity detection.

proposed POS-Aware MuRIL model achieves the
highest F1 score of 93.35%, improving by 9.28%
over LLaMA (Paran et al., 2024) and 2.02% over
the XLM-R (Dey et al., 2023).

5.3 Error Analysis
The results confirmed that the proposed model de-
tects subjectivity in Bengali news articles more ef-
fectively than the baselines. To better understand
how the model performs, we carried out a detailed
error analysis using both quantitative and qualita-
tive methods.

Quantitative Error Analysis: Figure 5 shows
the confusion matrix for the proposed POS-Aware
MuRIL model on test sets. Of the 866 samples, 810
were correctly classified and 56 were misclassified.
Among 365 subjective samples, 31 were misclas-
sified, and among 501 objective samples, 25 were
misclassified. This suggests the model misclassi-
fied both SUBJ and OBJ instances at nearly the
same rate. The errors are not strongly biased to-
ward one class but reflect challenges in capturing
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Figure 5: Confusion matrix for the proposed model on
test data

nuanced distinctions. A primary reason is lexical
ambiguity, in which certain words or phrases ap-
pear in both subject and object contexts depending
on usage.

Figure 6 shows the 2D t-SNE plot, which indi-
cates a clear separation between classes, with er-
rors primarily located at the edges of the clusters,
as highlighted by the rectangle. This suggests the

Figure 6: 2D t-SNE plot of POS-Aware-MuRIL embed-
ding on test data.

model mainly struggles with ambiguous cases that
fall between the two classes. These insights could
help improve classification by adding more varied
linguistic cues during training and refining feature
representation.

Qualitative Error Analysis: Table 7 shows
some sample texts that are correctly and incor-
rectly classified by the POS-Aware MuRIL model.
The first and third samples were correctly classi-
fied, whereas the model failed to classify the sec-
ond and fourth samples.

The analysis of incorrect predictions reveals
that it is challenging to identify texts with hid-
den subjectivity. These cases are tough to cate-

Text Ac Pr
বাংলােদেশর সব্ােথর্ই েরািহঙ্গা সংকেটর
সমাধান বা বতর্মােনর েচেয় ভােলা িবকল্প
েবর করা উিচত
(For Bangladeshs own interest, the Ro-
hingya crisis should be resolved or a
better alternative than the current one
should be found.)

SUBJ SUBJ

েযন বলা হেলা—সন্ধয্ার পর ছাতৰ্ীরা হল
েথেক েবর হয় বেলই এমন ঘটনা ঘেট
(As if to say, such incidents happen be-
cause female students leave the hall af-
ter dark.)

SUBJ OBJ

অল্টময্ােনর পক্ষ েথেক তােদর চীনা
পৰ্িতদব্ন্দব্ী িডপিসেকর পৰ্শংসা কের বলা
হয়, এটা ভােলা একিট মেডল
(On behalf of Altman, their Chinese ri-
val DeepSeek was praised, saying its a
good model.)

OBJ OBJ

ঐিতহয্বাহী এই উৎসব েদখেত উৎসুক
জনতার েকােনা কমিত িছল না
(There was no shortage of eager crowds
to watch this traditional festival.)

OBJ SUBJ

Table 7: Some correctly and incorrectly classified sam-
ples by POS-Aware MuRIL model

gorize because they do not clearly show subjec-
tive meaning. Sarcasm, a critical tone, and rhetor-
ical questions, for example, often lead to misclas-
sification. Additionally, the model incorrectly la-
bels factual descriptions as subjective when they
contain descriptive adjectives. Without context,
it is challenging to classify these samples solely
based on the text. Subjectivity typically relies on
broader cues that sentence-level models often over-
look. Using more context and a wider range of
training data could help improve the models per-
formance.

6 Conclusion

This work presented BeNSD, a manually anno-
tated dataset for subjectivity detection in Ben-
gali, containing 8,655 news articles from multi-
ple online sources. Alongside, we introduce a
transformer-based model (POS-Aware-MuRIL)
that fuses MuRIL’s contextual embeddings with
POS embeddings to boost classification accu-
racy. Evaluation shows the proposed model sur-
passes machine learning, deep learning, and trans-
former baselines, achieving the top macro F1 score
(93.35%). Building on these results, we plan to ex-
pand the dataset, refine syntactic feature extraction
through improved POS tagging, and investigate en-
semble and multitask learning to further enhance
system robustness and generalization.
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Limitations

Although the proposed approach shows promising
results, some limitations remain. First, because
the POS tagger is not fine-tuned for this dataset,
some syntactic information may be misidentified,
leading to inaccurate feature extraction and mis-
classifications in the text. Additionally, frequent
words that appear in both subjective and objective
texts create class ambiguity, making it difficult for
the model to distinguish between categories and re-
ducing its ability to generalize. Moreover, context-
specific language and sarcasm can cause the model
to misinterpret meaning, further limiting classifi-
cation accuracy. Addressing these issues by fine-
tuning linguistic tools and expanding the dataset
is crucial to improving performance. Furthermore,
integrating large language models (LLMs) in fu-
ture work could enhance the results.
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Abstract

Aspect-Based Sentiment Analysis (ABSA)
identifies sentiments toward specific aspects of
an entity. While progress has been substantial
for high-resource languages such as English,
low-resource languages like Bangla remain un-
derexplored due to the limited availability of
annotated data and linguistic challenges. We
propose Gen-mABSA-T5, a multilingual zero-
shot generative framework for ABSA based
on Flan-T5, incorporating prompt engineer-
ing and Natural Language Inference (NLI).
Without task-specific training, Gen-mABSA-
T5 achieves state-of-the-art zero-shot accu-
racy of 61.56% on the Large Bangla Cor-
pus, 73.50% on SemEval Laptop, and 73.56%
on SemEval Restaurant outperforms both En-
glish and Bangla task-specific models in the
zero-shot settings. It delivers reasonable per-
formance against very large general-purpose
models on both English and Bangla bench-
marks. These results highlight the effective-
ness of generative, zero-shot approaches for
ABSA in low-resource and multilingual set-
tings.

1 Introduction

Bangla is the seventh most spoken language world-
wide (Shammi et al., 2023), yet Aspect-Based
Sentiment Analysis (ABSA) for Bangla remains
underexplored due to scarce annotated data and
language-specific complexities. ABSA, a fine-
grained extension of sentiment analysis, identi-
fies sentiments toward specific aspects of an en-
tity rather than providing only an overall polarity.
For example, in “The phone’s camera is excellent,
but the battery is weak,” the sentiment is positive
for the camera but negative for the battery. This
level of detail makes ABSA valuable in applica-
tions such as e-commerce, service reviews, and
social media monitoring, where organizations re-
quire targeted insights into user opinions.

Despite its importance, ABSA faces significant
challenges. Traditional supervised approaches
rely on large domain-specific datasets, which are
rarely available for low-resource languages like
Bangla. Even multilingual transformer models
such as BERT and RoBERTa, though effective in
English, underperform in Bangla due to limited
exposure to its morphology and syntax. Further-
more, ABSA is complicated by sentiment ambigu-
ity and domain variation, highlighting the need for
approaches that minimize reliance on annotated
data while generalizing across domains and lan-
guages.

Zero-shot ABSA addresses these issues by en-
abling models to identify aspects and classify their
sentiment without task-specific training. Instead
of requiring labeled corpora for each new domain,
zero-shot models leverage pre-trained knowledge
and adapt through mechanisms such as prompt en-
gineering and natural language inference (NLI).
This capability is particularly valuable for Bangla,
where annotated resources are scarce, and for mul-
tilingual contexts, where scalability is essential.

This work introduces Gen-mABSA-T5, a multi-
lingual generative zero-shot framework for ABSA
built on Flan-T5. By integrating prompt engineer-
ing and with the framework’s NLI capabilities,
Gen-mABSA-T5 performs aspect sentiment clas-
sification in Bangla and English without domain-
specific supervision. Evaluations in SemEval
2014 (English) (Pontiki et al., 2014) and the Large
Bangla Corpus demonstrate that Gen-mABSA-T5
achieves state-of-the-art zero-shot accuracy, out-
performing both English and Bangla task-specific
models in zero-shot settings. It delivers reasonable
performance against very large general-purpose
models on both English and Bangla benchmarks,
underscoring the model’s adaptability to both high
and low-resource settings.

The contributions of this work are as follows:
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• We propose Gen-mABSA-T5, a multilingual
zero-shot generative framework for ABSA
that does not require task-specific training
data.

• We conducted an extensive evaluation on En-
glish and Bangla datasets, achieving state-of-
the-art zero-shot results for Bangla and rea-
sonable zero-shot performance for English.

• We demonstrate the effectiveness of prompt
engineering and NLI for cross-lingual ABSA,
highlighting the scalability of zero-shot gen-
erative approaches for low-resource lan-
guages.

2 Literature Review

The field of Aspect-Based Sentiment Analysis
(ABSA) has witnessed significant advances in re-
cent years, driven by developments in natural lan-
guage processing and deep learning. Existing re-
search covers a broad spectrum, from rule-based
and feature-based approaches to state-of-the-art
transformer models. However, most prior work
relies heavily on large annotated datasets, which
limits applicability in low-resource languages. Re-
cent trends focus on multilingual and zero-shot ap-
proaches to overcome these limitations. We re-
viewed relevant studies, identifying strengths, lim-
itations, and gaps that motivate the proposed Gen-
mABSA-T5 framework.

SA has evolved from lexicon and rule-based
systems to statistical models, deep learning, and
transfer learning. In English, early approaches
used sentiment lexicons (e.g., SentiWordNet) and
parsers, with SemEval(2014) establishing bench-
marks. The advent of BERT and related transform-
ers marked a paradigm shift, while zero-shot and
few-shot learning extended applicability in low-
resource settings (Li and Xiang., 2020; Pathan and
Prakash., 2022).

Bangla SA has developed more slowly due to
limited resources. Early studies relied on trans-
lated or code-mixed datasets (Dey and Sarker.,
2019; Mahtab et al., 2018), lexicon-based meth-
ods (Rabeya and Sattar., 2022), and multilingual
models (Alam and Kamal., 2024). More recent
work has applied deep learning and multilingual
transformers (Agüero-Torales and López-Herrera.,
2021), although high-quality annotated corpora re-
main scarce.

ABSA refines SA by assigning sentiment at

the aspect level. Early English ABSA em-
ployed lexicon-based methods and dependency
parsing, later replaced by pre-trained models, uni-
fied pipelines, and generative frameworks such as
T5 and BART (Zhang and Lam., 2021; Huan and
Guo., 2022). In Bangla, research began with tra-
ditional ML baselines (Rahman and Dey., Data 3,
no. 2 (2018; Rahman and Kumar Dey, 2018), pro-
gressed to deep learning with CNN, LSTM, and
RNN architectures (Mahfuz Ahmed Masum and
Islam., 2020; Md Morshedul Islam and Mynod-
din., 2023), and has recently adopted LLMs (Shi-
hab Ahmed and Mridha, 2024; Md Akash Rah-
man and Andersson., 2024; Junayed Hossain and
Monir., 2024), improving performance on com-
plex tasks such as implicit aspect detection.

Zero-shot ABSA has emerged as a promis-
ing alternative to supervised approaches. In En-
glish, defining ABSA as a Natural Language In-
ference (NLI) task enabled models such as BERT
and T5 to perform aspect extraction and senti-
ment classification without domain-specific train-
ing (Shu et al., 2022). More recently, GPT-3 and
GPT-4 have demonstrated robust zero-shot per-
formance across unseen domains. For Bangla,
progress is limited by morphological complexity
and resource scarcity, though multilingual models
(mBERT, XLM-R) enable some transfer from En-
glish with mixed results.

Comparing approaches, traditional ML offers
interpretability on small datasets, deep learning
improves accuracy but requires large corpora,
while LLMs provide advanced contextual under-
standing and strong performance in multilingual
and zero-shot settings.

In summary, English SA and ABSA have ma-
tured through robust datasets and methodologies,
while Bangla research remains constrained by lim-
ited resources. Recent advances in deep learning
and LLMs, however, have opened promising di-
rections for Bangla sentiment analysis and ABSA.
These developments underscore the importance of
scalable, zero-shot approaches capable of bridg-
ing the gap between high- and low-resource lan-
guages.

3 Proposed Methodology:
Gen-mABSA-T5

We introduce Gen-mABSA-T5, a multilingual
zero-shot generative framework for aspect-based
sentiment analysis (ABSA), which addresses chal-
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lenges in low-resource languages such as Ben-
gali, where annotated data is limited. Unlike tra-
ditional ABSA models that depend on large la-
beled datasets, Gen-mABSA-T5 leverages zero-
shot learning, prompt engineering, and a gener-
ative transformer architecture to perform ABSA
without task-specific training.

3.1 System Overview

Figure 1: Gen-mABSA-T5 System Overview

The framework is based on Flan-T5 and inte-
grates prompt engineering with NLI to classify
sentiment toward a given aspect in a fully gener-
ative manner. Input consists of a sentence and an
explicitly provided aspect; output is a single sen-
timent label (positive, negative, or neutral). No
fine-tuning or separate NLI head is used. NLI is
achieved through carefully designed prompts that
take advantage of Flan-T5’s pre-training on infer-
ence tasks.

3.2 Model Architecture
Figure 2 shows the full end-to-end pipeline of Gen-
mABSA-T5. The model receives a raw sentence
together with an explicitly annotated aspect term
(no aspect extraction is performed). The sentence
first passes through a preprocessing layer that re-
moves all emojis, deletes punctuation marks used
in both English and Bangla (including the Bangla
full stop , double full stop , curly quotes , and zero-
width joiners that can break compound Bangla
words), and collapses multiple spaces into one.

This cleaned sentence is inserted into a prompt
style: For example, in English, “Sentence: [text].
Aspect: [aspect]. Classify sentiment toward the as-
pect: positive, negative, or neutral.” and in Bangla
the exact Bangla translation of the same instruc-
tion. The completed prompt is fed directly to the
publicly available Google/Flan-t5-large model
under zero-shot inference with fixed settings (tem-
perature 0, maximum 10 new tokens). The model
generates the word “positive”, “negative”, or “neu-
tral”, which is then converted to the integer labels
used for evaluation (positive = 2, negative = 0, neu-
tral = 1).

3.3 Zero-Shot and NLI Framing
Zero-shot ABSA addresses these issues by en-
abling models to identify aspects and classify their
sentiment without task-specific training. Instead
of requiring labeled corpora for each new domain,
zero-shot models leverage pre-trained knowledge
and adapt through mechanisms such as prompt en-
gineering and NLI. This capability is particularly
valuable for Bangla, where annotated resources
are scarce, and for multilingual contexts, where
scalability is essential.

Gen-mABSA-T5 performs aspect sentiment
classification in Bangla and English without
domain-specific supervision. The frame-
work frames ABSA as an NLI task within
a generative paradigm: the input sentence
serves as the premise, while a hypothesis
template (The sentiment toward [aspect] is
[positive/negative/neutral]) is constructed via a
prompt. Flan-T5 then generates a prediction,
which is directly mapped to positive, negative, or
neutral. No separate NLI head or classifier is used.
The reasoning of NLI emerges from Flan-T5’s
pre-training on datasets such as MNLI and SNLI,
activated only through structured instructions.
This design ensures full zero-shot operation with
no fine-tuning.

3.4 Prompt Engineering and Ablation
Studies

By integrating prompt engineering and NLI, Gen-
mABSA-T5 performs aspect sentiment classifi-
cation in Bangla and English without domain-
specific supervision. Prompts were iteratively
designed using a held-out validation split (10%
of each training set). We tested 10 English
and 10 Bangla variants, including concise, NLI-
style, structured output, etc. formats. The best-
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Figure 2: End-to-end pipeline of Gen-mABSA-T5

performing prompts are the following concise and
explicit prompts:

You are a sentiment analysis expert.
Sentence: [sentence].
What is the sentiment towards [aspect]?
Choose only one: positive, negative, or
neutral.

For Bengali, prompts are adapted to its morphol-
ogy and syntax:

তুিম একজন অনুভূিত িবেশ্লষণ িবেশষজ্ঞ।
বাকয্: [sentence]
[aspect]-এর পৰ্িত অনুভূিত কী?
শুধুমাতৰ্ একিট েবেছ নাও: positive, nega-
tive, অথবা neutral।

Longer prompts and domain context reduced
performance (-13.1% avg. accuracy), likely due
to noise. Strict, concise instructions with explicit
aspect focus yielded optimal zero-shot generaliza-
tion. See Table 1.

3.5 Aspect Handling

The model assumes aspects are pre-provided from
dataset annotations and does not perform auto-
matic aspect extraction. Only explicit, single-
word or short-phrase aspects are processed; im-
plicit and multi-word aspects are out of scope.
For each inference, one aspect is paired with the
full sentence in the prompt. This design follows
the standard evaluation protocol of SemEval 2014
(Pontiki et al., 2014) and the Bangla corpus, where
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Prompt Style SemEval 2014 Laptop SemEval 2014 Restaurant Bangla Corpus Avg. Acc.
NLI-style Concise Explicit 0.735 0.736 0.616 0.696

Confidence Aware 0.710 0.728 0.625 0.688

Structured Output 0.716 0.721 0.612 0.683

Context Enhanced 0.619 0.594 0.508 0.574

Table 1: Ablation Study Evaluating the Impact of Different Prompt Designs on Gen-mABSA-T5’s Accuracy.

aspect terms are given.

3.6 Implementation and Reproducibility

We implement Gen-mABSA-T5 using
Google/Flan-t5-base (250M parameters) via
Hugging Face Transformers. Inference is deter-
ministic temperature=0.0, maximum new tokens
is 10, batch size 32. The output is parsed by
case-insensitive matching of positive, negative,
or neutral. Text pre-processing removes emojis,
normalizes punctuation, and collapses whitespace.
Baselines (BERT-Multilingual, RoBERTa-Twitter,
XLM-RoBERTa, Bangla-BERT) use sequence
classification with 3 labels and weighted metrics.
Zero-shot requires no training; few-shot samples
50 examples per aspect; fine-tuning runs 1500
steps (batch size 8, weight decay 0.01).

The SemEval 2014 Laptop and Restaurant (Pon-
tiki et al., 2014) were split into train-test as the offi-
cial distribution. The Large Bangla ABSA Corpus
is split into an 80-20 ratio stratified by aspect.

The experiments were carried out on the Google
NVIDIA T4 GPU (16 GB of VRAM) with 12 GB
of RAM, using PyTorch and Python. All seeds
were fixed at 42.

3.7 Contributions

Gen-mABSA-T5 advances ABSA by enabling
multilingual support, including for low-resource
languages, through zero-shot learning, reducing
reliance on labeled data. Its generative approach
enhances flexibility and performance in resource-
limited settings, with applications in customer
feedback and social media analysis. Gen-mABSA-
T5 integrates NLI, multilingual transformers, and
prompt engineering for scalable zero-shot ABSA.

4 Experimental Setup

We evaluated state-of-the-art sentiment analy-
sis models for Aspect-Based Sentiment Analy-
sis (ABSA) across diverse linguistic and domain
contexts, focusing on zero-shot, few-shot, and

fully fine-tuned settings. Evaluations use bench-
mark datasets: SemEval 2014 Task 4 (Restaurant
and Laptop domains) for English, and the Large
Bangla Corpus for Bangla. We assessed BERT-
Multilingual, RoBERTa-Twitter, XLM-RoBERTa,
Bangla-BERT, and our proposed Gen-mABSA-
T5, a zero-shot multilingual ABSA model de-
signed for low-resource languages like Bangla.
The results demonstrate Gen-mABSA-T5’s effec-
tiveness, particularly in zero-shot scenarios, while
identifying challenges and opportunities in multi-
lingual ABSA.

4.1 Dataset

This section outlines the datasets used for evalu-
ating Aspect-Based Sentiment Analysis (ABSA)
models, covering English and Bangla to enable
robust cross-linguistic and cross-domain analysis.
For English, the SemEval 2014 Task 4 datasets,
standard ABSA benchmarks, include the Restau-
rant domain (covering food, service, ambiance)
and Laptop domain (e.g., battery life, screen qual-
ity), with sentences annotated for aspects and sen-
timent polarities (positive, negative, neutral). For
Bangla, we utilized the Large Bangla Corpus span-
ning multiple domains. These datasets vary in do-
main and annotation quality, supporting compre-
hensive evaluation in low-resource settings.

4.2 Evaluation Metrics

We evaluated the metrics used for assessing
Aspect-Based Sentiment Analysis (ABSA) mod-
els: Accuracy and F1-Score, selected to assess per-
formance and address class imbalances. Accuracy
measures the proportion of correct sentiment pre-
dictions (positive, negative, neutral) relative to all
predictions, suitable for balanced datasets. The F1-
Score, the harmonic mean of precision and recall,
balances false positives and negatives, ideal for un-
balanced datasets.
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Model Zero-shot Few-shot Fine-tuned
Acc F1 Acc F1 Acc F1

BERT-Multilingual 0.244 0.321 0.774 0.777 0.795 0.792
RoBERTa-Twitter 0.718 0.733 0.803 0.802 0.816 0.815
XLM-RoBERTa 0.709 0.726 0.782 0.783 0.808 0.807
Bangla-BERT 0.295 0.303 0.427 0.287 0.509 0.441

Table 2: Performance on SemEval 2014 Laptop Corpus.

Model Zero-shot Few-shot Fine-tuned
Acc F1 Acc F1 Acc F1

BERT-Multilingual 0.170 0.224 0.783 0.786 0.778 0.778
RoBERTa-Twitter 0.686 0.696 0.796 0.798 0.791 0.790
XLM-RoBERTa 0.696 0.703 0.770 0.771 0.793 0.796
Bangla-BERT 0.571 0.419 0.576 0.421 0.576 0.421

Table 3: Performance on SemEval 2014 Restaurant Corpus.

4.3 Baseline Models

This subsection describes the baseline mod-
els evaluated for ABSA tasks, comprising
transformer-based models, including one specif-
ically pre-trained for Bangla. Each model is
tested in zero-shot, few-shot, and fully fine-tuned
settings to evaluate adaptability and performance
across diverse datasets. The models include:
BERT-Multilingual: A multilingual BERT
model pre-trained for sentiment analysis, suited
for cross-lingual ABSA (nlptown/bert-base-
multilingual-uncased-sentiment).
RoBERTa-Twitter: A RoBERTa model
fine-tuned on Twitter data, effective
for sentiment analysis in informal text
cardiffnlp/twitter-roberta-base-sentiment.
XLM-RoBERTa: A cross-lingual RoBERTa
model supporting multilingual sentiment analysis
(cardiffnlp/twitter-xlm-roberta-base-sentiment).
Bangla-BERT: A BERT model pre-trained for
Bangla, designed for low-resource language
ABSA (sagorsarker/bangla-bert-base).

4.4 Evaluation Conditions

Models are evaluated in three settings to assess
adaptability and performance: zero-shot, using
pre-trained weights and prompts without task-
specific training; few-shot, fine-tuned with approx-
imately 10-100 labeled examples per sentiment
class (positive, negative, neutral); and fully fine-
tuned, trained on the entire labeled dataset for op-
timal supervised performance.

5 Results and Discussion

This section reports the performance of ABSA
models in zero-shot, few-shot, and fully fine-tuned
settings on SemEval 2014 Laptop and Restaurant
datasets (English) and the Large Bangla ABSA
Corpus. Metrics include accuracy and F1-score.
The focus is to analyze the performance of the
task-specific models and general-purpose LLMs in
the ABSA task in contrast to the Gen-mABSA-T5,
particularly in zero-shot settings.

5.1 Performance on SemEval 2014 Laptop
Corpus

Table 2 summarizes the performance of base-
line transformer models (BERT-Multilingual,
RoBERTa-Twitter, XLM-RoBERTa, and Bangla-
BERT) on the SemEval 2014 Laptop dataset in
zero-shot, few-shot, and fine-tuned settings. In
zero-shot, RoBERTa-Twitter achieves the highest
accuracy (71.79 %) and F1 score (73.34 %), lever-
aging its pre-training on sentiment-rich Twitter
data, while BERT-Multilingual lags at 24.36 %
accuracy due to limited domain adaptation.
Few-shot learning boosts performance across
models, with RoBERTa-Twitter reaching 80.34 %
accuracy, demonstrating the value of minimal
labeled data for refinement. Fine-tuning yields
further gains, peaking at 81.62 % accuracy for
RoBERTa-Twitter, highlighting the effectiveness
of full supervision on high-resource English data.

Our proposed framework achieves 73.50 % ac-
curacy and 68.34 % F1 in zero-shot setting (Ta-
ble 5), outperforming most baselines except
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Model Zero-shot Few-shot Fine-tuned
Acc F1 Acc F1 Acc F1

BERT-Multilingual 0.237 0.347 0.945 0.951 0.947 0.943
RoBERTa-Twitter 0.539 0.688 0.926 0.922 0.927 0.927
XLM-RoBERTa 0.019 0.018 0.930 0.926 0.927 0.927
Bangla-BERT 0.615 0.641 0.615 0.662 0.863 0.850

Table 4: Performance on Large Bangla ABSA Corpus.

Model Model Type SemEval 2014 Laptop SemEval 2014 Restaurant Bangla Corpus
Acc F1 Acc F1 Acc F1

BERT-Multilingual Task-Specific 0.244 0.321 0.170 0.224 0.237 0.347
RoBERTa-Twitter Task-Specific 0.718 0.733 0.686 0.696 0.539 0.688
XLM-RoBERTa Task-Specific 0.709 0.726 0.696 0.703 0.002 0.002
Bangla-BERT Task-Specific 0.295 0.303 0.571 0.419 0.615 0.614
gpt-oss-20b General-Purpose 0.855 0.837 0.817 0.787 0.784 0.812

kimi-k2-instruct General-Purpose 0.842 0.817 0.804 0.757 0.860 0.872
llama-3.1-8b-instant General-Purpose 0.718 0.738 0.707 0.717 0.614 0.616

Gen-mABSA-T5 General-Purpose 0.735 0.683 0.736 0.668 0.616 0.628

Table 5: Zero-shot performance of general-purpose and task-specific models on ABSA.

RoBERTa Twitter and XLM-RoBERTa in task-
specific pre-trained models. This underscores its
generative zero-shot strength via prompt engineer-
ing and NLI framing without fine-tuning. Com-
pared to general-purpose LLMs such as GPT-OSS-
20B (20B parameters) (85.47 % accuracy with our
designed prompt, Kimi-K2-Instruct (1T parame-
ters) (84.19 %), and Llama-3.1-8B-Instant (8b pa-
rameters) (71.8%), our framework is commend-
able and lightweight.

These results demonstrate that prompt-
engineered Flan-T5 can serve as a robust zero-
shot baseline for English ABSA, approaching
the performance of domain-specific pre-trained
models without any task-specific adaptation. The
gap to fine-tuned systems (approximately 5–8%
F1) is expected and aligns with the zero-shot
paradigm’s goal of multilingual scalability rather
than peak in-domain accuracy.

5.2 Performance on SemEval 2014
Restaurant Corpus

As shown in Table 3, baselines on the Se-
mEval 2014 Restaurant dataset exhibits simi-
lar trends. XLM-RoBERTa leads in zero-shot
(69.63 % accuracy, 70.28 % F1), benefiting from
multilingual pre-training, while Bangla-BERT
underperforms (57.07 %) due to language mis-
match. Few-shot improvements are notable, with
RoBERTa-Twitter at 79.58 % accuracy, and fine-
tuning pushes XLM-RoBERTa to 79.32 %. These

results indicate domain-specific challenges, such
as varied aspect granularity in restaurant reviews.

Our framework attains 73.56 % accuracy and
66.81 % F1 in the zero-shot setting (Table 5), sur-
passing all task-specific models and Llama-3.1-
8b-instant (70.7% accuracy) in general purpose
model. Benchmarking against general-purpose
LLMs, GPT-OSS-20B achieves 81.68 % accuracy
and Kimi-K2-Instruct 80.37 % using our designed
NLI-style concise and explicit prompt.

5.3 Performance on Large Bangla ABSA
Corpus

On the Large Bangla Corpus, Gen-mABSA-T5
achieves the highest zero-shot accuracy (61.56%)
across all task-specific models, and outperforms
the Llama-3.1-8b-instant general-purpose model,
despite using only 250M parameters and a tailored
prompt. Though trailing larger general-purpose
models like kimi-k2-instruct with 1 trillion pa-
rameters (Acc: 86%), Gen-mABSA-T5 remains
highly reasonable, demonstrating that compact,
prompt-engineered Flan-T5-base effectively han-
dles Banglas morphological complexity in zero-
shot ABSA, setting a new efficiency benchmark
for low-resource languages.

5.4 Discussion and Observations

The experimental results reveal several key in-
sights into the efficacy of zero-shot genera-
tive frameworks for multilingual ABSA, partic-
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ularly in low-resource settings. First, consis-
tently outperforms traditional task-specific trans-
former baselines in true zero-shot Bangla scenar-
ios, demonstrating that prompt-engineered genera-
tive models can surpass language-specific discrim-
inative models without any task-specific training.
This advantage stems from Flan-T5’s instruction-
following capability and its exposure to NLI dur-
ing pre-training, which allows ABSA to be nat-
urally framed as a hypothesis–premise inference
task.

Prompt ablation studies further confirm the criti-
cal role of prompt design. NLI-style prompts with
concise and explicit instructions yield the highest
average accuracy, outperforming direct prompts
by 11–12 % and overly verbose prompts by 5–
10 %. Adding domain context consistently de-
grades performance due to prompt dilution, rein-
forcing the principle that clarity and task focus are
paramount in zero-shot settings.

Comparison with proprietary very large LLMs
highlights a trade-off: GPT-OSS-20B (20B pa-
rameters) and Kimi-K2-Instruct (1T parameters),
and Llama-8b-instant (8B parameters) achieve
61–85 % zero-shot accuracy on English SemEval
tasks using conversational prompts, but require
API access, higher latency, and non-deterministic
outputs. Gen-mABSA-T5 (250M parameters),
running locally on a single GPU, delivers 61-73 %
accuracy with full reproducibility and no exter-
nal dependencies, making it more suitable for
resource-constrained research and deployment in
low-resource regions.

6 Conclusion

Gen-mABSA-T5, a new multilingual zero-shot
generative framework for Aspect-Based Senti-
ment Analysis (ABSA), demonstrates exceptional
performance across English (SemEval 2014 Lap-
top and Restaurant) and Bangla (Large Bangla
Corpus) datasets. It achieves a highest accu-
racy of 61.56% on the Large Bangla Corpus, im-
proving to 86.32% with fine-tuning, while pro-
viding commendable accuracies of 73.50% (Lap-
top) and 73.56% (Restaurant) in English. Using
prompt engineering and a generative transformer
architecture, Gen-mABSA-T5 enables scalable,
context-aware ABSA for low-resource languages
like Bangla, addressing critical gaps in annotated
resources and advancing multilingual sentiment
analysis. Future work includes extending the

framework to other underrepresented languages to
further assess its generalizability

7 Limitations

The present study has several limitations that high-
light areas for future improvement:

• The absence of a comprehensive and well-
annotated Bangla ABSA data set limits the
performance and generalization of the model
due to data scarcity.

• The current prompts may not fully capture
Bangla’s complex morphological and syntac-
tic characteristics, which can affect the preci-
sion of sentiment and aspect extraction.

• The model has not been evaluated on code-
mixed or Romanized Bangla inputs (e.g., En-
glish and Bangla mixed sentences or Ban-
glish), restricting its applicability in real-
world multilingual communication contexts.
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Abstract

The task of Bengali text optimization demands
not only the generation of concise and coher-
ent summaries but also grammatical accuracy,
semantic appropriateness, and factual reliabil-
ity. This study presents a dual-phase optimiza-
tion framework for Bengali text summariza-
tion that integrates entity-preserving prepro-
cessing and abstractive generation with mT5,
followed by refinement through sentence rank-
ing, entity consistency enforcement, and opti-
mization with instruction-tuned LLMs such as
mBART. Evaluations using ROUGE, BLEU,
BERTScore, and human ratings of fluency,
adequacy, coherence, and readability show
consistent gains over baseline summarizers.
By embedding grammatical and factual safe-
guards into the summarization pipeline, this
study establishes a robust and scalable bench-
mark for Bengali NLP, advancing text opti-
mization research. Our model achieves 0.54
ROUGE-1 and 0.88 BERTScore on BANS-
Data, outperforming recent multilingual base-
lines.

1 Introduction

In an era of information overload, producing clear,
concise, and contextually relevant text is crucial
for effective communication. Text optimization, re-
fining summaries for readability, semantic accu-
racy, and purpose alignment, is increasingly essen-
tial. This includes enforcing grammatical sound-
ness and precise meaning for diverse audiences in
the digital age.
For Bangla, a morphologically rich language

with a large speaker base yet limited NLP re-
sources, optimization addresses unique challenges
such as complex grammar (e.g., case markers,

verb conjugations) to deliver high-quality, inclu-
sive content. Despite its widespread use, Bangla
lags behind high-resource languages in research
and tooling, necessitating specialized models and
pipelines (Haque et al., 2020).
This study tackles these issues by creating a

two-phase pipeline that processes Bangla text, cor-
rects errors (e.g., missing verbs, excessive conjunc-
tions), and evaluates summaries with tailored met-
rics. Advances in Bangla NLP include large-scale
resources such as a 100M-word corpus used for
high-accuracy spell/grammar checking (Hossain
et al., 2021) and XL-Sum’s multilingual bench-
mark with Bangla coverage (Hasan et al., 2021).
Bangla’s under-representation highlights the

need for integrated optimization, unlike English’s
advanced LLM ecosystems, especially for do-
mains such as news and healthcare. Early surveys
such as Haque et al. (2020) catalog 14 Bangla sum-
marization methods and emphasize resource gaps.
Rahman et al. (2024) improve extractive ranking
with Word2Vec embeddings but do not address
grammar or factuality. Hasib et al. (2023) cou-
ple an extractive BenSumm stage with (Bangla)T5
for news, yet lack explicit faithfulness optimiza-
tion. Miazee et al. (2025) explore neural abstrac-
tive pipelines but face scalability limits due to
small datasets. On the grammar side, Hossain et al.
(2024) (Panini) outperform BanglaT5 on a 7.7M-
pair GEC corpus, while Sultana et al. (2024) show
LLM potential for Bangla news summarization
alongside cross-lingual/cultural gaps. Rule-based
grammar pattern detection (Prapty et al., 2021)
complements these efforts.
Therefore, we introduce a two-phase hybrid

summarization–optimization model: Phase 1 per-
forms preprocessing, NER, BERT-style embed-
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dings, and uses mT5 to draft summaries; Phase 2
optimizes with entity-aware ranking, redundancy
reduction, and mBART-based refinement to im-
prove readability, reduce hallucination, and pre-
serve factual consistency.
We then combine automatic and human as-

sessments: ROUGE (recall), BLEU (precision),
and BERTScore (semantic similarity), plus human
judgments on fluency, adequacy, coherence, and
faithfulness. This research, based on the imple-
mented pipeline, pursues the following objectives:

• Text Optimization via Grammar Correction
(e.g., missing verbs, excessive conjunctions)
and ensuring entity accuracy; assess with
ROUGE, BLEU, and BERTScore.

• Two-Phase Hybrid Summarization Model
combining classical NLP (tokenization, NER,
stemming) with transformers (BERT embed-
dings, mT5 drafting, mBART refinement) to
enhance readability and reduce redundancy.

• Comprehensive Evaluation using automated
metrics (ROUGE, BLEU, BERTScore) and
human evaluations (fluency, adequacy, coher-
ence, faithfulness) to address prior Bangla
ATS limitations.

By filling gaps in integrated text optimization,
this work paves the way for future research in
Bangla NLP, with potential to transform auto-
mated digital content for Bangla-speaking commu-
nities worldwide.

2 Related Work

The task of Automatic Text Summarization (ATS)
for Bangla involves generating concise and coher-
ent summaries from textual or structured data in-
puts. Research has evolved from traditional ex-
tractive methods toward optimization-driven and
neural approaches, with growing interest in multi-
document inputs (Haque et al., 2020; Wahab et al.,
2024). Despite solid progress in Bangla NLP and
optimization techniques, challenges persist due to
limited datasets, linguistic complexity, and com-
putational constraints (Haque et al., 2020; Hasan
et al., 2021).
Several works have developed frameworks, sur-

veys, and benchmarks tailored to Bangla, under-
scoring the importance of resource creation and
evaluation (Haque et al., 2020; Hossain et al.,
2021; Hasan et al., 2023). While progress

is visible, Bangla remains under-represented in
large-scale multilingual corpora and lacks mature
optimization-driven pipelines—clear priorities for
future work (Hasan et al., 2021; Wahab et al.,
2024).
Early Bangla efforts emphasized extractive tech-

niques for their simplicity and modest resource de-
mand. Haque et al. (2020) survey 14 Bangla sum-
marization methods and outline evaluation hur-
dles and resource scarcity. Rahman et al. (2024)
compare frequency/rule-based/Word2Vec extrac-
tive models and show embeddings better capture
semantics, though their scope remains ranking-
only without grammar or factual checks. Foysal
et al. (2021) introduce Bangla-ExtraSum, compar-
ing five extractive approaches (incl. transformer-
based and Word2Vec-assisted models) on 200
prior + 500 new articles with dual human ref-
erences; they report strong scores (e.g., F1 ≈
0.68/0.63 on two sets) but stay strictly extractive.
Khan et al. (2023) present a hybrid extractive
model combining NER, keywords, POS, and sen-
tence cues over a curated 960-passage, 8-domain
dataset (2,880 human summaries), achieving com-
petitive precision/F1 yet still within extractive, tra-
ditional metrics.
To address multi-document needs, Hasan et al.

(2023) release BUSUM-BNLP, a 1,000-article
update-summarization corpus across six domains
with human references; simple TF-IDF baselines
outperform SentenceRank there, but the work re-
mains extractive and ranking-focused.
With neural architectures, Bangla abstraction

gains traction. Miazee et al. (2025) propose an
abstractive pipeline with neural modeling and pre-
processing; data scale and evaluation remain mod-
est. Hayat et al. (2023) benchmark multiple trans-
former variants (incl. fine-tuned BanglaT5) and re-
port best ROUGE-2 ≈ 13.83 for BanglaT5. Ha-
sib et al. (2023) build a hybrid pipeline where an
extractive BenSumm stage feeds (Bangla)T5; the
hybrid beats direct T5 on news, though evaluation
is mostly ROUGE/BLEU. Beyond news, Barsha
and Uddin (2023) compare BanglaT5 vs. pointer-
generator networks for Tagore short-story sum-
marization; feature-augmented pointer-generator
wins on ROUGE, highlighting the value of linguis-
tically informed architectures for literary text.
Foundational resources for correctness run in

parallel. Hossain et al. (2021) develop large-scale
Bangla spell/grammar checking (100M-word cor-
pus; 1M-word lexicon) with strong accuracy but
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outside summarization. Prapty et al. (2021) ap-
ply CFG+CYK for Bangla grammar pattern detec-
tion, effective yet rule-dependent. Hossain et al.
(2024) introduce Panini, a transformer-based GEC
trained on a 7.7M parallel corpus, outperforming
BanglaT5; while not a summarizer, such GEC can
be integrated into summarization post-editing for
fluency and correctness.
Optimization methods underpin ATS from

heuristic selection to meta-heuristics. Wahab
et al. (2024) review optimization-driven ATS (e.g.,
GA, PSO), stressing accuracy–cost trade-offs and
real-time constraints. Classical probabilistic ap-
proaches (e.g., Naïve Bayes + topic words) illus-
trate optimization flavors in single-syllable lan-
guages (Thu, 2014), though mostly handcrafted
and extractive. At the training level, optimizer
choice (Adam, RMSProp, etc.) materially affects
ROUGE and convergence for abstractive news
summarization (Kumari et al., 2023).
Broader multilingual/cross-domain work in-

forms Bangla directions. Hasan et al. (2021)
release XL-Sum (44 languages incl. Bangla), a
key benchmark, though Bangla remains rela-
tively small/noisy. Semantic generalization with
deep models improves rare-word handling in En-
glish settings (Kouris et al., 2019). Domain-
specific Bangla evaluations with LLMs emerge
in health (Abrar et al., 2024) and question gen-
eration (Faieaz et al., 2025), while multimodal
chart-to-text for Bangla is newly explored in Chart-
Summ (Tanjila et al., 2025). For Bangla news,
comparative studies of LM/LLMs indicate poten-
tial but also gaps in faithfulness and robustness
(Sultana et al., 2024). Overall, recent LLM-
based summarization highlights controllability and
scale, yet Bangla still needs optimization-guided,
resource-aware adaptation and evaluation beyond
ROUGE (e.g., factuality, hallucination, and gram-
mar checks) (Wahab et al., 2024; Hasib et al., 2023;
Hayat et al., 2023). Recent multilingual models
such as BanglaT5, Qwen2.5-Instruct, and LLaMA-
3-Instruct demonstrate promising zero-shot sum-
marization capabilities.

3 Methodology

This study proposes a two-phase framework for
Bengali text summarization: summarization and
optimization (Figure 1). The pipeline com-
bines classical NLP with transformer-based and
instruction-tuned LLMs. Preprocessing removes

noise (stopwords, URLs, digits), while a Named
Entity Recognition (NER) module preserves key
entities.

Figure 1: Text Optimization Framework for Bengali
Text

3.1 Summarization Techniques
Bengali summarization methods fall into two main
categories: extractive, which select important sen-
tences from the source, and abstractive, which
generate new sentences that condense meaning.
Early work relied on rule-based heuristics (e.g.,
sentence position, keywords) or machine learning
models using features such as TF–IDF and en-
tity frequency. While these methods are efficient,
they often miss deeper semantics. Abstractive ap-
proaches, on the other hand, leverage neural archi-
tectures. Initial RNN+attention models struggled
with long sequences, but transformer-based mod-
els like mT5 and mBART have since improved flu-
ency and semantic coverage, producing more nat-
ural summaries.

3.2 Optimization with LLMs
Recent advances incorporate instruction-tuned
large language models (LLMs) to refine draft sum-
maries into coherent, concise, and entity-faithful
outputs. In our work, we employ mBART for inter-
mediate optimization. There are also larger mod-
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els such as LLaMA-3.1-8B-Instruct and Qwen2.5-
7B-Instruct for refining draft summaries while pre-
serving entities and handling complex structures,
removing redundancy, and producing concise out-
puts under strict length constraints.

3.3 Phase - 1 : Summarization
3.3.1 Dataset and Preprocessing
We use the Bengali Abstractive News Summa-
rization Dataset (BANSData) (Bhattacharjee et al.,
2021), containing 19,096 articles and correspond-
ing human-written summaries across domains
such as politics, economy, sports, and culture. Ar-
ticles range from 5–76 words, with summaries
of 3–12 words, making the dataset well-suited
for abstractive summarization. A preprocessing
pipeline was applied to clean and normalize the
corpus by removing URLs, digits, hashtags, and
redundant punctuation. Tokenization was per-
formed using BNLP and NLTK tokenizers, stop-
words were removed via the BengaliCorpus list,
and BanglaStemmer was used for morphologi-
cal normalization. To ensure factual accuracy,
a Named Entity Recognition (NER) module pre-
served critical entities (persons, locations, organi-
zations) throughout the pipeline, yielding an entity-
aware dataset for embedding, summarization, and
optimization.

3.3.2 Named Entity Recognition (NER)
NER is central to the framework for preserving
factual reliability in low-resource Bengali summa-
rization. Using BNLP’s BengaliNER toolkit, en-
tities such as “বাংলােদশ বয্াংক” (Bangladesh Bank)
and “ঢাকা” (Dhaka) are detected and explicitly pro-
tected from stemming or removal. During opti-
mization, an additional verification step ensures
that all entities present in the source are retained
in the final summary. This integration minimizes
semantic drift and enhances the trustworthiness of
generated outputs.

3.3.3 Sentence Embeddings
To capture semantic depth, each preprocessed sen-
tence is encoded into dense vector representations
using BERT embeddings, which model both left
and right contexts. These embeddings serve three
purposes: (i) reduce redundancy by detecting se-
mantically overlapping sentences, (ii) strengthen
ranking by promoting diverse content coverage,
and (iii) enrich abstractive summarization with
contextualized features that complement entity

preservation. Combined with NER, this dual-
layered approach ensures factual reliability, coher-
ence, and a strong foundation for high-quality Ben-
gali summaries.

3.3.4 Summarization with mT5

The first stage employs the mT5 model, a mul-
tilingual sequence-to-sequence transformer pre-
trained on diverse languages, including Bengali.
Leveraging embeddings and preserved entities,
mT5 generates draft summaries that are fluent
and contextually meaningful. For instance, it can
condense “জাপােনর প্রধানমন্ত্রী িশনেজা আেবর সরকার
নতুন কের একিট বােজট অনুেমাদন কেরেছ... (“Japan’s
Prime Minister Shinzo Abe’s government has ap-
proved a new budget…”) into shorter, coherent
forms. However, drafts may still contain redun-
dancy, factual drift, or incomplete coverage, re-
quiring refinement in Phase 2.

3.4 Phase - 2 : Optimization

3.4.1 Sentence Ranking and Selection

To refine mT5 drafts, a ranking module filters sen-
tences based on heuristic criteria. Sentences con-
taining named entities are prioritized through an
entity weight, while a length score penalizes those
that are overly short or verbose. Redundancy is re-
duced using BERT embeddings to remove seman-
tic overlaps, and semantic diversity is encouraged
to ensure broad coverage of different aspects. To-
gether, these steps yield summaries that are con-
cise, entity-aware, and semantically rich, forming
the basis for final optimization.

3.4.2 Entity Preservation Enforcement

Before final rewriting, BNLP’s BengaliNER
toolkit verifies entity consistency (e.g., “বাংলােদশ
বয্াংক” (Bangladesh Bank), “ঢাকা” (Dhaka)). Miss-
ing or altered entities are corrected, preventing fac-
tual distortion and ensuring reliable summaries.

3.5 Optimizer/Rewriter (mBART)

The last stage uses mBART, a multilingual
sequence-to-sequence transformer pre-trained
with denoising objectives. Given the source
article and entity-preserved draft, it:
• Enhances readability with fluent Bengali,
• Removes residual redundancy,
• Preserves named entities, and
• Improves semantic alignment with the source.
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3.6 Evaluation Metrics

Evaluation of system-generated summaries is per-
formed using both automatic metrics and human
judgment. To ensure robust assessment, we adopt
widely recognized metrics: ROUGE, BLEU, and
BERTScore. These metrics collectively capture
lexical overlap, n-gram precision, semantic sim-
ilarity, and character-level fluency, providing a
comprehensive evaluation of both raw summaries
and optimized summaries.

3.6.1 Automatic Evaluation Metrics
To ensure robust assessment, we employ these
complementary evaluation metrics:

• ROUGE-N measures recall by evaluating n-
gram overlaps (e.g., unigrams, bigrams) be-
tween system and reference summaries.

• BLEU measures precision of n-gram
matches, originally for machine translation,
with a brevity penalty to avoid overly short
outputs.

• BERTScore computes semantic similarity
using contextual embeddings (e.g., BERT,
BanglaBERT) and cosine similarity between
tokens.

Final optimized summaries, generated by the
LLM refinement stage (mBART), were assessed
using these four automatic metrics.

3.7 Human Evaluation

Three native Bengali linguists (each with ≥ 3
years of experience in NLP or linguistics) inde-
pendently rated a stratified random sample of 200
summaries (balanced across domains) on a 5-point
Likert scale for fluency, adequacy, coherence, and
readability. The raters were blinded to system iden-
tity, and ties were allowed. Inter-annotator agree-
ment was measured using Krippendorff’s α (ordi-
nal) for each dimension; disagreements were re-
solved by majority vote. We report per-dimension
means ± 95% CIs and α. Where:
• Fluency: grammatical correctness and sentence
naturalness.

• Adequacy: extent to which the draft captured es-
sential content.

• Coherence: logical progression and organiza-
tion.

• Readability: overall ease of comprehension.

The evaluation strategy was designed to assess the
effectiveness of both phases of the proposed frame-
work. Specifically, human evaluation was applied
after Phase 1 (Summarization) to assess draft sum-
maries generated by mT5 and refined by sentence
ranking, while automatic metrics were applied af-
ter Phase 2 (Optimization) to benchmark the final
optimized summaries against human-written refer-
ences.

4 Experimental Setup and Evaluation

The framework was meticulously tested on the
Bengali Abstractive News Summarization Dataset
(BANSData), a robust corpus comprising 19,096
article-summary pairs, utilizing models such as
mT5 and mBART. The dataset was initially split
into four parts, which underwent iterative refine-
ment. Performance was systematically assessed
using a suite of automatic metrics—ROUGE-1,
ROUGE-2, ROUGE-L, BLEU, and BERTScore—
alongside detailed human evaluations focusing
on fluency, adequacy, coherence, and readability,
scored on a 1–5 Likert scale by a panel of three
expert native Bangla linguists with linguistic expe-
rience.

4.1 Experimental Setup
Dataset. We employ the Bengali Abstractive
News Summarization Dataset (BANSData), a cu-
rated collection of Bengali news articles and their
corresponding human-written summaries obtained
from bangla.bdnews24.com. The corpus com-
prises 19,096 article–summary pairs across diverse
domains such as politics, economy, sports, cul-
ture, and social issues, and has been widely used
in prior Bangla summarization research. Key hy-
perparameters for both phases are summarized in
Table 1. Settings follow standard Hugging Face
Transformer defaults, with mixed-precision train-
ing on a single NVIDIA A100 GPU.

Baseline Model. The baseline system is based
on the sequence-to-sequence Long Short-Term
Memory (LSTM) network with attention pro-
posed by (Bhattacharjee et al., 2021). The model
employs an encoder–decoder architecture with
local attention to generate fluent and human-
like abstractive summaries from Bangla news
articles. The authors also released the Ben-
gali Abstractive News Summarization (BANS)
dataset, the largest publicly available Bangla
summarization corpus, comprising over 19,000
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Parameter mT5 (Phase 1) mBART (Phase 2)

Optimizer AdamW (β1=0.9,
β2=0.999, ϵ=1 ×
10−8)

AdamW (same)

Learning rate 3× 10−4 1× 10−5

Warm-up / Decay Linear (5%) / Lin-
ear

Linear (same)

Weight decay 0.01 0.01
Label smoothing 0.1 0.1
Batch size 8× 8 (accum.=64) 8× 8 (accum.=64)
Epochs (max) 5 (early stop pa-

tience 3)
2

Steps (approx.) ∼35k ∼10k
Token limits 512 (input), 100

(output)
512 (input), 100
(output)

GPU A100 (40 GB) A100 (40 GB)
Seed 42 42
Dataset split 80 / 10 / 10 80 / 10 / 10

Table 1: Fine-tuning hyperparameters for mT5 (Phase
1) and mBART (Phase 2). Both configurations use
linear warm-up (5%), linear decay, and fixed seed
= 42. Experiments were conducted on BANSData
(train/dev/test = 80/10/10) using a single A100 GPU.

news articles and human-written summaries
collected from bangla.bdnews24.com and pub-
lished on Kaggle. Their system demonstrated
competitive performance in both quantitative
metrics (BLEU, ROUGE) and human eval-
uation, establishing a strong benchmark for
BANSData. For comparison, this work adopts
csebuetnlp/mT5_multilingual_XLSum, a mul-
tilingual T5 variant fine-tuned for abstractive
summarization. The model is configured with a
maximum input length of 512 tokens, maximum
output length of 100 tokens, a minimum output
of 30 tokens, a six-beam search, and a no-repeat
3-gram constraint to reduce redundancy. Sum-
maries are generated using a standardized pipeline
comprising tokenization, abstractive generation,
and post-processing, with outputs stored in CSV
format for subsequent evaluation.

Evaluation. Performance was assessed using
ROUGE-1, ROUGE-L, BLEU, and BERTScore.
In addition, three native Bengali linguists pro-
vided human ratings on fluency, adequacy, co-
herence, and readability using a five-point Likert
scale. This combination of automatic and human
evaluation established a robust baseline for the sub-
sequent optimization experiments.

4.2 Automated Metric Results
Figure 2 presents the quantitative evaluation re-
sults in terms of ROUGE-1, ROUGE-L, BLEU,

and BERTScore across the baseline, first-level,
and optimized summaries. The baseline system
yielded modest scores (ROUGE-1: 0.30, ROUGE-
L: 0.31, BLEU: 0.30, BERTScore: 0.52). First-
level summaries demonstrated consistent improve-
ments, with notable gains in BLEU (0.42) and
BERTScore (0.55), alongside moderate increases
in ROUGE metrics. The optimized summaries
achieved the best performance overall, reaching
ROUGE-1: 0.54, ROUGE-L: 0.36, BLEU: 0.50,
and BERTScore: 0.88. These findings indicate
that progressive optimization not only improves
lexical overlap but also substantially enhances
semantic fidelity, with BERTScore showing the
largest relative gain. Recent Bangla and multilin-
gual summarization baselines were also evaluated
for comparison, as summarized in Table 2.

Model
(Configura-
tion)

ROUGE-1ROUGE-2ROUGE-L BLEU BERTScore (F1)

BanglaT5
(fine-tuned;
Hayat et al.
2023)

0.41 0.14 0.39 0.32 0.82

Qwen2.5-
7B-Instruct
(0-shot)

0.44 0.16 0.40 0.35 0.84

LLaMA-
3-Instruct
(0-shot)

0.43 0.15 0.39 0.34 0.83

mT5 (Phase
1; ours)

0.46 0.17 0.33 0.42 0.55

mT5 →
mBART
(Phase 2;
ours)

0.54 0.20 0.36 0.50 0.88

Table 2: Comparison on BANSData between the pro-
posed dual-phase optimization framework and recent
Bangla/multilingual baselines.

As shown in Table 2, the proposed frame-
work delivers substantial gains over both Bangla-
specific and multilingual baselines. Compared
with BanglaT5, Phase 2 yields +0.13 ROUGE-1
and+0.18BLEU improvements, while surpassing
instruction-tuned LLaMA-3 and Qwen 2.5 models
across all metrics. These results highlight the effec-
tiveness of the two-phase optimization strategy in
achieving superior lexical precision, semantic con-
sistency, and factual reliability within Bengali ab-
stractive summarization.

4.3 Human Evaluation Results
Figure 3 reports average human ratings (1 to 5 Lik-
ert scale) across four dimensions: fluency, ade-
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Figure 2: Automated metric results

quacy, coherence, and readability. The first-level
summaries received mid-scale ratings between 3.8
to 4.1 on average, indicating reasonable but im-
perfect quality. Optimized summaries consistently
outperformed them, scoring 4.3 to 4.5 across all
dimensions. Gains were most notable in fluency
and readability, suggesting that the optimization
stage effectively improved grammatical correct-
ness, sentence naturalness, and ease of comprehen-
sion. Adequacy and coherence also showed consis-
tent improvements, highlighting the benefit of en-
tity preservation and redundancy reduction in the
final optimization phase.

Figure 3: Human evaluation scores across fluency, ad-
equacy, coherence, and readability

The Figure 4 (radar chart) visualizes the ratings
for fluency, coherence, content preservation, and
relevance across different models. The proposed
model outperforms all baseline models, especially
in content preservation and relevance, which are
critical for generating useful and informative sum-
maries.
Taken together, human and automatic evalu-

ations demonstrate that the proposed two-phase
framework yields consistent improvements over
both the baseline and first-level drafts. Human
judges valued the readability and fluency gains,
while automatic scores highlighted advances in se-

Figure 4: Radar chart of human evaluation scores (1–
5) for Fluency, Adequacy, Coherence, and Readabil-
ity across Baseline (mT5), First-Level, and Optimized
models

mantic alignment and lexical coverage. This dual
evidence supports the effectiveness of combining
entity-aware draft generation with LLM-based op-
timization for Bangla summarization.

4.4 Text Sample Comparison

To illustrate the qualitative impact of the proposed
framework, sample outputs from the three stages
of summarization are compared against the human-
written reference summary. The examples high-
light how the system evolved from the baseline
through the first-level summarizer to the final op-
timized summary. To better understand the be-
havior of each stage, a stratified sample of 50
summaries from the baseline, Phase 1 (mT5), and
the final optimized system was manually exam-
ined. Three recurring error types were observed:
(i) entity omissions or substitutions, where key ac-
tors (e.g., organizations or locations) are missing
or replaced by generic phrases; (ii) hallucinated
details, where numbers, dates, or causal explana-
tions not supported by the source article are in-
troduced; and (iii) over-compression, where sum-
maries become too short and drop essential back-
ground information. The second-phase optimiza-
tion, which combines entity-aware ranking with
mBART refinement, substantially reduces the first
two categories (especially for named entities such
as banks and cities) and slightly increases sum-
mary length, thereby mitigating over-compression
while preserving the main event described in the
article.
The experimental findings clearly demonstrate
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Type Text

Source Text “বাংলােদশ বয্াংক েঘাষণা কেরেছ েয নতুন অথর্বছেরর
কৃিষ খােত ঋেণর পিরমাণ বাড়ােনা হেব। এর ফেল কৃষকরা
স্বল্পসুেদ ঋণ িনেত পারেবন।” (Bangladesh Bank has an-
nounced that the amount of loans in the agricultural
sector will be increased in the new fiscal year. As
a result, farmers will be able to take loans at low
interest rates.)

Reference Summary
(Human)

“কৃিষ খােত ঋণ বাড়ােব বাংলােদশ বয্াংক।” (Bangladesh
Bank will increase loans in the agricultural sector.)

First-Level Sum-
mary

“বাংলােদশ বয্াংক নতুন অথর্বছের কৃিষ খােত ঋণ বাড়ােব।”
(Bangladesh Bank will increase agricultural loans
in the new fiscal year.)

Optimized Sum-
mary

“বাংলােদশ বয্াংক কৃষকেদর জনয্ কৃিষ খােত ঋণ বাড়ােনার
েঘাষণা িদেয়েছ।” (Bangladesh Bank has announced
an increase in agricultural loans for farmers.)

Table 3: Example of text sample comparison across
phases

the effectiveness of the proposed two-phase opti-
mization framework. Starting from the baseline
model, which produced modest results, the incor-
poration of entity-aware embeddings and heuris-
tic ranking in the first-level summarizer delivered
measurable improvements in informativeness and
coherence. The final optimization stage, lever-
aging NER reinforcement, redundancy filtering,
and mBART rewriting, achieved the strongest per-
formance across both automated metrics and hu-
man evaluation, substantially surpassing the base-
line and intermediate systems. Automated results
confirm notable gains in ROUGE, BLEU, and
BERTScore, while human assessments highlight
significant improvements in fluency, adequacy, co-
herence, and readability. These outcomes vali-
date the central claim of this study: that integrat-
ing classical preprocessing, semantic embeddings,
and instruction-tuned LLM refinement produces
Bangla summaries that are not only concise and
fluent but also factually reliable and stylistically
aligned with human-written references.

5 Conclusion

5.1 Our Findings

The framework was evaluated on the Bengali Ab-
stractive News Summarization Dataset (BANS-
Data). Performance was assessed using ROUGE-
1, ROUGE-L, BLEU, and BERTScore, comple-
mented by human evaluation from three expert na-
tive Bangla linguists who rated fluency, adequacy,
coherence, and readability on a five-point Likert
scale.
The baseline model achieved ROUGE-1 0.30,

ROUGE-L 0.31, BLEU 0.30, and BERTScore
0.52, with mean human ratings around 3.8. In-
corporating entity-aware embeddings and a rank-

ing mechanism in the first-level summarizer im-
proved all metrics, especially BLEU (from 0.30
to 0.42) and BERTScore (from 0.52 to 0.55); hu-
man ratings increased to about 4.0. The Phase 2
optimized system, enhanced through NER-based
entity preservation and mBART-driven semantic
refinement, achieved ROUGE-1 0.54, ROUGE-L
0.36, BLEU 0.50, and BERTScore 0.88. Mean hu-
man evaluation scores exceeded 4.4 across all di-
mensions, confirming the framework’s effective-
ness in improving both lexical overlap and seman-
tic fidelity.
Taken together, the automatic metrics and hu-

man evaluations confirm that the proposed two-
phase framework substantially outperforms both
the baseline and intermediate systems. Im-
provements averaged around +0.20 for ROUGE-
1 and ROUGE-L, +0.20 for BLEU, and +0.36 for
BERTScore. Human evaluation scores increased
by approximately 0.6 points on the five-point Lik-
ert scale, reflecting consistent gains in fluency, ad-
equacy, coherence, and readability. These find-
ings validate the effectiveness of combining entity-
aware draft generation with LLM-based optimiza-
tion for producing high-quality Bangla abstractive
summaries that achieve stronger lexical overlap
and semantic fidelity.

5.2 Future Prospects

Further fine-tuning of mBART on domain-
specific Bangla corpora could help mitigate
trade-offs between brevity and semantic richness.
Incorporating real-time data sources such as
bangla.bdnews24.com may enhance adapt-
ability to evolving news content. Expanding
collaboration with a broader panel of linguists
could also refine evaluation criteria and improve
the balance between fluency and adequacy.

Limitations. The proposed framework is trained
and evaluated on BANSData news articles, which
may limit generalization to conversational or lit-
erary Bangla without domain adaptation. Never-
theless, the two-phase architecture itself is model-
and domain-agnostic and can be extended to other
Bangla genres (e.g., healthcare, education, social
media) given appropriate training data and do-
main adaptation. Although entity preservation mit-
igates factual drift, no external fact-checking mod-
ule is applied, and errors in Named Entity Recog-
nition could propagate. Human evaluation is con-
ducted with a small group of expert linguists us-
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ing Likert-scale ratings, which, despite reporting
inter-annotator agreement, remains inherently sub-
jective. Furthermore, optimization with large lan-
guage models increases computational cost, and
efficiency-oriented techniques such as quantiza-
tion or distillation are not yet explored.
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Abstract

In this work, we introduce BLUCK, a new
dataset designed to measure the performance of
Large Language Models (LLMs) in Bengali lin-
guistic understanding and cultural knowledge.
Our dataset comprises 2366 multiple-choice
questions (MCQs) carefully curated from com-
piled collections of several college and job level
examinations and spans 23 categories covering
knowledge on Bangladesh’s culture and his-
tory and Bengali linguistics. We benchmarked
BLUCK using 6 proprietary and 3 open-source
LLMs - including GPT-4o, Claude-3.5-Sonnet,
Gemini-1.5-Pro, Llama-3.3-70B-Instruct, and
DeepSeekV3. Our results show that while these
models perform reasonably well overall, they,
however, struggles in some areas of Bengali
phonetics. Although current LLMs’ perfor-
mance on Bengali cultural and linguistic con-
texts is still not comparable to that of main-
stream languages like English, our results in-
dicate Bengali’s status as a mid-resource lan-
guage. Importantly, BLUCK is also the first
MCQ-based evaluation benchmark that is cen-
tered around native Bengali culture, history,
and linguistics.

1 Introduction

Recently, Large Language Models (LLMs) have
demonstrated remarkable success in multilingual
capabilities. In the case of Bengali, OpenAI’s
O1 model achieved an impressive score of 0.873
(OpenAI et al., 2024b) on the MMLU benchmark.
However, most evaluations of Bengali, includ-
ing MMLU, rely on translated English datasets
assessing general knowledge skills or focus ex-
clusively on STEM fields, such as math and sci-
ence (Shafayat et al., 2024). Despite the growing
emphasis on evaluations that capture cultural and

*Equal contribution.
†Daeen Kabir conducted this research during his under-

graduate studies at KAIST.
‡Corresponding author

Categories No. of Questions

History
Ancient Bengal 99
British Bengal 40
Pakistan Era 106

Culture

Indigenous People 31
Arts, Heritage & Media 69

National Issues 15
Constitution 31
Resources 36
Geography 87

Law 284

Phonetics

Alphabet 10
Pronunciation 69

Conjunct Letters 23
Sound & Letters 48
Sound Changes 54

Phonetic Combining Rules 184
Miscellaneous Phonetics 80

Semantics

Synonyms 364
Antonyms 165

One Word Expressions 180
Idioms 198

Proverbs 47
Miscellaneous 146

Total 2366

Table 1: Statistics of BLUCK

linguistic contexts for LLMs, the performance of
models in Bengali-specific cultural knowledge or
reasoning skills remains unexplored.

Given that Bengali is the 7th most spoken lan-
guage in the world, with over 237 million na-
tive speakers, it is crucial to address the lack of
high-quality Bengali-specific evaluation datasets.
To this end, we introduce BLUCK1, a Bench-
mark Dataset for Bengali Linguistic Understand-
ing and Cultural Knowledge. Through a rigorous
curation process—encompassing careful annota-
tion, multiple rounds of cross-inspection, and dig-
itization—we have compiled a dataset of 2,366
multiple-choice questions (MCQs) that encompass

1Dataset link: BLUCK
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extensive knowledge of the culture, history, and
language of Bangladesh, into 23 subcategories. Ta-
ble 1 presents the overall statistics and categories
of BLUCK.

Our evaluation of 9 LLMs using BLUCK offers
valuable insights into the current status of LLMs
in understanding Bengali language and cultural
knowledge. Specifically, GPT-4o and Claude-3.5-
Sonnet achieve the highest scores, around 73% in a
0-shot setting—approximately 7% lower than their
performance on the MMLU benchmark. Overall,
the models tend to perform well in the history cat-
egory but show weaker results in the culture cate-
gory, particularly on national issues. Similarly, in
the phonetics category, their performance is gener-
ally low, with GPT-4o scores of 0.377 in pronun-
ciation and 0.407 in sound changes. The lower
performance in specific categories, such as cul-
ture and phonetics, highlights the current models’
limitations in Bengali-specific knowledge. These
findings underscore the potential for improvement
in these areas, providing valuable insights for the
future development of Bengali language models.

2 Related Works

2.1 Cultural Sensitive Dataset

There has been a growing effort to create culturally
sensitive benchmarks for evaluating LLMs across
different languages and regions. Datasets like CUL-
TURALBENCH (Chiu et al., 2024), CLIcK (Kim
et al., 2024) for Korean cultural knowledge Ro-
CulturaBench (Masala et al., 2024) for Romanian
culture are designed to assess LLMs’ ability to un-
derstand cultural context beyond linguistic fluency.
Similarly, BLEnD (Myung et al., 2024) provides
a multilingual cultural dataset from more than 13
different languages.

Despite these advances, Bengali remains sig-
nificantly underrepresented in cultural-sensitive
datasets. Most cultural evaluation benchmarks fo-
cus on high-resource languages or specific regional
cultures, leaving a major gap in Bengali cultural
and linguistic understanding.

2.2 Bengali Dataset

Several benchmarks have been developed to eval-
uate LLMs in general and multilingual tasks, but
only a few focus on specific Bengali knowledge.
M-MMLU (OpenAI, 2024) and Global-MMLU
(Singh et al., 2024) are some of the few well-known
benchmarks that include Bengali in their multilin-

gual evaluation settings. Nevertheless, their Ben-
gali questions are mostly translated from English,
limiting their effectiveness in assessing native-level
linguistic understanding.

For Bengali reasoning tasks, MGSM (Shi et al.,
2022) provided the Bengali translations of GSM8K
(Cobbe et al., 2021), one of the prominent datasets
for grade school math problems along with other
languages, although its scope remains limited.
Later, BEnQA (Shafayat et al., 2024) provided mul-
tiple choice questions as official English-Bengali
corpus, sourced from Bangladesh’s national board
exams, focusing on STEM subjects. More recently,
Tiger LLM (Raihan and Zampieri, 2025) aggre-
gated diverse Bengali corpora, including educa-
tional, literary, and QA datasets, contributing sig-
nificantly to Bengali NLP resources. Notably, there
is still no phonetics-focused dataset for Bengali,
which leaves granular but crucial aspects of the
language absent from current evaluations.

To the best of our knowledge, BLUCK is the
first comprehensive benchmark to include Bengali-
related reasoning and knowledge questions, fo-
cusing on Bengali history, culture, and language.
BLUCK is specifically designed to evaluate LLMs
in native Bengali contexts, complementing existing
multilingual and subject-specific benchmarks.

3 BLUCK: A Benchmark Dataset for
Bengali Linguistic Understanding and
Cultural Knowledge

BLUCK contains immersive knowledge organized
into these four major domains: Bangladesh’s his-
tory, Bangladeshi culture, Bengali phonetics, and
Bengali semantics. A summary of these categories,
along with the corresponding number of questions
is provided in Table 1.

3.1 Data Collection

Data is collected from publicly available printed
copies of previous examination papers from the
following sources: a) Bangladesh Civil Service
(BCS) Examinations, b) university entrance exam-
inations in Bangladesh, c) Bangladesh Bar Coun-
cil Preliminary Examinations, d) bank job exam-
inations, and e) several public job examinations.
These official examinations are selected for their
reliability and authoritative assessment of general
knowledge in Bangladesh. These exams consist
of extensive native knowledge on Bangladesh’s
history, culture, law, language, and various other
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Figure 1: Illustration of a MCQA sample from the Semantics domain. To aid linguistic understanding of non-native
Bengali speakers, we include the original Bengali script, romanization, and word-by-word glossing, following the
Leipzig Glossing Rules, alongside the English translation.

academic disciplines. For BLUCK’s creation, we
select only the MCQs and follow a question selec-
tion criterion, based on which we omit these types
of questions: a) fact-based questions loosely repre-
senting Bangladesh’s history, culture, and language
b) questions on contemporary issues in Bangladesh
(to ensure long-term relevance), c) insignificant
date-related or ‘number-based answer option’ ques-
tions (to avoid arbitrary or trivial answers).

3.2 Dataset Curation

(1) Categorization After data collection, we cat-
egorize by utilizing general knowledge and Bengali
language guidebooks that organize questions simi-
lar to the ones in our dataset. This approach ensures
proper categorization for some of the categories in
the culture domain, and allows us to group simi-
lar categories into the four main domains of our
dataset.

(2) Two Round Inspection The preliminary
question selection task is distributed among the
authors by category. To ensure quality, we imple-
ment two rounds of double-blind cross-checking.
Independently, a second author collects questions
for the same categories. The two authors then cross-
check and agree on a preliminary set. In the second
round, two more authors inspect these agreed-upon

preliminary set in a double-blind manner, and cross-
check their selection lists. All authors ensure that
their selection process conforms to the aforemen-
tioned selection criteria . This process ensures that
our dataset contains high-quality questions repre-
senting the history and culture of Bangladesh, and
its rich linguistic knowledge.

(3) Digitization After inspection, professional
annotators, proficient in Bengali, digitize the
MCQs for easier access and manipulation of the
data. This is done to minimize the errors when
digitized. To finalize our dataset, we conduct re-
finement: a) cleaning duplicate and inconsistent
entries, b) correcting existing typing errors, and c)
final checking to remove erroneous questions. This
extensive approach ensures reliability and proper
representation of the categories in our dataset.

4 Experiment

4.1 Experimental Setup

In order to evaluate LLMs’ performance on the
history and culture of Bangladesh, and Bengali
phonetics and semantics, we conduct experiments
on the BLUCK dataset using both proprietary and
open-source models. We utilized the following
LLMs:
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• Proprietary models: GPT-4o, GPT-4o-
mini (OpenAI et al., 2024a) 2, Claude-3.5-
Sonnet, Claude-3.5-Haiku 3, Gemini-1.5-Pro,
Gemini-1.5-Flash (Team et al., 2024) 4

• Open-source models: Llama-3.1-8B-Instruct,
Llama-3.3-70B-Instruct (Grattafiori et al.,
2024), DeepSeekV3 (DeepSeek-AI et al.,
2024)

Since BLUCK consists largely of factual-
knowledge based questions, we conduct evalua-
tion without any chain-of-thought (CoT) reasoning,
using both zero-shot and five-shot settings. As
shown in Figure 3a in Appendix 7, for prompt,
we utilize system and user prompts, explicitly in-
structing the model to output only the option ‘letter’
in order to save API computational cost (Petrov
et al., 2023). Following the criteria in KoBBQ (Jin
et al., 2024), we only accept generated responses
based on: a) response with only the alphabet as
answer, b) response mentioning term correspond-
ing to one of the options, iii) response convey the
answer in the form ‘answer:’, or ‘answer is’, etc.
Responses showing signs of hallucination, or pro-
ducing bizarre outputs such as single Bengali letter
as response are omitted.

4.2 Result

Our evaluation results are summarized in Table
2, which highlights the performance scores for all
23 categories of our dataset for the major mod-
els. Table 4 in Appendix 7 shows the same for the
small-sized language models. Our results indicate
that Claude-3.5-Sonnet, GPT-4o, Gemini-1.5-pro,
and DeepSeekV3 demonstrate considerable knowl-
edge of Bangladeshi history and the semantics of
Bengali language. However, all the models strug-
gle with phonetics, especially in areas such as pro-
nunciation and sound changes. Claude-3.5-Sonnet
emerges as the best overall model with consistent
performance across all categories in both settings.
It’s performance in Bengali phonetics, which is
the most difficult category, is 10% better than the
2nd best model in this domain. GPT-4o closely
follows, performing the best in history, culture,
and semantics, while Claude-3.5-Sonnet achieves

2We use GPT-4o-2024-08-06 and GPT-4o-mini-2024-07-
18 version using OPENAI API.

3We use Claude-3.5-Sonnet-20241022 and Claude-3.5-
Haiku-20241022 version using Anthropic API.

4We use gemini-1.5-pro-Latest, gemini-1.5-flash-latest us-
ing Gemini API key in Google AI Studio.

best performance in culture and phonetics. The
smaller models exhibit surprisingly reasonable per-
formance, with Gemini-1.5-Flash and Claude-3.5-
Haiku surpassing even Llama-3.3-70B-Instruct in
5-shot setting. Llama-3.1-8B-Instruct, on the other
hand, lags behind all other smaller models, show-
ing very limited performance overall.

5 Discussions

The benchmark results reveal significant variations
in model performance across different categories
and shot settings. Firstly, it is visible that 5-shot
prompting leads to notable performance improve-
ments (between 5% to 10%) across all models,
which aligns with the findings that large language
models pick up categorical cues from the examples
and reduce the ‘search space’ for MCQ solution
under few-shot settings (Brown et al., 2020).

Secondly, proprietary models like GPT-4o and
Claude-3.5-Sonnet consistently outperform open-
source models for most of the categories, suggest-
ing that the former have a stronger contextual un-
derstanding of Bengali.

In addition, ’Pronunciation’, and ’Sound
Changes’ are notable categories in which models
exhibit poor performance. This strongly suggests
that phonetic nuances in Bengali still remain under-
represented in existing LLMs, even with few-shot
prompting.

The findings, overall, reinforce the need for more
robust culture sensitive Bengali resources in LLM
pretraining and evaluation benchmarks to improve
performance in underrepresented Bengali linguistic
and cultural areas.

5.1 CoT Evaluation on Pronunciation

We identify existing LLMs as performing markedly
poor in the pronunciation category. To understand
the source of this weakness, we conducted an addi-
tional experiment prompting Claude-3.5-Sonnet to
use CoT reasoning on this particular subset under
a zero-shot setting. Table 3 shows the results.

The CoT approach did not yield considerable
improvement. After evaluating the CoT responses,
we attribute this mainly to insufficient knowledge
of Bengali grammar as well as limited understand-
ing of Bengali phonetic rules. In several cases, the
model made an error in the very first reasoning step
due to incorrect background assumptions, causing
the entire reasoning chain to collapse. We also
observed a tendency for the model to fixate on an
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Categories
GPT-4o Claude-3.5-Sonnet Gemini-1.5-Pro Llama-3.3-70B DeepSeekV3

0-shot 5-shot 0-shot 5-shot 0-shot 5-shot 0-shot 5-shot 0-shot 5-shot

History

Ancient Bengal 0.899 0.919 0.879 0.889 0.758 0.758 0.687 0.677 0.859 0.889
British Bengal 0.925 0.975 0.875 0.9 0.675 0.95 0.8 0.85 0.9 0.95
Pakistan Era 0.745 0.783 0.67 0.764 0.481 0.613 0.5 0.509 0.717 0.726

Average 0.837 0.869 0.788 0.837 0.624 0.727 0.624 0.633 0.804 0.829

Culture

Indigenous People 0.806 0.839 0.871 0.935 0.516 0.71 0.516 0.742 0.774 0.871
Arts, Heritage & Media 0.739 0.768 0.725 0.696 0.58 0.594 0.58 0.551 0.725 0.768

National Issues 0.467 0.467 0.733 0.8 0.6 0.733 0.2 0.6 0.467 0.6
Constitution 0.806 0.871 0.871 0.935 0.806 0.903 0.677 0.71 0.935 0.968
Resources 0.778 0.778 0.722 0.778 0.5 0.639 0.528 0.583 0.694 0.806
Geography 0.828 0.862 0.759 0.793 0.598 0.724 0.655 0.621 0.701 0.77

Law 0.68 0.715 0.648 0.718 0.613 0.715 0.496 0.588 0.588 0.641

Average 0.725 0.758 0.707 0.758 0.604 0.707 0.537 0.604 0.656 0.718

Phonetics

Alphabet 0.6 0.7 0.6 0.9 0.2 0.9 0.6 0.9 0.6 0.9
Pronunciation 0.377 0.406 0.348 0.507 0.246 0.391 0.217 0.333 0.29 0.348

Conjunct Letters 0.652 0.739 0.826 0.957 0.652 0.826 0.739 0.826 0.696 0.826
Sound & Letters 0.771 0.729 0.708 0.792 0.625 0.771 0.542 0.688 0.688 0.75
Sound Changes 0.407 0.611 0.5 0.667 0.463 0.63 0.352 0.537 0.407 0.574

Phonetic Combining Rules 0.516 0.603 0.663 0.761 0.533 0.609 0.446 0.473 0.609 0.63
Miscellaneous Phonetics 0.638 0.675 0.588 0.7 0.5 0.588 0.463 0.575 0.575 0.675

Average 0.538 0.609 0.596 0.718 0.485 0.609 0.432 0.526 0.545 0.618

Semantics

Synonyms 0.874 0.912 0.893 0.923 0.769 0.835 0.676 0.772 0.852 0.907
Antonyms 0.782 0.891 0.855 0.879 0.733 0.812 0.685 0.739 0.77 0.848

One Word Expressions 0.717 0.811 0.778 0.806 0.589 0.661 0.556 0.6 0.717 0.828
Idioms 0.722 0.808 0.652 0.747 0.606 0.662 0.495 0.505 0.626 0.697

Proverbs 0.787 0.83 0.83 0.894 0.723 0.809 0.638 0.745 0.766 0.787
Miscellaneous 0.733 0.712 0.692 0.719 0.575 0.589 0.486 0.514 0.678 0.719

Average 0.785 0.844 0.795 0.837 0.677 0.738 0.598 0.655 0.750 0.817
Overall Average 0.727 0.780 0.735 0.795 0.617 0.704 0.554 0.615 0.693 0.756

Table 2: BLUCK benchmark comparison by subcategories and major categories across major models in 0-shot and
5-shot settings. The highest accuracy(s) for each category are boldy marked.

answer prematurely and then generate a forced ra-
tionale to justify it. Cases are listed in the Appendix
7.

Pronunciation Claude 3.5-Sonnet
0-shot 5-shot 0-shot CoT

Accuracy 0.348 0.507 0.478

Table 3: Claude 3.5 performance on the Pronunciation
subcategory.

6 Conclusion

We introduced BLUCK, a linguistic and culture-
sensitive Bengali dataset, locally sourcing from
official college and job-level examinations in
Bangladesh. BLUCK provides a diverse set of
2366 multiple-choice questions that fall under 23
subcategories organized across four domains. Our
evaluation using state-of-the-art LLMs showcases
their knowledge in historical and semantics aspects
of Bengali, while exposes their weakness in lin-
guistically nuanced areas. Future research should
expand BLUCK and improve LLMs’ understand-
ing of Bengali linguistic and cultural nuances.

Limitations

We acknowledge certain limitations in our work.
Since our dataset consists solely of text-based ques-
tions, we cannot determine whether the models ar-
rived at their answers through reasoning processes
different from those of humans. Moreover, given
the richness of Bengali culture, history, and linguis-
tic diversity, as well as the growing importance of
M-MMLU, Global-MMLU and other large-scale
multilingual benchmarks, our contribution remains
relatively small in comparison. However, we hope
that BLUCK serves as a stepping stone to improve
Bengali culture-sensitive LLM research.

Ethical Considerations

The BLUCK dataset is fully available and has been
manually curated and reviewed to mitigate any
chance of having harmful contents. This dataset
will be publicly accessible and distributed under
the CC BY-SA 4.0 license. Our work has been re-
viewed and received approval from the Institutional
Review Board (IRB) at our institution. All anno-
tators involved in this project were compensated
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above the minimum wage and standards. Finally,
AI-assisted tools were used solely for grammar and
language refinement. They were not used for writ-
ing, analysis, or coding in any capacity.
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7 Appendix

7.1 Evaluation Details
Since our MCQ questions are largely factual-based
and do not require reasoning for most cases, we set
the maximum output token length is set to 1024
for all experiments. This allows use to analyze
responses from models during cases where mod-
els produce verbose responses, primarily in 0-shot
setting, due to lack of guiding examples in 5-shot
setting, despite being instructed in the prompt to
produce only option ID as output. We set the de-
coding temperature to 0.2 to reduce randomness,
however, as shown in (Renze and Guven, 2024),
changing temperature from 0 to 1 do not have a
significant performance change in LLMs.

For 5-shot setting, we randomly pick 5 questions
from each category. Since we perform a meticu-
lous categorization and double-inspection process,
our randomly selected samples are generally good
representations of the category.

Figure 2: Prompt Structure for 5-shot setting using GPT
model.

7.2 Additional BLUCK Results

(a) Illustration of our zero-shot standard prompt.

(b) Prompt of zero-shot CoT reasoning by Claude-3.5-Sonnet
on the Pronunciation category.

Figure 3: Prompting strategies used in our evaluation.
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Categories
GPT-4o-mini Claude-3.5-Haiku Gemini-1.5-Flash Llama-3.1-8B

0-shot 5-shot 0-shot 5-shot 0-shot 5-shot 0-shot 5-shot

History

Ancient Bengal 0.667 0.737 0.687 0.717 0.646 0.697 0.394 0.404
British Bengal 0.775 0.8 0.7 0.825 0.675 0.8 0.35 0.475
Pakistan Era 0.528 0.566 0.453 0.491 0.377 0.491 0.302 0.396

Average 0.624 0.673 0.588 0.637 0.535 0.624 0.347 0.412

Culture

Indigenous People 0.484 0.677 0.452 0.645 0.355 0.581 0.355 0.452
Arts, Heritage & Media 0.478 0.536 0.42 0.478 0.449 0.449 0.29 0.377

National Issues 0.4 0.533 0.267 0.4 0.467 0.667 0.133 0.533
Constitution 0.677 0.774 0.581 0.71 0.645 0.839 0.355 0.387
Resources 0.472 0.722 0.417 0.5 0.472 0.583 0.25 0.389
Geography 0.563 0.598 0.46 0.506 0.471 0.529 0.299 0.333

Law 0.472 0.546 0.496 0.514 0.493 0.577 0.345 0.405
Average 0.497 0.584 0.472 0.523 0.483 0.571 0.320 0.394

Phonetics

Alphabet 0.2 0.8 0.7 0.8 0.7 0.9 0.2 0.7
Pronunciation 0.159 0.275 0.261 0.275 0.203 0.319 0.217 0.29

Conjunct Letters 0.478 0.652 0.783 0.957 0.609 0.783 0.478 0.522
Sound & Letters 0.5 0.625 0.438 0.646 0.625 0.667 0.25 0.292
Sound Changes 0.278 0.333 0.315 0.444 0.278 0.481 0.296 0.352

Phonetic Combining Rules 0.402 0.418 0.435 0.505 0.457 0.478 0.31 0.359
Miscellaneous Phonetics 0.55 0.6 0.525 0.613 0.575 0.575 0.4 0.363

Average 0.387 0.459 0.434 0.526 0.449 0.515 0.310 0.357

Semantics

Synonyms 0.681 0.747 0.761 0.843 0.687 0.775 0.385 0.426
Antonyms 0.642 0.691 0.679 0.77 0.691 0.758 0.412 0.527

One Word Expressions 0.506 0.567 0.589 0.661 0.522 0.606 0.433 0.406
Idioms 0.515 0.5 0.444 0.495 0.48 0.581 0.354 0.333

Proverbs 0.66 0.66 0.638 0.723 0.66 0.787 0.404 0.426
Miscellaneous 0.616 0.589 0.521 0.568 0.514 0.555 0.363 0.39

Average 0.607 0.640 0.626 0.698 0.599 0.681 0.389 0.416
Overall Average 0.540 0.595 0.548 0.617 0.536 0.617 0.353 0.399

Table 4: BLUCK benchmark comparison by subcategories and major categories across smaller models in 0-shot
and 5-shot settings. The highest accuracy(s) for each category are boldy marked.

175



(a) Accuracy for the history domain (0-shot and 5-shot).

(b) Accuracy for the culture domain (0-shot and 5-shot).

Figure 4: Comparison of accuracy across history and culture domains under 0-shot and 5-shot settings.
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(a) Accuracy for the phonetics domain (0-shot and 5-shot).

(b) Accuracy for the semantics domain (0-shot and 5-shot).

Figure 5: Comparison of accuracy across phonetics and semantics domains under 0-shot and 5-shot settings.
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Figure 6: Example MCQA from the Culture domain.

Figure 7: Example MCQA from the History domain.
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(a) In this case, the model fails (red) to acknowledge all seven correct Bengali vowel sounds in the beginning, which leads to
erroneous reasoning.

(b) The model starts (red) with a hallucinated assumption of pronunciation of a certain Bengali letter and continues to explain on
justifying the answer.

Figure 8: Failure Case in CoT Reasoning for Pronunciation Subcategory
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Abstract

Detecting hateful memes is a complex task
due to the interplay of text and visuals, with
subtle cultural cues often determining whether
content is harmful. This challenge is am-
plified in Bangla, a low-resource language
where existing resources provide only binary
labels or single dimensions of hate. To bridge
this gap, we introduce BANHATEME , a
comprehensive Bangla hateful meme dataset
with hierarchical annotations across three lev-
els: binary hate, hate categories, and targeted
groups. The dataset comprises 3,819 cultur-
ally grounded memes, annotated with substan-
tial inter-annotator agreement. We further pro-
pose a hierarchical loss function that balances
predictions across levels, preventing bias to-
ward binary detection at the expense of fine-
grained classification. To assess performance,
we pair pretrained language and vision mod-
els and systematically evaluate three multi-
modal fusion strategies: summation, concate-
nation, and co-attention, demonstrating the ef-
fectiveness of hierarchical learning and cross-
modal alignment. Our work establishes BAN-
HATEME as a foundational resource for fine-
grained multimodal hate detection in Bangla
and contributes key insights for content moder-
ation in low-resource settings. We release the
code and dataset publicly at https://github.
com/Ayon128/BanHateMe.

Disclaimer: This paper includes examples that
may be offensive. Such content is presented only
for research purposes and is unavoidable given the
nature of the study.

1 Introduction

Memes have rapidly become one of the most influ-
ential forms of online communication, combining
images with short text to convey ideas, humor, and
social commentary. While often entertaining, they
are also frequently used to spread hate in subtle and
multimodal ways, embedding socio-political cues,

cultural references, or stereotypes that can harm
individuals and groups based on gender, politics,
or religion. Their multimodal nature and concealed
semantics make them especially difficult to ana-
lyze, as harmful meaning often arises from the in-
teraction between visual and textual elements (Zan-
nettou et al., 2018; Kiela et al., 2020). Moreover,
meme content evolves dynamically with changing
events, metaphors, and linguistic patterns, com-
plicating detection even further (Pramanick et al.,
2021). These challenges are particularly acute in
low-resource languages such as Bangla, where mul-
timodal hate has received little attention despite the
language’s widespread use online.

Text: জানো পিছন থেকে দেখেই আমি তোমাকে
চিনে ফেলেছিলাম কীভাবে?কারণ তোমার পোদ
চুলকানোর অভ্যাস যে এখনো যায়নি

Label: Hate Categories: Personal Offence
Targeted: Individual

Text: আইডির নাম অচেনা পাখি!!  খোঁ জ নিয়ে
দেখি পাশের বাড়ির কাকি!

Label: Non Hate

Input
O
utput

Figure 1: Given a meme image with associated text as
input, the output is its hierarchical annotation: hateful
memes are labeled with a hate category and targeted
group (left), while non-hateful memes are marked as
non hate (right).

To effectively assess hateful memes, it is not
enough to simply determine whether the content is
hateful. A comprehensive understanding requires
capturing both the severity of hate through cate-
gories such as abusive, political, gender, personal
offence, or religious, and the intended targets, in-
cluding individuals, communities, organizations,
or society. Existing Bangla meme datasets fall
short in this regard: MUTE (Hossain et al., 2022)
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Dataset Task Type Hate Cat Target Groups #Samples

Hossain et al., 2024b Hate/Non-Hate & Target Entity Detection ✗ ✓ 7,148
Ahsan et al., 2024 Aggression Detection ✓ ✗ 4,848
Hossain et al., 2022 Hate vs. Non-Hate ✗ ✗ 4,158
Das and Mukherjee, 2023 Abusive vs. Non-Abusive ✗ ✗ 4,043
Ours Hierarchical Classification ✓ ✓ 3,819

Table 1: Comparison of Bengali multimodal meme datasets. BANHATEME introduces hierarchical annotations,
including binary labels, hate categories, and target groups, which are not jointly supported in prior resources.

provides only binary labels, BanglaAbuseMeme
(Das and Mukherjee, 2023) focuses solely on abu-
sive content, while more recent efforts such as
BHM (Hossain et al., 2024b) and MIMOSA (Ah-
san et al., 2024) annotate either categories or targets
but never both. As summarized in Table 1, no cur-
rent resource jointly supports all levels of analysis.
To fill this gap, we introduce BANHATEME , a
comprehensive Bangla multimodal hateful meme
dataset with hierarchical annotation, where memes
are classified as hateful or not, and hateful memes
are further categorized by type and targeted group,
thereby bridging this gap, as illustrated in Figure 1.
We complement this design with a hierarchical loss
function that balances predictions across levels, en-
suring performance is not skewed toward binary
detection at the expense of fine-grained recogni-
tion. Since Bangla lacks dedicated vision–language
models, we combine pretrained language and vi-
sion encoders and systematically evaluate three
fusion strategies—summation, concatenation, and
co-attention to address alignment challenges. Our
experiments show that BanglaBERT with Swin
Transformer and concatenation yields competitive
results, while co-attention provides clear improve-
ments in target group recognition. These findings
underscore the importance of hierarchical model-
ing and cross-modal alignment for multimodal hate
detection in Bangla. Our key contributions are as
follows:

• We introduce BANHATEME , the first Bangla
hateful meme dataset with hierarchical anno-
tations across binary labels, hate categories,
and targeted groups.

• Propose a hierarchical loss function to balance
supervision across multiple levels.

• Conduct a comprehensive evaluation compar-
ing three multimodal fusion strategies, demon-
strating the effectiveness of hierarchical learn-
ing for Bangla multimodal hate detection.

2 Related Work

2.1 Hateful memes dataset.

The release of the Hateful Memes Challenge (Kiela
et al., 2020) established a benchmark for multi-
modal hate detection, highlighting the need for
joint reasoning across text and images. Since
then, several English datasets have expanded the
space, including large-scale resources for offen-
sive or harmful memes (Suryawanshi et al., 2020;
Gomez et al., 2020; Pramanick et al., 2021). Ef-
forts have also extended to low-resource languages,
such as Hindi (Kumari et al., 2023; Rajput et al.,
2022) and Greek (Perifanos and Goutsos, 2021).
For Bangla, multimodal resources remain limited.
MUTE (Hossain et al., 2022) introduced 4,158
memes labeled for binary hate detection, while
BanglaAbuseMeme (Das and Mukherjee, 2023)
provided 4,043 abusive memes. More recently,
BHM (Hossain et al., 2024b) added target entity an-
notations (e.g., Individual, Organization, Commu-
nity, Society), and MIMOSA (Ahsan et al., 2024)
focused on aggression-specific categories such as
Political, Gender, and Religious. BANMIME (Mia
et al., 2025) further contributed to the Bangla mul-
timodal landscape by introducing 2,000 misogy-
nistic memes annotated with metaphor localization
and human-written explanations. Beyond these re-
sources, ExMUTE (Debnath et al., 2025) expands
Bangla multimodal hate research by incorporating
contextual labels across religion, politics, gender,
and other domains, demonstrating the importance
of context-aware annotations for improving hateful
meme understanding.

2.2 Hateful memes detection methods.

Research on multimodal hateful memes has ex-
plored a range of fusion techniques. Conventional
fusion approaches concatenate text and image fea-
tures to form a joint representation (Vijayaragha-
van et al., 2021; Gomez et al., 2020). Some works
adopted bilinear pooling (Chandra et al., 2021),
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Duplicate memes
Hashtags

Non-readable memes
Textless memes
Memes with English
text 

Data Sources Data Filtering Data Cleaning Data Annotation & 
Validaton Final Dataset

Figure 2: BANHATEME dataset development pipeline showing data collection from social media platforms, filtering
to discard irrelevant content, cleaning to remove duplicates and extraneous elements, and annotation with validation
to construct the final dataset.

while others fine-tuned vision–language trans-
former architectures such as ViLBERT, MMBT,
and VisualBERT (Kiela et al., 2020). More recent
studies explored prompting techniques for English
hateful memes (Cao et al., 2023). Despite these
advances, aligning textual and visual features re-
mains underexplored, even though effective feature
alignment is critical for robust multimodal repre-
sentations (Zeng et al., 2021; Liu et al., 2019). In
the Bangla context, emerging approaches such as
Align-before-Attend (Hossain et al., 2024a) and
Multimodal Attentive Fusion (Ahsan et al., 2024)
demonstrate the value of improved cross-modal
integration for meme classification.

3 BANHATEME : Dataset Creation

Following the limitations of existing Bangla hate
meme datasets highlighted in Table 1, our dataset
design focuses on enriching memes with layered
annotations that move beyond binary hate labels
(Hate vs. Non-Hate) to include five hate categories
and four targeted group types. Particular atten-
tion was given to sourcing content from diverse
platforms, capturing cultural and social nuances
during annotation. The overall dataset construction
pipeline is illustrated in Figure 2.
Data Collection. We collected memes from pub-
licly accessible Bangla-speaking communities on
major social media platforms, primarily Facebook
and Instagram, between April 2022 and May 2025.
We used search terms such as “Bangla memes”,
“Bangla hate memes”, “Bangla abusive memes”,
“Bangla political memes”, etc. to identify relevant
meme sources. To comply with copyright and ethi-
cal standards, only memes from open groups, pub-
lic pages, and non-private sources were included.
In total, 5,560 memes were initially collected, with
Facebook contributing 3,562 samples and Insta-
gram providing the remaining 1,998.
Data Filtering. To ensure the quality and relevance
of our dataset, we applied a rigorous filtering pro-

cedure. Specifically, we removed: (1) memes with
unreadable visual or textual content, (2) memes
lacking any textual information, and (3) memes
containing only English text, as our study empha-
sizes Bangla linguistic and cultural markers. This
process resulted in the removal of 1,012 memes,
leaving the 4,548 samples with extractable, read-
able Bangla text for subsequent analysis.
Data Cleaning. During this stage, we removed
duplicate memes that appeared across different
sources. We also stripped away non-informative
textual elements, such as hashtags, which could add
noise without contributing to the semantic analy-
sis. After this cleaning procedure, 729 redundant
and extraneous entries were discarded, leaving a
final dataset of 3,819 text-bearing memes ready for
annotation.
Text Extraction. Existing OCR systems perform
poorly on Bangla text embedded in images, of-
ten producing noisy or incomplete outputs. To
ensure accuracy, we relied on manual transcription
of meme text. Two native typists were recruited to
carry out the task, with the dataset evenly divided
between them. Each typist was compensated at a
rate of 1.5 BDT per sample.
Data Annotation. To annotate the BAN-
HATEME dataset, we hired three Bangla-speaking
undergraduate annotators with strong familiarity
with local meme culture and online discourse.
Their background in meme creation and cultural
interpretation enabled them to recognize subtle
hateful cues that might otherwise be overlooked.
The annotators were provided with detailed anno-
tation guidelines (Appendix Section A) and were
instructed to complete the task within 25 days.

Annotation followed a two-stage hierarchical
process. In the first stage, annotators deter-
mined whether each meme should be labeled as
Hate or Not Hate. In the second stage, hateful
memes were further classified into five hate cate-
gories—Abusive, Political, Gender, Personal Of-
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(a) Hate Categories (b) Targeted Groups

Figure 3: Distribution of hateful memes in the BANHATEME dataset across (a) hate categories and (b) targeted
groups.

Label Kappa(κ) Avg.

Primary Hate 0.81 0.78
Non Hate 0.75
Abusive 0.64
Political 0.70

Hate Categories Personal 0.66 0.68
Gender 0.71
Religious 0.69
Individual 0.71

Targeted Groups Organization 0.69 0.69
Community 0.68
Society 0.67

Table 2: Inter-annotator agreement for the BAN-
HATEME dataset, measured using Cohen’s kappa (κ)
across the binary task, hate categories, and targeted
groups, with averages indicating substantial reliability.

fence, and Religious, followed by the study (Haider
et al., 2024). Each hateful meme was also tagged
with one of four targeted group types—Community,
Individual, Organization, or Society, inspired by
the work (Hossain et al., 2024b). All memes were
annotated independently by three annotators, and
final labels are assigned through majority voting to
reduce individual bias. Annotators were compen-
sated at a rate of 2 BDT per sample.
Data Validation. We assessed inter-annotator re-
liability using Cohen’s kappa (κ) for each level of
the hierarchical labeling task, with detailed results
presented in Table 2. Overall, the scores indicate
substantial agreement for the binary classification
as well as across both hate categories and targeted
groups. No score is less than 0.64 which indicates a
good agreement between the annotators. The BAN-

HATEME dataset serves as a trustworthy resource
for Bangla memes.

Source Distribution # Samples

Facebook 2517
Instagram 1302
Splits

- Train 2673
- Val 381
- Test 765
Text Statistics

Max Character Length 611
Mean Character Length 82.36
Min Character Length 10
Max Word Count 111
Mean Word Count 14.35
Min Word Count 3

Table 3: Statistical overview of the BAN-
HATEME dataset, showing source distribution,
data splits, and text statistics.

4 BANHATEME : Dataset Statistics

Meme Collection. The BANHATEME dataset con-
sists of 3,819 labeled Bangla memes collected from
two major platforms: Facebook (2,517) and Insta-
gram (1,302). To enable systematic evaluation,
we applied a stratified 70–10–20 split, resulting in
training (2,673), validation (381), and test (765)
partitions while preserving the overall distribution
of labels. The dataset exhibits considerable linguis-
tic diversity, with meme texts ranging from 10 to
611 characters and 3 to 111 words, averaging 82.36
characters and 14.35 words per instance. Table 3
summarizes the dataset statistics.
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Figure 4: Overview of our hierarchical multimodal framework. Image and text are encoded separately, and their
representations are fused using summation, concatenation, or co-attention. The fused features are then used for
hierarchical classification across binary labels, hate categories, and targeted groups.

Label Distribution. The BANHATEME dataset
contains 2,050 Non-Hate memes and 1,769 Hate
memes. Among the hateful memes, Figure 3(a)
presents the distribution across hate categories,
where Abusive content is most frequent, followed
by Political and Gender-based memes, while Reli-
gious and Personal Offence are comparatively less
common. Figure 3(b) illustrates the breakdown of
targeted groups, showing that Communities are the
most frequent targets, followed by Individuals and
Organizations, with Society-level hate being the
least represented.

5 Methodology

Our approach leverages the multimodal nature of
memes, which combine visual and textual informa-
tion to convey meaning. Each meme in our dataset
is treated as a multimodal input x = (xV , xT ),
where xV represents the image content and xT de-
notes the extracted text from the meme.

As illustrated in Figure 4, we process each
modality through dedicated encoders to obtain
modality-specific representations. These represen-
tations are then fused via a fusion module to pro-
duce a combined multimodal embedding, which
is passed into a classification module for predic-
tion. Our implementation utilizes a hierarchical
classification loss to improve performance.

5.1 Modality-Specific Representation
To extract meaningful features, we use pretrained
encoders tailored to each modality. The image in-
put xV is processed by a transformer-based vision
encoder ϕV , which splits the image into patches

and appends a special [CLS] token representing the
entire image. The output is:

HV = {v[CLS], v1, . . . , vm} = ϕV (xV )

Similarly, the extracted text xT is fed into a pre-
trained text encoder ϕT , producing token embed-
dings including the [CLS] token:

HT = {t[CLS], t1, . . . , tn} = ϕT (xT )

5.2 Modality Fusion
The representations from both modalities are com-
bined using one of three fusion strategies:
Summation-Based Fusion We sum the [CLS] em-
beddings from both modalities and pass the result
through an MLP:

hfused = MLP(v[CLS] + t[CLS])

Concatenation-Based Fusion The token embed-
dings from both modalities are concatenated and
processed by a self-attention block followed by an
MLP. The fused sequence is mean-pooled to obtain
a fixed-length vector:

Hfused = MLP
(
Self-Attention([HV ;HT ])

)

hfused = Mean-Pooling(Hfused)

Co-Attention Based Fusion Co-attention com-
putes inter-modal attention by using queries from
one modality and keys/values from the other. This
yields two fused outputs:
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Fusion Method Non-Hate Hate Overall

P R F1 Acc P R F1 Acc F1 Acc

BanglaBERT + ViT
Sum based 69.58 81.27 74.97 81.27 72.98 58.76 65.10 58.76 70.40 70.85
Concatenation 69.94 79.81 74.55 79.81 71.96 60.17 65.54 60.17 70.38 70.72
Co-Attention 69.27 66.91 68.07 66.91 63.04 65.54 64.27 65.54 66.31 66.27

BanglaBERT + Swin
Sum based 72.25 82.96 77.24 82.97 76.11 62.99 68.93 62.99 73.39 73.73
Concatenation 72.31 85.15 78.21 85.16 78.29 62.15 69.29 62.15 74.08 74.51
Co-Attention 69.48 74.21 71.76 74.21 67.48 62.15 64.71 62.15 68.50 68.63

XLM-RoBERTa + ViT
Sum based 62.03 51.68 56.39 51.69 63.62 72.75 67.88 72.75 62.56 63.01
Concatenation 65.04 64.71 64.88 64.72 59.27 59.60 59.44 59.60 62.36 62.35
Co-Attention 65.71 61.06 63.30 61.07 58.22 62.99 60.52 62.99 62.01 61.96

XLM-RoBERTa + Swin
Sum based 69.12 82.22 75.11 82.24 73.55 57.33 64.44 57.34 70.18 70.72
Concatenation 72.75 76.63 74.64 76.64 71.08 66.66 68.80 66.67 71.94 72.03
Co-Attention 65.05 81.50 72.35 81.51 69.60 49.14 57.62 49.15 65.53 66.54

Table 4: Model benchmarking results on the test split of the BANHATEME dataset are reported. Here, P, R, F1, and
Acc represent Precision, Recall, F1 Score, and Accuracy, respectively.

H fused
V = MLP

(
σ

(
(WQHV )(WKHT )

⊤
√
dk

)
(WV HT )

)

H fused
T = MLP

(
σ

(
(WQHT )(WKHV )

⊤
√
dk

)
(WV HV )

)

where WQ,WK ,WV are learned projection ma-
trices, σ is the softmax function, and dk is a scaling
factor.

Mean-pooling is applied to each fused represen-
tation, which are then concatenated and passed
through an MLP to get the final fused vector:

hfused
V = Mean-Pooling(H fused

V )

hfused
T = Mean-Pooling(H fused

T )

hfused = MLP
(
[hfused

V ;hfused
T ]

)

This approach captures detailed interactions be-
tween the image and text modalities.

5.3 Classification Module
The fused representation hfused, is passed into a
classification head to generate the prediction logits.
This classifier is implemented as a simple linear
transformation, where the logits are computed us-
ing the following operation:

logits = WC · hfused

5.4 Hierarchical Loss
To train the model in accordance with the hierarchi-
cal structure of the classification task, we design a

composite loss function. At the core of this formu-
lation is a binary cross-entropy loss, Lbinary, which
measures the performance of the model in distin-
guishing between hateful and non-hateful memes.

Once a meme is predicted as hateful, two ad-
ditional cross-entropy losses are computed. The
first, denoted as Lhate_cat, corresponds to the hate
category classification. The second,Ltarget_grp, eval-
uates the model’s ability to correctly identify the
target group affected by the hate content. The total
loss function combines these three components in
a weighted manner:

Ltotal = Lbinary + α · Lhate_cat + β · Ltarget_grp

In this equation, α and β are hyperparameters
that control the contribution of the hate category
and target group classification losses, respectively.

5.5 Experiment Setup

We conducted all experiments on the Kaggle plat-
form using an NVIDIA Tesla P100 GPU with 16
GB VRAM, 32 GB RAM, and 8 CPU cores. For
text encoding, we employed two pretrained lan-
guage models, BanglaBERT (Bhattacharjee et al.,
2021) and RoBERTa (Conneau et al., 2019), while
for image encoding we used ViT (Dosovitskiy et al.,
2020) and Swin Transformer (Liu et al., 2021). We
selected these text and vision encoders as they have
demonstrated strong performance in Bangla NLP
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Fusion Method Hate Category Target Group

Ab Po Ge Per Re Avg Co Ind Org So Avg

BanglaBERT + ViT
Sum based 60.87 64.29 31.03 25.40 32.88 42.89 44.86 58.23 59.20 09.23 42.88
Concatenation 65.74 71.53 52.57 15.79 61.54 53.43 61.32 57.76 63.24 08.13 47.61
Co-Attention 67.23 64.75 40.30 24.24 33.85 46.07 66.67 62.01 67.63 48.78 61.27

BanglaBERT + Swin
Sum based 54.02 77.61 32.99 31.84 76.47 54.59 59.11 58.25 78.57 7.14 50.77
Concatenation 69.53 75.56 53.89 19.18 74.00 58.43 69.63 56.45 74.45 12.32 53.21
Co-Attention 66.67 71.76 56.65 25.87 66.67 57.52 71.27 65.71 71.11 38.64 61.68

XLM-RoBERTa + ViT
Sum based 54.27 45.40 43.98 37.62 10.34 38.32 64.67 60.50 07.23 6.22 34.66
Concatenation 65.38 50.00 45.45 38.71 25.35 44.98 63.26 63.76 25.00 29.03 45.26
Co-Attention 64.73 45.83 38.34 18.18 34.48 40.31 61.62 57.00 08.92 32.84 40.10

XLM-RoBERTa + Swin
Sum based 62.46 70.83 50.37 08.21 68.09 51.99 64.29 60.39 70.27 31.33 56.57
Concatenation 68.80 75.36 50.00 22.50 72.00 57.73 66.94 62.01 77.03 45.78 62.94
Co-Attention 63.26 70.34 57.83 26.51 64.65 56.52 70.80 65.09 71.14 38.36 61.35

Table 5: Performance across hate categories and target groups on the test split of the BANHATEME dataset, reported
using F1 score. Here, Ab, Po, Ge, Per, and Re refer to Abusive, Political, Gender, Personal Offence, and Religious
categories, while Co, Ind, Org, and So denote Community, Individual, Organization, and Society, respectively.

and multimodal classification tasks. The MLP lay-
ers operated on a 768-dimensional representation,
and cross-attention modules also yielded aligned
multimodal features of 768 dimensions. All mod-
els were fine-tuned for up to 10 epochs with early
stopping to prevent overfitting, using a batch size of
16 and learning rate of 2e-5. For hierarchical loss,
we applied weighting parameters with α = 0.2, 0.8,
0.5, 1.0 and β = 0.8, 0.2, 0.5,1.0 across different
levels. Our implementation relied on HuggingFace
Transformers 4.45.1 (Wolf et al., 2020) with Py-
Torch 2.4.0 as the backend, and we used NumPy
1.26.4, Pandas 2.2.3, Matplotlib 3.7.5, Seaborn
0.12.2, and scikit-learn 1.2.2 for data processing,
analysis, and visualization.

6 Results and Analysis

The performance of different configurations of lan-
guage and vision models on hate/non-hate detec-
tion, hate categories, and targeted groups is re-
ported in Tables 4 and 5. We analyze the results
along the following dimensions:
Impact of Language Model. BanglaBERT con-
sistently outperformed XLM-RoBERTa in over-
all binary detection, achieving gains of about 3-
5% in both F1 and accuracy. For hate categories,
BanglaBERT showed clear improvements in Polit-
ical, Religious, and Abusive memes, where per-
formance increased by roughly 4-6%. In con-
trast, XLM-RoBERTa performed better in Per-
sonal Offence and Gender. For targeted groups,

BanglaBERT delivered stronger results in Com-
munity and Individual prediction, while XLM-
RoBERTa achieved higher scores for Organization.
Overall, the outcomes indicate that monolingual
models are more effective at capturing broad lin-
guistic and cultural cues in Bangla.

Impact of Vision Model. The vision backbone
played a crucial role in shaping overall perfor-
mance. Swin consistently outperformed ViT across
most configurations, yielding relative gains of
about 2–3% in binary hate detection and up to
6–8% in categories such as Political and Religious.
For targeted groups, Swin provided clear advan-
tages in detecting Individuals and Organizations,
with improvements ranging from 7–10% over ViT.
An exception emerged in Personal Offence, where
ViT combined with XLM-RoBERTa achieved a no-
table score across all settings. Nonetheless, Swin
remained the more reliable encoder overall, high-
lighting the importance of localized visual represen-
tations for domains where subtle contextual mark-
ers drive hateful interpretation.

Impact of Fusion Strategy. Fusion strategies in-
fluenced the performance of the models. For binary
detection, concatenation proved most effective, giv-
ing BanglaBERT with Swin the highest overall
scores and surpassing summation and co-attention
by 1–4%. For hate categories, the best method
varied: concatenation excelled in Abusive and Per-
sonal, summation performed better in Political and
Religious, while co-attention achieved the top re-
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(a) Training accuracy across categorical cross-entropy loss
variants

(b) Validation accuracy across categorical cross-entropy loss
variants

Figure 5: Impact of hierarchical loss on model performance, showing smoother convergence and reduced variance
compared to single-task and partial supervision settings.

Value of α & β
α = 0.2, β = 0.8 α = 0.5, β = 0.5 α = 0.8, β = 0.2 α = 1, β = 1

H/NH Cat Tar H/NH Cat Tar H/NH Cat Tar H/NH Cat Tar

BanglaBERT + ViT
Sum based 72.05 51.89 58.75 70.40 42.89 42.88 69.96 56.39 58.75 68.25 49.33 48.06
Concatenation 70.69 53.25 47.84 70.38 53.43 47.61 70.38 53.43 45.58 69.57 59.93 63.42
Co-Attention 67.02 56.39 58.75 66.31 46.07 61.27 67.44 58.68 63.21 65.71 57.01 60.55

BanglaBERT + Swin
Sum based 73.39 54.59 50.77 73.39 54.59 50.77 70.63 54.26 48.34 66.44 60.57 53.42
Concatenation 70.91 57.10 49.64 74.51 58.43 53.21 72.03 60.40 59.24 66.89 36.77 42.49
Co-Attention 69.78 55.78 61.89 68.50 57.50 61.68 63.97 50.87 49.09 66.99 55.69 63.72

XLM-RoBERTa + ViT
Sum based 62.73 36.72 31.44 62.56 51.99 56.57 63.53 40.35 31.20 65.65 61.63 65.64
Concatenation 63.84 40.13 37.78 62.36 44.98 45.26 61.29 46.45 36.06 64.16 57.33 54.42
Co-Attention 62.20 36.06 40.48 62.01 40.31 40.10 62.68 36.55 37.42 66.06 49.88 58.11

XLM-RoBERTa + Swin
Sum based 61.99 52.16 51.59 70.18 51.99 56.57 62.87 53.87 49.87 62.78 23.02 33.23
Concatenation 70.37 57.13 51.54 71.94 57.73 62.94 72.77 63.58 56.04 66.24 57.08 51.74
Co-Attention 63.79 51.02 58.97 65.53 56.52 61.35 64.05 50.23 56.10 64.63 52.93 58.47

Table 6: Impact of α and β in the hierarchical loss. We report the overall performance (F1 score) of detecting
hate/non-hate, along with hate category and target group prediction. Here H/NH, Cat, and Tar refer to Hate/Non-
Hate, Hate Category, and Target Group prediction results, respectively.

sult in Gender. For targeted groups, co-attention
consistently led for Community, Individual, and
Society, whereas summation was best for Organi-
zation.

Impact of Hierarchical Loss. Figures 5(a) and
5(b) compare models trained on the binary Hate
vs. Non-Hate task under different loss formula-
tions. Using only categorical cross-entropy on the
binary task yields the highest training accuracy but
quickly saturates on validation. Incorporating aux-
iliary supervision from categories (Hate+Cat) or
targets (Hate+Target) slightly reduces training ac-
curacy but stabilizes validation curves. The full
hierarchical loss (Hate+Cat+Target) achieves the
most consistent validation accuracy with reduced
variance across epochs.

Impact of α and β. As shown in Table 6, vary-

ing the values of α and β in the hierarchical loss
influences the trade-off between hate category and
target group prediction. While higher weight on
one component improves that sub-task, it typically
reduces the other. We find that setting α = 0.5
and β = 0.5 provides the most effective overall
performance in terms of F1 score.
Error Analysis. We conduct both quantitative
and qualitative error analyses to better understand
model behavior across binary, category, and target
group levels. A detailed analysis is provided in
Appendix C.

7 Conclusion

We present BANHATEME , Bangla hateful meme
dataset with hierarchical annotations covering bi-
nary labels, hate categories, and targeted groups.

187



This resource advances multimodal hate detection
in low-resource settings by providing culturally
grounded annotations and a hierarchical loss that
balances predictions across levels with different
fusion techniques and their impact on the modality
alignment. We envision BANHATEME as a foun-
dation for building culturally aware multimodal
moderation systems in Bangla and as a catalyst for
future research on hierarchical modeling, fusion
strategies, and cross-modal reasoning in underrep-
resented languages.

Limitations

A primary limitation of our study is the relatively
modest dataset size, constrained by the effort re-
quired for high-quality hierarchical annotations
across categories and targeted groups. While this
scale provides a strong foundation, larger datasets
would be necessary to further improve generaliz-
ability. Another limitation lies in the reliance on
pretrained language and vision encoders not orig-
inally optimized for Bangla multimodal content.
As a result, current models struggle with subtle
cultural cues and fine-grained cross-modal inter-
actions. In future work, we plan to expand the
dataset through more efficient annotation strategies
and explore culturally adapted multimodal archi-
tectures tailored to Bangla content. Previous stud-
ies on Bangla and multilingual languages (Haider
et al., 2024; Fahim et al., 2024; Ahmed et al., 2024)
have observed performance variations in large lan-
guage models (LLMs) across different prompting
techniques. In future, we also plan to experiment
LVLMs using different techniques to see the im-
pact of the prompt on the performance of LVLMs
in our dataset.

Ethical Statement

We collected memes exclusively from publicly ac-
cessible social media sources and excluded any con-
tent containing explicit nudity or personally identi-
fiable information (PII). All memes were manually
reviewed to remove duplicates, unreadable content,
or irrelevant material. Annotators were Bangla-
speaking individuals familiar with online discourse,
and their privacy was strictly maintained; no per-
sonal data about them was collected or shared.
They were fairly compensated for their work at
rates consistent with local norms. To mitigate po-
tential biases, we developed comprehensive anno-
tation guidelines, employed a multi-stage review

process, and utilized majority voting to resolve dis-
agreements. Nevertheless, we acknowledge that
subjective judgments in hate classification may in-
troduce residual biases. Our dataset is intended
solely for research on multimodal hate detection
in low-resource languages and should not be mis-
used for malicious purposes. All resources will
be released publicly to foster transparency, repro-
ducibility, and future research. We emphasize that
any harmful stereotypes or biases in the dataset are
unintentional, and we have no intent to harm any
individual or community.
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A Annotation Guidelines

This section outlines the guidelines developed for
annotating the BANHATEME dataset. Annotators
examined both visual and textual elements of each
meme to determine whether it should be labeled
as Hate or Non-Hate. If annotated as Hate, the
meme was further classified into one hate category
(Abusive, Political, Gender, Personal offence, Re-
ligious) and one targeted group type (Community,
Individual, Organization, Society). Figure 6 illus-
trates representative examples of Hate and Non-
Hate memes, along with their assigned categories
and target groups.

A.1 General Instructions
The following instructions guided the annotation
process:

• Multimodal Analysis: Annotators jointly an-
alyzed text and image, considering semantic
interplay and cultural context.

• Hierarchical Labeling: Each meme was first
classified as Hate or Non-Hate. Hate memes
were further assigned exactly one hate cate-
gory and one targeted group type.

• Annotation Consistency: Definitions were
applied uniformly across the dataset to ensure
reliability and reproducibility.

• Cultural Relevance: Bangla-specific ex-
pressions, code-mixed text, and culturally
grounded memes were carefully interpreted.

A.2 Categories and Definitions
Our taxonomy captures five categories of hateful
content commonly expressed in Bangla memes.
Each category is defined below, along with repre-
sentative indicators to assist annotation.

• Abusive
Definition: Content that employs profane, of-
fensive, or degrading language intended to
insult, belittle, or provoke hostility, without
making explicit threats of physical harm
Indicators:

– Use of curse words, slurs, or offensive
profanity aimed at individuals or groups

– Persistent use of hostile, degrading, or
insulting language

– Ridicule or mockery expressed in an ag-
gressive manner, designed to provoke
anger, humiliation, or distress

• Political
Definition:Content that targets people or
groups based on their political views or af-
filiations, often through incitement, hostility,
or derogatory framing.
Indicators:

– Use of dehumanizing metaphors to de-
scribe political opponents

– Explicit calls for violence or exclusion
against political group

– Spread of hostile disinformation to pro-
voke hate or polarization

• Gender
Definition: Content that demeans, stereo-
types, or excludes individuals on the basis
of gender or gender identity. This includes
misogynistic, misandrist, or transphobic ex-
pressions that normalize discrimination or
gender-based violence.
Indicators:

– Use of sexist or patriarchal stereotypes
in jokes or insults

– Justification, encouragement, or trivial-
ization of gender-based violence

– Derogatory remarks aimed at women,
men, or gender-diverse identities

• Personal Offence
Definition: Content that delivers targeted in-
sults or demeaning remarks toward a specific
individual, often exploiting personal vulnera-
bilities, traits, or experiences to humiliate or
attack.
Indicators:

– Use of derogatory nicknames, personal
slurs, or demeaning epithets

– Mockery of an individual’s tragedy, dis-
ability, or personal hardship

– Attacks ridiculing someone’s physical
appearance or lifestyle

• Religious
Definition: Content that marginalizes or de-
monizes individuals or communities on the
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Figure 6: Examples of annotated memes from the BANHATEME dataset, covering Non-Hate and hateful memes
across the Abusive, Political, Gender, Personal Offense, and Religious categories, with their corresponding targeted
group annotations.
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basis of religious belief, practice, or disbelief.
Such content often frames religion as inferior
or dangerous to justify exclusion.
Indicators:

– Mockery of religious practices, figures,
or rituals

– Advocacy of discrimination or exclusion
of religious minorities

– Depicting a religion or its followers as
violent, corrupt, or inferior

A.3 Targeted Groups and Definitions
• Individual: Hate directed at a specific person,

often exploiting characteristics such as gender,
popularity, race, or social standing. Targets
may include both public figures and private
individuals.

• Organization: Hate targeting an established
body or institution composed of multiple peo-
ple working toward shared goals. This in-
cludes corporations, educational or govern-
mental institutions, and political parties.

• Community: Hate directed toward a collec-
tive of individuals who share common beliefs,
practices, or affiliations. Such groups may be
defined by religion, cultural tradition, fandom,
or political alignment.

• Society: Hate generalized toward a broad pop-
ulation defined by nationality, ethnicity, or ge-
ography. This category captures content that
vilifies entire societies or nations rather than a
single group or organization.

B Annotation Tool

To ensure systematic and reliable labeling, we de-
veloped a dedicated web-based annotation tool cus-
tomized for the BANHATEME dataset. The in-
terface integrates the full hierarchical annotation
process and was designed to reduce annotator work-
load while maintaining consistency across samples.
Figure 7 illustrates the user interface, which incor-
porates several key components to support efficient
multi-level annotation.

The platform provides the following core func-
tionalities:

• Authentication and Setup: The left sidebar
provides secure login, dataset path configu-
ration, and annotation initialization. Access

control ensures that only authorized annota-
tors can provide labels.

• Image Display: Each meme is shown at its
original resolution in the central panel, en-
abling annotators to examine both visual and
textual elements in context.

• Main Label Selection: A drop-down menu
requires annotators to assign a binary label
(Hate vs. Non-Hate). If Non-Hate is chosen,
the subsequent menus for hate category and
targeted group are automatically set to N/A,
preventing mislabeling.

• Hierarchical Classification (if Hate):

– Hate Category: A structured drop-down
menu enforces single selection from five
predefined categories (Abusive, Political,
Gender, Personal, or Religious).

– Targeted Group: A second drop-down
menu requires annotators to select ex-
actly one of four group types (Commu-
nity, Individual, Organization, or Soci-
ety).

• Contextual Notes: A free-text field allows an-
notators to record observations, cultural cues,
or rationale for their decisions.

• Progress Management: Navigation con-
trols (Previous, Next, Jump) and automatic
progress saving facilitate uninterrupted anno-
tation and accurate tracking.

• Data Export: Annotations can be exported
directly in JSON format, ensuring compati-
bility with validation scripts and downstream
machine learning workflows.

C Error Analysis

Qualitative Analysis on Fusion Strategies. Fig-
ure 9 shows how different fusion strategies per-
form under the BanglaBERT+Swin configuration.
Concatenation emerged as the most consistent, par-
ticularly in cases where religious or political hate
was directed toward communities; by preserving
modality-specific signals, it successfully aligned
explicit textual references with symbolic visual
cues. In contrast, summation often weakened dis-
criminative information, leading to errors in nu-
anced cases such as personal offence or political
hate toward organizations, where subtle textual
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Figure 7: Interface of the web-based annotation tool for the BANHATEME dataset, highlighting the configuration
panel, annotation workspace, and meme display with hierarchical labeling functionality.

(a) Binary Label (b) Hate Categories (c) Targeted Groups

Figure 8: Quantitative error analysis with BanglaBERT + Swin + Concatenation across binary, category, and target
group levels.

phrasing or localized visual details were overshad-
owed by averaged features. Co-attention, while
stronger at reasoning over target groups such as
society, sometimes over-focuses on a single modal-
ity, causing failures like misclassifying offensive
gendered caricatures as non-hate. Overall, concate-
nation proved most reliable for binary and categor-
ical detection, co-attention offered complementary
strengths for group-level inference but lacked sta-
bility, and summation consistently lagged behind.

Quantitative Error Analysis. We analyze errors
for the BanglaBERT + Swin + Concatenation con-
figuration, focusing on binary classification, hate
categories, and target groups. In the binary task,
as reported in Figure 8(a), nearly 40% of hateful
memes are misclassified as non-hate, reflecting the
challenge of detecting implicit or sarcastic expres-

sions where cues are subtle. At the category level
(Figure 8(b)), Abusive emerges as the most sta-
ble class, while Political and Gender often overlap
with Abusive, showing leakage of about 15–20%.
Personal Offence proves particularly difficult, with
more than 30% of instances mislabeled as Abu-
sive or Gender, while Religious hate is sometimes
confused with Gender. For target groups (Figure
8(c)), Community is the most consistently recog-
nized, while Individuals show moderate reliability
but are redirected into Community about 20% of
the time. Organization is less robust, with roughly
25% of its samples misclassified as Community,
and Society is the most error-prone, with over 30%
of instances mislabeled as either Community or
Individual. Overall, these errors indicate that while
binary detection is relatively strong, fine-grained
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categories and target groups remain substantially
harder to distinguish due to overlapping linguistic
signals and subtle visual markers.
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Co-Attention Based 
Label: Hate   Categories: Political   Targeted:  Organization

Concatenation Based 
Label: Hate   Categories: Religious   Targeted: Community

Summation Based 
Label: Hate   Categories: Religious   Targeted: Society

Co-Attention Based 
Label: Hate   Categories: Abusive   Targeted: Society

Concatenation Based 
Label: Hate   Categories: Abusive Targeted: Individual

Summation Based 
Label: Hate   Categories: Personal Offence Targeted: Individual

Co-Attention Based 
Label: Non Hate Categories: Gender  Targeted: Community

Concatenation Based 
Label: Hate  Categories: Political  Targeted: Community

Summation Based 
Label: Hate   Categories:  Gender Targeted: Community

Co-Attention Based 
Label: Non Hate Categories: Gender Targeted: Community

Concatenation Based 
Label: Hate   Categories: Religious   Targeted: Community

Summation Based 
Label: Hate   Categories: Political Targeted:  Organization

Figure 9: Qualitative error analysis of fusion strategies under the BanglaBERT+Swin configuration. Green indicates
correct predictions, while red indicates errors.
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Abstract

Understanding scientific concepts in native lan-
guages is crucial for educational accessibil-
ity and knowledge transfer. In this work, we
present a comprehensive evaluation of Large
Language Models (LLMs) on Bangla physics
questions, introducing P6Jiggasha, a novel
dataset of 1,500 multiple-choice questions com-
piled from HSC physics textbooks, supplemen-
tary guides, admission preparation books, and
past examination papers from various educa-
tional boards. We evaluate three state-of-the-
art models—GPT-4.1, Gemini-2.5 Pro, and
DeepSeek-R1-Distill-Llama-70B—on both na-
tive Bangla questions and their English trans-
lations. Our results reveal significant per-
formance variations, with GPT-4.1 achieving
86.67% accuracy on Bangla questions in a sin-
gle inference, while other models show sub-
stantial improvement through multiple infer-
ence attempts, with Gemini-2.5 Pro reaching
89.52% after four iterations. We introduce a
Cumulative Accuracy@k metric to evaluate it-
erative reasoning capabilities and provide com-
prehensive analysis across six physics topics
and six question types. Our error analysis re-
veals systematic cross-lingual inconsistencies
where models produce contradictory answers
for identical questions across languages. This
study provides valuable insights into the ca-
pabilities and limitations of current LLMs for
low-resource scientific question answering and
establishes benchmarks for future research in
Bangla natural language processing.

1 Introduction

The democratization of scientific knowledge
through native language understanding represents
a fundamental challenge in natural language pro-
cessing and educational technology. While Large
Language Models (LLMs) have demonstrated re-
markable capabilities across various domains, their
performance on scientific content in low-resource

languages remains understudied. This gap is partic-
ularly pronounced for languages like Bangla, spo-
ken by over 300 million people worldwide, where
scientific education primarily occurs in the native
language but computational resources remain lim-
ited.

Physics education in Bangladesh follows a struc-
tured Higher Secondary Certificate (HSC) curricu-
lum, covering concepts from mechanics to quantum
physics. Students typically encounter these con-
cepts first in Bangla before transitioning to English-
medium higher education, creating unique chal-
lenges for both learners and automated systems.
Recent advances in LLMs have shown promising
results for English scientific question answering
(Hendrycks et al., 2020; Lu et al., 2022), but their
applicability to non-English scientific content re-
mains largely unexplored (Ahuja et al., 2023; Lai
et al., 2023). While multilingual models like GPT-
4 (Achiam et al., 2023) and Gemini (Team et al.,
2023) present opportunities to bridge this gap, sys-
tematic evaluation on domain-specific content in
low-resource languages is lacking.

Our contributions are as follows:
• Dataset Creation and Curation: We com-

pile P6Jiggasha, the first large-scale Bangla
physics MCQ dataset containing 1,500 ques-
tions from authentic educational sources with
comprehensive English translations and cat-
egorizations across six physics domains and
six question types.

• Comprehensive Multi-Model Evaluation:
We systematically evaluate three state-of-the-
art LLMs on both Bangla and English ver-
sions using the Cumulative Accuracy@k met-
ric, analyzing the impact of language modality,
question complexity, and iterative inference
strategies.

• Cross-lingual Performance Analysis: We
provide detailed error analysis revealing sys-
tematic challenges in mathematical reasoning,
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theoretical understanding, and cross-lingual
consistency across languages.

Our results reveal nuanced patterns in model per-
formance with significant variations across topics,
question types, and languages, providing practical
insights for educational technology development
and establishing benchmarks for future research in
scientific question answering for Bangla and other
low-resource languages.

2 Related Work

2.1 Large Language Model Reasoning

The emergence of sophisticated reasoning capabil-
ities in large language models has fundamentally
transformed how we approach complex problem-
solving tasks. Chain-of-thought prompting demon-
strated that generating intermediate reasoning steps
significantly improves the ability of large language
models to perform complex reasoning (Wei et al.,
2022), opening new avenues for scientific reason-
ing. Recent advances have moved beyond manual
prompt engineering, with researchers developing
methods for chain-of-thought reasoning without ex-
plicit prompting (Wang and Zhou, 2024). The Tree
of Thoughts framework (Yao et al., 2023) intro-
duced deliberate decision-making by considering
multiple reasoning paths simultaneously, while self-
consistency decoding (Wang et al., 2022) improved
reasoning reliability by sampling multiple reason-
ing paths. The development of specialized reason-
ing models like OpenAI’s o1 has further pushed
the boundaries, using reinforcement learning to
refine problem-solving strategies, with recent sur-
veys highlighting rapid progress in mathematical
reasoning capabilities (Zhang et al., 2024).

2.2 Scientific Reasoning Benchmarks

The evaluation of language models on scientific
content has become a critical research area, with
several landmark datasets establishing the foun-
dation for systematic assessment. Lu et al. intro-
duced multimodal reasoning approaches for sci-
ence question answering (Lu et al., 2022), while the
MMLU benchmark (Hendrycks et al., 2020) pro-
vided comprehensive evaluation across multiple do-
mains, including physics. Specialized benchmarks
have emerged for mathematical problem-solving
(Cobbe et al., 2021) and elementary science ques-
tions (Clark et al., 2018). The CMMLU benchmark
(Li et al., 2023) extended multilingual evaluation
to Chinese, while efforts to develop cross-lingual

scientific reasoning benchmarks have highlighted
persistent performance gaps in low-resource lan-
guages (Bang et al., 2023).

2.3 Bangla Reasoning and NLP Benchmarks

The development of reasoning capabilities for low-
resource languages like Bangla has gained mo-
mentum through several key initiatives. Early
work focused on foundational NLP tasks, with
BanglaBERT (Bhattacharjee et al., 2021) estab-
lishing baselines for general language understand-
ing. Recent work has specifically targeted rea-
soning capabilities, with Reveal-Bangla introduc-
ing a dataset for cross-lingual multi-step reason-
ing evaluation (Islam and Sarti, 2025). Addi-
tional contributions include SentNoB for sentiment
analysis (Islam et al., 2021), BanglaT5 for text
generation and translation (Bhattacharjee et al.,
2022), BanglaBook for large-scale sentiment analy-
sis (Kabir et al., 2023), and BanglaNLG for natural
language generation (Bhattacharjee et al., 2022).
The BanglaParaphrase dataset (Akil et al., 2022)
has contributed to semantic understanding tasks,
while IndicNLPSuite (Kakwani et al., 2020) pro-
vides broader South Asian language benchmarks.
However, domain-specific reasoning benchmarks
in scientific subjects like physics remain largely
unexplored, creating the gap our work addresses.

3 P6Jiggasha Dataset

3.1 Data Collection

We systematically collected 1,500 multiple-choice
physics questions from diverse Bangladeshi edu-
cational sources spanning various academic lev-
els and institutional contexts. Figure 1 illustrates
our complete data generation workflow consist-
ing of four main stages: collection and OCR
extraction, structure and preprocessing, filtering,
and verification with categorization. We system-
atically collected 1,500 multiple-choice physics
questions from diverse Bangladeshi educational
sources including HSC Physics Textbooks, Physics
Guides, Engineering Question Banks, and Test Pa-
pers. Each question follows a standard multiple-
choice format with four options (A, B, C, D) and
a single correct answer, covering easy-to-difficult
MCQs with comprehensive physics concepts. All
correct answers were rigorously re-checked directly
against the original sources and retained only when
the match was unambiguous.

Figure 2 shows the distribution of questions
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Figure 1: Data generation workflow for the P6Jiggasha dataset showing the pipeline from collection through OCR
extraction, filtering, and verification to final categorization across physics topics and question types.
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Figure 2: Source distribution showing Engineering
Question Banks (30%), HSC Physics Textbooks (25%),
Physics Guides (25%), and Test Papers (20%) represent-
ing diverse educational materials.

collected from various educational sources across
Bangladesh’s academic ecosystem, reflecting the
diversity of materials used in physics education.

3.2 OCR and Data Extraction

The source materials were primarily available in
PDF format and printed documents. We employed
advanced language models including Grok 4 and
GPT-5 for Optical Character Recognition (OCR),
to extract questions from these diverse sources. The
OCR process involved automated text extraction
from PDF documents, image-to-text conversion for
scanned materials, mathematical expression recog-
nition and formatting, and rigorous quality verifi-
cation of extracted content to ensure accuracy and
completeness of physics terminology and mathe-
matical notations.

3.3 Data Structure and Pre-processing

The dataset is structured in CSV format with pre-
served English mathematical expressions. During
the pre-processing phase, we implemented com-
prehensive data filtering to remove duplications,
graph/image-based questions, redundant whites-
pace, and multi-hop questions. This filtering pro-
cess ensures consistency and maintains focus on
text-based physics concepts while preserving the

integrity of mathematical expressions essential for
physics problem-solving.

Data Distribution Samples

Total Dataset 1,500
Test Set (allocated from total) 500

Text Statistics

Mean Word Count 23.2
Maximum Word Count 46
Minimum Word Count 4

Table 1: Dataset composition with 1,500 total questions
(500 for testing) and text statistics showing mean word
count of 23.2, reflecting concise question formulations.

3.4 Data Verification and Categorization

Following the data filtering phase, we enhanced the
dataset through manual verification and systematic
categorization. All mathematical expressions and
physics terminology were manually verified for ac-
curacy by domain experts. Using Gemini 2.5 Pro,
we analyzed each question to assign appropriate
topic and question type labels, ensuring compre-
hensive coverage across different physics domains
and cognitive complexity levels.

Table 1 presents the dataset composition and sta-
tistical overview, with 500 questions allocated for
testing purposes and comprehensive text statistics
showing the linguistic characteristics of the dataset.

We categorized the dataset along two primary
dimensions based on systematic analysis:
Topics (six categories): Electromagnetism, Me-
chanics, Thermodynamics, Wave Optics, Quantum
Physics, and Modern Physics, reflecting compre-
hensive coverage of fundamental and advanced
physics concepts.
Question Types (six categories): Based on the
distribution analysis, we identified and categorized
questions into Mathematical, Theoretical, Defini-
tion, Reasoning, Application, and Miscellaneous
types, capturing different cognitive demands and
problem-solving approaches.
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Figure 3: Physics topic distribution with Mechanics
dominating (300 samples, 20%) followed by Elec-
tromagnetism (280, 18.7%), Thermodynamics (250,
16.7%), Wave Optics (240, 16%), Quantum Physics
(230, 15.3%), and Modern Physics (200, 13.3%).
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Figure 4: Question type distribution showing Mathe-
matical questions as the largest category (687, 45.8%),
followed by Theoretical (415, 27.7%), Definition (213,
14.2%), Reasoning (87, 5.8%), Application (65, 4.3%),
and Miscellaneous (33, 2.2%).

Figure 3 presents the distribution across physics
topics, showing that Mechanics dominates the topic
distribution with 300 samples, followed by Elec-
tromagnetism (280 samples) and Thermodynamics
(250 samples). Figure 4 shows the question type
distribution, where Mathematical questions consti-
tute the largest portion with 687 samples, reflecting
the quantitative nature of physics education, while
Miscellaneous questions represent the smallest cat-
egory with 33 samples.

4 Experiment Setup

4.1 Bangla QA based Prompting

We employ zero-shot prompting to evaluate the
reasoning capabilities of large language models
(LLMs). For each question instance, the input to
the model consists of three components: a sys-

tem prompt P , the Bangla natural language ques-
tion QBAN, and a set of candidate answer options
OBAN = {o1, o2, o3, o4} where every oi is given
in Bangla. The model is tasked with selecting the
optimal answer o∗ ∈ OBAN.

The system prompt P is designed to encourage
deliberative reasoning by instructing the model to
think step-by-step before committing to a final an-
swer. This aligns with recent trends in prompt en-
gineering where reasoning-based instructions can
improve model performance, particularly in multi-
step or ambiguous queries.

We evaluate three state-of-the-art LLM families
in this setup: GPT, Gemini, and DeepSeek. All
models are evaluated under identical prompting
conditions to ensure fair comparison. The detailed
prompt is given in the Appendix.

4.2 Translation-based Prompting
Most reasoning-capable large language models
(LLMs) exhibit a strong bias toward English-
language reasoning, primarily due to the predomi-
nance of English data in their pretraining corpora.
Motivated by this, we also evaluate the perfor-
mance of these models on an English-translated
version of our dataset.

To create this version, we translated both the
questions and the corresponding answer options
into English. The prompt used for translation is
provided in the Appendix. For this task, we employ
Gemini-2.5 Pro and manually verify the gener-
ated translations, making corrections where neces-
sary to ensure accuracy and consistency.

Following translation, we conduct zero-shot
prompting experiments analogous to our original
setup. Each input to the model consists of three
components: a system prompt P , an English nat-
ural language question QENG, and a set of answer
options OENG = {o1, o2, o3, o4}, where each oi
is provided in Bangla. The model is tasked with
selecting the optimal answer o∗ ∈ OENG.

4.3 Evaluation Metrics
We evaluate model performance using a retry-based
metric we term Cumulative Accuracy@k (Cumul
Acc@k), where k ∈ {1, 2, 3, 4}. Unlike the stan-
dard Pass@k metric, which assumes access to k
simultaneous guesses per sample, our approach
allows the model up to k sequential attempts to
answer each question correctly.

Formally, let S1 be the original set of N ques-
tions. At each round t ∈ {1, 2, . . . , k}, we define
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Figure 5: Cross-linguistic performance comparison
across four categories: Both Correct, Bangla Only Cor-
rect, English Only Correct, and Both Wrong. GPT-
4.1 achieves the highest consistency (445 both correct),
while DeepSeek-R1 shows the most failures (89 both
wrong).

St as the subset of questions not answered correctly
in any of the previous t− 1 rounds. In each round,
the model is re-prompted with only the remain-
ing incorrect samples from the prior round. Let
at(q) denote the model’s prediction for question q
in round t, and let o∗q be the correct answer.

The Cumulative Accuracy@k is defined as:

Cumul Acc@k =
1

N

N∑

i=1

1
{
∃ t ≤ k such that

at(qi) = o∗qi

}

This metric captures the proportion of total ques-
tions that the model eventually answers correctly
within k retries. It reflects a realistic, interactive
usage scenario where a system is allowed to reat-
tempt difficult questions rather than relying solely
on a single response. We report Cumulative Accu-
racy@k for k = 1, 2, 3, 4.

5 Results and Analysis

Our evaluation of state-of-the-art LLMs on
P6Jiggasha reveals substantial performance gaps
and distinct behavioral patterns across models, lan-
guages, and question types, with resubmission
strategies proving particularly effective for initially
lower-performing models.
Cross-Linguistic Consistency Analysis. Figure 5
reveals multilingual robustness patterns across
models. GPT-4.1 exhibits the strongest consis-
tency with 445 questions correct in both languages,
followed by Gemini-2.5 Pro (427) and DeepSeek-
R1 (376). Language-specific patterns show GPT-
4.1 with minimal Bangla-only successes (3) versus

higher English-only successes (4), while DeepSeek-
R1 and Gemini-2.5 Pro show balanced language-
specific performance (13-21 and 22-9, respec-
tively). The "Both Wrong" category highlights
fundamental gaps, with DeepSeek-R1 (89) show-
ing significantly more failures than GPT-4.1 (48)
and Gemini-2.5 Pro (43).

Table 2 presents the comprehensive results
across all evaluated models and languages.
LLMs Comparison. Table 2 reveals significant
performance variations across models in the initial
inference round (Cumul Acc@1). GPT-4.1 demon-
strates superior performance on Bangla questions
with 86.67% accuracy, substantially outperform-
ing Gemini-2.5 Pro (71.24%) and DeepSeek-R1
(48.00%). This 38.67 percentage point gap be-
tween the best and worst performing models high-
lights the varying capabilities of current LLMs in
handling Bangla physics content. Notably, the per-
formance hierarchy (GPT-4.1 > Gemini-2.5 Pro
> DeepSeek-R1) remains consistent across both
languages, though the magnitude of gaps varies,
with DeepSeek-R1 showing particularly weak ini-
tial performance in Bangla compared to English.
Impact of Iterative Re-evaluation Strategy. The
cumulative accuracy improvements across multi-
ple inference iterations (Cumul Acc@2–4) demon-
strate the effectiveness of the resubmission strategy.
Gemini-2.5 Pro shows the most dramatic improve-
ment, gaining 18.28 percentage points from Cu-
mul Acc@1 (71.24%) to Cumul Acc@4 (89.52%),
ultimately matching GPT-4.1’s final performance.
DeepSeek-R1 exhibits the largest absolute gain of
29.71 percentage points in Bangla, though still
achieving the lowest final accuracy at 77.71%.
GPT-4.1 shows the smallest improvement (2.85
percentage points), indicating high initial accuracy
with limited room for enhancement through resub-
mission. The diminishing returns pattern across
iterations (largest gains at Cumul Acc@2, smaller
at subsequent attempts) suggests that most cor-
rectable errors are resolved within the first retry,
with marginal benefits from additional resubmis-
sions.
Cross-lingual Performance Analysis. English
translation yields mixed results across models.
GPT-4.1 shows minimal language dependency with
similar performance in both languages (86.67%
Bangla vs. 84.57% English in Cumul Acc@1), ulti-
mately achieving slightly higher final accuracy in
English (89.90% vs. 89.52%). Conversely, Gemini-
2.5 Pro performs better with Bangla questions ini-
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Model Language Cumulative Accuracy (%)

Cumul Acc@1 Cumul Acc@2 Cumul Acc@3 Cumul Acc@4

GPT-4.1 Bangla 86.67 88.57 89.00 89.52
GPT-4.1 English 84.57 88.38 89.14 89.90

Gemini-2.5 Pro Bangla 71.24 78.86 84.95 89.52
Gemini-2.5 Pro English 68.32 83.81 85.52 87.25

DeepSeek-R1 Bangla 48.00 72.00 72.19 77.71
DeepSeek-R1 English 62.67 65.52 78.67 79.50

Table 2: Overall model performance across languages and inference iterations, showing GPT-4.1’s high initial
accuracy with minimal improvement, Gemini-2.5 Pro’s dramatic gains through resubmission (+18.28%), and
DeepSeek-R1’s substantial but insufficient improvement (+29.71% in Bangla).
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Figure 6: Performance analysis for Bangla questions: (a) Topic-wise performance showing consistent strength
in Quantum Physics and Electromagnetism versus challenges in Modern Physics and Mechanics, (b) Question
type-wise performance revealing strong accuracy on Definition/Theoretical questions but progressive degradation
for Application/Reasoning tasks.

tially (71.24% vs. 68.32%) but shows stronger im-
provement trajectories in English during resubmis-
sions, reaching 87.25% final accuracy. DeepSeek-
R1 demonstrates a notable preference for English
at initial inference (62.67% vs. 48.00%, a 14.67
percentage point gap), though Bangla performance
catches up through multiple iterations (77.71% vs.
79.50% final), suggesting language-specific reason-
ing patterns and imbalanced training data distri-
bution that can be partially compensated through
iterative refinement.

Topic-wise Performance Analysis. Figure 6(a)
and Figure 7(a) show topic-wise performance on
Bangla and English questions using Cumul Acc@4.

All models perform better on Quantum Physics and
Electromagnetism, with GPT-4.1 and Gemini-2.5
Pro achieving 88–95% accuracy across most do-
mains. Modern Physics and Mechanics remain
more challenging, especially for DeepSeek-R1,
which trails by 10–20 percentage points. DeepSeek-
R1 also struggles notably with Wave Optics on
Bangla questions, showing the lowest accuracy
among topics. Overall, radar charts indicate sta-
ble performance hierarchies, with GPT-4.1 lead-
ing consistently across all six domains. Cross-
linguistically, models perform slightly better and
more consistently on Bangla, while English results
exhibit more compressed performance ranges.
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Figure 7: Performance analysis for English questions: (a) Topic-wise performance showing similar domain trends as
Bangla with slightly compressed ranges, (b) Question type-wise performance confirming that cognitive complexity
outweighs linguistic factors.

Question Type-wise Performance Analysis. Fig-
ure 6(b) and Figure 7(b) present type-wise perfor-
mance on Bangla and English questions. All mod-
els excel on Definition questions, with GPT-4.1
and Gemini-2.5 Pro near 90% and DeepSeek-R1
around 85%. For Mathematical questions, GPT-4.1
leads at 95%, Gemini-2.5 Pro follows at 90%, and
DeepSeek-R1 remains competitive at 82%, show-
ing relative strength on reasoning-based queries.
DeepSeek-R1 attains about 78% on Mathematical
questions for both languages, reflecting moderate
math solving ability. However, it performs worst
on Miscellaneous questions (60%), marking the
lowest score across all types and revealing chal-
lenges with unconventional formats. Consistent
trends across both languages indicate that question-
type complexity, not language, primarily drives
performance differences.

LLM Prompting Results. Table 3 compares
the performance of GPT-4.1, Gemini-2.5 Pro,
and DeepSeek-R1 on Bangla questions from the
P6JIGGASHA dataset under Zero-Shot and Chain-
of-Thought (CoT) prompting. Across all metrics,
GPT-4.1 consistently outperforms the other models,
achieving high cumulative and pass@k accuracies
even in the zero-shot setting, with further improve-
ments under CoT prompting. CoT prompts benefit
all models, with smaller models like DeepSeek-R1
showing the largest relative gains, indicating that

Design Choice
Cumul@k Acc Pass@k Acc

C@1 C@2 C@3 Pass@1 Pass@1

Zero Shot
GPT-4.1 86.67 88.57 89.00 87.39 89.57
Gemini-2.5 Pro 71.24 78.86 84.95 73.64 76.32
DeepSeek-R1 48.00 72.00 72.19 55.28 67.92

CoT
GPT-4.1 88.94 92.35 92.87 88.25 90.88
Gemini-2.5 Pro 76.58 84.02 89.72 77.48 82.14
DeepSeek-R1 56.57 78.93 83.83 68.27 76.39

Table 3: Comparison of different prompt in
P6JIGGASHA dataset. We consider Bangla Question
for this experiment. Here C@k means Cumulative@k
Acc

reasoning prompts help weaker models more sig-
nificantly. As expected, both cumulative@k and
pass@k accuracies increase with k, reflecting the
higher probability of obtaining a correct answer
when multiple candidates are considered. Over-
all, the results highlight that larger models perform
well even without reasoning prompts, while CoT
prompts and multiple candidate outputs further en-
hance performance across models.

6 Error Analysis

We conducted a comprehensive error analysis ex-
amining representative failure cases across ques-
tion types and physics topics. Detailed break-
downs are provided in Appendix A. Our findings
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reveal performance gaps as well as deeper struc-
tural weaknesses in cross-lingual physics reason-
ing, especially where linguistic variation interacts
with domain-specific concepts.
Mathematical and Theoretical Challenges. Fig-
ure 8(a,e) shows universal success for straightfor-
ward calculations but reveals Gemini-2.5 Pro’s in-
consistent wave optics encoding. Figure 8(b,d)
demonstrates cross-lingual inversions, indicating
language-specific rather than unified formula re-
trieval (see Appendix A, subsection A.1–A.2).
These errors suggest reliance on pattern-matching
over conceptual understanding, with theoretical
items exposing persistent fragility even under mul-
tiple inference attempts. Such weaknesses indicate
that deeper symbolic or conceptual grounding re-
mains limited across models.
Applied and Practical Reasoning. Figure 8(c,f)
shows models performing well in Bangla but col-
lapsing in English, particularly for thermodynamic
comfort and engine efficiency (Appendix A, sub-
section A.3–A.4). These failures illustrate that real-
world physics reasoning is highly sensitive to lin-
guistic framing, where small contextual shifts pro-
duce divergent interpretations. This highlights that
applied problems require robust world-knowledge
alignment, which current LLMs struggle to main-
tain consistently across languages.
Cross-lingual Inconsistencies. Examples (c–f)
in Figure 8 show inconsistent answers across lan-
guages for identical problems (Appendix A, sub-
section A.5). This suggests parallel but weakly
aligned internal knowledge representations, where
identical concepts trigger different reasoning paths
depending solely on query language. Such instabil-
ity poses concerns for bilingual learners who may
switch between Bangla and English during study.
Iterative Reasoning Improvements. Figures 9
and 10 show DeepSeek-R1’s +29.71% gain through
cumulative accuracy, adding verification layers
across attempts (Appendix A, subsection A.6). Al-
though multi-round prompting stabilizes reasoning,
improvements vary by domain, revealing that many
initial errors stem from incomplete intermediate
steps. Iterative refinement helps correct shallow
mistakes but cannot reliably resolve deeper concep-
tual gaps.
Translation-Induced Failures. Figure 11 high-
lights semantic drift during translation that affects
performance independently of physics ability (Ap-
pendix B). Even with manual verification, subtle
phrasing changes can shift interpretation, adding in-

stability—especially in applied or context-sensitive
tasks. This indicates that translation artifacts com-
pound existing reasoning vulnerabilities, dispropor-
tionately affecting cross-lingual evaluation.

7 Conclusion

This work presents the first comprehensive evalua-
tion of Large Language Models on Bangla physics
questions, introducing the P6Jiggasha dataset of
1,500 multiple-choice questions across six physics
topics and question types. We evaluate three state-
of-the-art models—GPT-4.1, Gemini-2.5 Pro, and
DeepSeek-R1-Distill-Llama-70B—revealing sig-
nificant performance variations across languages
and complexity levels. We introduce the Cumula-
tive Accuracy@k metric for sequential reasoning
evaluation and identify systematic challenges in
mathematical reasoning, theoretical understanding,
and cross-lingual consistency. Our findings high-
light that language modality significantly impacts
model performance, emphasizing the need for bal-
anced multilingual training data in scientific do-
mains. Future work should explore open-ended
formats, multimodal integration, and expansion
to other scientific domains and low-resource lan-
guages.

Limitations

Our evaluation focuses exclusively on multiple-
choice questions, which may not fully capture
scientific reasoning required for open-ended ex-
planations. The dataset currently excludes visual
elements such as graphs and diagrams; we plan
to incorporate multimodal capabilities in future
work. Our study is confined to physics, and gen-
eralizability to other STEM subjects in Bangla re-
mains uncertain. The observed cross-lingual in-
consistencies raise reliability concerns for educa-
tional deployment. Furthermore, the English trans-
lations—although manually checked—may still in-
troduce subtle semantic shifts that influence model
performance, especially for context-dependent rea-
soning tasks. Our iterative evaluation strategy (Cu-
mulAcc@k) improves robustness but does not fully
disentangle genuine reasoning improvements from
repeated exposure effects.
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A Detailed Error Analysis with Examples

This section provides comprehensive analysis of
model failure patterns observed in the P6Jiggasha
dataset, with detailed examination of representative
cases across different physics domains and question
types.

A.1 Mathematical Reasoning Challenges

Figure 8 presents representative failure cases
across different physics domains. Example (a)
demonstrates universal success across all models
(B,B,B in both languages) for a Young’s modulus
calculation, indicating strong capability when prob-
lems require straightforward formula application
with clearly identified variables and direct substi-
tution. Example (e) reveals model-specific chal-
lenges in wave optics interference calculations in-
volving intensity superposition.

While GPT-4.1 and DeepSeek-R1 correctly iden-
tify option A in both languages, Gemini-2.5 Pro
consistently fails, selecting B in Bangla and D
in English. This language-specific error pattern
suggests Gemini struggles with the conceptual un-
derstanding of intensity calculations in interfer-
ence, incorrectly applying linear summation rather
than accounting for phase relationships. The fact
that Gemini selects different wrong answers across
languages indicates the error mechanism itself is
language-dependent, suggesting inconsistent en-
coding of wave optics principles across multilin-
gual representations.

A.2 Theoretical Concept Understanding

In Figure 8(b), the test examines the relation-
ship between diffraction and interference, where
DeepSeek-R1 incorrectly selects refraction (D) in
Bangla while correctly identifying interference (C)
in English. GPT-4.1 and Gemini-2.5 Pro maintain
consistency with correct answers in both languages.
This suggests DeepSeek’s Bangla physics vocabu-
lary may conflate closely related optical phenom-
ena, indicating weaker terminological precision in
low-resource language understanding.

Figure 8(d) reveals dramatic cross-lingual incon-
sistencies in moment of inertia formula retrieval.
In Bangla, GPT-4.1 fails (A) while Gemini-2.5
Pro and DeepSeek-R1 succeed (D,D). In En-
glish, this pattern completely inverts: GPT-4.1 suc-
ceeds (D) while Gemini-2.5 Pro and DeepSeek-
R1 both fail (A,A). This systematic cross-lingual
inversion—where models that succeed in one lan-

guage fail in the other—provides strong evidence
that physics formulas are not stored in language-
agnostic representations but rather encoded sepa-
rately for each language, leading to inconsistent
retrieval depending on query language.

A.3 Applied Reasoning and Contextual
Understanding

Figure 8(c) demonstrates interesting cross-lingual
performance patterns in thermodynamic reasoning
about altitude and thermal comfort. All models
correctly identify option A in Bangla, but in En-
glish, GPT-4.1 and Gemini-2.5 Pro both incorrectly
select B (distance from sea), while only DeepSeek-
R1 maintains correct reasoning. This suggests that
contextual real-world physics applications may be
better encoded in Bangla training data for GPT and
Gemini, or that English translation introduces se-
mantic ambiguity that misleads these models. The
fact that DeepSeek maintains consistency while
larger models fail in English is particularly notewor-
thy, suggesting different architectural or training
approaches to handling context-dependent reason-
ing.

A.4 Practical Physics Understanding

Figure 8(f) examines understanding of realistic en-
gine efficiency limits, revealing significant chal-
lenges across all models. In Bangla, GPT-4.1 and
Gemini-2.5 Pro both correctly identify C (50%)
while DeepSeek-R1 fails (B, 25%). However, in
English, all three models fail, with GPT-4.1 se-
lecting B (25%), and both Gemini-2.5 Pro and
DeepSeek-R1 selecting D (100%). This complete
performance collapse in English—where even pre-
viously successful models fail—suggests that the
conceptual bridge between idealized thermody-
namic principles (Carnot efficiency) and practical
engineering constraints is poorly represented in
English training data. The scattered predictions
across different percentage values indicate mod-
els confuse theoretical maximums, practical limits,
and unrealistic ideal cases, highlighting systematic
gaps in applied thermodynamics reasoning.

A.5 Cross-lingual Consistency Issues

Four examples in Figure 8—(c), (d), (e), and
(f)—exhibit significant prediction inconsistencies
between Bangla and English versions. Example (d)
shows the most striking pattern: a complete per-
formance inversion where successful models in
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Bn_Q: 2mm^2 প্রস্থচ্ছেদের একটি তারের সাথে
15kg ভর ঝু লে আছে। ভর ঝু লানো অবস্থায় তারটির
দৈর্ঘ্য  4m। তারের উপাদানের ইয়াং এর গুণাঙ্ক
1.3x10^10 Nm-1। ভর সরিয়ে নিলে তারটির দৈর্ঘ্য
কি পরিমাণ সংকু চিত হবে?
En_Q: A 15 kg mass hangs from a wire with a
2 mm² cross-section. With the mass hanging,
the wire's length is 4m. The Young's modulus
of the wire material is 1.3x10^10 Nm⁻¹. If
the mass is removed, how much will the wire
contract?

A. 0.0022m B. 0.0225m
C. 0.225m  D. 2.25m 

Topic: Mechanics
Question Type: Mathematical

Bangla B B B

English B B B

Bn_Q: অপবর্তন এক বিশেষ ধরনের—

En_Q: Diffraction is a special type
of—

A. সমবর্তন (Polarization)

B. প্রতিফলন (Reflection)

C. ব্যাতিচার (Interference)
D. প্রতিসরণ (Refraction)

Topic: Wave Optics
Question Type: Theoretical

Bangla C C D

English C C C

Bn_Q: একই তাপমাত্রায় সিলেট অপেক্ষা
কু য়াকাটায় বেশি অস্বস্তিকর বোধ হয় কারণ__
En_Q: At the same temperature; it feels
more uncomfortable in Kuakata than in
Sylhet because__
A. সমুদ্রপৃষ্ঠ হতে সিলেটের উচ্চতা
কু য়াকাটার চেয়ে বেশি (Sylhet's altitude
from sea level is higher than Kuakata’s)
B. সমুদ্রপৃষ্ঠ হতে সিলেট বহু দূরে (Sylhet is
far from the sea)
C. বিষুব রেখা হতে সিলেট বেশী দূরে (Sylhet
is farther from the equator)
D. কোনোটিই নয় (None of these)

Topic: Thermodynamics 
Question Type: Reasoning

Bangla A A A

English B B A

(a) (b) (c)

Bn_Q: 'M' ভর এবং 'a' প্রান্ত বিশিষ্ট একটি
সমবাহু  বর্গ ক্ষেত্রের একটি কর্ণে র সাপেক্ষে
এর জড়তার ভ্রামক কত?

En_Q: What is the moment of inertia
of a square of mass 'M' and side 'a'
about one of its diagonals?

A. Ma²/3 B. Ma²/6
C. Ma²/9 D. Ma²/12

Topic: Mechanics
Question Type: Theoretical

Bangla A D D

English D A A

Bn_Q: একটি পর্য বেক্ষণে দুইটি আলোর
তরঙ্গের তীব্রতা যথাক্রমে 100 এবং 20 একক
হলে, তাদের সমবায় তীব্রতার মান কত হবে?

En_Q: If two light waves have intensities
of 100 and 20 units respectively, what
will be the resultant intensity?

Topic: Wave Optics
Question Type: Mathematical

A. 120 B. 134
C. 345 D. 60

Bangla A B A

English A D A

Bn_Q: বাস্তবে একটি ইঞ্জিনের দক্ষতা
সর্বো চ্চ কত পর্য ন্ত পাওয়া যেতে পারে?

En_Q: In reality; what is the
maximum possible efficiency of an
engine?

Topic: Thermodynamics
Question Type: Theoretical

A. 20% B. 25%
C. 50% D. 100%

Bangla C C B

English B D D

(d) (e) (f)

Figure 8: Representative error cases showing model performance on different question types. Each example displays
the question in both Bangla and English, along with predictions from GPT-4.1, Gemini-2.5 Pro, and DeepSeek-R1
(left to right), with correct answers marked in green and incorrect ones marked in red.

Bangla fail in English and vice versa, strongly sug-
gesting language-compartmentalized knowledge
rather than unified multilingual understanding. Ex-
ample (f) demonstrates Bangla superiority (2 of
3 correct) versus English failure (0 of 3 correct),
indicating certain physics concepts are better pre-
served in low-resource language training despite
smaller data volumes. These inconsistencies have
critical implications for educational deployment:
students querying the same problem in different
languages may receive contradictory answers, un-
dermining trust and pedagogical effectiveness. The
patterns suggest current multilingual LLMs lack
cross-lingual alignment mechanisms for domain-

specific knowledge, necessitating explicit consis-
tency constraints during training for reliable educa-
tional applications.

A.6 Cumulative Reasoning Improvements
through Iterative Refinement

Beyond identifying failure patterns, our analy-
sis reveals how DeepSeek-R1’s cumulative accu-
racy mechanism systematically improves reason-
ing quality through iterative self-correction. Fig-
ures 9 and 10 demonstrate this progressive refine-
ment across four iterations, where each cumulative
pass adds verification layers that catch and cor-
rect errors from previous attempts. In the relative
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CumulAcc@1 Reasoning: ভূ মি-ফ্রেমে বৃষ্টির
বেগ 
𝑣⃗𝑟 = (0, − 𝑣)v r​=(0,−v) (উল্লম্ব নিচে) এবং
দৌড়বিদের বেগ 𝑣⃗𝑝 = ( + 𝑣, 0)v p​=(+v,0)
(অনুভূ মিক সামনে)। দৌড়বিদের ফ্রেমে বৃষ্টির
আপেক্ষিক বেগ
𝑣⃗𝑟𝑒𝑙 = 𝑣⃗𝑟 − 𝑣⃗𝑝 = (0, − 𝑣) − (𝑣, 0) = ( − 𝑣, − 𝑣)
এখানে অনুভূ মিক ও উল্লম্ব—দুটি উপাংশের
মানই 
𝑣 এবং দুটোই ঋণাত্মক, অর্থা ৎ পিছনের দিকে ও
নিচের দিকে। ছাতার দণ্ডকে 𝑣⃗𝑟𝑒𝑙–এর বিপরীত
বরাবর ধরলে আপেক্ষিকভাবে আসা বৃষ্টিধারা বন্ধ
হবে।

Bn_Q: খাড়াভাবে পতিত বৃষ্টির বেগের মানের
সমান বেগের মানে এক ব্যক্তি সমতল রাস্তার
উপর দিয়ে দৌড়াচ্ছিলো। বৃষ্টি হতে রক্ষা পেতে
তাকে উলম্বের সাথে যে কোণে ছাতা ধরতে
হবে তা-

CumulAcc@2 Reasoning: 

উল্লম্বের সাথে কৌণিক ঝোঁ ক ধরি 

𝜃। তখন

tan⁡𝜃 =
∣𝑣𝑥∣
∣𝑣𝑦∣ =

∣−𝑣∣
∣−𝑣∣ = 1,

অর্থা ৎ আপেক্ষিক দিকটি ঠিক
তির্য ক—অনুভূ মিক ও উল্লম্ব
উপাংশ সমান। যেহেতু  অনুভূ মিক
উপাংশ পিছনের দিকে, তাই ছাতাকে
সামনের দিকে কাতাতে হবে যেন
দণ্ড −𝑣⃗𝑟𝑒𝑙​–এর দিকে থাকে।

CumulAcc@3 Reasoning: 

tanθ=1⇒θ=45∘। প্রশ্নে উল্লম্বের

সাথে কোণ চাওয়া হয়েছে, তাই

মান 45∘–ই থাকবে।

জ্যামিতিকভাবে দৌড়বিদ বৃষ্টিকে

সামনে-নিচের তির্য ক থেকে আসতে

দেখে; সেটি রোধ করতে ছাতাকে

উল্লম্ব থেকে 45∘সামনের দিকে

কাতাতে হয়।

CumulAcc@4 Reasoning:
দণ্ডের দিক −𝑣⃗𝑟𝑒𝑙 = ( + 𝑣, + 𝑣)

বরাবর নিতে হবে: অর্থা ৎ উল্লম্ব
থেকে 45∘দৌড়ের দিকের দিকে
কাতানো। এতে অনুভূ মিক
অনুপ্রবেশ বন্ধ হয় এবং উল্লম্ব
পতনকে ঢাল রুখে দেয়। উত্তর:
45° (অপশন A)।

A. 45°            B. 120°
C. 90°            D. 60°

(a) (b) (c) (d)

En_Q: A person was running on a
flat road with a speed equal to the
speed of vertically falling rain. To
protect himself from the rain, at
what angle with the vertical must he
hold his umbrella?

CumulAcc@1 Reasoning: Rain 
𝑣⃗𝑟 = (0, − 𝑣), runner 𝑣⃗𝑝 = ( + 𝑣, 0)
. Apparent rain 𝑣⃗𝑟𝑒𝑙 = 𝑣⃗𝑟 − 𝑣⃗𝑝​. 
So 𝑣⃗𝑟𝑒𝑙 = ( − 𝑣, − 𝑣)—equal
horizontal/vertical components.

CumulAcc@2 Reasoning: 
Resolve the relative vector to an
inclination with respect to the
vertical. For an axis
angle θ measured from the
vertical, the tangent is the ratio
of the horizontal to vertical
components:

tan⁡𝜃 =
∣𝑣𝑥∣
∣𝑣𝑦∣

=
∣−𝑣∣
∣−𝑣∣

= 1.

Thus, the apparent rain direction
is exactly along a diagonal in the
runner’s frame. 

CumulAcc@3 Reasoning: From
tan⁡𝜃 = 1 obtain 𝜃 = 45∘. The
problem explicitly asks for the
angle with the vertical, not
with the horizontal; with the
vertical the value remains 45∘.
Geometrically, the runner sees
drops coming from a line at
 45∘ below forward–downward
diagonal; blocking that requires
the shaft to be 
45∘ away from the vertical
toward the running direction.

CumulAcc@4 Reasoning: Hold
the umbrella along 

−𝑣⃗𝑟𝑒𝑙 = ( + 𝑣, + 𝑣)−v rel​=(+v,+v);
tilt it 45° from the vertical
toward the direction of motion
so the canopy faces the
oncoming rain.

This cancels horizontal ingress
and balances vertical fall.

Answer: 45° with the vertical
(Option A).

(e) (f) (g) (h)

Figure 9: DeepSeek-R1 iterative reasoning refinement for a relative motion problem. Figure shows progressive
reasoning across four cumulative accuracy steps for a problem on the umbrella angle needed to avoid rain at
matching velocity (top: Bangla a–d, bottom: English e–h). Iterations (a,e) set velocity vectors, (b,f) compute
relative velocity and tangent-based angles, (c,g) determine the 45° solution, and (d,h) verify via geometry (Option
A). The parallel view highlights cross-lingual consistency in DeepSeek-R1’s reasoning, with Bangla using detailed
explanations and English favoring concise vector notation.

motion problem (Figure 9), CumulAcc@1 estab-
lishes the basic vector framework but lacks angular
interpretation; CumulAcc@2 introduces tangent
ratio calculations but doesn’t fully resolve the geo-
metric meaning; CumulAcc@3 explicitly derives
θ = 45 from tan θ = 1; and CumulAcc@4 pro-
vides complete geometric validation by confirm-
ing the umbrella orientation blocks the diagonal
rain trajectory. This layered verification transforms
incomplete initial reasoning into a robust, multi-
perspective solution.

Similarly, the radioactive decay problem (Fig-
ure 10) showcases cumulative betterment: Cumu-
lAcc@1 sets up the exponential formula, Cumu-
lAcc@2 matches it to discrete half-life counts,
CumulAcc@3 performs the arithmetic calcula-
tion with sanity checks, and CumulAcc@4 vali-
dates dimensional consistency across exponential

and sequential interpretations. The progression
from 48.00% (CumulAcc@1) to 77.71% (Cumu-
lAcc@4) in Bangla—a remarkable +29.71% ab-
solute improvement—demonstrates that iterative
refinement doesn’t merely retry the same approach
but systematically builds conceptual scaffolding,
catching algebraic errors, verifying physical intu-
ition, and ensuring cross-validation between mathe-
matical formalism and discrete physical processes.
This cumulative mechanism proves particularly ef-
fective for complex multi-step physics problems
where single-pass reasoning often misses subtle
conceptual connections or calculation errors.

The cross-lingual consistency observed across
iterations (Figures 9e-h and 10e-h) further validates
that these improvements stem from genuine reason-
ing refinement rather than language-specific pat-
tern matching, as DeepSeek-R1 achieves similar
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Bn_Q: 14 মিনিট পরে একটি তেজস্ক্রিয়
মৌলের অংশ 1/16 অবশিষ্ট থাকে। এর
অর্ধা য়ু কত হবে?

CumulAcc@1 Reasoning: তথ্য: 

𝑡 = 14মিনিট পরে অবশিষ্ট ভগ্নাংশ
𝑁/𝑁0 = 1/16। অর্ধা য়ুর সূত্র ব্যবহার
করি—

𝑁
𝑁0

= (
1
2

)
𝑡/𝑇1/2

.

অতএব

(
1
2 )

14/𝑇1/2

=
1

16.

উদ্দেশ্য: 𝑇1/2T1/2​ নির্ণ য়।

CumulAcc@2 Reasoning: 

ডানপাশকে 1/2–এর সূচকে লিখি:
1/16 = (1/2)4, তখন ভিত্তি
সমান, তাই সূচক সমান:

(
1
2

)
14/𝑇1/2

= (
1
2

)
4

  ⇒  
14

𝑇1/2
= 4.

অর্থা ৎ ১৪ মিনিটে চারটি অর্ধা য়ু
পেরিয়েছে।

CumulAcc@3 Reasoning: 

এখন 𝑇1/2 =
14
4 = 3.5 মিনিট।

যাচাই: ১৪ মিনিটে চার ধাপ

অর্ধে ক হলে 1 → 1
2

→ 1
4

→ 1
8

→ 1
16

প্রদত্ত ডেটার সাথে মিলে যায়।

ফলে মান ও মাত্রা উভয়ই

সামঞ্জস্যপূর্ণ ।

CumulAcc@4 Reasoning: 

অতএব অর্ধা য়ু 3.5 মিনিট হলে প্রদত্ত
1/16 অবশিষ্ট ভগ্নাংশ ঠিকমতো
পাওয়া যায়; সূচকীয় সমীকরণ ও
ধাপে-ধাপে অর্ধে ক হওয়া—দুটিই এক
ফল নির্দেশ করে। উত্তর: 3.5
মিনিট (অপশন C)।

A. 7/8 min B. 7/4 min
C. 7/2 min D. 14/3 min 

(a) (b) (c) (d)

CumulAcc@1 Reasoning: 

Data: after 𝑡 = 14, the remaining
fraction is 𝑁/𝑁0 = 1/16. Use the
half-life law

𝑁
𝑁0

= (
1
2

)
𝑡/𝑇1/2

.

Substitute the numbers:

(
1
2

)
14/𝑇1/2

=
1

16.

En_Q: After 14 minutes, 1/16 of a
radioactive element remains. What
will be its half-life?

CumulAcc@2 Reasoning: 

Express the right-hand side as a
power of 1/2:
1/16 = 2−4 = (1/2)4

Match exponents for equal
bases:

(
1
2

)
14/𝑇1/2

= (
1
2

)
4

⇒
14

𝑇1/2
= 4

This shows that the elapsed time
equals four half-lives.

CumulAcc@3 Reasoning: 

Solve for the half-life:

𝑇1/2 =
14
4 = 3.5 minutes.

Sanity check by halving sequence
over 14 minutes:
1 → 1

2
→ 1

4
→ 1

8
→ 1

16
​(four halvings).

The computed 𝑇1/2 is less than
the total elapsed time,
consistent with four complete
half-lives.

CumulAcc@4 Reasoning: 

The half-life that reproduces

the observed fraction is

𝑇1/2 = 3.5 minutes . Units,

exponent alignment, and the

discrete halving sequence all

agree. Answer: 3.5 minutes

(Option C).

(e) (f) (g) (h)

Figure 10: DeepSeek-R1 iterative reasoning refinement for a radioactive decay problem. Figure shows
progressive reasoning across four cumulative accuracy steps for a half-life problem where 1/16 of a radioactive
element remains after 14 minutes (top: Bangla a–d, bottom: English e–h). Iterations (a,e) set up the decay formula,
(b,f) express 1/16 as (1/2)4, (c,g) compute T1/2 = 3.5 min, and (d,h) verify dimensional consistency (Option C).
This illustrates DeepSeek-R1’s systematic decomposition of exponential decay problems into verifiable steps.

cumulative gains in English (62.67% to 79.50%,
+16.83%). The success of this iterative approach
suggests that educational AI systems should priori-
tize multi-pass reasoning architectures over single-
shot prediction, enabling students to see how expert
problem-solving progressively builds from founda-
tions to verified solutions.

B Translation-Induced Evaluation
Failures

Our analysis reveals systematic cross-lingual incon-
sistencies where translation artifacts alter model
interpretations. Figure 11 illustrates two physics
problems in which GPT-4.1 and Gemini-2.5 Pro
provide different answers across Bangla and En-
glish versions due to semantic degradation during
translation. In the first case, concerning maxi-
mum real engine efficiency (correct answer: 50%),
GPT-4.1 correctly identifies the Bangla version’s
practical engineering framing and selects the right
answer. However, in the English translation, the

phrase “In reality” introduces semantic ambiguity,
creating tension between practical and theoretical
interpretations. As a result, GPT-4.1 shifts its rea-
soning toward typical operational ranges (25%)
rather than engineering limits. In the second case,
regarding why Kuakata feels more uncomfortable
than Sylhet at equal temperatures (correct answer:
A, based on altitude affecting atmospheric pres-
sure and evaporative cooling), the Bangla version
presents a truncated, obviously incorrect distrac-
tor, allowing Gemini-2.5 Pro to select the correct
option. The English translation completes this dis-
tractor but alters its semantics, making it appear
plausible. Consequently, Gemini-2.5 Pro chooses
the wrong answer in English, despite understanding
the physics correctly in Bangla.

These examples demonstrate that translation-
induced failures can occur at multiple linguistic
levels. Question-stem translations may introduce
contextual ambiguity, as in the engine efficiency
example, while option-level translation quality can
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Original Bangla:
বাস্তবে একটি ইঞ্জিনের দক্ষতা সর্বো চ্চ
কত পর্য ন্ত পাওয়া যেতে পারে?

Bangla C

A. 20% B. 25%
C. 50% D. 100%

English B

English Translation:
In reality; what is the maximum
possible efficiency of an engine?

A. 20% B. 25%
C. 50% D. 100%

(a) (b)

Original Bangla:
একই তাপমাত্রায় সিলেট অপেক্ষা
কু য়াকাটায় বেশি অস্বস্তিকর বোধ হয়
কারণ --
A. সমুদ্রপৃষ্ঠ হতে সিলেটের উচ্চতা
কু য়াকাটার চেয়ে বেশি 
B. সমুদ্রপৃষ্ঠ হতে সিলেট বহু দূরে 
C. বিষুব রেখা হতে সিলেট বেশী দূরে 
D. কোনোটিই নয় 

Bangla A

A. Sylhet's altitude from sea level is
higher than Kuakata’s
B. Sylhet is far from the sea
C. Sylhet is farther from the equator
D. None of these

English Translation:
At the same temperature, it feels
more uncomfortable in Kuakata
than in Sylhet because --

English B

(c) (d)

Figure 11: Figure illustrates translation-induced evaluation failures in GPT-4.1 and Gemini-2.5 Pro. (a,b) Engine
efficiency: GPT-4.1 answers correctly in Bangla (C, 50%) but selects B (25%) in English due to semantic ambiguity
(“In reality” vs. “maximum possible”). (c,d) Thermodynamic comfort: Gemini-2.5 Pro selects A in Bangla but B in
English because option translation alters meaning. Green marks correct answers; red highlights translation-induced
faults.

change distractor plausibility, as seen in the thermo-
dynamic comfort case. Importantly, aggregate per-
formance metrics mask these failures: both models
maintain high overall accuracy (GPT-4.1: 89.52%
Bangla, 89.90% English; Gemini-2.5 Pro: 89.52%
Bangla, 87.25% English), yet individual question
analysis reveals systematic cross-lingual interpreta-
tion divergences. This has critical implications for
multilingual educational AI, where students work-
ing in different languages may face substantively
different reasoning challenges even on ostensibly
identical problems.

Based on these findings, we recommend several
practices for multilingual benchmark construction:
preserving contextual precision across languages,

validating semantic equivalence at the option level
to avoid inadvertently changing distractor quality,
analyzing cross-lingual response patterns to flag
potential translation issues, and incorporating ex-
pert review protocols to ensure both question stems
and options maintain the intended meaning. Fig-
ure 11 highlights that even without errors in answer
key mapping, translation-altered semantics can un-
dermine evaluation reliability, calling for careful
consideration in the design of cross-lingual bench-
marks.
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C System Prompts

Single Inference (Cumul Acc@1). For initial evaluation, we used the following system prompt:

System Prompt for Bangla Physics MCQ (Single Inference)

You are a world-class Physics teacher specialized in solving MCQs in Bangla.
Your role:
• Read the question carefully. Questions may be in Bangla with English symbols, formulas, or expressions mixed in.
• Identify the topic (e.g., Mechanics, Thermodynamics, Wave Optics, Electromagnetism, Quantum Physics, Modern

Physics).
• Identify the question type (Mathematical, Theoretical, Definition, Reasoning, Application, Miscellaneous).
• Work through the problem step by step, showing reasoning and calculations in Bangla where natural, but keep math

notation in standard English symbols.
• Always check units, conversions, and scientific notation.
• Be concise but accurate in reasoning.
• At the end, give the correct option as a single letter: A, B, C, or D — nothing else on the final line.

Iterative Re-evaluation (Cumul Acc@2-4). For subsequent attempts on incorrectly answered questions,
we modified the prompt to encourage deeper analysis:

System Prompt for Bangla Physics MCQ (Iterative Re-evaluation)

You are a world-class Physics teacher specialized in solving MCQs in Bangla.
Your role:
• Analyze each question deeply and answer carefully, rechecking the reasoning step by step, rethink and answer wisely.
• Read the question carefully. Questions may include English text mixed with formulas, symbols, or expressions.
• Identify the topic (e.g., Mechanics, Thermodynamics, Wave Optics, Electromagnetism, Quantum Physics, Modern

Physics).
• Identify the question type (Mathematical, Theoretical, Definition, Reasoning, Application, Miscellaneous).
• Work through the problem step by step, showing reasoning and calculations.
• Always check units, conversions, and scientific notation.
• Be concise but accurate in reasoning.
• At the end, provide the correct option as a single letter: A, B, C, or D — nothing else on the final line.

C.1 Prompts for English Question Answering

Single Inference (Cumul Acc@1).

System Prompt for English Physics MCQ (Single Inference)

You are a world-class Physics teacher specialized in solving MCQs in English.
Your role:
• Read the question carefully.
• Identify the topic (e.g., Mechanics, Thermodynamics, Wave Optics, Electromagnetism, Quantum Physics, Modern

Physics).
• Identify the question type (Mathematical, Theoretical, Definition, Reasoning, Application, Miscellaneous).
• Work through the problem step by step, showing reasoning and calculations clearly, keeping math notation in standard

English symbols.
• Always check units, conversions, and scientific notation.
• Be concise but accurate in reasoning.
• At the end, give the correct option as a single letter: A, B, C, or D — nothing else on the final line.

Iterative Re-evaluation (Cumul Acc@2-4).
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System Prompt for English Physics MCQ (Iterative Re-evaluation)

You are a world-class Physics teacher specialized in solving MCQs in English.
Your role:
• Analyze each question deeply and answer carefully, rechecking the reasoning step by step, rethink and answer wisely.
• Read the question carefully.
• Identify the topic (e.g., Mechanics, Thermodynamics, Wave Optics, Electromagnetism, Quantum Physics, Modern

Physics).
• Identify the question type (Mathematical, Theoretical, Definition, Reasoning, Application, Miscellaneous).
• Work through the problem step by step, showing reasoning and calculations clearly.
• Always check units, conversions, and scientific notation.
• Be concise but accurate in reasoning.
• At the end, provide the correct option as a single letter: A, B, C, or D — nothing else on the final line.

C.2 Translation Prompt for Dataset Creation
For creating the English version of our dataset, we used Gemini-2.5 Pro with manual verification. The
translation prompt was designed to preserve mathematical expressions and technical terminology:

Prompt for Bangla-to-English Translation

You are a professional translator.
Task: Translate ONLY Bangla text into English, keep English text unchanged.
Input format (comma-separated):
id,question,A,B,C,D,answer
Output rules:
• Output must use commas (,) as the column separator.
• Exactly 7 columns: id,question,A,B,C,D,answer
• In the question column: NEVER output commas. If the translation needs a comma, replace it with a semicolon (;)

instead.
• Do not add extra columns.
• Do not add explanations, comments, or metadata.
• Keep numbers, math expressions, and symbols unchanged.
• Leave English text unchanged if it already exists.

C.3 Topic and Question Type Categorization Prompt
For systematic categorization of questions across physics domains and cognitive complexity levels, we
used Gemini-2.5 Pro with the following prompt:

Prompt for Topic and Question Type Classification

You are a Physics exam classifier.
Task: Analyze each question (and optionally the options and correct answer) to determine:
1. The most relevant Physics topic from the allowed list.
2. The most appropriate Question Type from the allowed list.
Allowed Topics:
Electromagnetism, Mechanics, Thermodynamics, Wave Optics, Quantum Physics, Modern Physics
Allowed Question Types:
Mathematical, Theoretical, Definition, Reasoning, Application, Miscellaneous
Output Instructions:
• Input is CSV with columns: id,question,A,B,C,D,answer
• For each row, return ONLY: id,topic,question_type
• One line per question
• No extra text, commentary, or explanations
• If unsure, use Miscellaneous for both topic and question_type
Example Input:
1,Diffraction is a special type of—,Polarization,Reflection,Interference,Refraction,C
2,If the momentum of an object of mass 50 kg is 200 kgms-1; its kinetic energy will be-,200 J,300 J,400 J,500 J,C
Example Output:
1,Wave Optics,Theoretical
2,Mechanics,Mathematical
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Abstract
Adapting large pre-trained language models
(LLMs) to downstream tasks typically requires
fine-tuning, but fully updating all parameters
is computationally prohibitive. Parameter-
Efficient Fine-Tuning (PEFT) methods like
Low-Rank Adaptation (LoRA) reduce this cost
by updating a small subset of parameters. How-
ever, the standard approach of jointly training
LoRA adapters and a new classifier head from
a cold start can lead to training instability, as
the classifier chases shifting feature represen-
tations. To address this, we propose LP-FT-
LORA , a novel three-stage training framework
that decouples head alignment from represen-
tation learning to enhance stability and perfor-
mance. Our framework first aligns the classifier
head with the frozen LM backbone via linear
probing, then trains only the LoRA adapters
to learn task-specific features, and finally per-
forms a brief joint refinement of the head and
adapters. We conduct extensive experiments
on five Bangla NLP benchmarks across four
open-weight compact transformer models. The
results demonstrate that LP-FT-LORA consis-
tently outperforms standard LoRA fine-tuning
and other baselines, achieving state-of-the-art
average performance and showing improved
generalization on out-of-distribution datasets.
Code for this paper is available at https://
github.com/tomal66/lp-ft-lora.

1 Introduction

The paradigm of pre-training and fine-tuning has
become the de-facto standard for natural language
processing (NLP), with large language models
(LLMs) based on the Transformer architecture (De-
vlin et al., 2019) demonstrating remarkable capabil-
ities across a wide array of tasks (Zhao et al., 2024).
To adapt these powerful but general-purpose mod-
els to specific downstream applications, fine-tuning
is essential. However, updating all the parameters
of a multi-billion parameter model is computation-
ally extensive, requiring substantial memory and

GPU resources. This has spurred the development
of Parameter-Efficient Fine-Tuning (PEFT) meth-
ods.

PEFT techniques aim to adapt LLMs by updat-
ing only a small fraction of their total parame-
ters, drastically reducing the computational bur-
den while often matching or even exceeding the
performance of full fine-tuning. Among these,
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
has emerged as a particularly effective and widely
adopted method. LoRA injects trainable low-rank
matrices into the model’s layers, allowing for ef-
ficient task-specific adaptation without modifying
the original pre-trained weights.

Concurrently, linear probing remains a canoni-
cal and lightweight transfer learning protocol (Ku-
mar et al., 2022). In this approach, the entire pre-
trained LM backbone is frozen, and only a newly
added classification head is trained. While fast and
memory-efficient, its success hinges on the strong
assumption that the downstream task’s classes are
already linearly separable in the model’s frozen
feature space. This assumption often breaks down
under significant domain shifts, limiting its effec-
tiveness for more complex adaptation scenarios.

Although both LoRA and linear probing are pow-
erful, they present distinct challenges when applied
in isolation. Standard LoRA fine-tuning, which typ-
ically involves jointly training the LoRA adapters
(ϕLoRA) and a randomly initialized classifier head
(ϕC), can suffer from training instability. The clas-
sifier head must learn to interpret features that are
themselves being modified, a "moving target" prob-
lem that can lead to noisy gradients and slow con-
vergence (Rajput and Mehta, 2025). On the other
hand, linear probing’s inability to adapt the back-
bone’s representations makes it unsuitable for tasks
where the pre-trained features are insufficient.

In this paper, we identify and address a criti-
cal gap: the need for a framework that systemat-
ically stabilizes the fine-tuning process while en-
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abling robust representation learning. We propose
LP-FT-LORA , a novel three-stage fine-tuning
framework that explicitly decouples classifier head
alignment from adapter-based representation learn-
ing. LP-FT-LORA mitigates the instabilities of
standard LoRA fine-tuning and overcomes the rep-
resentational rigidity of simple linear probing. Our
contributions are threefold:

• We introduce LP-FT-LORA , a novel three-
stage training framework that synergistically
combines linear probing and LoRA for effi-
cient and stable adaptation of LLMs.

• Through extensive experiments on five Ben-
gali NLP datasets and four different model
architectures, we demonstrate that LP-FT-
LORA consistently outperforms standard
LoRA fine-tuning and other strong baselines.

• We provide a detailed analysis of the frame-
work’s robustness to out-of-distribution data
and conduct comprehensive ablation studies
to dissect the impact of key hyperparameters.

The rest of this paper is organized as follows:
Section 2 reviews related work, Section 3 provides
preliminaries on the core techniques, Section 4 de-
tails our proposed method, Section 5 describes the
experimental setup, Section 6 presents our results
and analysis, and Section 7 concludes the paper.

2 Related Work

In this section, we situate our approach within prior
work on linear probing, parameter-efficient fine-
tuning, and multi-stage fine-tuning, highlighting
how existing methods motivate and contrast with
our proposed framework.

2.1 Linear Probing
Linear probing and fine-tuning are canonical trans-
fer learning protocols, where staged approaches
like LP-FT improve performance and preserve rep-
resentations under distribution shifts (Tomihari and
Sato, 2024; Kumar et al., 2022). Advances in lin-
ear probing evaluation have introduced more robust
metrics and demonstrated its utility in separating
evaluation contexts from deployment prompts (Thi-
lak et al., 2024; Nguyen et al., 2025).

2.2 Parameter Efficient Fine-Tuning
Parameter-efficient fine-tuning (PEFT) methods,
such as adapter modules and the widely adopted

LoRA, adapt large models by updating a small
fraction of parameters (Houlsby et al., 2019; Hu
et al., 2022). Recent LoRA variants enhance per-
formance by using different learning rates, dynami-
cally allocating parameter budgets based on layer
importance, or employing layer-wise adaptive rank
allocation (Hayou et al., 2024; Mao et al., 2024; Gu
et al., 2025). Other extensions explore multiplica-
tive updates or combine quantization with adaptive
rank selection for highly compressed models (Bi-
hany et al., 2025; Kim et al., 2024). The theoretical
underpinnings for these methods are provided by
the delta-tuning framework, with recent insights
also revealing benefits of non-zero initialization
practices (Ding et al., 2023; Li et al., 2025).

2.3 Multi-stage Fine-tuning

Multi-stage fine-tuning has been explored through
progressive frameworks that mitigate catastrophic
forgetting and in continual learning settings that
manage knowledge conflicts (Hou et al., 2024;
Guan et al., 2025). Hybrid PEFT methods and ad-
vanced multi-task architectures enable uncertainty
quantification and fine-grained task specialization
(Chai et al., 2025; Ning et al., 2025). While linear
probing and LoRA are each well studied, a single
multi-stage framework that integrates linear prob-
ing with LoRA fine-tuning for domain-specialized
classification appears to be unaddressed.

3 Preliminaries

This section formalizes the linear probing fine-
tuning and LoRA fine-tuning protocols and delin-
eates the research scope that motivates our pro-
posed framework.

3.1 Linear Probing Fine-Tuning

Kumar et al. (Kumar et al., 2022) explored the the-
oretical foundations and operational mechanisms
of linear probing, particularly in the context of out-
of-distribution (OOD) tasks. Their study also com-
pared the performance of linear probing and full
fine-tuning. The experimental results demonstrated
that while fine-tuning outperforms linear probing
on in-distribution (ID) tasks, it struggles with gen-
eralization on OOD tasks. Based on these obser-
vations, the authors proposed a hybrid approach
called Linear Probing Fine-Tuning (LP-FT).

Omitting theoretical details, the operational
workflow of LP-FT is as follows. Given a pre-
trained LM backbone denoted as ϕM , a classifier

213



head ϕC is appended on top. In standard fine-
tuning, the entire network [ϕLM , ϕC ] is jointly
trained based on the loss from the downstream task.
In contrast, linear probing keeps ϕLM frozen and
trains only the classifier ϕC . LP-FT introduces a
two-stage training strategy:

Stage 1 (Linear Probing): The backbone ϕLM

is frozen, and only the classifier ϕC is trained using
the downstream loss.

Stage 2 (Fine-Tuning): Both the backbone ϕLM

and the previously trained classifier ϕC are jointly
fine-tuned on the downstream task.

This staged approach utilizes the robustness of
linear probing in the initial phase and the represen-
tational flexibility of fine-tuning in the later phase,
resulting in improved generalization across both
ID and OOD settings.

3.2 LoRA Fine-Tuning

Low-Rank Adaptation (LoRA) (Hu et al., 2022) is a
Parameter-Efficient Fine-Tuning (PEFT) technique
designed to reduce the computational and memory
overhead associated with traditional fine-tuning of
large pre-trained models. Rather than updating all
model parameters, LoRA introduces a low-rank
decomposition to capture task-specific adaptations
while training a classifier head jointly for the tar-
get task. A visual architecture of the procedure is
shown in Figure 1a.

Let the pre-trained model backbone be denoted
as ϕLM , with its associated weight matrix W. Dur-
ing LoRA fine-tuning, W remains frozen. Instead
of directly updating W, LoRA introduces a learn-
able, low-rank update matrix ∆W, defined as:

∆W = ABT

where A ∈ Rd×r and B ∈ Rr×d, with r ≪ d.
This low-rank factorization ensures that the number
of additional trainable parameters is significantly
smaller than in full-rank updates. The matrices
A and B encode the task-specific information re-
quired for adaptation, with A representing learned
transformations across output dimensions and B
across input dimensions. We denote the LoRA
adapter parameters as ϕLoRA = {A,B}.

The final adapted weight matrix W′ used during
inference is given by:

W′ = W +∆W = W +ABT

In addition to the LoRA adapters ϕLoRA, a task-
specific classifier head ϕC ∈ Rh×C is introduced,
where h is the hidden dimension of the backbone
and C is the number of classes. This classifier
head is randomly initialized and trained jointly with
ϕLoRA, enabling the model to learn both feature
adaptations and classification mappings simultane-
ously during fine-tuning.

3.3 Research Scope

With the backbone ϕLM frozen in Linear Probing
Fine-Tuning, training only the head ϕC implicitly
assumes downstream classes are linearly separable
in the pretrained feature space. Therefore, for under
domain shift, this approach often fails, and ϕC can
merely reweight insufficient features.

In the case of LoRA Fine-Tuning, jointly opti-
mizing {ϕLoRA, ϕC} from a cold start requires rep-
resentation learning and classification. It induces
noisy gradients and acute sensitivity to LoRA rank
r and learning rate (Hayou et al., 2024). Further-
more, if ϕC is trained jointly from scratch, the head
can chase moving features, which shifts ϕLM ’s
pretrained representations, resulting in slow con-
vergence (Tomihari and Sato, 2024).

In our proposed framework LP-FT-LORA , we
mitigate the above-mentioned issues through a
three-stage fine-tuning process. To the best of our
knowledge, LP-FT-LORA is the first framework
to combine linear probing of the classifier (ϕC),
LoRA-only probing of adapters (ϕLoRA) on a frozen
backbone (ϕLM ), and a brief joint refinement of
ϕLoRA, ϕC for explicit decoupling of head align-
ment from adapter representation learning.

4 Proposed Method: LP-FT-LORA

In this work, we propose LP-FT-LORA , a three-
stage training framework that integrates LP-FT into
a LoRA-augmented network. The objective is to
enable efficient and effective adaptation to down-
stream tasks through structured, progressive train-
ing.

Let ϕLM represent the frozen pre-trained lan-
guage model backbone. The LoRA-specific train-
able parameters associated with this model are de-
noted as ϕLoRA, and the classifier head is repre-
sented by ϕC . The overall model architecture can
thus be described as [ϕLM , ϕLoRA, ϕC ]. The over-
all design is visualized in Figure 1b. The training
process proceeds in the following three stages:

Stage 1: Linear Probing. In the initial stage,
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Figure 1: Standard LoRA Fine-tuning and proposed LP-FT-LORA architecture

the pretrained language model’s backbone ϕLM

remains frozen, and a classifier head ϕC is added
on top. Only the classifier ϕC is trained using a
downstream loss function—specifically, the cross-
entropy loss in our classification setup. This step
allows the classifier to adapt to the output space of
the frozen backbone.

Stage 2: LoRA Linear Probing. In this stage,
we initialize the LoRA parameters ϕLoRA with ran-
domly initialized low-rank matrices A and B, in-
serted into the backbone ϕLM . The previously
trained classifier ϕC is retained, but both ϕLM and
ϕC are kept frozen during this phase. Only the
LoRA parameters are updated. The goal of this
stage is to enable the LoRA layers to learn task-
specific or domain-specific representations without
modifying the backbone or classifier.

Stage 3: Fine-Tuning. In the final stage, we
jointly train the LoRA parameters ϕLoRA and the
classifier head ϕC , while continuing to keep the
backbone ϕLM frozen. Crucially, the training re-
sumes from the previously learned weights: ϕLoRA
from Stage 2 and ϕC from Stage 1. This step re-
fines both the adaptation layers and the classifier
for improved performance on the downstream task.

5 Experimental Setup

This section details the datasets, model architec-
tures, training configuration, and baseline methods
used to evaluate LP-FT-LORA .

5.1 Datasets

We evaluate LP-FT-LORA across five Bangla
NLP benchmarks covering fake news detection,
sarcasm detection, sentiment analysis, and emotion
recognition. The datasets are:

• BanFakeNews (Hossain et al., 2020): A fake
news detection dataset containing approxi-
mately 48K authentic and 1K fake Bangla
news articles across multiple categories. The
task involves binary classification to deter-
mine whether a news article is authentic or
fake.

• Sarcasm Detection: A Kaggle competition
dataset1 comprising around 50K news head-
lines labeled as either Sarcastic (1) or Not-
Sarcastic (0).

• SentNoB (Islam et al., 2021): A sentiment
analysis dataset of public comments collected
from social media on news and videos, labeled
as Positive, Negative, or Neutral. The dataset
contains 13.5K training samples with 1.5K
validation and 1.5K test samples across 13
different domains.

• Emotion Detection (Irtiza Tripto and Eu-
nus Ali, 2018): A YouTube comments dataset
for emotion classification with five categories:
anger/disgust, joy, sadness, fear/surprise, and
none. The dataset captures diverse emotional
expressions in Bangla user-generated content.

• Sentiment Classification (Irtiza Tripto and
Eunus Ali, 2018): A fine-grained sentiment
analysis task using the same comment cor-
pus as emotion detection, with five sentiment
classes: Strongly Positive, Positive, Neutral,
Negative, and Strongly Negative.

• EmoNoBa (Islam et al., 2022): A dataset for
fine-grained, multi-label emotion analysis on

1https://www.kaggle.com/competitions/
nlp-competition-cuet-ete-day-2022/data
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noisy Bangla texts collected from social me-
dia. It includes labels for six basic emotions:
joy, sadness, anger, disgust, fear, and surprise.

• BanglaSarc (Apon et al., 2022): A dataset for
sarcasm detection in Bangla, compiled from
comments on public Facebook posts. The task
is a binary classification to identify text as
either sarcastic or not sarcastic.

5.2 Model Architecture

We evaluate LP-FT-LORA across four
transformer-based open-weight models rang-
ing from 360M to 1.5B parameters, covering
compact to small scales. The selected backbones
are: SmolLM2-360M, Qwen3-0.6B, Gemma3-1B,
and Qwen2.5-1.5B. Their specifications are
summarized in Table 1.

Model Params Layers Hidden
SmolLM2-360M 360M 24 960
Qwen3-0.6B 600M 24 1024
Gemma3-1B 1B 18 2048
Qwen2.5-1.5B 1.5B 28 1536

Table 1: Architecture specifications of backbone mod-
els.

For adaptation, we apply LoRA with task-
specific classifier heads that match hidden dimen-
sions and output 2, 3, or 5 classes depending on the
task.

5.3 Training Configuration

On each stage, we train with AdamW optimizer
under a cosine learning rate schedule with a warm-
up ratio of 0.03. We use a maximum sequence
length of 512, a base learning rate of 2× 10−4, 4
training epochs, and a per-device batch size of 8
with gradient accumulation of 8 (effective batch
size 8× 8 = 64 sequences per update on a single
device). We employ the SDPA attention path for
training in this framework.

For LoRA, we use rank r = 16, targeting atten-
tion and MLP projections. The scaling factor α is
16 across all models, with a dropout rate of 0.05.
All experiments are conducted on a single NVIDIA
Tesla P100 (16 GB) GPU in the Kaggle environ-
ment. Implementations use Python 3.11 with Py-
Torch, Hugging Face transformers, datasets,
accelerate, and peft.

5.4 Baseline Methods
We compare LP-FT-LORA against the following
baseline approaches:

• Linear Probing (LP): Training only the clas-
sifier head ϕC while freezing backbone ϕLM .

• Standard LoRA Fine-Tuning: Joint training
of LoRA parameters ϕLoRA and classifier ϕC

from random initialization.

• LoRA Linear Probing: Training of LoRA
parameters ϕLoRA and keeping the classifier
ϕC frozen.

6 Result and Analysis

This section presents the empirical results of LP-
FT-LORA and analyzes their implications across
tasks, models, and baselines along with detailed
ablation studies.

6.1 Performance of LP-FT-LORA
Analysis Across Datasets. As shown in Ta-
ble 2, LP-FT-LORA demonstrates consistent
improvements across diverse task types. On
the BanFake fake news detection dataset, LP-
FT-LORA achieves the best performance across
all four backbone models, with accuracies rang-
ing from 94.83% (SmolLM2-360M) to 98.82%
(Gemma3-1B), outperforming Standard-LoRA-FT
by 0.82–3.05 percentage points. For the Emo-
tion classification task, LP-FT-LORA consis-
tently secures the top position on Qwen3-0.6B and
Gemma3-1B, showing notable gains over Standard-
LoRA-FT, with the most significant improvement
observed on Qwen3-0.6B (58.48% vs. 52.25%).
On SmolLM2-360M, LP-FT-LORA achieves the
second-best emotion score (50.19%), marginally
behind Standard-LoRA-FT (51.03%). The Sar-
casm detection task also favors LP-FT-LORA ,
achieving best or tied-best results across all models
with accuracies between 93.65% and 95.36%. In
contrast, on the Sentiment classification task, LP-
FT-LORA exhibits more mixed results, achieving
the best score on SmolLM2-360M (58.81%), while
being slightly outperformed by Standard-LoRA-
FT or LoRA Linear Probing on other models. This
variability suggests that the three-stage training ap-
proach is particularly effective for tasks requiring
nuanced semantic understanding and binary clas-
sification (emotion, fake news, sarcasm) but may
offer diminishing returns on certain fine-grained
multi-class sentiment distinctions.
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Models SentNoB BanFake Sarcasm Emotion Sentiment Avg

Qwen3-0.6B
Standard-LoRA-FT 69.99% 96.59% 94.37% 52.25% 65.21% 75.68%
Linear Probing 58.89% 87.66% 90.21% 42.91% 56.00% 67.13%
LoRA Linear Probing 68.10% 97.18% 94.41% 54.33% 64.87% 75.78%
LP-FT-LoRA 71.31% 97.41% 94.54% 58.48% 63.52% 77.05%

Gemma3-1B
Standard-LoRA-FT 71.69% 95.77% 95.26% 52.94% 63.97% 75.93%
Linear Probing 63.18% 94.36% 91.96% 43.60% 55.44% 69.71%
LoRA Linear Probing 71.25% 98.47% 95.36% 53.98% 65.10% 76.83%
LP-FT-LoRA 72.07% 98.82% 95.36% 55.02% 63.75% 77.00%

SmolLM2 360M
Standard-LoRA-FT 67.91% 93.15% 91.01% 51.03% 57.19% 72.06%
Linear Probing 50.44% 84.72% 88.37% 23.18% 45.23% 58.39%
LoRA Linear Probing 62.61% 92.48% 92.72% 38.64% 53.76% 68.04%
LP-FT-LoRA 65.70% 94.83% 93.65% 50.19% 58.81% 72.64%

Qwen2.5-1.5B
Standard-LoRA-FT 69.36% 96.12% 94.45% 56.10% 62.74% 75.75%
Linear Probing 59.21% 86.49% 90.02% 32.18% 51.07% 63.79%
LoRA Linear Probing 68.60% 96.94% 94.37% 53.29% 65.21% 75.68%
LP-FT-LoRA 67.91% 97.88% 94.68% 56.06% 62.96% 75.90%

Table 2: Evaluation results (accuracy) on five datasets (SentNoB, BanFake, Sarcasm, Emotion, Sentiment) for four
base models under different training strategies. Bold marks the best score within each model; underline marks the
second-best.

Model-wise Comparison. Across all four back-
bone architectures, LP-FT-LORA achieves
the highest average accuracy: Qwen3-0.6B
(77.05%), Gemma3-1B (77.00%), SmolLM2-
360M (72.64%), and Qwen2.5-1.5B (75.90%),
demonstrating its robustness across different model
families and parameter scales. Notably, on Qwen3-
0.6B and Gemma3-1B, LP-FT-LORA outper-
forms Standard-LoRA-FT by 1.37 and 1.07 per-
centage points, respectively. On SmolLM2-360M,
LP-FT-LORA surpasses Standard-LoRA-FT by
0.58 percentage points (72.64% vs. 72.06%), while
on Qwen2.5-1.5B, the improvement is 0.15 per-
centage points (75.90% vs. 75.75%). Compared to
the two-stage LoRA Linear Probing approach, LP-
FT-LORA consistently delivers superior perfor-
mance, with improvements of 0.17–4.60 percent-
age points, indicating that the additional fine-tuning
stage (Stage 3) provides meaningful refinement.
The gap between LP-FT-LORA and Linear Prob-
ing is substantial across all models, underscoring
the critical role of LoRA adaptation in the proposed
framework.

Impact of Model Size. The experimental results
reveal a non-linear relationship between model
size and the effectiveness of LP-FT-LORA . The

360M-parameter SmolLM2 achieves an average
accuracy of 72.64%, while increasing model size
to 600M (Qwen3-0.6B) yields a substantial 4.41-
point improvement to 77.05%. Further scaling
to 1B parameters (Gemma3-1B) provides only
marginal changes (77.00%, essentially equivalent
performance), and the 1.5B-parameter Qwen2.5
model achieves 75.90%, lower than the smaller
Qwen3-0.6B and Gemma3-1B. This pattern sug-
gests that LP-FT-LORA is highly effective at
extracting task-specific knowledge from compact
models (600M-1B range), where the progressive
training stages can efficiently leverage limited ca-
pacity. The diminishing returns at 1.5B parameters
may indicate that larger models require different
optimization strategies or that the chosen datasets
reach a performance ceiling around 76-77% aver-
age accuracy, regardless of increased model capac-
ity. Interestingly, Gemma3-1B and Qwen3-0.6B
achieve nearly identical performance despite a sig-
nificant parameter difference, suggesting that archi-
tectural design and pre-training quality may matter
as much as raw model size for Bangla NLP tasks.
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Text: ঘটনা ঘটার পর টনক সবৈরি লড়ে

(a)

C C

A A

B

A

A. Positive B. Neutral C. Negative

Text: ইলুমিনাতির 36 মাস্টার মেশন এর টু পি
পরা ভাইয়া আর লিপু ভাইয়া সেই

Std-LoRA

LP-FT-LoRA

(b)

B

B

Text: ঐ মাগির পুলারা লটারির নামে
দান্দাবাজী করে । বাংলাদেশের সকল লটারী
বন্ধ করে দেওয়া হউক

C C C

C C C

A. Positive B. Neutral C. Negative

Std-LoRA

LP-FT-LoRA

(c)

Figure 2: Error analysis with Gemma3-1B, Qwen3-0.6B and SmolLM2-360M on three samples from the SentNoB
dataset.

6.2 Error Analysis.
To assess LP-FT-LORA ’s effectiveness, we an-
alyze three challenging examples from the Sent-
NoB dataset using Gemma3-1B, Qwen3-0.6B, and
SmolLM2-360M with both Standard LoRA (Std-
LoRA) and LP-FT-LORA . We identify two main
error patterns: (i) confusion between similar senti-
ment classes and (ii) difficulty with sparse or con-
flicting sentiment cues.

The first example in Figure 2a shows both meth-
ods correctly predicting the label for straightfor-
ward text with clear polarity. This suggests LP-
FT-LORA maintains baseline performance on sim-
ple cases. In the second example (Figure 2b),
Std-LoRA incorrectly predicts Negative/Neutral
due to misleading named entities, while LP-FT-
LORA correctly identifies the Positive sentiment.
This demonstrates LP-FT-LORA ’s improved han-
dling of deceptive lexical cues.

The third example (Figure 2c) contains Bangla
slang and strong language within a policy statement.
The gold label is Neutral, but both methods predict
Negative. This reveals a common bias where infor-
mal language and emphatic expressions override
the actual discourse intent.

6.3 Ablation Studies
We ablate one hyperparameter at a time around
a fixed configuration: LoRA rank r=16, LoRA
scaling α=32, Attn+MLP target modules, batch
size 8, learning rate 2×10−4, and 4 epochs. The
Macro-F1 scores are visualized in Figure 3a for
LoRA and Figure 3b for training hyperparameters.

Impact of LoRA Hyperparameters
Rank. On Sentiment, performance peaks near the
baseline r=16, with both lower (r=8) and higher

(r=32) ranks underperforming. On Emotion, a
smaller adaptation (r=8) is preferable, while larger
ranks yield diminishing returns. Overall, moder-
ate rank values are most reliable across datasets
(Figure 3a).

Scaling factor α. Increasing α improves robust-
ness. For Sentiment, α=64 delivers the strongest
scores, substantially surpassing smaller values.
Emotion also benefits from a higher scale, with
α=64 slightly outperforming α=16 and α=32.
This suggests that stronger LoRA scaling helps
the adapter better fit both tasks when other settings
are fixed (Figure 3a).

Target modules. Updating both Attention and
MLP consistently outperforms targeting a single
block on Sentiment. For Emotion, adapting only
MLP edges out other choices, indicating dataset-
specific sensitivities to where capacity is added. In
practice, Attention+MLP is a safe default; MLP-
only can be competitive for fine-grained tasks (Fig-
ure 3a).

Impact of Training Hyperparameters
Batch size. The baseline 8 works best for Sen-
timent, whereas a smaller batch (4) is preferable
for Emotion. This mirrors the common trade-off
that smaller batches can aid optimization on noisier,
fine-grained tasks (Figure 3b).

Learning rate. A moderate step size is con-
sistently favorable: 2×10−4 is optimal on both
datasets, while too small harms performance (Fig-
ure 3b).

Training epochs. With other settings fixed, Senti-
ment peaks at 4 epochs and degrades with fewer or
more updates, suggesting mild overfitting beyond
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(a) LoRA Hyperparameter Ablation Study

(b) Training Hyperparameter Ablation Study

Figure 3: Hyperparameter ablation studies on Gemma3-1B. The darker bars represent the Sentiment dataset and
lighter bars represent the Emotion dataset.

the optimum. Emotion benefits from a slightly
longer schedule, with best results at 6 epochs. Tun-
ing the stopping point remains important even for
lightweight adapters (Figure 3b).

Across tasks, (i) moderate LoRA capacity (r≈8-
16) with higher scaling (α≈64) is effective; (ii)
adapting both Attention and MLP is a strong default,
though MLP-only can win on Emotion; and (iii) a
mid-range training setup (batch 4-8, LR 2×10−4,
4–6 epochs) consistently yields the best trade-off
between stability and accuracy.

6.4 Cross-Dataset Evaluation
To evaluate the generalization ability of LP-FT-
LORA , we conduct cross-dataset experiments by
training models on one dataset and directly testing,
in a zero-shot manner, on another dataset from
the same domain. We compare the performance
of our proposed LP-FT-LORA against Standard-
LoRA fine-tuning across sentiment, emotion, and
sarcasm domains using Gemma3-1B and Qwen3-
0.6B backbones.

Sentiment. Transferring between the Sentiment
Classification dataset and SentNoB demonstrates
clear advantages for LP-FT-LORA . When trained
on Sentiment Classification and tested on SentNoB,
LP-FT-LORA achieves 55.55% (Gemma3-1B)
and 51.70% (Qwen3-0.6B), surpassing Standard-

LoRA by 1.33 and 2.20 percentage points, re-
spectively. Conversely, when trained on SentNoB
and tested on Sentiment Classification, LP-FT-
LORA yields stronger gains, improving by 4.37
points on Gemma3-1B and 1.68 points on Qwen3-
0.6B.

Emotion. We examine transfer between Emo-
tion Detection and EmoNoBa. Both models
achieve nearly identical performance here, with
Standard-LoRA slightly outperforming LP-FT-
LORA (34.98% vs. 34.67% for Gemma3-1B, and
35.87% vs. 35.85% for Qwen3-0.6B). This indi-
cates that transferring across fine-grained emotion
datasets remains a considerable challenge, and the
incremental gain from progressive training is less
pronounced compared to other domains.

Sarcasm. Cross-dataset transfer between the Sar-
casm Detection dataset and BanglaSarc shows
consistent improvements with LP-FT-LORA .
On Gemma3-1B, LP-FT-LORA achieves 65.10%
compared to 62.81% with Standard-LoRA, while
on Qwen3-0.6B, it attains 52.27% versus 50.78%.
These results highlight the effectiveness of LP-
FT-LORA in capturing transferable features for
sarcasm recognition, which often relies on subtle
pragmatic cues.
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Gemma3-1B Qwen3-0.6B

Domain Train Dataset Test Dataset LP-FT-LORA Std-LoRA LP-FT-LORA Std-LoRA

Sentiment Sentiment SentNoB 55.55% 54.22% 51.70% 49.50%
SentNoB Sentiment 60.94% 56.57% 51.29% 49.61%

Emotion Emotion EmoNoBa 34.67% 34.98% 35.85% 35.87%
Sarcasm Sarcasm Bangla Sarc 65.10% 62.81% 52.27% 50.78%

Table 3: Cross-dataset evaluation (accuracy). Models are trained on Dataset 1 and evaluated on Dataset 2. Best
score is in bold.

6.5 Computation and Training Time

Model Std LoRA LP-FT LoRA

S1 S2 S3

Qwen3-0.6B 2282 968 2181 2109
Gemma3-1B 2046 769 1861 1963
Qwen2.5-1.5B 4988 2403 4779 4767
SmolLM2-0.3B 2324 942 2144 2136

Table 4: Comparison of the average training time per
epoch (in seconds) between Standard LoRA and LP-
FT-LORA across the previously mentioned dataset for
various model architectures. Here S1 means Stage 1 and
so on

The table 4 presents the average per-epoch train-
ing time (in seconds) for Standard LoRA and LP-
FT-LORA across three. The LP-FT LoRA method
shows notable reductions in training time during
Stage 1 (S1), where models such as Qwen3-0.6B
and Gemma3-1B decrease from 2282 s to 968 s
and from 2046 s to 769 s, respectively. Similar
trends appear for SmolLM2-0.3B (2324 s → 942
s) and Qwen2.5-1.5B (4988 s → 2403 s). In later
stages (S2 and S3), the training time approaches the
Standard LoRA baseline, reflecting the increasing
proportion of parameters being updated.

7 Conclusion

In this work, we introduced LP-FT-LORA , a
novel three-stage fine-tuning framework that in-
tegrates linear probing and LoRA to improve the
adaptation of pre-trained language models for spe-
cialized classification tasks. Our approach method-
ically decouples classifier head alignment from
adapter representation learning by first training the
classifier on frozen features, then training the LoRA
adapters while freezing the LM backbone and clas-
sifier, and finally jointly refining both components.
This structured process is designed to mitigate the
noisy gradients and slow convergence associated
with standard end-to-end fine-tuning.

Our extensive experiments across four language
models and five Bangla NLP datasets demonstrated
that LP-FT-LORA consistently outperforms stan-
dard LoRA fine-tuning and other strong baselines.
While this study confirms the effectiveness of our
method on Bangla classification tasks, future work
could extend the framework to other languages,
larger models, and different task formats, such as
text generation. Further research could also ex-
plore dynamic stage transitions or integrate more
advanced PEFT techniques to build upon these find-
ings.

Limitations

This study has several limitations that should be
acknowledged. The evaluation of the proposed LP-
FT-LORA framework is primarily conducted on
medium-scale transformer models up to 1.5 billion
parameters. Consequently, its effectiveness and
scalability on larger models remain unverified, and
different optimization strategies may be required
for such settings.

The method has been tested exclusively on clas-
sification tasks within the Bangla language domain.
While the results demonstrate strong performance
gains, the generalizability of the approach to other
languages or to different NLP tasks such as text
generation has yet to be established. The multi-
stage training process involves several hyperpa-
rameters and requires careful tuning specific to
each dataset. This tuning complexity may limit
out-of-the-box applicability and could introduce
additional overhead in practical deployments.

Recent studies on transliteration and code-mixed
datasets for Bangla are gaining increased attention
(Fahim et al., 2024; Haider et al., 2024; Ahmed
et al., 2024). It would be valuable to investigate
how our model performs on these alternative text
forms. Instead of focusing solely on standard
Bangla datasets, future work could explore the
model’s effectiveness on transliterated and code-
mixed Bangla data.
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Abstract

Millions in Bangladesh speak Sylheti and Chit-
tagonian (Chatgaiyya) dialects, yet most public
health guidance exists only in Standard Bangla,
which creates barriers and safety risks. Ad-hoc
translation further harms comprehension, while
challenges such as scarce data, non-standard
spelling, medical terms, numerals, and idioms
make accurate translation difficult. We present
BanglaCHQ-Prantik, the first benchmark for
this setting, extending BanglaCHQ-Summ with
human gold references from 17 native transla-
tors. We evaluate Qwen 2.5 3B, Gemma 3 1B,
GPT-4o mini, and Gemini 2.5 Flash under zero-
shot, one-shot, five-shot, and chain-of-thought
prompts, using BLEU, ROUGE-1/2/L, and ME-
TEOR. Closed-source models (GPT-4o, Gem-
ini 2.5) lead overall, with Gemini 2.5 Flash be-
ing strongest. Few-shot prompting helps espe-
cially for Sylheti, though errors persist with ter-
minology, numerals, and idioms. The dataset is
designed to support both NLP research and pub-
lic health communication by enabling reliable
translation across regional Bangla dialects. To
our knowledge, this is the first medical-domain
dataset for Sylheti/Chittagonian.

1 Introduction

Access to clear and reliable health information
is critical for safe and effective care. However,
in Bangladesh, most official and digital health
materials are available only in Standard Bangla
(Directorate General of Health Services (DGHS),
2021, 2022; Ministry of Health and Family Wel-
fare (MOHFW), 2024). This poses significant bar-
riers for millions who primarily speak regional
dialects such as Sylheti and Chittagonian, spo-
ken by approximately 11 million and 13 million
people respectively (syl, 2025; chi, 2025). In
the absence of linguistically accessible resources,
patients often rely on informal translation or as-
sistance from family members. These practices
heighten the risk of miscommunication and medi-

cal errors (Al Shamsi et al., 2020). Enabling med-
ical communication in regional dialects is there-
fore essential to ensure equitable access to health
information across the population. Developing ac-
curate dialectal medical translation is very chal-
lenging. Parallel resources for Sylheti and Chat-
gaiyya are scarce, spelling and syntax vary widely,
idioms diverge from Standard Bangla and medi-
cal queries involve complex terminology, numer-
als, and dosage expressions. Such factors often
lead to translation errors even in strong Machine
Translation or Large Language Models (LLMs).
While LLMs show promise with few-shot prompt-
ing, their ability in low-resource, medical-domain
dialectal translation remains underexplored. Previ-
ous Bangla NLP studies have focused on related
areas such as consumer-health question summariza-
tion (BanglaCHQ-Summ) (Khan et al., 2023) and
general dialect-to-standard translation (ONUBAD,
ChatgaiyyaAlap) (Sultana et al., 2025; Chowdhury
et al., 2025) but none address the medical domain
or provide benchmarks for dialectal evaluation. We
bridge this gap by extending BanglaCHQ-Summ
with human-verified Sylheti and Chatgaiyya trans-
lations, ensuring semantic fidelity and clinical accu-
racy. Using this dataset, we benchmark instruction-
tuned LLMs Qwen 2.5 3B, Gemma 3 1B, GPT-
4o mini, and Gemini 2.5 Flash under zero-shot,
one-shot, five-shot, and chain-of-thought prompt-
ing, evaluated with BLEU, ROUGE, and ME-
TEOR. To clarify the objectives of this work, we
position BanglaCHQ-Prantik as both a research
and practical resource. It is designed to support
three primary user communities. First, it provides
NLP researchers with a benchmark for studying
low-resource dialectal translation and evaluating
prompting strategies in Bangla-family languages.
Second, it enables machine translation developers
to fine-tune and assess large language models or
domain-specific translation systems on authentic
medical queries. Third, it offers public health com-
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munication practitioners a linguistically grounded
tool for producing dialect-sensitive health infor-
mation and outreach materials. By serving these
complementary audiences, BanglaCHQ-Prantik
bridges the gap between computational research
and real-world health communication, reinforcing
the dataset’s relevance and societal impact.

Our contributions are:

1. We release BanglaCHQ-Prantik, a human-
validated Sylheti and Chatgaiyya medical
translation benchmark with accompanying
prompts and scoring scripts.

2. We present the first systematic comparison of
open and closed-source LLMs for dialectal
medical translation in Bangla, analyzing the
effects of prompting strategies.

3. We provide empirical insights into dialectal
difficulty, demonstrating that Sylheti is com-
paratively easier for current large language
models (LLMs) than Chittagonian. However,
for both dialects, LLM-based translation re-
mains far from accurate or reliable.

2 Dataset Creation

Our aim is to create a new dataset by translating
consumer health questions (CHQs) from a Standard
Bangla corpus into two major regional dialects:
Sylheti and Chittagonian. This process resulted in
a parallel corpus where each original data sample
is paired with a human-translated version in each
dialect. The primary objective is to ensure that
the translations are not only linguistically accurate
but also preserved all critical clinical information,
such as symptoms, durations, and medication de-
tails. All human translations have been meticu-
lously reviewed for quality, focusing on accurate
terminology and natural phrasing.

2.1 CHQ Dataset Introduction

Our data source is the BanglaCHQ-Summ corpus
(Khan et al., 2023), which contains original spoken-
query passages and their abstractive summaries.
This dataset has been chosen because the corpus
is situated within the specialized domain of con-
sumer health queries (CHQs). It contains a blend
of domain-specific terminology and informal, col-
loquial expressions, which include conversational
elements. By working with this data, we evaluate
the models’ capacity to not only handle linguistic

divergence but also to maintain the fidelity of crit-
ical medical information during translation. This
presents a more robust and practical challenge than
translating standard, well-structured prose.

2.2 Data Filtering and Cleaning
Before starting annotation, we first processed the
sourced CHQs to remove irrelevant or inconsis-
tent text while keeping all clinical content intact.
Text Cleaning and Normalization. We corrected
obvious formatting issues that break downstream
processing such as: stray characters (i.e. isolated
‘#‘ tokens), repeated whitespace, inconsistent punc-
tuation and standardized numerals and measure-
ment units to a consistent textual form (e.g., ‘5 mg‘,
‘5mg‘→ ‘5 mg‘). We avoided any semantic rewrit-
ing. Medical terms, dosages, symptom descrip-
tions, and temporal cues are preserved verbatim
except for normalization of punctuation/spacing.
Medical Term Validation. To validate the prepro-
cessing, two native speakers manually inspected
a random sample of 600 entries before and af-
ter cleaning. They verified that medical entities,
dosages, and question intent were preserved. No
loss of clinical information was observed. In these
spot checks, we also observed that cleaning con-
sistently fixed tokenization and formatting errors
while preserving clinical content and the original
question intent/answerability.

2.3 Data Annotation
Nine native speakers produced the reference trans-
lations: six for Sylheti and three for Chittagonian.
All were native speakers from diverse backgrounds
(high school, university graduates, and working
adults). Before beginning, annotators received writ-
ten guidelines with example translations based on
four principles: (i) preserve medical meaning, (ii)
use idiomatic dialect phrasing, (iii) apply consistent
orthography, and (iv) retain terminology, numerals,
and units.

The corpus was partitioned by dialect and strati-
fied by length and topic. The 2,350 Sylheti items
were split roughly evenly among six annotators,
while 500 Chittagonian items were divided among
three. Two medical experts independently reviewed
the dataset to validate the accuracy of clinical termi-
nology. Translation took 11 days. Annotators gave
informed consent, submitted anonymized transla-
tions, and were paid Tk. 2 per item. Annotators
self-reviewed their work and the study team ran
random spot checks, returning flagged items for
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Figure 1: Data processing pipeline for constructing the Bangla CHQ Prantik dataset. The raw Bangla CHQ data
undergoes data filtering (script validation, deduplication, length filtering, domain checks), followed by data cleaning
(Unicode normalization, punctuation handling, format consistency), and finally data annotation and translation by
regional annotators before producing the finalized dataset.

minor corrections.

2.4 Data Validation

We employed eleven independent validators to en-
sure the quality and accuracy of our translations.
Given that our parent dataset BangCHQ already
contained validated medical terminology, our em-
phasis was on recruiting validators with diverse
linguistic backgrounds who could assess the natu-
ralness and appropriateness of regional language
use, rather than primarily focusing on medical ex-
pertise.

Sylheti. The 2,350 items were divided into two
equal halves. Validators A and B jointly reviewed
the first 1,175 items, while Validators C and D
reviewed the second half. A fifth validator (E)
served as adjudicator for any disagreements. Inter-
validator agreement was assessed using BLEU,
BERTScore, METEOR, and ROUGE-L (F1) met-
rics. For Validators A & B, the scores were 73.28%,
95.24%, 82.77%, and 86.43%, respectively; for C
& D, the scores were 71.12%, 93.49%, 80.26%,
and 82.57%.

Chittagonian. Validators E and F independently
reviewed all 500 items. A third validator adjudi-
cated disagreements, with the majority vote deter-
mining the final version. Agreement was again
measured using BLEU, BERTScore, METEOR,
and ROUGE-L (F1), yielding scores of 70.97%,
94.30%, 79.94%, and 81.18%, respectively.

Expert Medical Validation. To ensure clinical
accuracy, we conducted an additional expert val-
idation phase with two licensed physicians who
independently reviewed a random sample of 75
items from the combined dataset. The medical
experts assessed the preservation of clinical intent
and the appropriateness of translated medical termi-
nology in regional contexts. Inter-annotator agree-
ment between the two physicians, measured us-
ing BLEU, BERTScore, METEOR, and ROUGE-L

(F1), yielded scores of 89.45%, 97.12%, 91.33%,
and 93.76%, respectively, indicating very high con-
sistency in their clinical assessments.

Validators reviewed spelling, numerals, clinical
terminology, and fidelity to the original question’s
intent. While automatic similarity metrics offered
rough signals of agreement, all final decisions were
human-led. The full validation process took seven
days. Appendix tables include flagged items, rep-
resentative disagreements, and their resolutions.

3 Dataset Statistics

Statistics Bangla CHQ Ours

Sylheti Chittagonian

Mean Char. Length 325.71 323.24 310.84
Max Char. Length 868 881 531
Min Char. Length 225 189 181
Mean Word Count 67.50 60.73 57.84
Max Word Count 169 166 93
Min Word Count 39 31 36
#Unique Words 12447 18399 2628
#Unique Sentence 12136 14145 796

Table 1: Dataset statistics of the Bangla CHQ and Syl-
heti CHQ columns.

The dataset statistics for the proposed BANGLA
CHQ PRANTIK resource are summarized in Ta-
ble1. It includes the full set of 2,350 CHQ items
translated into Sylheti and a 500-item subset trans-
lated into Chittagonian.

The Chittagonian portion is substantially smaller
due to practical and linguistic challenges we en-
countered during data collection. The primary bot-
tleneck was the scarcity of annotators proficient in
reading and writing Chittagonian. Unlike Sylheti,
which has a more established written tradition and a
larger pool of literate speakers, Chittagonian lacks
a widely accepted standard orthography and has
limited written materials. This has resulted in fewer
speakers with the literacy skills needed for special-
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ized translation work, particularly in healthcare.
Additionally, the dialect varies considerably across
the Chittagong division, requiring annotators to
make careful decisions about which forms would
be most broadly understood. These factors added
substantial time to each translation, as spelling,
terminology, and phrasing choices required more
deliberation and validation than was typical for
Sylheti.

Given these challenges, we prioritized transla-
tion accuracy and dialectal authenticity over quan-
tity, recognizing that a smaller, rigorously validated
dataset would be more valuable than a larger corpus
of questionable quality. Despite the smaller sample
size, the Chittagonian subset still manages to cap-
ture essential dialectal variation and serves as an
important step toward broader linguistic inclusiv-
ity in Bangla health resources. Future work could
expand the Chittagonian dataset through several
practical steps. Developing clearer orthographic
guidelines in collaboration with linguistic experts
would give annotators a more consistent frame-
work to work from. A phased expansion approach
could also prove effective, where new translations
go through community review to validate quality
while simultaneously training additional annota-
tors. Machine translation may eventually help with
initial drafts, though given the dialect’s complex-
ity, human oversight will remain essential for the
foreseeable future.

4 Experiment Setup

Zero-Shot Prompting. To evaluate the capabilities
of LLMs, we first employ the zero-shot prompt-
ing approach. Each model is provided with a
system prompt P and a dialect text TDialect, and
is tasked with generating the corresponding for-
mal text TFormal without access to any example
pairs (Brown et al., 2020).

Few-Shot Prompting. In the few-shot prompt-
ing setting, in addition to the system prompt P
and input dialect text TDialect, the model is also
given a set of k labeled example pairs E =
(T 1

D, T
1
F ), . . . , (T

k
D, T

k
F ), where each (T i

D, T
i
F )

pair represents a dialect sentence and its corre-
sponding formal version (Brown et al., 2020).

Chain-of-Thought (CoT) Prompting. For Chain-
of-Thought (CoT) prompting, we guide the model
to engage in intermediate reasoning before generat-
ing a response (Wei et al., 2022). This is achieved

by appending the phrase “Let’s think step by step”
to the system prompt P , encouraging the model
to produce multi-step inferences leading up to the
final output (Kojima et al., 2022). In our translation
setting, we further instructed the model to analyze
the text step by step before translating, prompting
it to reason about meaning, structure, and terminol-
ogy prior to producing the final translation. Details
of the prompt configurations are provided in the
Appendix D.

5 Result and Analysis

Model Performance. Closed-source systems
(GPT-4o, Gemini 2.5) outperform open-source
baselines (Qwen 2.5 3B, Gemma 3 1B), reflecting
advantages in scale, alignment, and multilingual
corpora. Gemini 2.5 is strongest especially on Syl-
heti with 5-shot prompting (BLEU 23.67, ROUGE-
1 49.02, METEOR 43.82) likely due to broader
linguistic coverage and more effective Bangla tok-
enization. GPT-4o is competitive but slightly lower;
Gemma 3 1B surpasses Qwen 2.5 3B, while both
open models show limited exposure to dialectal
Bangla.

Prompting Impact. Few-shot prompting yields
the most reliable gains, notably for Gemini 2.5,
by supplying lexical/morphological anchors for
medical phrasing. Chain-of-thought (CoT) shows
smaller, less stable gains, sometimes falling below
both 1-shot and 5-shot, likely because explicit rea-
soning overgeneralizes Sylheti and Chittagonian’s
repetitive syllables and reduces lexical fidelity.

Dialect-wise Analysis. Sylheti consistently out-
performs Chittagonian across models. Even with
CoT, Chittagonian lags (BLEU 21.53 vs. Sylheti
ROUGE-1 33.37), showing greater differences in
pronunciation and structure compared to Standard
Bangla, sparser pretraining exposure, and less stan-
dardized orthography. Sylheti benefits from wider
representation in online and digital resources, con-
tributing to more stable spelling conventions.

Error Analysis. The main errors are (i) termi-
nology mismatches or omissions, (ii) numeral/unit
mistakes, (iii) literalized idioms, and (iv) ortho-
graphic drift. Closed-source models better preserve
medical terms, whereas open models tend to trans-
late too literally, often missing contextual nuances
and producing less adequate outputs. Few-shot ex-
amples reduce numeric and lexical issues but leave
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Model Name Sylheti Chittagonian

B R1 R2 R_L Met B R1 R2 R_L Met

Zero Shot Prompt

Open Source
Qwen 2.5 3B 9.4 32.97 14.76 31.18 22.47 3.35 16.83 4.2 15.71 10.15
Gemma 3 1B 12.64 33.84 12.41 32.13 25.84 6.93 24.04 6.99 23.3 18.44

Closed Source
GPT-4o 22.9 46.36 22.98 45.61 41.55 9.08 27.74 8.76 27.46 22.86
Gemini 2.5 20.97 46.33 22.56 45.4 41.09 14.66 37.12 15.61 37.06 32.86

1 Shot Prompt

Open Source
Qwen 2.5 3B 8.68 29.10 13.01 27.50 19.99 3.12 15.43 3.75 14.53 9.27
Gemma 3 1B 13.52 38.17 15.87 35.18 33.29 5.05 19.89 5.67 18.32 16.43

Closed Source
GPT-4o 22.23 45.95 22.32 45.19 40.92 9.02 28.04 8.94 27.81 23.02
Gemini 2.5 22.19 47.49 23.82 46.64 42.34 11.56 33.61 12.85 33.41 28.99

5 Shot Prompt

Open Source
Qwen 2.5 3B 8.57 31.38 13.61 29.28 21.11 3.36 16.35 4.06 15.21 9.91
Gemma 3 1B 17.24 40.29 17.48 38.78 33.44 7.22 23.97 7.21 23.51 19.1

Closed Source
GPT-4o 22.34 46.28 22.42 45.38 40.78 8.99 29.07 9.11 28.67 23.44
Gemini 2.5 23.67 49.02 25.2 49.97 43.82 14.78 36.76 14.95 38.85 34.96

CoT Prompt

Open Source
Qwen 2.5 3B 7.16 29.41 11.66 26.99 18.93 3.36 16.3 4.06 15.21 9.91
Gemma 3 1B 23.57 47.24 24.88 46.53 43.6 7.34 23.8 6.28 22.74 18.9

Closed Source
GPT-4o 21.8 45.81 21.6 44.72 39.71 24.67 51.74 26.84 50.57 47.3
Gemini 2.5 21.53 46.84 22.86 46.02 41.54 9.29 33.37 12.1 32.3 28.07

Table 2: Model benchmarking results on the test split of the BANGLA CHQ PRANTIK dataset across four prompting
strategies. B, R1, R2, R_L, and Met represent BLEU, ROUGE-1, ROUGE-2, ROUGE-L, and METEOR scores,
respectively. Blue text indicates the highest-performing model for each metric within each prompting strategy
configuration (Zero Shot, 1 Shot, 5 Shot, and CoT).

idiomatic and orthographic inconsistencies largely
unresolved (see Appendix C).

6 Conclusion

We present BANGLA CHQ PRANTIK , extending
BanglaCHQ-Summ with human-validated transla-
tions for two major Bangla dialects—Sylheti and
Chittagonian. Across zero-shot, few-shot, and CoT
settings, five LLMs were evaluated with BLEU,
ROUGE, and METEOR; closed-source models (no-
tably Gemini 2.5) consistently outperformed open-
source baselines, and Sylheti proved easier than
Chittagonian. Persistent errors involved medical
terminology, numerals/units, and idioms, under-
scoring the need for richer dialectal resources.
Future work will extend BANGLA CHQ PRAN-
TIK beyond text to synthetic audio and speech-
to-text: developing dialectal TTS for ASR, in-
vestigating code-switching and mixed-script cases
(Bangla–English, Romanized Bangla), construct-
ing multi-reference test sets, and scaling human
evaluation of adequacy, fluency, and dialect authen-
ticity (Khan et al., 2023). For healthcare applica-

tions, priorities include robustness to spoken input
and user-centered evaluation to ensure accuracy,
safety, and usability.

Limitations

Our work has several limitations. First, evalua-
tion relies on single-reference translations, which
penalize legitimate dialectal variation in spelling
or phrasing. Second, closed-source systems are
black-boxes, limiting insight into their training data
or dialectal exposure. Third, automatic metrics
(BLEU, ROUGE, METEOR) cannot fully capture
the clinical adequacy of translations; a human ade-
quacy/fluency study would strengthen conclusions.
Finally, we focus exclusively on text translation; ex-
tending to spoken dialects and multimodal contexts
is an important future step.

Ethics Statement

BanglaCHQ-Prantik is developed entirely from
anonymized consumer health queries sourced from
the publicly available BanglaCHQ-Summ corpus.
The dataset contains no personally identifiable in-
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formation, and no such information was collected,
stored, or distributed at any stage of the project.
All dialectal translations were produced by native
speakers who provided informed consent and re-
ceived fair compensation for their work; no sensi-
tive personal or demographic details about anno-
tators are included. The dataset focuses solely on
linguistic variation within medical-domain text and
does not contain material intended to harm, stig-
matize, or misrepresent any individual or commu-
nity. Although the corpus involves health-related
content, it is not designed or intended for clinical
decision-making or the provision of medical advice.
Based on these considerations, we do not anticipate
any ethical concerns associated with the release or
use of BanglaCHQ-Prantik.
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versions, there are notable differences in vocabu-
lary, morphology, and phrasing. For instance, the
word for "ear" appears in the three variants, and
verbs such as "hurt" and "came out" are expressed
using distinct regional forms.

These differences highlight the linguistic dis-
tance between Standard Bangla and regional di-
alects, which often lack standardized orthographies
and are not mutually intelligible. Such variation
poses challenges for both human understanding and
machine translation in healthcare settings. This
example underscores the importance of dialect-
specific resources—such as BANGLA CHQ PRAN-
TIK ensure equitable access to medical information
for all language communities in Bangladesh.

B Experiment Details

Gemma Settings: Experiments on Gemma were
conducted on Kaggle Notebooks with Python
3.11.13. Hardware resources consisted of two
NVIDIA Tesla T4 GPUs (16 GB VRAM each),
4 vCPUs, and 31 GB system RAM. The model was
executed with float32 precision and GPU mem-
ory utilization set to 0.7, using tensor parallelism
across two GPUs. The maximum model length was
configured to 2048 tokens, with up to 24 parallel
sequences.

Qwen Settings: Experiments on Qwen2.5 3B
were conducted on Kaggle Notebooks with Python
3.11.13. Hardware resources included an NVIDIA
Tesla T4 GPU (16 GB VRAM) alongside 4 vCPUs
and 31 GB of system RAM. The model was run
with float16 precision and GPU memory utiliza-
tion set to 0.65. The maximum model length was
configured to 2048 tokens, with up to 24 parallel
sequences.

Gemini: For Gemini, the gemini-2.5-flash model
was accessed through the official API. All infer-
ence requests were handled remotely, following the
platform’s default settings.

GPT: Experiments with GPT used the GPT-4o-
mini model via the official OpenAI API. Inference
was performed with default API settings.

B.1 Evaluation Metrics
We evaluated system outputs against human refer-
ences using three standard MT families: BLEU,
ROUGE (1/2/L), and METEOR. For each transla-
tion pair we compute the metrics below, then report
corpus-level statistics (mean, median, min/max,

std) for the main dataset. Results are shown sep-
arately for Sylheti and Chittagonian under 0-shot,
5-shot, and CoT settings.

BLEU (higher is better): We report corpus-level
BLEU using sacreBLEU (Post, 2018), which pro-
vides a standardized evaluation pipeline and gener-
ates a unique signature to ensure exact reproducibil-
ity. For Bengali-script text, we use sacreBLEU’s
built-in tokenization (with no custom preprocess-
ing) to ensure consistency. Final scores are aver-
aged at the corpus level and presented as percent-
ages in column B.

ROUGE-1/2/L (higher is better): We compute
ROUGE-1 and ROUGE-2 (unigram/bigram over-
lap) and ROUGE-L (longest common subsequence)
using the official rouge_score implementation
(Lin, 2004). We report the F1 variant without
stemming, again as percentages (columns R1, R2,
R_L).

METEOR (higher is better): METEOR (Baner-
jee and Lavie, 2005) is computed with NLTK’s
implementation over whitespace tokens (no stem-
ming or paraphrase tables), yielding a preci-
sion/recall–balanced score. We report percentages
in the Met column. METEOR rewards partial
matches and recall, making it more sensitive to
meaning preservation and synonymy—particularly
valuable for dialectal Bangla, where lexical varia-
tion and spelling differences are common.

Interpretation: BLEU emphasizes n-gram preci-
sion with a brevity penalty; ROUGE captures lexi-
cal overlap and sequence alignment; METEOR bal-
ances precision and recall with alignment heuristics.
These metrics complement each other by reflect-
ing both word-level accuracy and sequence-level
similarity in dialectal translations.

C Extended Error Analysis and Findings

C.1 Model Performance

Closed-source models (GPT-4o, Gemini 2.5) con-
sistently outperform open-source ones across all
settings. Gemini 2.5 shows particular robustness in
Sylheti, leveraging in-context learning to achieve
state-of-the-art results. GPT-4o remains strong
across both dialects, though generally a step be-
hind. Among open-source models, Gemma 3 1B
consistently outperforms Qwen 2.5 3B, reflecting
stronger instruction tuning. However, both open
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English Standard Bangla Chittagonian Sylheti

My ear hurts a lot. For the
past six days. At first, a little
water entered. Then the ear
was itchy for a few days. I

used cotton buds. Then the
water came out of the ear.

আমার কানে খুব ব্যথা । গত 
ছয়দিন যাবত । প্রথমে হালকা 
পানি ঢু কেছিল । তারপর 

কিছু দিন কান চুলকিয়ে ছিল । 
আমি কটনবাড ব্যবহার 
করতাম । তখন কান দিয়ে 

পানি বের হতো ।

আরঁ হানোত খুব ব্যথা । গত
ছয়দিন  ধরি । পইল্লে হালকা
পানি ঢু ক্কিল । তারপর কিছু দিন
হানোত চুলকাইল । আঁই

কটনবাড ব্যবহার গইরতাম।
এত্তে  হানোত্তু ন  পানি বের

অয়তু  ।

আমার খানো খুব বেদনা। গত
ছয়দিন থাকি। ফয়লা হাল্কা
ফানি ঢুকছিল। এরবাদে
কিসুদিন খান চুলকাইছিল।
আমি কটনবাড ব্যবহার

করতাম। তখন খান দিয়া ফানি
বাইর অইতো।

Figure 2: Demonstration of dialectal variation in medical-domain text. A Standard Bangla sentence (left) is shown
alongside its Chittagonian (middle) and Sylheti (right) translations. Highlighted segments illustrate differences in
word choice, morphology, and phrasing across dialects.

English: Assalamu Alaikum dear doctor, My daughter is two and a half years old and weighs 11 kilograms. She has a very
poor appetite — she hardly wants to eat anything. Her stomach also looks a bit larger than normal, and it seems like she might
have a severe worm infestation. I already gave her the deworming medicine Albin syrup, but it still feels like she has worms in

her stomach. My daughter’s body looks very weak.

Standard Bangla: আসসালামু আলাইকু ম প্রিয় ডাক্তার ভাই , আমার মেয়ের বয়স আড়াই বছর , আমার মেয়ের ওজন 11 কেজি ,
আমার মেয়ের খাওয়ার রুচি খুবই কম , একেবারে কিছু ই খেতে চায় না আবার পেট স্বাভাবিকের চেয়ে একটু  মোটা দেখাচ্ছে । মনে হচ্ছে
পেটে প্রচন্ড কৃ মি আছে , কৃ মিনাশক ঔষধ এলবিন সিরাপ খাওয়াইছি , কিন্তু তার পরেও মনে হচ্ছে পেটে কৃ মি আছে , মেয়েটার শরীর

অনেক দুর্ব ল ।

Sylheti Dialect: আসসালামু আলাইকু ম প্রিয় ডাক্তার ভাই , আমার ফু রির বয়স আড়াই বছর , আমার ফু রির ওজন 11 কেজি , আমার
ফু রির খাওয়ার রুচি খুবই খম , একেবারে কু ন্তাউ খাইতে চায় না আবার পেট স্বাভাবিকের থাকি এখটু  মোটা দেখা জায়। ফেটও  লাগের

প্রচন্ড কৃ মি আছে , কৃ মিনাশক ঔষধ এলবিন সিরাপ খাওয়াইছি , কিন্তু এর বাদেও  লাগের  ফেটও কৃ মি আছে , ফু রিটার শরীর অনেক দুর্ব ল
। 

Gemini Translation: আসসালামু আলাইকু ম পির ডাক্তার ভাই, আমার মাইয়র বয়স আড়াই বছর, আমার মাইয়র ওজন এগারো কেজি,
আমার মাইয়র খাওয়ার রূচি খুব কম, এক্কেরে কিচ্ছু ই খাইতো চায় না আর ফেইট সভাবিকের থাকি একটুন মোডা দেখায়। মনে অয়

ফেইটে বহু ত কিরমি আছে, কিরমি নাশক ঔষধ এলবিন সিরাপ খাওয়াইছি, কিন্তু তার বাদেও মনে অয় ফেইটে কিরমি আছে, মাইয়র শরীল
বহু ত দুর্ব ল। 

GPT Translation: আসসালামু আলাইকু ম প্রিয় ডাক্তার ভাই, আমার মেয়ের বয়স আড়াই বছর, আমার মেয়ের ওজন ১১ কেজি, আমার
মেয়ের খাওয়ার রুচি খুবই কম, একেবারে কিছু ই খেতে চায় না আবার পেট স্বাভাবিকের চেয়ে একটু  মোটা দেখাচ্ছে। মনে হইতেছে পেটে
প্রচন্ড কৃ মি আছে, কৃ মিনাশক ঔষধ এলবিন সিরাপ খাওয়াইছি, কিন্তু তার পরেও মনে হইতেছে পেটে কৃ মি আছে, মেয়েটার শরীর অনেক

দুর্ব ল। 

Figure 3: Error analysis across dialectal outputs produced by different models.

models struggle with dialectal adaptation, produc-
ing literal or fragmented outputs.

C.2 Prompting Impact
Few-shot prompting provides the largest improve-
ments, particularly for Gemini 2.5, which benefits
from contextual anchors that guide morphological
and lexical choices. CoT prompting, while theoret-
ically promising, offers only modest improvements
and sometimes underperforms compared to 5-shot.
This suggests that reasoning-based approaches are
less effective for low-resource dialectal translation
than concrete in-context examples.

C.3 Dialect-wise Analysis
Sylheti translations consistently achieve higher
scores than Chittagonian. For example, even under

CoT prompting, Chittagonian lags (BLEU 21.53 vs.
Sylheti ROUGE-1 33.37). This disparity reflects
two main factors: (i) dialectal distance, as Chit-
tagonian diverges more from Standard Bangla in
phonology and morphosyntax; and (ii) data scarcity,
since Chittagonian is less likely to appear in large-
scale pretraining corpora. Orthographic variability
also increases inconsistency, especially in open-
source outputs.

C.4 Case Study: Medical Domain Translation
Challenges

To illustrate the error patterns observed across mod-
els, we present a representative example from the
medical domain. The source sentence describes
a pediatric case involving deworming medication
(“It seems there are worms in the stomach, I gave
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Alben syrup deworming medicine, but still it seems
there are worms in the stomach, the girl’s body is
very weak”).

The reference Sylheti translation uses distinct
dialectal features: feto (stomach) instead of Stan-
dard Bangla pete, lager (seems) for mone hochhe,
and furita (girl) for meyeta. Both Gemini and GPT
translations exhibit characteristic errors. The Gem-
ini output introduces phonological overcorrections
(feite instead of feto, kirimi for krimi), demonstrat-
ing inconsistent application of dialectal phonology
rules. The GPT translation maintains closer ortho-
graphic fidelity to Standard Bangla (pete, meyetar),
failing to properly dialectalize key lexical items.
Notably, both models preserve the medical term
“Alben syrup” correctly, supporting our finding that
closed-source models handle domain-specific ter-
minology more reliably. However, dialectal func-
tion words show variation: the reference uses er
badeo (after this), while GPT retains the Stan-
dard form tar poreo, and Gemini substitutes tar
badeo—a hybrid form. This example encapsulates
the tension between lexical preservation and dialec-
tal authenticity that characterizes medical transla-
tion in low-resource settings.

C.5 Error Analysis

We identify four dominant error categories:

1. Terminology mismatches: Medical terms
(e.g., “antibiotic”, “hypertension”) are often
replaced with generic synonyms or omitted al-
together. Closed-source models handle these
terms more reliably.

2. Numerals and units: Dosages, dates, and
measurements are inconsistently translated.
Example: "500mg" incorrectly rendered as
"5 gram" in Qwen outputs.

3. Idiomatic expressions: Dialect-specific id-
ioms are frequently literalized. For instance,
Sylheti expressions for pain severity were
mapped word-for-word rather than into natu-
ral phrasing.

4. Orthographic drift: Particularly in Chittag-
onian, spelling variation leads to inconsistent
forms across outputs. This problem is ampli-
fied in open-source models.

Few-shot prompting reduces terminology and nu-
meral errors by providing concrete examples. CoT

offers some benefit for coverage but does not re-
solve idiomatic or orthographic inconsistencies.
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D Used Prompts in the Paper

Prompt for Bangla to Sylheti Translation (ZeroShot)

ZeroShot Prompt for Bangla to Sylheti Translation

You are a precise translation tool. Your only task is to translate the given Bangla text to Sylheti dialect
using Bengali script.
INSTRUCTIONS:

• Translate the Bangla text below to Sylheti dialect

• Use only Bengali script (not Latin script or IPA)

• Return ONLY the translated text with no additional commentary, explanations, or notes

• Do not include phrases like “Here is the translation:” or “The Sylheti translation is:”

• Do not add any metadata, formatting, or extra information

• If you cannot translate a specific word, keep it as is in the original form
Bangla text to translate: {bangla_text}
Sylheti translation:

Prompt for Bangla to Sylheti Translation (FewShot)

FewShot Prompt for Bangla to Sylheti Translation

You are a precise translation tool. Your only task is to translate the given Bangla text to Sylheti dialect
using Bengali script.
INSTRUCTIONS:

• Translate the Bangla text below to Sylheti dialect

• Use only Bengali script (not Latin script or IPA)

• Return ONLY the translated text with no additional commentary, explanations, or notes

• Do not include phrases like “Here is the translation:” or “The Sylheti translation is:”

• Do not add any metadata, formatting, or extra information

• If you cannot translate a specific word, keep it as is in the original form
Here are some examples of Bangla to Sylheti translations:
Bangla: “Do you meditate regularly?” | Sylheti: [Sylheti translation]
Bangla: “Where do you do coaching?” | Sylheti: [Sylheti translation]
Bangla: “Has the lentil been cooked?” | Sylheti: [Sylheti translation]
Bangla: “Hey there, what are you taking?” | Sylheti: [Sylheti translation]
Bangla: “Will go after prayer” | Sylheti: [Sylheti translation]
Bangla text to translate: {bangla_text}
Sylheti translation:
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Prompt for Bangla to Sylheti Translation (Chain-of-Thought)

Chain-of-Thought Prompt for Bangla to Sylheti Translation

You are a precise translation tool. Your task is to translate the given Bangla text to Sylheti dialect using
Bengali script.
INSTRUCTIONS:

• Analyze the text step-by-step before translating

• Use only Bengali script in your final translation

• After your reasoning, provide ONLY the final translation with no additional commentary
Here are examples showing the translation process:
Ex 1: Bangla: “Do you meditate regularly?” | Reasoning: Phonetic shifts, verb changes | Sylheti: [Transla-
tion]
Ex 2: Bangla: “Where do you do coaching?” | Reasoning: Locative form, verb change | Sylheti: [Transla-
tion]
Ex 3: Bangla: “Has the lentil been cooked?” | Reasoning: Vowel shift, verb transformation | Sylheti:
[Translation]
Ex 4: Bangla: “Hey there, what are you taking?” | Reasoning: Colloquial address, particle transformation |
Sylheti: [Translation]
Ex 5: Bangla: “Will go after prayer” | Reasoning: Arabic loanword, future verb ending | Sylheti: [Transla-
tion]
Now translate: {bangla_text} | Lets think step by step: Identify transformations, grammatical changes,
phonetic patterns
Provide your final translation below: Sylheti:

Prompt for Bangla to Chittagonian Translation (ZeroShot)

ZeroShot Prompt for Bangla to Chittagonian Translation

You are a precise translation tool. Your only task is to translate the given Bangla text to Chittagonian
(Chatgaiyan) dialect using Bengali script.
INSTRUCTIONS:

• Translate the Bangla text below to Chittagonian (Chatgaiyan) dialect

• Use only Bengali script (not Latin script or IPA)

• Return ONLY the translated text with no additional commentary, explanations, or notes

• Do not include phrases like “Here is the translation:” or “The Chittagonian translation is:”

• Do not add any metadata, formatting, or extra information

• If you cannot translate a specific word, keep it as is in the original form
Bangla text to translate: {bangla_text}
Chittagonian translation:
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Prompt for Bangla to Chittagonian Translation (FewShot)

FewShot Prompt for Bangla to Chittagonian Translation

You are a precise translation tool. Your only task is to translate the given Bangla text to Chittagonian
(Chatgaiyan) dialect using Bengali script.
INSTRUCTIONS:

• Translate the Bangla text below to Chittagonian (Chatgaiyan) dialect

• Use only Bengali script (not Latin script or IPA)

• Return ONLY the translated text with no additional commentary, explanations, or notes

• Do not include phrases like “Here is the translation:” or “The Chittagonian translation is:”

• Do not add any metadata, formatting, or extra information

• If you cannot translate a specific word, keep it as is in the original form
Here are some examples of Bangla to Chittagonian translations:
Bangla: “Uncle, will you go to the village house?” | Chittagonian: [Translation]
Bangla: “Do you regularly eat vegetables?” | Chittagonian: [Translation]
Bangla: “Will go after noon prayer” | Chittagonian: [Translation]
Bangla: “Really like spinach” | Chittagonian: [Translation]
Bangla: “What do the maternal grandparents of Rangani do?” | Chittagonian: [Translation]
Bangla text to translate: {bangla_text}
Chittagonian translation:

Prompt for Bangla to Chittagonian Translation (Chain-of-Thought)

Chain-of-Thought Prompt for Bangla to Chittagonian Translation

You are a precise translation tool. Your task is to translate the given Bangla text to Chittagonian (Chatgaiyan)
dialect using Bengali script.
INSTRUCTIONS:

• Analyze the text step-by-step before translating

• Use only Bengali script in your final translation

• After your reasoning, provide ONLY the final translation with no additional commentary
Here are examples showing the translation process:
Ex 1: Bangla: “Uncle, will you go to the village?” | Reasoning: Vocative particle, possessive/locative |
Chittagonian: [Translation]
Ex 2: Bangla: “Do you regularly eat vegetables?” | Reasoning: Pronoun shift, habitual form | Chittagonian:
[Translation]
Ex 3: Bangla: “Will go after noon prayer” | Reasoning: Arabic loanword, future verb | Chittagonian:
[Translation]
Ex 4: Bangla: “Really like spinach” | Reasoning: Compound unchanged, preference transformation |
Chittagonian: [Translation]
Ex 5: Bangla: “What do maternal grandparents do?” | Reasoning: Phonetic compression, plural transfor-
mation | Chittagonian: [Translation]
Now translate: {bangla_text} | Let’s think step by step: Identify transformations, grammatical changes,
phonetic patterns
Provide your final translation below: Chittagonian:

234



E Performance Comparison across Dialects and Prompting Strategies in Different
Models
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(b) ROUGE-1 Score comparison
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Figure 4: Performance comparison across different prompting strategies (Part 1). Comparison of BLEU, ROUGE-1,
and ROUGE-2 scores for Sylheti (left) and Chittagonian (right) dialects under Zero Shot, Few Shot, and CoT
prompting strategies.
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Figure 5: Performance comparison across different prompting strategies (Part 2). Comparison of ROUGE-L and
METEOR scores for Sylheti (left) and Chittagonian (right) dialects under Zero Shot, Few Shot, and CoT prompting
strategies.
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Abstract

Online safety in low-resource languages relies
on effective hate speech detection, yet Bangla
remains critically underexplored. Existing re-
sources focus narrowly on binary classification
and fail to capture the evolving, implicit nature
of online hate. To address this, we introduce
BANHATE, a large-scale Bangla hate speech
dataset, comprising 19,203 YouTube comments
collected between April 2024 and June 2025.
Each comment is annotated for binary hate la-
bels, seven fine-grained categories, and seven
target groups, reflecting diverse forms of abuse
in contemporary Bangla discourse. We develop
a tailored pipeline for data collection, filtering,
and annotation with majority voting to ensure
reliability. To benchmark BANHATE, we eval-
uate a diverse set of open- and closed-source
large language models under prompting and
LoRA fine-tuning. We find that LoRA sub-
stantially improves open-source models, while
closed-source models, such as GPT-4o and
Gemini, achieve strong performance in binary
hate classification, but face challenges in detect-
ing implicit and fine-grained hate. BANHATE
sets a new benchmark for Bangla hate speech
research, providing a foundation for safer mod-
eration in low-resource languages. Our dataset
is available at: https://huggingface.co/
datasets/aplycaebous/BanHate.

Disclaimer: This paper contains potentially
offensive content essential to the subject matter.

1 Introduction

Social media has revolutionized human communi-
cation, making unprecedented transformations in
connecting people and relaying information (Ka-
plan and Haenlein, 2010). With a user adoption
rate of more than 50% and daily spending time
exceeding two hours (Gudka et al., 2023), social
media has become an integral part of our lives.
Yet the evolution of digital technology and online
connectivity resulted in the proliferation of online

hate content, with studies attesting to the rising
trend of hate in mainstream social networks (Goel
et al., 2023). Hateful comments can be theorized as
means of externalizing internal upheaval and vent-
ing bottled-up emotions (The Havok Journal, 2023),
with users preferring their native language for emo-
tional salience (Reghunathan and Asha, 2022).

As of 2025, Bangla is spoken natively by over
240 million people (Wikipedia, Ethnologue, 2025),
making it one of the most critical languages for
online hate moderation. Nevertheless, studies re-
veal a persistent gap in this domain. While sev-
eral datasets have been developed for Bengali hate
speech detection (Sharif et al., 2022; Romim et al.,
2020), they fail to capture the rapidly evolving
nature of online discourse, particularly the gener-
ational shifts in expressions introduced by Gen Z
and Gen Alpha. This necessitates the creation of
new, updated Bangla datasets.

Recently, large language models (LLMs) have
shown impressive performance in a range of clas-
sification tasks, including hate speech detection
(Haider et al., 2025). However, the increasing sub-
tlety and implicitness of hateful content continue
to pose a challenge. Current models often struggle
to infer the underlying intent of such speech and
fall short of expectations in detecting implicit hate
(Kim et al., 2022).

To bridge this gap, we introduce BANHATE,
a hate speech dataset constructed from recent
YouTube comments. The dataset reflects the lin-
guistic styles of newer generations and captures
implicit forms of hate rarely represented in earlier
resources. All comments were carefully validated
by human annotators to ensure that they contain
genuinely targeted speech. Furthermore, we evalu-
ate a suite of LoRA-based fine-tuned models along-
side closed-source LLMs on this dataset to assess
their effectiveness in identifying implicit hate.

237

https://huggingface.co/datasets/aplycaebous/BanHate
https://huggingface.co/datasets/aplycaebous/BanHate


Datasets #NH #H H:NH Data Source #Annotators

Sharif et al. (2022) 7,361 8,289 1.12 YouTube, Facebook 2
Belal et al. (2023) 7,585 8,488 1.12 Previous Datasets 2
Romim et al. (2020) 20,000 10,000 0.50 YouTube, Facebook 50
BANHATE (Ours) 10,048 9,155 0.91 Youtube 4

Table 1: Comparison between existing datasets based on the number of Non-Hate (#NH), Hate (#H) samples, hate
to non-hate ratio (H:NH), source of dataset (Data Source), number of annotators (#Annotators). The hate speech
datasets include similar data classes, e.g., aggression and toxic speech.

2 Related Work

Early research on hate speech detection predomi-
nantly treated it as a binary classification problem
(Djuric et al., 2015; Badjatiya et al., 2017; MacA-
vaney et al., 2019). Subsequent works expanded
to multi-class (Walsh and Greaney, 2025; Hashmi
and Yayilgan, 2024) and multi-label formulations
(Ilma et al., 2021), enabling more nuanced repre-
sentations of hate across social, political, and cul-
tural dimensions. Recent efforts have also explored
multimodal hate speech detection, integrating tex-
tual and visual modalities (Boishakhi et al., 2021;
Barua et al., 2024), as well as multilingual and
cross-lingual models leveraging architectures such
as mBERT to extend detection across languages
(Aluru et al., 2020; Ousidhoum et al., 2019).

Despite these advancements, Bangla remains un-
derexplored compared to high-resource languages.
Early studies primarily addressed binary hate
speech detection (Remon et al., 2022; Das et al.,
2022), reflecting the scarcity of linguistic resources.
Subsequent research broadened the scope to related
domains, including abusive language detection (Au-
rpa et al., 2022; Emon et al., 2019), cyberbullying
(Ahmed et al., 2021; Saifuddin et al., 2023), gen-
der discrimination and sexism (Jahan et al., 2023),
and toxic content classification (Belal et al., 2023).
More recent efforts have advanced toward multi-
label settings, categorizing hate by target domains
such as religion, politics, and gender (Sharif et al.,
2022; Haider et al., 2025; Romim et al., 2020).

3 The BANHATE Dataset

The creation of BANHATE (Bangla Hate Speech
Detection) dataset was systematically collected and
annotated to address the scarcity of resources for
hate speech detection in low-resource languages.
It comprises 19,203 curated comments covering
seven target groups and seven hate categories, en-
abling fine-grained analysis (Figure 1).

Video Category Hate Non-Hate

Entertainment 2,007 1,762
International 1,720 1,296
News & Politics 3,801 2,541
People & Blogs 585 2,494
Sports 1,042 1,955

Table 3: Hate distribution by video category.

3.1 Data Collection
We collected comments from 328 YouTube videos
across five categories: News & Politics, Entertain-
ment, People & Blogs, International, and Sports,
spanning April 2024 to June 2025. Only top-level
comments were extracted, resulting in 26,730 com-
ments.

3.2 Data Filtering
We removed non-Bangla comments as our dataset’s
focus is on Bangla hate speech detection, and com-
ments shorter than 20 characters were removed
as they lack meaningful context. By filtering, we
reduced the dataset to 20,439 comments.

3.3 Data Cleaning
We removed duplicate comments and extraneous
content, e.g., URLs, hashtags, and personal identi-
fiers, resulting in 19,203 clean comments for data
annotation.

Year Hate Non-Hate

2017 105 70
2019 31 364
2020 265 197
2021 58 313
2022 466 1,553
2023 970 1,774
2024 2,780 2,693
2025 4,480 3,084

Table 4: Hate distribution against video upload year.
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Figure 1: BANHATE dataset development pipeline illustrating the four-stage process: (a) data collection from social
media platforms, (b) data filtering to remove non-relevant content, (c) data cleaning to eliminate duplicates and
extraneous elements, and (d) data annotation & validation.

Hate Category Entertainment International News & Politics People & Blogs Sports

Abusive/Violence 571 787 1586 193 174
Body Shaming 94 5 34 15 4
Gender 730 3 201 97 9
Origin 105 304 256 64 46
Personal Offence 1146 662 1942 450 873
Political 46 328 1422 37 168
Religious 98 615 140 47 9

Table 2: Relationship Between hate and video categories.

3.4 Data Annotation

We adopted a two-stage approach for data anno-
tation. First, four native Bangla-speaking under-
graduate annotators labeled each comment as Hate
or Non-Hate. Their prior experience with social
media usage ensured high-quality annotations that
captured nuanced hate content. Second, hate com-
ments were further categorized by target group and
type of hate. The final labels were determined
via majority vote. The annotators were provided
monetary compensation. The annotation guidelines
provided to the annotators have been reported in
Appendix A.

3.5 Data Validation

We evaluated inter-annotator agreement using Co-
hen’s kappa (κ), shown in Table 5. For the primary
Hate vs. Non-Hate task, we obtained κ scores of
0.81 (Hate) and 0.75 (Non-Hate), averaging 0.78,
which is substantially higher than prior work on
content moderation (∼0.53) (Islam et al., 2021),
reflecting effective annotator selection and clear
guidelines.

For hate categories, agreement was highest
for Personal Offense (0.83) and Abusive/Violent
(0.81), where definitions are clearer, and lower for
more subjective categories such as Origin (0.67)
and Body Shaming (0.69). Among target groups,
Female (0.81) and Male (0.77) showed strong
agreement, while Group (0.66), Country (0.68),
and Religion (0.67) were lower, suggesting that
identifying hate toward specific collectives is in-

herently more challenging and may benefit from
additional guidance.

Label Kappa(κ) Avg.

Primary Hate 0.81 0.78
Non Hate 0.75

Personal Offence 0.83
Abusive/Violance 0.81
Political 0.74

Hate Gender 0.77 0.75
Categories Religious 0.72

Origin 0.67
Body Shaming 0.69

Male 0.77
Female 0.81
Group 0.66

Targeted Organization 0.69 0.72
Groups Country 0.68

Religion 0.67
Politics 0.73

Table 5: Inter-annotator agreement for the BAN-
HATEdataset, measured using Cohen’s kappa (κ) across
the binary task, hate categories, and targeted groups,
with averages indicating substantial reliability.

Type Total Count Percentage (%)

Single 5,437 59.39%
Multiple 3,718 40.61%

Table 8: Distribution of single and multiple hate labels
in BANHATE.
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Figure 2: Distribution of different categories in BANHATE.

Splits

Train 15362
Test 3841

General Statistics

Samples 19203
Videos 318
Hate Samples 9,155
Non-Hate Samples 10,048

Video Categories 5
Hate Categories 7
Target Groups 7

Samples Hate Non-Hate

Train 7324 8038
Test 1831 2010
Mean word count 15.78 12.74
Max word count 496 514
Min word count 5 6

Table 6: Dataset statistics of BANHATE.

3.6 Dataset Statistics

Table 6 presents the key statistics of our BANHATE

dataset. Table 7 summarizes the major incidents
represented in the dataset, spanning July 2024 to
June 2025. The most prevalent hate categories ob-
served across these events are Abusive/Violent, Per-
sonal Offense, and Political. Figure 2 illustrates the
distributions of video categories (Figure 2a), hate
categories (Figure 2b), and target groups (Figure
2c). The data reveal that the majority of comments
originate from News & Politics videos. Personal
Offense and Abusive/Violence account for over
60% of all hate-labeled comments.

4 Experiment Design

We selected a diverse set of LLMs and classified
our experimental designs into two categories: (i)
Prompt-based Experiments and (ii) LoRA Fine-
tuning Experiments.

4.1 Prompt-Based Experiments
For the prompt-based experiments, we considered
zero-shot and chain-of-thought prompting (Wei
et al., 2022). Details of prompts used in the ex-
perimentation are given in the Appendix B.

4.2 LoRA Fine-Tuning
We fine-tuned open-source LLMs using LoRA (Hu
et al., 2022), which adapts pre-trained weights ef-
ficiently via low-rank updates rather than updat-
ing all parameters. Given a pre-trained and frozen
weight matrix W , LoRA adds a learnable low-
rank update ∆W = AB⊤, where A ∈ Rd×r

and B ∈ Rr×d are the trainable matrices, and
r ≪ d. The updated weights are computed as:
W ′ = W +∆W = W +AB⊤.

This formulation allows the model to capture
task-specific knowledge while retaining the gener-
alization capabilities of the pre-trained backbone.
The matrices A and B are trained using the loss
function defined for the downstream task. In our
case, we optimize these parameters using the clas-
sification loss LClass, which denotes the standard
cross-entropy loss used for the hate speech classifi-
cation task. In addition, we introduce a hierarchical
loss LHier to jointly model hate category and target
group detection, reflecting the dependency between
coarse-grained and fine-grained labels. The hierar-
chical loss is defined as:

LHier = LCat + LGroup|Cat,
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Time Period Event Samples Major Hate Categories

Apr’ 2025 Pahalgam attack 546 Origin, Religious, Personal
Jun’ 2025 Iran - Israel War 1638 Abusive/Violence, Religious, Personal
May’ 2025 Ind-Pak War 707 Abusive/Violence, Personal
July’24 - Aug’24 Quota Reform Movement 1542 Abusive/Violence, Political, Personal
Aug’24 - Nov’24 Post-Regime Change Events 1483 Abusive/Violence, Political, Personal

Table 7: Events Covered in Dataset with Number of Hate Samples and Major Hate Categories

Target Group A/V Body Shaming Gender Origin P Off Political Religious

Country 587 0 0 583 444 317 147
Female 528 90 947 39 1264 132 71
Group 874 18 75 159 861 269 67
Male 1034 54 112 98 2293 457 115
Organization 632 0 119 75 824 899 33
Politics 182 0 11 21 79 240 24
Religious 310 1 21 100 209 225 792

Table 9: Target Group & Hate Category Relation. A/V refers to Abusive/Violence and P Off refers to Personal
Offence respectively.

where LCat is the cross-entropy loss for hate cate-
gory prediction, LGroup|Cat is the conditional loss
for target group prediction given the predicted cat-
egory. We configured LoRA with α = 64, r = 64,
a dropout rate of 0.01, a learning rate of 1× 10−4,
and a batch size of 4 to 32. LoRA was applied
to all weight matrices of the pre-trained models,
and each model was fine-tuned for a single epoch.
For inference, we used VLLM (Kwon et al., 2023),
while LLaMA-Factory (Zheng et al., 2024) was
used for LoRA fine-tuning. To ensure reproducibil-
ity, an evaluation is performed using greedy decod-
ing with a temperature of 0 and no sampling.

4.3 Baselines

We evaluate five open-source models: Qwen-2.5-
7B (Qwen et al., 2025), Gemma-3-12B (Team et al.,
2025), Llama-3.1-8B (Dubey et al., 2024), Phi-4
14B (Abdin et al., 2024), and Mistral 7B (Jiang
et al., 2023), and two closed-source models: Gem-
ini 2.5 Flash and GPT 4o.

5 Result and Analysis

5.1 Hate Speech Detection

Table 12 compares five open-source LLMs on Pre-
cision, Recall, and F1 across three setups: Zero-
Shot, Chain-of-Thought (CoT), and LoRA Fine-
Tuning.

5.1.1 Zero-Shot Prompting
Gemma-3 12B leads with the highest F1 for Non-
Hate (84.76%) and Hate (80.64%), showing strong
generalization capabilities. Mistral 7B achieved
high Precision (Hate 97.08%) and Non-Hate Recall
(97.62%) but low Hate Recall (60.15%), resulting
in a moderate F1 (74.28). Phi-4 had the highest
Hate Recall (82.58%) but extremely low Precision,
yielding an F1 of 18.27%. LLaMA-3.1 8B and
Qwen-2.5 7B showed average performance, with
Qwen favoring recall over precision.

5.1.2 Chain-of-Thought (CoT) Prompting
Gemma-3 12B performed consistently, reflecting
its robustness in the CoT setting. LLaMA-3.1 8B
improved notably compared to zero-shot prompt-
ing, reaching Non-Hate F1 of 80.94%, highlight-
ing substantial gains from explicit reasoning. Mis-
tral showed an imbalance: high non-hate precision
(93.91%) and hate recall (98.14%), but non-hate
recall fell to 26.17%, thus, reducing hate F1 to
40.94%. Qwen-2.5 7B also degraded performance
with hate F1 dropping to 33.99%.

5.1.3 LoRA Fine-Tuning.
LoRA fine-tuning yields the most consistent and
substantial performance gains across all models.
LLaMA-3.1 8B achieves the highest F1 scores
for both Non-Hate (85.96%) and Hate (83.83%)
classes, demonstrating effective task adaptation.
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Models Hate Category (F1) Overall Metrics

P Off A/V Pol Gen Rel Ori BS Micro Macro Subset Acc Hamming

Zero Shot Prompting

Qwen-2.5-7B 17.28 28.47 41.10 22.22 49.66 21.65 16.13 27.43 28.07 14.25 21.13
Gemma-3-12B 66.43 50.05 44.41 39.04 64.29 25.45 08.94 51.25 42.66 27.25 20.29
Llama-3.1-8B 61.36 40.06 42.54 46.94 40.82 04.85 33.47 17.40 15.96 02.08 40.29
Phi-4 14B 54.69 37.49 49.78 17.19 56.57 28.24 08.89 43.92 36.12 21.57 22.81
Mistral 7B 34.01 02.59 36.91 18.57 24.88 15.06 06.56 23.28 19.80 01.80 39.13

Chain of Thought (CoT)

Qwen-2.5-7B 18.18 29.06 10.55 29.83 53.38 12.97 04.60 23.35 22.65 09.63 19.35
Gemma-3-12B 52.79 58.78 48.57 28.88 61.27 21.00 17.50 51.46 41.26 14.34 19.17
Llama-3.1-8B 53.45 51.19 34.42 10.53 54.86 34.06 06.56 45.69 35.01 10.84 19.17
Phi-4 14B 15.59 44.33 21.58 27.14 57.74 25.81 13.04 29.72 29.32 10.07 19.60
Mistral 7B 67.26 48.45 11.79 03.69 19.47 17.17 08.89 44.10 25.25 01.42 30.88

LoRA Fine-Tuning

Qwen-2.5-7B 59.93 52.58 48.91 54.34 68.41 35.51 00.00 55.03 45.67 63.11 08.12
Gemma-3-12B 63.81 55.36 53.60 56.78 71.33 40.01 13.63 58.58 50.65 64.79 10.23
Llama-3.1-8B 63.68 54.14 54.29 55.21 70.24 40.51 23.26 58.12 51.62 62.46 08.34
Phi-4 14B 60.74 51.47 51.13 47.35 67.21 36.36 15.00 55.00 47.04 60.46 08.56
Mistral 7B 60.97 51.71 50.46 53.20 67.89 35.21 11.76 55.55 47.31 42.30 12.81

Table 10: Performance Analysis of the models on Hate Category. P Off, A/V, Pol, Gen, Rel, Ori, and BS refer to
Personal Offence, Abusive/Violence, Political, Gender, Religious, Origin, and Body Shaming, respectively. Color
marks the highest performance for each configuration and metric.

Models Target Group Overall

Male Female Group Org Country Rel Pol Micro Macro Subset Acc Hamming

Zero Shot Prompting

Qwen-2.5-7B 06.92 18.47 10.55 21.33 35.97 26.67 33.87 19.65 21.97 11.08 18.49
Gemma-3-12B 54.71 67.84 34.25 34.17 50.25 43.68 06.83 38.66 41.68 00.54 38.02
Llama-3.1-8B 46.46 54.70 30.28 35.05 40.96 39.16 11.98 36.76 36.94 00.81 38.22
Phi-4 14B 32.69 67.90 31.38 40.45 39.77 31.86 11.31 35.86 36.48 04.97 32.76
Mistral 7B 00.00 20.41 32.47 04.96 38.78 26.73 10.84 23.38 19.17 00.93 38.71

Chain of Thought

Qwen-2.5-7B 17.89 35.41 29.12 06.81 37.88 39.39 04.65 26.89 24.45 15.59 18.41
Gemma-3-12B 06.18 57.04 32.53 15.56 33.70 41.35 09.20 28.75 27.94 03.07 27.41
Llama-3.1-8B 48.31 45.13 34.01 09.62 42.33 44.40 05.97 37.98 32.82 17.57 22.14
Phi-4 14B 33.74 27.90 37.47 37.52 47.46 60.62 14.29 37.88 37.00 22.71 22.14
Mistral 7B 02.95 01.03 05.85 01.12 09.89 22.32 05.08 11.38 06.89 05.14 25.69

LoRA Fine Tuning

Qwen-2.5-7B 61.65 68.28 44.91 57.14 63.83 72.96 20.59 59.92 55.62 46.91 11.98
Gemma-3-12B 65.76 71.54 47.13 59.99 66.38 77.42 18.09 63.17 58.04 48.81 13.68
Llama-3.1-8B 65.87 70.79 45.35 58.84 64.93 77.87 11.59 62.41 56.46 46.70 11.38
Phi-4 14B 61.81 68.75 41.02 54.21 61.49 76.02 22.73 58.90 55.15 45.21 12.21
Mistral 7B 65.10 68.63 44.63 61.10 66.50 74.85 22.73 58.90 55.15 50.06 11.65

Table 11: Performance Analysis of the models on Target Groups. Org, Rel, and Pol refer to Organization, Religion,
and Political, respectively. Color marks the highest performance for each configuration and metric.

Under this setting, all models exhibit improved bal-
ance between precision and recall. Qwen-2.5 7B
and Gemma-3 12B also deliver strong results, both
surpassing the 85% F1 threshold for the Non-Hate
class and exceeding 81% in the Hate class.

5.2 Hate Category Detection

Table 10 shows the performance across different
hate categories, the previous three settings.

5.2.1 Zero-Shot Prompting

Gemma-3 12B delivers the strongest overall per-
formance, with the highest F1 scores across
most hate categories, including Personal Offense
(66.43%), Abusive/Violence (50.05%), and Re-
ligious (64.29%), as well as leading in both
macro (42.66%) and micro (51.25%) averages.
LLaMA-3.1-8B shows good performance in the
Gender (46.94%) and Body Shaming (33.47%) cat-
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Models Non-Hate Hate

P R F1 P R F1

Zero Shot Prompt

Qwen-2.5-7B 64.52 93.39 76.31 85.64 43.45 57.61
Gemma-3-12B 79.74 90.47 84.76 87.66 74.66 80.64
Llama-3.1-8B 57.22 82.98 67.74 83.39 57.94 68.37
Phi-4 14B 35.42 88.44 50.58 71.76 82.58 18.27
Mistral 7B 65.05 97.62 78.08 97.08 60.15 74.28
Gemini 2.5 68.65 96.23 80.42 93.06 56.34 69.72
GPT 4o 73.15 95.27 83.10 93.22 65.14 77.26

Chain of Thought

Qwen-2.5-7B 58.25 98.41 73.18 92.10 20.84 33.99
Gemma-3-12B 79.36 90.12 84.40 87.19 74.17 80.15
Llama-3.1-8B 75.45 87.29 80.94 83.06 68.69 75.19
Phi-4 14B 63.42 96.36 76.50 90.64 38.78 54.32
Mistral 7B 93.91 26.17 40.94 54.77 98.14 70.31
Gemini 2.5 70.88 96.04 82.68 93.10 57.82 70.53
GPT 4o 74.39 96.04 83.46 93.17 68.82 79.27

LoRA Fine Tuning

Qwen-2.5-7B 81.07 90.29 85.43 87.84 76.89 82.00
Gemma-3-12B 81.49 89.34 85.21 86.87 77.53 81.89
Llama-3.1-8B 84.31 87.67 85.96 85.71 81.94 83.83
Phi-4 14B 79.42 90.73 84.70 87.86 74.04 80.36
Mistral 7B 81.14 88.67 84.74 86.08 77.26 81.43

Table 12: Benchmarking results of open and closed
source models on the test split of BANHATE. P, R, and
F1 represent Precision, Recall, and F1 Score, respec-
tively. Color marks the highest performance for each
configuration and metric.

egories but exhibits lower overall accuracy. Phi-4
14B performs well in Political (49.78%) and Ori-
gin (28.24%) hate categories, though its perfor-
mance remains inconsistent across other categories.
Qwen-2.5-7B and Mistral 7B record comparatively
weaker results, particularly in maintaining subset
accuracy and categorical coherence.

5.2.2 Chain-of-Thought (CoT) Prompting
The performance in this configuration is more un-
even than in previous setups. Gemma-3 12B again
leads with consistently strong results across multi-
ple hate categories. LLaMA-3.1 8B shows targeted
gains in Origin (34.06%) and Religious (54.86%)
hate detection, though its subset accuracy remains
unstable. Mistral 7B excels in Personal Offence
(67.26%), highlighting category-specific strength
but limited generalization. Qwen-2.5 7B and Phi-
4 14B show overall declines across most metrics
under this configuration.

5.2.3 LoRA Fine-Tuning
Similar to the hate speech detection results, fine-
tuning delivers the most consistent and substan-
tial gains across all models. Gemma-3 12B and
LLaMA-3.1 8B clearly dominate, leading in most
categories and overall metrics. LLaMA-3.1 8B ex-

cels in Political (54.29%), Origin (40.51%), and
Body Shaming (23.26%) detection, while Gemma-
3 12B shows strong proficiency in Personal Of-
fence (63.81%), Abusive/Violent (55.36%), Gender
(56.78%), and Religious (71.33%) hate. All mod-
els achieve higher macro/micro F1 and accuracy,
highlighting the clear advantage of task-specific
fine-tuning. Mistral shows improved subset classi-
fication via a higher Hamming score but still lags
behind in overall accuracy.

5.3 Target Group Detection

Table 11 reports the performances of the models in
different target groups, and overall evaluation met-
rics in three settings: Zero-Shot, Chain-of-Thought
(CoT), and LoRA Fine-Tuning.

5.3.1 Zero Shot Prompting
Gemma-3 12B delivers the strongest overall perfor-
mance, leading most categories: Male (54.71%),
Country (50.25%), Group (34.25%), and Religion
(43.68%), while also achieving the highest macro
(41.68%) and micro (38.66%) F1 scores. LLaMA-
3.1 8B and Phi-4 14B follow, with Phi-4 showing
exceptional strength in Organization (40.25%) and
Female (67.90%) detection. Mistral 7B and Qwen-
2.5 7B rank lower overall, though Qwen-2.5 attains
top accuracy in select subsets.

5.3.2 Chain-of-Thought (CoT) Prompting
Phi-4 14B leads in multiple categories: Group
(37.47%), Organization (37.52%), Country
(47.46%), Religion (60.62%), and Political
(14.29%), while attaining the highest macro-
average (37.00%). LLaMA-3.1 8B shows
consistent gains across categories and achieves
the best score in the Male category (48.31%).
Gemma-3 12B performs unevenly, excelling in the
Female (57.04%) category but underperforming
elsewhere. Mistral 7B consistently ranks last on all
metrics, except for the hamming score.

5.3.3 LoRA Fine-Tuning
Similar to the previous analyses, all models show
consistent improvement across categories. Gemma-
3 12B and LLaMA-3.1 8B excel in the Female
(71.54%), Group (47.13%), and Religion (77.87%)
categories and Macro F1, Mistral 7B in the Organi-
zation (61.10%) and Country (66.50%) categories,
and Subset Accuracy (50.06%). Phi-4 14B per-
forms best in Political (22.73%) classification but
trails the others in overall accuracy.
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Comment: বি বি সি আগে আমিলীগ এর দালাল ছিলেন । একখুন ভালো হন।
"BBC used to be an agent of the Awami League. It's good that one is dead."

Ground Truth Explanation: 'দালাল' শব্দ ব্যবহার করে বিবিসিকে আক্রমণ করা হয়েছে, উক্তিটি
একটি সহিংস ও অবমাননাকর ভাষা।
The word 'stooge' was used to attack the BBC; the statement is violent and insulting.

LLaMA-3.1-LoRA-CoT: বি বি সি-কে সরাসরি "আমিলীগের দালাল" বলা হয়েছে, উক্তিটি
একটি রাজনৈতিক দলের সমর্থ ককে অপমানজনকভাবে চিহ্নিত করে। এই ধরনের মন্তব্য
দলটির প্রতি ঘৃণা ও বিদ্বেষ ছড়াতে পারে।Hateful/Not Hateful: Hateful
"The BBC has been directly called a 'stooge of the Awami League,' which derogatorily
labels a supporter of a political party. Such comments can spread hate and hostility
toward the party.

Comment: এই বাটপার কে কেন এখনো গ্রেফতার করা হচ্ছে না? ক্রিকেট বোর্ড কি পারিবারিক
খামার? যেখানে চাচা, ভাতিজা, ভাই, বিয়েই, তাওই সবাই মিলে ভাগাভাগি করে খাবে😅
Why hasn’t this fraudster been arrested yet? Is the cricket board a family farm? Where
uncles, nephews, brothers, in-laws — all feast together? 😅

Ground Truth Explanation: 'বাটপার' বলে সরাসরি আক্রমণ করা হয়েছে এবং ক্রিকেট বোর্ডকে
পারিবারিক খামার বলার মাধ্যমে স্বজনপ্রীতি ও দুর্নীতির অভিযোগ তু লে হেয় করা হয়েছে। ফলে
মন্তব্যটি অপমানজনক।
The term 'fraudster' is a direct personal attack, and calling the cricket board a 'family
farm' is a derogatory accusation of nepotism and corruption. Therefore, the comment is
insulting.

Qwen-2.5-LoRA-CoT: ক্রিকেট বোর্ডের বিরুদ্ধে পারিবারিক খামারের অভিযোগ এনে
ব্যক্তিগত আক্রমণ করা হয়েছে, মন্তব্যটি রাজনৈতিক বিদ্বেষপূর্ণ । Hateful/Not Hateful:
Hateful
A personal attack has been made by accusing the cricket board of being a family-run
entity. The comment is politically hostile.

Qwen-2.5-LoRA-std: Non Hatefull LLaMA-3.1 -LoRA-std: Non Hatefull

Figure 3: Error analysis of the LoRA finetuned models on Bengali hate speech detection. Detailed and accurate
parts are emphasized in green and bold letters. The mistakes are highlighted in red.

5.4 Closed Source Models

Table 12 compares Gemini 2.5 Flash and GPT-
4o under Zero-Shot and Chain-of-Thought (CoT)
prompting for Hate vs. Non-Hate classification,
using F1 scores as the primary metric. In the Zero-
Shot Prompting, GPT-4o outperforms Gemini 2.5
with higher F1 scores in both Non-Hate (83.10%)
and Hate (77.26%) categories. Gemini’s strongest
metric is its high Non-Hate recall (96.23%), indicat-
ing strong sensitivity, but with reduced precision.
Gemini’s subpar Hate recall weakens its overall
classification performance. Both models improve
performance in Chain-of-Thought (CoT) prompt-
ing, but GPT-4o maintains its lead.

6 Qualitative Error Analysis

We find several notable patterns and recurring er-
rors in hate speech detection, e.g., Gemma-3 fre-
quently misclassifies aggressive or threatening dis-
cussions as peaceful and constructive. This could
be due to insufficient contextual cues for violence
or aggression in the training data. We also hypoth-
esize that this effect of inadequacy is somewhat
mitigated when the models are fine-tuned. Figure 3
errors that persist in fine-tuned models, allowing us
to analyze beyond the training distributional biases.

In Figure 3, we observe LLaMA-3.1 and Qwen-
2.5 models in zero-shot prompting misclassifies
texts as non-hateful. However, the chain of thought
prompting enables the models to correctly classify
the texts as hateful while producing proper explana-
tions against the claims. Hence, LoRA fine-tuning
combined with chain of thought prompting mini-
mizes the errors produced by the models.

7 Discussion: Pretraining Distribution

Variations in model performance are closely tied to
the underlying distribution of the pretraining data.
Models exposed to a larger amount of Bangla text
should develop a better linguistic understanding,
while insufficient data prevents the model from
capturing the nuances of hate speech. The nature
of the data can also play a critical role, e.g., real-
world and updated Bangla sources may generalize
better than an outdated corpus in limited settings.
Unfortunately, analyzing the attribution of perfor-
mance variation to the training data is infeasible
as none of the evaluated models publicly disclose
their pretraining data. The opacity highlights a
broader limitation of interpreting model behaviour
in low-resource languages.

8 Conclusion

We present BANHATE, a Bangla hate-speech
dataset spanning 19,203 YouTube comments from
April 2024 to June 2025 across five content do-
mains and seven hate categories/target groups.
The dataset enables classification training and
evaluation. Using a diverse suite of open and
closed-source LLMs under zero-shot, chain-of-
thought prompting, and LoRA fine-tuning strate-
gies, we showed that prompting and fine-tuning
strongly influence detection performance. LoRA
fine-tuning delivers consistent gains in both hate
and non-hate F1. We hope that our dataset and find-
ings will be a valuable resource for future research
on low-resource languages such as Bangla.
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Limitations

BANHATE comprises only YouTube top-level com-
ments collected between April 2024 and June 2025,
limiting the validity of the dataset to a single plat-
form only. Our evaluation reports results from a
single LoRA epoch with greedy decoding, lacking
a held-out development set or multi-seed runs.
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A Annotation Guidelines

Annotators were instructed to evaluate each com-
ment to determine whether it constitutes hate
speech. If so, they identified the specific target
group, assigned one or more relevant hate cate-
gories. Each comment was evaluated within its
broader context, including metadata such as video
title, publication date, and thematic category, e.g.,
News & Politics, Entertainment. These annotation
instructions were designed to ensure high inter-
annotator agreement and encourage objective and
consistent judgments.

A.1 General Annotation Instructions

• Target-Orientation: Each comment was an-
notated by identifying the target group(s) from
a predefined list: Male, Female, Group, Orga-
nization, Country, Religious, Politics.

• Hate-Label Classification: Each comment
can be assigned to one or multiple hate cate-
gories, e.g., Religious, Gender, Body Sham-
ing, Abusive/Violence.

• Context-Aware Interpretation: Annotators
were instructed to interpret intent and implicit
meaning, e.g., when sarcasm, metaphors, or
culturally coded language were used.

• Bias-Free and Objective Labeling: Annota-
tors maintained neutrality and judged based
on harm, discrimination, or dehumanization
rather than personal opinion.

• Annotation Redundancy and Verification:
Each comment was annotated by three individ-
uals, with expert adjudication and discussions
resolving conflicts.

• Mental Well-being: Annotators took 5–10
minute breaks each hour to reduce cognitive
fatigue.

• Cultural Sensitivity and Localization: An-
notators were guided to identify culturally spe-
cific hate forms, e.g., regional slurs, gendered
insults, or religious undertones in Bangla con-
versations.

A.2 Binary Classification – Hate/Non-Hate
• Hate Speech (H): A comment should be la-

beled as Hate Speech if it expresses preju-
diced, offensive, abusive, or harmful language
directed at identity, groups, or individuals
based on gender, religion, nationality, ethnic-
ity, political affiliation, and similar factors.

• Non-Hate Speech (NH): Comments that lack
hostile, discriminatory, or dehumanizing con-
tent. This category may include critical or
sarcastic expressions that do not constitute
targeted attacks.

A.3 Hate Speech Classification
Annotators labeled each hate speech comment with
one of the following categories.

Political: Abusive language or incitement of harm
directed at political ideologies, parties, or fig-
ures.

Religious: Discriminatory or divisive attacks
against religious groups, beliefs, or practices.

Gender: Hostility based on gender identity or
stereotypes, including, but not limited to, sex-
ism and transphobia.

Personal Offense: Degrading attacks or insults
targeting an individual rather than a group.

Abusive/Violence: Explicit threats or incitement
to physical violence or harm.

Body Shaming: Criticism or mockery of physical
appearance, body shape, or disabilities.

B Prompt

All the prompts are detailed in this section.
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Zero Shot Prompt Used for Prediction

You are given a Bangla text. Determine if it is "Hate" or "Non Hate".
If it is hate speech, identify the category of hate and the target group, choosing
only from the following options:

Hate_Category:

['Abusive/Violence', 'Body Shaming', 'Gender', 'Origin',
'Personal Offence', 'Political', 'Religious']

Target_Group:

['Country', 'Female', 'Group', 'Male', 'Organization',
'Politics', 'Religious']

Return your answer in this strict JSON format:

{
"first_answer":"Hate"or"Non Hate",
"final_answer":"Hate"or"Non Hate",
"hate_category": [ ... ],
"target_group": [ ... ]

}

Chain of Thought Prompt Used for Prediction

You are tasked with detecting hate speech in Bangla text using a step-by-step reasoning
approach.

Follow these steps carefully:

1. Understand the literal and implicit meaning of the Bangla text.

2. Analyze the tone and intent: Is the speaker expressing hostility, discrimination, or
inciting hatred?

3. Look for contextual cues: Are there slurs, derogatory phrases, targeted groups, or
implied harm?

4. Make a final decision based on your analysis.

5. Explain your reasoning briefly in Bangla.

Now, respond using the following strict JSON format:

{
"thought_process": "Your step-by-step reasoning in English",
"is_hate": "Hate" or "Non Hate",
}
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Abstract
The classification of literary genres plays a vi-
tal role in digital humanities and natural lan-
guage processing (NLP), supporting tasks such
as content organization, recommendation, and
linguistic analysis. However, progress for the
Bangla language remains limited due to the
lack of large, structured datasets. To address
this gap, we present BOIGENRE, the first
large-scale dataset for Bangla book genre clas-
sification, built from publicly available sum-
maries. The dataset contains 25,951 unique
samples across 16 genres, showcasing diver-
sity in narrative style, vocabulary, and linguis-
tic expression. We provide statistical insights
into text length, lexical richness, and cross-
genre vocabulary overlap. To establish bench-
marks, we evaluate traditional machine learn-
ing, neural, and transformer-based models. Re-
sults show that while unigram-based classi-
fiers perform reasonably, transformer mod-
els, particularly BanglaBERT, achieve the
highest F1-score of 69.62%. By releasing
BOIGENRE and baseline results, we offer
a valuable resource and foundation for fu-
ture research in Bangla text classification and
low-resource NLP. Our dataset and code is
publicly available at https://github.com/
Grumpy-Frog/BoiGenre

1 Introduction
Automatic classification of books by genre en-
hances digital library management and recommen-
dation systems by aligning content with readers’
interests. It enables personalized suggestions, im-
proves user experience, and helps publishers un-
derstand audience preferences. However, most
studies focus on English, leaving a significant gap
for Bangla despite its global prominence. This
gap stems from the lack of high-quality Bangla
datasets, limiting the use of modern NLP tech-
niques. Developing resources like BOIGENRE
can bridge this gap and advance Bangla language
research.

With the rise of modern machine learning frame-
works, automated genre classification has become
increasingly effective. This task involves identify-
ing the genre of a book, movie, or artwork based
on features such as the title, summary, or cover
image. Previous studies have combined textual
features like titles and summaries for genre pre-
diction (Adhikari, 2025), while others explored
language-specific datasets such as PPORTAL—
the Portuguese literary dataset (Scofield et al.,
2022). Moreover, genre detection has also been ap-
proached through visual data, as seen in the IMDb
book cover dataset (Buczkowski et al., 2018).

Despite these developments, resources for
Bangla literature remain limited. Existing datasets
are often small or restricted to a few genres, re-
ducing model generalization (Sethy et al., 2023).
Furthermore, many studies have not leveraged
transformer-based architectures such as BERT,
which excel at contextual understanding. To ad-
dress these gaps, we introduce the BOIGENRE
dataset—a large-scale and diverse Bangla book
genre dataset—and evaluate it using traditional
machine learning, deep learning, and transformer
models to establish strong baselines for future re-
search.

In this paper, we introduce BOIGENRE, the
first large-scale dataset for Bangla book genre clas-
sification based on summaries. This dataset ad-
dresses the scarcity of Bangla resources in natu-
ral language processing and reflects the diversity
of Bangla literature. We evaluate multiple models,
from traditional machine learning to transformer-
based architectures, establishing strong baselines
for future research. Future work may focus on ex-
panding the dataset, incorporating full texts, and
exploring advanced transformer or cross-lingual
models to further enhance Bangla genre classifica-
tion.
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2 Literature Review

Most research on book genre classification has
been conducted on English datasets such as
Goodreads and Project Gutenberg. These studies
primarily rely on user tags, full text, or book covers
for genre detection (McAuley et al., 2017; Iwana
et al., 2016). Some works have also used sum-
maries, such as Bhuiyan et al. (Bhuiyan et al.,
2023) and Adhikari (Adhikari, 2025), but these are
based on small English datasets with limited genre
coverage. In another direction, Pasha et al. (Pasha
et al., 2023) focused on Bangla poem classification,
though their work was restricted to only two genres
and did not use book summaries. In addition, mul-
tilingual and cross-lingual approaches have been
explored, including XLM-RoBERTa-based mod-
els for multiple languages (Classla, 2024), cross-
lingual summarization (Zhang et al., 2024), and
universal cross-lingual text classification (Savant,
2024), showing that genre detection can benefit
from transfer learning across languages.

Over the years, methods for genre detection
have evolved from simple TF-IDF and SVMs to
deep learning models and transformer-based ap-
proaches like BERT. While these models show bet-
ter performance, most prior works remain limited
to English datasets and face issues such as label
noise, class imbalance, and unclear genre defini-
tions (Iwana et al., 2016; Kabir et al., 2023). In
Bangla, resources are especially scarce, with exist-
ing datasets focusing mainly on sentiment analysis
rather than genre classification (Kabir et al., 2023;
Islam et al., 2021; Biswas, 2025; Alvi et al., 2022;
Mahmud and Mahmud, 2024; Ahmed et al., 2023).

Our dataset, BOIGENRE, addresses these gaps
by providing Bangla book summaries with well-
defined genre labels. Unlike noisy user tags or
cover images, summaries capture the narrative con-
text more directly. This makes the dataset suitable
for supervised genre detection and contributes a
new resource for Bangla, which has been underrep-
resented in this research area (Kabir et al., 2023).

3 The BOIGENRE Dataset

In this section, we describe the process of curating
the proposed BOIGENRE dataset. We outline the
data sources, collection strategy, and refinement
steps. These details provide the foundation for its
use in downstream experiments.

3.1 Data Collection
We constructed our dataset by collecting informa-
tion on books from the online bookstore Roko-
mari.1 In total, we gathered metadata for 25,951
books spanning 16 distinct genres. The data
collection process was carried out using the
BeautifulSoup library. We first compile a list
of URLs corresponding to the 16 genre cate-
gories available on the platform and then iteratively
scraped the details of each book from these pages.
Specifically, we scraped the title, author, genre,
and summary fields, which together provide a com-
prehensive representation of the metadata of each
book. This information forms the backbone of the
dataset, as it allows for both high-level categoriza-
tion across genres and fine-grained analysis based
on author contributions and narrative content. By
covering a wide range of genres and including sum-
maries alongside bibliographic details, the dataset
captures a diverse cross section of Bangla literature
and creates opportunities for multiple downstream
natural language processing tasks.

3.2 Preprocessing

Processing Step Samples Remaining
Initial collection 98,811
After removing missing summaries 46,677
After removing duplicates 25,951

Table 1: Number of samples retained after each data
pre-processing step.

The initial collection resulted in a total of 98,811
samples. However, a large portion of these records
were incomplete, particularly missing summaries.
After removing all samples without summaries, we
retained 46,677 valid entries. Next, we identified
and eliminated duplicate instances, where both the
title of the book and the summary were identical
across multiple records. This cleaning step was
crucial to reduce redundancy and ensure dataset
quality. Following the de-duplication process, the
final dataset consisted of 25,951 unique book sam-
ples, which form the basis for our subsequent ex-
periments and analyzes 1.

4 Statistical Analysis
Table 2 and related figures provide an overview of
the statistical properties of the BOIGENRE dataset
across genres. The distribution of samples reveals

1https://www.rokomari.com
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Genre N Words / Summ. Sents / Summ. TTR Vocab Size
Biography and Autobiography 5560 160.35±148.27 11.84±11.60 0.093 83148
Contemporary Novel 4669 136.17±89.32 14.21±10.61 0.103 65595
History and Tradition 3224 165.86±126.55 11.39±9.66 0.108 57626
Religious 2674 170.14±193.39 11.62±10.98 0.102 46290
Contemporary Story 2234 127.43±96.47 11.77±10.19 0.142 40506
Classic Novel 1189 139.59±112.08 13.56±11.91 0.183 30294
Thriller 1066 135.07±82.66 13.64±9.38 0.181 26125
Science Fiction 854 132.39±94.35 13.10±9.60 0.189 21348
Shishu Kishor 803 126.68±103.89 14.10±11.80 0.192 19567
Politics 778 172.64±159.49 11.36±10.34 0.175 23476
Philosophy 752 155.39±125.05 10.47±8.37 0.188 21991
Mystery 719 131.71±81.12 12.50±8.41 0.216 20497
Classic Story 593 135.25±189.75 12.08±21.28 0.246 19747
Adventure 354 140.39±132.46 14.01±12.03 0.261 12950
Math 267 178.46±171.03 11.67±10.93 0.178 8499
Cooking, Food and Nutrition 215 194.84±190.98 12.14±9.03 0.221 9274

Table 2: Summary statistics across genres. N is the number of summaries, Words / Summ. is the average number
of words per summary (mean±std), Sents / Summ. is the average number of sentences per summary (mean±std),
TTR is the type–token ratio (lexical diversity), and Vocab Size is the number of unique word types observed in each
genre.

that Biography and Autobiography is the most well-
represented category with 5,560 summaries, fol-
lowed by Contemporary Novel with 4,669 and His-
tory and Tradition with 3,224. In contrast, spe-
cialized domains such as Math and Cooking, Food
and Nutrition contain far fewer samples, only 267
and 215 respectively, indicating a strong imbal-
ance across genres that realistically reflects the
Bangla publishing landscape. Such imbalance also
introduces challenges for downstream modeling,
as classifiers must learn to generalize across both
abundant and scarce categories without biasing
predictions toward majority classes.

When looking at text length, notable differences
emerge. Summaries in Cooking, Food and Nu-
trition and Math are the longest on average, ex-
ceeding 175 words per summary, while Shishu
Kishor and Contemporary Story contain much
shorter summaries, around 127 words. Interest-
ingly, sentence-level statistics suggest that Contem-
porary Novel and Shishu Kishor have more seg-
mented narrative structures, with around 14 sen-
tences per summary, compared to only 10–12 sen-
tences in most other genres. This aligns with the
expectation that children’s and contemporary fic-
tion are written in shorter, more digestible units.

Lexical diversity, measured using type–token ra-
tio (TTR), varies across genres. Genres with fewer
samples, such as Adventure with a TTR of 0.261
and Classic Story with a TTR of 0.246, display
the highest lexical diversity, indicating more var-
ied vocabulary relative to their size. Larger do-

mains like Biography and Autobiography with a
TTR of 0.093 and Religious with a TTR of 0.102
show lower diversity, likely due to repeated the-
matic expressions. Broad domains such as Bi-
ography and Autobiography and Contemporary
Novel contribute the largest vocabularies with over
65,000–83,000 unique types, while narrow do-
mains like Math and Cooking, Food and Nutrition
have smaller vocabularies, under 10,000 types.

These findings suggest that the BOIGENRE
dataset captures a wide spectrum of Bangla liter-
ary styles, ranging from highly narrative forms to
compact, domain-specific texts. At the same time,
the inherent class imbalance poses a challenge, mo-
tivating the development of methods that can bet-
ter handle skewed distributions and improve perfor-
mance on minority genres.

5 Developing Benchmark for
BOIGENRE

To provide a benchmark for Bangla literary text
classification, we conduct experiments on the
BOIGENRE dataset. The collection covers a wide
spectrum of genres and exhibits substantial diver-
sity in narrative style, linguistic expression, and vo-
cabulary usage. Such variety makes BOIGENRE
a suitable resource for testing the capacity of dif-
ferent NLP models to generalize across heteroge-
neous text domains.
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Model Feature Set Vectorizer Accuracy (%) Precision (%) Recall (%) F1 Score (%)
SVM Unigram TF–IDF 63.58 62.88 63.58 63.02
Logistic Regression Unigram TF–IDF 61.00 63.10 61.00 61.40
Naive Bayes Unigram BoW 60.67 65.15 60.67 57.50
Gradient Boosting Unigram TF–IDF 55.47 55.04 55.47 53.54
SVM Bigram TF–IDF 54.10 52.88 54.10 53.21
SVM 2+3gram TF–IDF 53.28 52.15 53.28 52.49
Naive Bayes Bigram BoW 55.84 57.15 55.84 52.05
Naive Bayes 2+3gram BoW 54.76 55.54 54.76 51.11
Logistic Regression 2+3gram TF–IDF 51.08 52.28 51.08 51.07
Random Forest Unigram TF–IDF 54.35 65.83 54.35 48.71
BiLSTM Unigram fastText 57.17 57.62 57.17 55.84
Custom CNN Unigram fastText 60.79 59.26 60.79 59.23

BanglaBERT
Contextual
subword
embeddings

BanglaBERT
tokenizer 69.34 70.26 69.34 69.62

Table 3: Performance comparison of traditional machine learning models, deep learning architectures, and pre-
trained transformers for Bangla text classification. Accuracy, Precision, Recall, and F1 Score are reported as
weighted averages across classes. Best results are highlighted in bold.

5.1 Baseline Models and Features
To establish benchmark results on the BOIGENRE
dataset, we experiment with a diverse set of mod-
els, ranging from classical machine learning clas-
sifiers to neural architectures and pretrained trans-
formers. This setup enables us to analyze the rela-
tive effectiveness of shallow lexical features versus
contextualized embeddings in Bangla text classifi-
cation.

For lexical features, we extract unigram and
higher-order n-gram (bi- and tri-gram) represen-
tations at both the word and character levels.
These features are vectorized using TF–IDF and
Bag-of-Words (BoW), two widely used repre-
sentations in text classification tasks. Classical
classifiers, including Support Vector Machines
(SVM) (Cortes and Vapnik, 1995), Logistic Re-
gression (LR) (Le Cessie and Van Houwelingen,
1992), Naive Bayes (NB) (John and Langley,
1995), Random Forest (RF) (Breiman, 2001), and
Gradient Boosting (GB) (Friedman, 2001), are
trained on these feature sets. These models serve
as lightweight, interpretable baselines that capture
surface-level lexical correlations.

To incorporate distributed representations, we
utilize fastText embeddings (Joulin et al., 2017)
as inputs to neural models. A BiLSTM (Hochre-
iter and Schmidhuber, 1997) is employed to cap-
ture long-range sequential dependencies, while a
custom CNN (Kim, 2014) is used to detect local
compositional patterns. Such architectures have
shown effectiveness in morphologically rich lan-
guages, where subword-level modeling is essen-
tial.

We further evaluate a transformer-based model,
BanglaBERT (Bhattacharjee et al., 2022), pre-
trained on large-scale Bangla corpora. As a con-
textualized encoder, BanglaBERT captures both
semantic and syntactic information and represents
the strongest baseline in our study.

For evaluation, we report Accuracy, Precision,
Recall, and F1-score. Given the class imbalance
in BOIGENRE, the weighted F1-score is empha-
sized as the primary metric, as it balances preci-
sion and recall across unevenly distributed cate-
gories (Sokolova et al., 2006).

5.2 Results & Findings
Table 3 reports the performance of traditional
machine learning models, neural architectures,
and pretrained transformers on the BOIGENRE
dataset. BanglaBERT achieves the best results
with 69.34% accuracy and 69.62% F1, outper-
forming both classical and deep learning baselines.
Since the dataset is class-imbalanced, the F1 score
is a more reliable indicator of performance, and
BanglaBERT consistently leads across all metrics.

Among classical approaches, SVM with uni-
gram and TF–IDF performs strongest with 63.58%
accuracy, while higher-order n-grams degrade per-
formance due to sparsity. Naive Bayes performs
competitively on unigrams but shows weaker F1
scores, reflecting difficulty in handling minority
genres. Tree-based ensembles such as Random
Forest and Gradient Boosting perform worst, strug-
gling with sparse, high-dimensional features.

Neural models using fastText embeddings, such
as BiLSTM and a custom CNN, provide modest
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Genre Precision (%) Recall (%) F1 Score (%)
Adventure 40.85 50.00 44.96
Biography and Autobiography 79.52 77.05 78.26
Classic Novel 41.60 50.00 45.41
Classic Story 20.49 32.47 25.13
Contemporary Novel 75.19 67.05 70.89
Contemporary Story 60.53 66.59 63.41
Cooking, Food and Nutrition 100.00 92.86 96.30
History and Tradition 73.87 77.50 75.64
Math 96.49 96.49 96.49
Mystery 47.89 59.65 53.12
Philosophy 67.41 62.33 64.77
Politics 42.86 42.33 42.59
Religious 80.30 83.56 81.90
Science Fiction 73.17 83.33 77.92
Shishu Kishor 61.49 50.28 55.32
Thriller 63.01 52.87 57.50

Table 4: Classwise analysis for BanglaBERT model.

gains over traditional baselines, but remain be-
hind BanglaBERT. Their limitations suggest that
sequential or convolutional architectures alone can-
not capture the full morphological and semantic
complexity of Bangla text.

The superiority of BanglaBERT can be at-
tributed to its pretraining on large-scale Bangla
corpora, which enables it to model polysemy,
discourse-level structure, and genre-specific vari-
ation. At the same time, the relatively strong
unigram-based linear classifiers highlight that sur-
face lexical features remain effective for Bangla
classification tasks. Together, these findings em-
phasize both the promise of pretrained transform-
ers and the continued value of lightweight base-
lines for future work on Bangla NLP.

5.3 Error Analysis
As shown in Table 4, BanglaBERT achieves strong
performance on high-resource genres such as Bi-
ography and Autobiography (F1 78.26) and Reli-
gious (F1 81.90), as well as on domain-specific but
lexically narrow categories like Math and Cook-
ing, Food and Nutrition, where F1-scores exceed
95. In contrast, minority genres with high lexical
diversity such as Adventure with F1 44.96, Classic
Story with F1 25.13, and Mystery with F1 53.12
remain more difficult. This highlights how class
imbalance and high type–token ratio jointly limit
generalization. Table 2 shows that Adventure has
a TTR of 0.261 and Classic Story has a TTR of
0.246, indicating strong lexical variation despite
very small sample sizes, which makes them harder
to model consistently.

The word-level statistics in Appendix Table 6 re-

veal that frequent unigrams such asকের, এই, তার, and
এক appear across many genres, offering limited dis-
criminative value. Their dominance leads to fre-
quent misclassification between closely related cat-
egories, most notably Contemporary Novel, Clas-
sic Novel, Classic Story, and Shishu Kishor. Ap-
pendix Figure 1 confirms this pattern, showing
cosine similarity values above 0.90 among these
genres, which indicates a high degree of lexical
overlap. Such overlap makes surface word distri-
butions insufficiently distinctive and explains why
classifiers often confuse them. In contrast, domain-
specific genres like Math and Cooking, Food and
Nutrition exhibit much lower similarity with other
categories, with cosine scores below 0.55. Despite
having fewer samples, these genres achieve higher
classification accuracy because their specialized
vocabularies are more distinctive. These findings
show that classification errors in BOIGENRE are
shaped not only by class imbalance but also by sub-
stantial cross-genre vocabulary overlap, underscor-
ing the need for models that can capture deeper se-
mantic and contextual information beyond surface
lexical similarity.

Genre Sample Count

Biography and Autobiography 294
Politics 123
History and Tradition 41
Contemporary Story 3
Philosophy 2

Table 5: Genre-wise distribution of books associated
with “বঙ্গবনু্ধ” in the BOIGENRE dataset.

Another source of difficulty comes from the-
matic overlap across genres. Table 5 shows that
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books related to বঙ্গবনু্ধ are distributed across Biogra-
phy and Autobiography, Politics, and History and
Tradition. Because thematically similar material is
spread across multiple genres, the boundaries be-
tween classes are blurred, making it harder for the
model to assign the correct label.

Taken together, these observations show that
misclassification in BOIGENRE is shaped not only
by class imbalance but also by high lexical di-
versity in low-resource genres and significant vo-
cabulary overlap across thematically related cate-
gories. Future work can explore class-aware train-
ing strategies, targeted data augmentation, and
representation learning approaches that capture
deeper semantic and discourse-level patterns be-
yond surface lexical similarity.

6 Conclusion

In this paper, we introduce the first large-scale
dataset BOIGENRE for classifying the genres of
Bangla books based on summaries. This dataset
represents an important step toward enriching
Bangla resources in natural language processing
and capturing the diversity of Bangla literature.
We further evaluate a range of traditional, deep
learning, and transformer-based models to estab-
lish strong baselines for future research. Future
work may focus on expanding the dataset with
additional sources and genres, incorporating full
texts for deeper contextual understanding, and ad-
dressing class imbalance and linguistic variations.
Moreover, exploring human evaluation methods
and advanced transformer or cross-lingual models
could further enhance the robustness and general-
ization of Bangla genre classification systems.

7 Limitations

Despite the contributions of this study, several lim-
itations remain. The BOIGENRE dataset was com-
piled solely from the Rokomari website, which
may not capture the full diversity of Bangla lit-
erature in terms of writing style, era or publica-
tion source. The dataset also exhibits class im-
balance, as certain genres contain fewer samples
than others, potentially affecting the model’s abil-
ity to generalize across all categories. Furthermore,
since the dataset is based only on book summaries
rather than complete texts, it may lack deeper
contextual or stylistic cues that are often essen-
tial for accurate genre identification. The current
work focuses on sixteen primary genres, leaving

out finer subgenres or overlapping categories that
could provide more nuanced classification. Lin-
guistic variations, such as regional dialects, infor-
mal spellings, and transliterated words, can also
introduce inconsistencies within the data. In ad-
dition, the evaluation relied solely on quantitative
performance metrics like Accuracy, Precision, Re-
call, and F1-score, without incorporating human
judgment or interpretability analysis. Lastly, while
transformer-based models such as BanglaBERT
achieved strong performance, further experiments
with multilingual or domain-specific transformers
could provide deeper insights into model robust-
ness and cross-domain generalization.
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Genre 10 Most Frequent Words
Adventure এক (491), কের (404), েথেক (361), আর (334), তার (311), এই (260), িকন্তু (200), একটা (197), এবং (192),

করেত (172)

Biography and Autobiography এই (7773), এবং (6355), িতিন (6264), কের (6255), তঁার (5892), েথেক (5171), তার (4503), এক (3964),
এর (3804), আর (3329)

Classic Novel কের (1572), তার (1371), এই (1350), এক (1082), আর (1056), েথেক (895), আমার (774), এবং (716),
িকন্তু (693), আিম (619)

Classic Story গল্প (873), এই (693), কের (638), তার (540), এক (484), আর (453), েথেক (372), এবং (339), গেল্পর (324),
আেছ (283)

Contemporary Novel কের (6746), তার (5985), এই (5265), এক (4520), আর (4509), েথেক (3735), হয় (2771), হেয় (2681),
আমার (2498), িকন্তু (2489)

Contemporary Story গল্প (3123), কের (2621), এই (2367), তার (1736), আর (1638), এক (1547), েথেক (1479), গেল্পর (1456),
আমার (1410), জীবেনর (1259)

Cooking, Food and Nutrition রান্না (438), এই (357), রান্নােরর (329), কের (303), খাবার (229), িচেকন (225), করা (222), েথেক (204), ইিলশ
(199), এবং (195)

History and Tradition এই (4809), এবং (4253), কের (3973), ইিতহাস (3396), েথেক (3340), একিট (2227), এর (2119), িছল
(2078), করা (2077), হেয়েছ (1964)

Math গিণত (831), গিণেতর (504), এই (501), কের (398), এবং (351), করা (333), বইিট (321), জনয্ (299), েথেক
(272), সমাধান (271)

Mystery এক (851), কের (842), এই (821), আর (654), তার (650), েথেক (572), রহসয্ (499), িকন্তু (459), েসই (414),
আেছ (351)

Philosophy এবং (1150), এই (1116), কের (929), েথেক (649), করা (583), দশর্ন (538), তার (536), একিট (497), হেয়েছ
(473), এর (454)

Politics এই (1157), এবং (1110), কের (1067), েথেক (734), একিট (634), িতিন (590), করা (583), রাজৈনিতক (561),
তার (548), েশখ (535)

Religious কের (3904), এবং (3412), করা (2988), েথেক (2901), এই (2887), জনয্ (2424), এর (2349), তার (2213),
আমােদর (1892), আর (1701)

Science Fiction কের (1208), তার (971), এই (919), এক (898), আর (854), েথেক (817), করেত (528), িকন্তু (481), একটা
(455), এবং (443)

Shishu Kishor কের (1154), তার (908), আর (834), এই (727), এক (597), েথেক (592), িকন্তু (448), একটা (439), কথা
(433), আমার (408)

Thriller এক (1708), কের (1323), তার (1316), এই (1255), আর (1018), েথেক (916), িকন্তু (747), করেত (641),
একটা (579), হেয় (579)

Table 6: Top 10 most frequent Bangla word unigrams for each genre in the BOIGENRE dataset, shown with their
raw occurrence counts. The list highlights the strong lexical overlap across narrative genres such as Contemporary
Novel, Classic Novel, and Shishu Kishor, where frequent tokens like কের, এই, তার, and এক appear repeatedly across
categories. This overlap contributes to cross-genre confusion observed in later analyses (Table 4 and Figure 1).
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Figure 1: Cosine Similarity of Vocabulary Between Genres (TF-IDF Vocabulary).
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Figure 2: Normalized confusion matrix for BanglaBERT on the BOIGENRE dataset. The diagonal values indicate
correctly predicted proportions per genre, while off-diagonal values represent misclassifications between closely
related categories.
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Abstract

The advancement of NLP technologies for low-
resource and endangered languages is critically
hindered by the scarcity of high-quality, par-
allel corpora. This is particularly true for lan-
guages like Chakma, which also faces the chal-
lenge of prevalent non-standard, romanized
script usage in digital communication. To ad-
dress this, we introduce ChakmaBridge, the
first five-way parallel corpus for Chakma, con-
taining 807 sentences aligned across English,
Standard Bangla, Bengali-script Chakma, Ro-
manized Bangla, and Romanized Chakma. Our
dataset is created by augmenting the MELD
corpus with LLM-generated romanizations that
are rigorously validated by native speakers. We
establish robust machine translation baselines
across six diverse language and script pairs.
Our experiments reveal that a multilingual train-
ing approach, combining English and Bangla
as source languages, yields a dramatic perfor-
mance increase, achieving a BLEU score of
0.5228 for Chakma translation, a 124% relative
improvement over the best bilingual model. We
release ChakmaBridge to facilitate research in
low-resource MT and aid in the digital preser-
vation of this endangered language.

1 Introduction

While Large Language Models (LLMs) have driven
remarkable progress in Natural Language Process-
ing (NLP), these advancements have not been
shared equally across the globe’s linguistic land-
scape (Joshi et al., 2020). Low-resource languages,
which are spoken by millions but lack extensive
digital corpora, are often excluded from the bene-
fits of modern NLP. This paper addresses this gap
by focusing on two such languages from the Indian
subcontinent: Bangla and Chakma.

Bangla (Bengali), an Indo-Aryan language with
over 270 million native speakers worldwide, is one
of the most spoken languages, yet it remains sig-
nificantly under-resourced in the digital domain

compared to languages like English. The Chakma
language, also a member of the Indo-Aryan fam-
ily, is spoken by approximately 800,000 people
across communities in Bangladesh, India, and
Myanmar (Chakma et al., 2024; Bangladesh Bu-
reau of Statistics, 2023). Despite its significant
speaker base, Chakma is classified as “Definitely
Endangered” (Saikia and Haokip, 2023), facing im-
mense pressure from dominant regional languages
and a critical scarcity of digital resources needed
for its preservation and revitalization (Chakma and
Maitrot, 2016).

The challenge of digital inclusion is com-
pounded by the widespread use of non-standard
scripts in online communication. A prevalent form
of text for both Bangla and Chakma on social media
and messaging platforms is a romanized version,
where the Latin alphabet is used to phonetically
represent native words (Moosa et al., 2023). This
practice, driven by the ubiquity of QWERTY key-
boards, creates a vast but unstructured data source.
While this informal text is a valuable linguistic re-
source, its potential remains largely untapped due
to the lack of standardized, parallel datasets that
connect it to its native-script counterparts (Roark
et al., 2020).

While some foundational computational work
exists for Chakma, such as models for character
recognition (Podder et al., 2023) and speech identi-
fication (Pratap et al., 2024), research in machine
translation (MT) remains nascent. Previous stud-
ies have highlighted the potential of pre-trained
models for Chakma translation but have also un-
derscored the limitations imposed by fragmented
and incomplete data (Chakma et al., 2024). we in-
troduce ChakmaBridge, a new, comprehensive par-
allel dataset for the Chakma language. By releas-
ing this meticulously curated and validated dataset,
we aim to empower researchers to develop MT
systems that can handle both official scripts and
the informal romanized text common in daily dig-
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Figure 1: Sample entries from the final five-way parallel ChakmaBridge dataset, illustrating the alignment across
English, Standard Bangla, Romanized Bangla, Bengali-script Chakma, and Romanized Chakma.

ital communication. This work seeks to promote
linguistic diversity, support the preservation of an
endangered cultural heritage, and foster greater dig-
ital inclusion for the Chakma-speaking community.
Our dataset and the code for our baseline exper-
iments are publicly available on GitHub1. Our
contributions are two-fold:

1. We introduce ChakmaBridge, the first five-
way parallel corpus for Chakma, augment-
ing the 807 sentences from the MELD
dataset (Mahi et al., 2025) with novel, LLM-
generated and human-validated columns for
Romanized Bangla and Romanized Chakma.

2. We establish robust translation baselines
across six different language and script modal-
ities, demonstrating the dataset’s utility and
providing a crucial starting point for future
research in low-resource MT.

2 Dataset Creation

The creation of our dataset was a multi-stage pro-
cess designed to build upon an existing resource,
augment it with high-quality, semi-automatically
generated data, and validate its integrity through
a rigorous human-in-the-loop protocol. This sec-
tion details our data collection and augmentation
pipeline, the validation procedure, a statistical anal-
ysis of the final corpus, and the experimental setup
for establishing baseline translation models.

1https://github.com/borhanitrash/ChakmaBridge

2.1 Data Collection and Augmentation

Our work commences with the MELD (Multilin-
gual Ethnic Language Dataset), a valuable resource
for low-resource languages of Bangladesh (Mahi
et al., 2025). The MELD corpus was compiled
through structured interviews with native speak-
ers. Crucially, for languages like Chakma that
have their own script (Ajhā Pāt.h), the data was
phonetically represented using the Bengali script, a
common practice for digital communication among
the language community. From this resource, we
isolated the complete parallel corpus of 807 sen-
tences where Chakma was available, forming a
foundational dataset with three aligned columns:
English, Standard Bangla, and Chakma (repre-
sented in Bengali script).

The primary contribution of our work is the
augmentation of this corpus with romanized paral-
lels, addressing the widespread use of Latin script
for informal digital communication. To gener-
ate the new columns, Romanized Bangla and
Romanized Chakma, we employed a state-of-the-
art Large Language Model (LLM), Gemini 2.5 Pro
(Comanici et al., 2025). The model was provided
with the Standard Bangla text as input to pro-
duce the Romanized Bangla output, and similarly,
the Bengali-script Chakma text was used to gener-
ate the Romanized Chakma column. This semi-
automated process resulted in ChakmaBridge, a
new five-column parallel dataset designed to facili-
tate research in transliteration, normalization, and
multilingual MT between different scripts.
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2.2 Validation Protocol

Given the generative nature of the romaniza-
tion process, we implemented a rigorous, human-
centric validation protocol to ensure the quality
and authenticity of the LLM-generated text. The
complete set of 807 generated sentence pairs un-
derwent an initial quality assurance review. This
process was carried out by a team of three: two
senior-year undergraduate students in Computer
Science and Engineering, and a professor with a
PhD in Electronic Human Resource Management.
Their role was to ensure the LLM’s output accu-
rately corresponded to the source text, verifying
the transliteration alignment rather than the seman-
tic content. Any transliteration errors or outputs
that were clearly inconsistent with the input were
identified and corrected during this review.

Following this initial pass, we performed a quan-
titative assessment to measure the alignment be-
tween the LLM’s output and natural human translit-
erations. We randomly sampled 20 sentences from
the dataset. For the Romanized Bangla column,
the corresponding Standard Bangla sentences
were provided to two native Bengali speakers (both
undergraduate engineering students) to produce
their own romanized versions. For the Romanized
Chakma column, the Bengali-script Chakma sen-
tences were given to two native Chakma speak-
ers (an undergraduate engineering student and a
registered nurse). The LLM’s romanizations were
then systematically compared against the human-
generated versions using a suite of standard eval-
uation metrics: BLEU (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), and the
BERTScore F1 (Zhang et al., 2019) to evaluate
semantic similarity. The results of this validation
are presented in Table 1, demonstrating a high de-
gree of correlation. Further examples illustrating
the natural variations between the LLM and na-
tive speaker romanizations for both Bangla and
Chakma can be found in Appendix A (Figures 2
and 3).

Lang. Comparison BLEU METEOR BERTScore

Bangla LLM vs. Native 1 0.7188 0.8837 0.9751
LLM vs. Native 2 0.6474 0.8308 0.9608

Chakma LLM vs. Native 1 0.5962 0.7203 0.9391
LLM vs. Native 2 0.5143 0.7034 0.9009

Table 1: Validation Scores: LLM vs Two Native Speak-
ers (Bangla & Chakma)

2.3 Dataset Analysis and Statistics

The final ChakmaBridge dataset contains 807 paral-
lel sentences. A sample from the corpus, showcas-
ing the five-way alignment across all languages and
scripts, is presented in Figure 1. We partitioned the
data into training (564 sentences), validation (81
sentences), and test (162 sentences) splits, ensuring
a standard 70/10/20 distribution. Table 2 provides
a detailed breakdown of the dataset’s composition,
including the number of tokens and vocabulary size
for each language across the splits.

Further statistical properties of the corpus are
detailed in Table 3. This analysis highlights key
linguistic characteristics; for instance, Romanized
Bangla has a higher mean character length (34.08)
than its Bengali-script counterpart, Standard
Bangla (30.81), reflecting phonetic spelling con-
ventions. Furthermore, the vocabulary size for
Bengali-script Chakma (1501 unique words) is the
largest in the corpus, underscoring the lexical di-
versity captured.

2.4 Experimental Setup for Baselines

To demonstrate the utility of our dataset and es-
tablish robust benchmarks for future research, we
conducted a series of machine translation experi-
ments. We utilized two powerful, publicly available
multilingual models: mBART-50 (Li et al., 2021)
and NLLB-200 (Costa-Jussà et al., 2022). For all
experiments, the models were fine-tuned for 25
epochs using a learning rate of 5e-5, a batch size
of 8, and gradient accumulation over 2 steps. Per-
formance was evaluated using BLEU, METEOR,
and BERTScore F1. We designed six distinct trans-
lation tasks to evaluate performance across vari-
ous language and script modalities: (1) English to
Chakma, (2) Standard Bangla to Chakma, (3) En-
glish to Romanized Chakma, (4) Standard Bangla
to Romanized Chakma, (5) Romanized Bangla to
Romanized Chakma, and (6) a multilingual task of
English + Standard Bangla to Chakma. In these
tasks, the ‘Chakma‘ target refers to its Bengali
script representation. These experiments serve as
comprehensive baselines for future work on this
low-resource language pair.

3 Results and Discussion

To establish robust baselines and demonstrate the
utility of ChakmaBridge, we evaluated the per-
formance of two powerful multilingual models,
mBART-50 and NLLB-200, across the six trans-
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Language Number of Sentences Total Tokens Vocab Size
Train Valid Test Total Train Valid Test Total Train Valid Test Total

English 564 81 162 807 3334 480 996 4810 903 238 380 1139
Standard Bangla 564 81 162 807 2989 434 901 4324 1002 239 413 1273
Romanized Bangla 564 81 162 807 2995 435 905 4335 1008 237 413 1275
Chakma 564 81 162 807 3127 457 932 4516 1190 272 467 1501
Romanized Chakma 564 81 162 807 3123 455 933 4511 1136 267 453 1431

Table 2: Data Statistics per Language: Sentences, Tokens, Vocabulary (Train, Val, Test)

Column Mean Char. Max Char. Min Char. Mean Word Max Word Min Word Unique Word Unique Sent.
Length Length Length Count Count Count Count Count

English 30.65 102 7 5.96 16 2 1192 775
Standard Bangla 30.81 83 9 5.36 12 2 1273 789
Romanized Bangla 34.08 95 10 5.37 12 2 1316 784
Chakma 28.62 83 6 5.60 14 2 1501 801
Romanized Chakma 31.39 94 7 5.59 14 2 1484 803
Total Dataset 31.11 102 6 5.58 16 2 5973 3952

Table 3: Detailed character-level and word-level statistics for each column in the dataset.

lation tasks outlined in Section 2.4. The com-
plete results, measured by BLEU, METEOR, and
BERTScore F1, are presented in Table 4.

Overall Performance and Model Comparison.
Across most tasks, NLLB-200 generally outper-
forms mBART-50. For instance, in the Standard
Bangla → Chakma task, NLLB-200 achieves a
BLEU score of 0.2330, surpassing mBART-50’s
score of 0.2016. This trend suggests that NLLB-
200’s broader pre-training on a more diverse set
of languages, including those from the Indo-Aryan
family, provides a better foundation for fine-tuning
on low-resource pairs like Bangla-Chakma. While
the BLEU and METEOR scores are modest, which
is expected for such a low-resource scenario, the
high BERTScore F1 values (consistently above
0.80) indicate that the models are successful in
capturing the semantic content of the translations,
even when n-gram overlap is limited.

Impact of Source Language. Comparing the
performance of English vs. Standard Bangla as
the source language reveals an interesting pattern.
For translation into Bengali-script Chakma, us-
ing Standard Bangla as the source yields consis-
tently better results than using English. NLLB-200
achieves a BLEU score of 0.2330 from Bangla,
compared to 0.1975 from English. This is likely
due to the significant lexical and syntactic simi-
larities between Bangla and Chakma, both being
Eastern Indo-Aryan languages. The shared vocabu-
lary and grammatical structures provide a stronger
transfer learning signal.

Challenges of Script Transliteratio. The exper-
iments involving romanized targets highlight the
added complexity of script conversion. The task

of translating from Standard Bangla to Roman-
ized Chakma proves challenging, with NLLB-200
achieving a BLEU score of 0.1867. This task re-
quires the model to perform both semantic trans-
lation (Bangla to Chakma) and phonetic translit-
eration (Bengali script to Latin script) simultane-
ously. Interestingly, the direct translation from Ro-
manized Bangla to Romanized Chakma (BLEU of
0.2057 with NLLB-200) performs better, suggest-
ing that when the source and target share the same
script, the model can focus more effectively on the
linguistic translation task.

The Power of Multilingual Training. The most
significant finding is the dramatic performance
improvement in the multilingual training setting.
By jointly training on both English and Standard
Bangla source sentences, the NLLB-200 model’s
performance skyrockets, achieving a BLEU score
of 0.5228, a METEOR score of 0.6486, and a
BERTScore F1 of 0.9136. This represents a rel-
ative improvement of over 124% in BLEU score
compared to the next best individual task (Stan-
dard Bangla → Chakma). This substantial gain
likely stems from several factors. First, the larger
and more diverse training data provides a powerful
regularization effect, preventing the model from
overfitting on the small ChakmaBridge training set.
Second, by being exposed to the syntactically dis-
tinct English (SVO) alongside the similar Bangla
(SOV), the model is forced to learn more abstract
and robust cross-lingual representations rather than
relying on surface-level pattern matching between
the two related Indo-Aryan languages. This en-
courages the development of a more generalized
translation capability.
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Translation Direction Model BLEU METEOR BERTScore F1

English → Chakma mBART-50 0.1788 0.3449 0.8340
NLLB-200 0.1975 0.3710 0.8474

Standard Bangla → Chakma mBART-50 0.2016 0.3640 0.8451
NLLB-200 0.2330 0.4042 0.8578

English → Romanized Chakma mBART-50 0.1836 0.3217 0.8794
NLLB-200 0.1489 0.3038 0.7911

Standard Bangla → Romanized Chakma mBART-50 0.1664 0.3365 0.7916
NLLB-200 0.1867 0.3505 0.8857

Romanized Bangla → Romanized Chakma mBART-50 0.1980 0.3914 0.8247
NLLB-200 0.2057 0.3817 0.8246

Multilingual (English + Standard Bangla) → Chakma mBART-50 0.2744 0.4608 0.8646
NLLB-200 0.5228 0.6486 0.9136

Table 4: Translation Performance Across Directions and Models (BLEU, METEOR, BERTScore F1)

Qualitative Error Analysis. To better under-
stand the models’ performance beyond quantita-
tive metrics, we conducted a qualitative analysis of
common errors in the output of the best-performing
multilingual model (NLLB-200). We identified
three primary categories of errors: (1) Lexical
Choice Errors, where the model selects a semanti-
cally related but contextually incorrect word (e.g.,
translating "house" as "building"). (2) Grammat-
ical Errors, primarily involving incorrect postpo-
sitions or verb conjugations, which are common
challenges in morphologically rich languages like
Chakma. (3) Omissions, where the model fails
to translate a specific noun or adjective from the
source sentence, leading to a loss of detail. These
errors suggest that while the model effectively cap-
tures the overall meaning, as indicated by the high
BERTScore, it still struggles with fine-grained lex-
ical and syntactic details, a typical challenge when
fine-tuning on a small dataset. Future work could
explore data augmentation or constrained decoding
techniques to mitigate these specific error types.

4 Conclusion

In this work, we introduced ChakmaBridge, a novel
five-way parallel corpus designed to advance NLP
research for the low-resource, endangered Chakma
language. By augmenting the foundational MELD
dataset with human-validated, LLM-generated ro-
manized parallels for both Chakma and Bangla, we
have created a unique resource that reflects mod-
ern digital communication practices. Our com-
prehensive baseline experiments demonstrate the
dataset’s utility for a range of machine translation
tasks across different scripts. Notably, our findings
reveal that a multilingual training approach, com-
bining both English and the linguistically closer
Bangla, dramatically improves translation quality
into Chakma, boosting performance by over 124%
in BLEU score. We release ChakmaBridge to the

community with the hope that it will spur further
research, aid in the development of practical trans-
lation tools, and contribute to the digital preser-
vation of the Chakma language and its rich cul-
tural heritage. Future efforts should build upon this
by focusing on dataset expansion, exploring data
augmentation strategies, and incorporating direct
support for the native Chakma script.

Limitations

While ChakmaBridge represents a significant step
forward, we acknowledge several limitations that
offer clear avenues for future research. First, the
primary limitation is the modest size of the corpus.
At only 807 sentences, it is insufficient for training
robust neural models from scratch and restricts the
generalizability of our findings. While our multi-
lingual approach serves as a mitigation strategy by
leveraging high-resource data, future work should
explore targeted data augmentation techniques like
back-translation to artificially expand the training
set. Second, our romanization methodology has in-
herent constraints. The LLM-generated text, while
validated, is likely more standardized and cleaner
than the noisy, orthographically diverse "in-the-
wild" romanization found in user-generated con-
tent. This could limit the real-world applicability
of models trained on this data. Furthermore, our
validation protocol, based on a small sample of 20
sentences, provides a preliminary quality check but
is not extensive enough to offer definitive statis-
tical confidence. Finally, our work is scoped to
Chakma as represented in the Bengali script. A key
omission is the lack of evaluation or direct support
for the native Chakma (Ajhā Pāt.h) script. Devel-
oping resources and models capable of processing
and generating the native script is a critical and
necessary next step for the comprehensive digital
revitalization of the language.
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Figure 2: Validation samples for Romanized Bangla, comparing the LLM-generated output with versions from two
native speakers. The table highlights the natural diversity in phonetic romanization; for instance, the sound ’ch’ is
variably rendered as ’cch’ (paccho) or ’chh’ (pachho). Such nuances demonstrate the challenge of standardizing
romanized text and the importance of our validation process.

Figure 3: Validation samples for Romanized Chakma. This figure demonstrates key phonetic distinctions often
found in native Chakma romanization that may be missed by automated systems. For example, the alternation
between ’p’ and ’f’ sounds (e.g., puriyoj vs. furioj and paribi vs. faribe) reflects a common phonological variation.
Capturing these subtle, real-world differences is crucial for developing robust transliteration and translation models.
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Abstract
Translating from a standard language to its
regional dialects is a significant NLP chal-
lenge due to scarce data and linguistic vari-
ation, a problem prominent in the Bengali
language. This paper proposes and com-
pares two novel RAG pipelines for standard-
to-dialectal Bengali translation. The first,
a Transcript-Based Pipeline, uses large di-
alect sentence contexts from audio transcripts.
The second, a more effective Standardized
Sentence-Pairs Pipeline, utilizes structured
local_dialect:standard_bengali sentence pairs.
We evaluated both pipelines across six Bengali
dialects and multiple LLMs using BLEU, ChrF,
WER, and BERTScore. Our findings show that
the sentence-pair pipeline consistently outper-
forms the transcript-based one, reducing Word
Error Rate (WER) from 76% to 55% for the
Chittagong dialect. Critically, this RAG ap-
proach enables smaller models (e.g., Llama-3.1-
8B) to outperform much larger models (e.g.,
GPT-OSS-120B), demonstrating that a well-
designed retrieval strategy can be more crucial
than model size. This work contributes an effec-
tive, fine-tuning-free solution for low-resource
dialect translation, offering a practical blueprint
for preserving linguistic diversity.

1 Introduction

The Bengali language’s diverse and culturally sig-
nificant regional dialects (Paul et al., 2024; Khan-
daker et al., 2025; Wasi et al., 2024) are criti-
cally underrepresented in machine translation (MT)
(Khandaker et al., 2025). While some research
translates dialects into standard Bengali (Faria
et al., 2023), the reverse task: translating from
standard to regional variants, remains a more chal-
lenging and largely unexplored problem (Khan-
daker et al., 2025). This gap is driven by the lack
of parallel standard-to-dialect corpora, a common
challenge for low-resource languages (Klementiev
et al., 2012; Yakhni and Chehab, 2025). Conse-
quently, Large Language Models (LLMs) often fail

to capture subtle dialectal nuances without special-
ized guidance, resulting in inaccurate translations
(Yakhni and Chehab, 2025; Kadaoui et al., 2023).

This paper’s contributions are as follows:

• We design and evaluate two distinct, fine-
tuning-free pipelines for standard-to-dialectal
Bengali translation using in-context learning:
(1) a Transcript-Based Pipeline that uses di-
alectal audio transcripts as context for large
LLMs, and (2) a Standardized Sentence-Pairs
Pipeline that uses standard-dialect sentence
pairs for smaller LLMs.

• We systematically compare these approaches
across multiple Large Language Models
(LLMs) and six underrepresented Bengali di-
alects: Chittagong, Comilla, Habiganj, Rang-
pur, Sylhet, and Tangail.

• Our findings identify the optimal strategy
for different conditions, providing a practical
blueprint for developing Machine Translation
(MT) systems for low-resource dialects.

2 Related Works

The task of translating between standard languages
and dialects presents significant challenges. To
address these, our work is situated at the intersec-
tion of existing research on dialect processing and
emerging methodological approaches, which we
review below.

Bangla Dialect Processing. Research in Bangla
dialect processing has largely focused on identifica-
tion and dialect-to-standard translation, leveraging
the Vashantor dataset (Faria et al., 2023). This
corpus, covering the Chittagong, Noakhali, Sylhet,
Barishal, and Mymensingh dialects, has been used
to train fine-tuned models and prompt LLMs for
these tasks (Faria et al., 2023; Paul et al., 2024).
In contrast, the data-scarce standard-to-dialect di-
rection is less explored. This reverse task was ad-
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dressed by Khandaker et al. (2025) via fine-tuning
neural models on the Vashantor dataset. Our work
also tackles this challenge, proposing a fine-tuning-
free, retrieval-augmented alternative.

Dialect Translation in Other Languages. Sim-
ilar challenges exist elsewhere; studies on Ara-
bic explore fine-tuning and prompting for dialect
translation (Alabdullah et al., 2025). Research
on Lebanese Arabic highlights LLMs’ failure to
capture cultural nuances without authentic data
(Yakhni and Chehab, 2025), underscoring our
transcript-based approach and the practice of com-
paring different methods. (Alabdullah et al., 2025;
Liu et al., 2023; Han et al., 2024).

Applying RAG to Dialect Translation. Our
pipelines utilize Retrieval-Augmented Generation
(RAG), where retrieved dialect sentence pairs or
transcript excerpts serve as few-shot in-context ex-
amples for an LLM. While RAG is established for
question-answering, its application to low-resource
dialect translation is an emerging area(Perak et al.,
2024; Ndimbo et al., 2025; Kyslyi et al., 2025;
Miyagawa, 2025). This RAG-inspired approach
mitigates data scarcity and helps preserve cultur-
ally specific lexical and pragmatic patterns during
translation.

3 Methodology

We compare two strategies for standard-to-dialectal
Bangla translation, using two distinct datasets each
tailored to a specific pipeline.

3.1 Datasets
3.1.1 Dataset-01: Transcript-Based Dataset

(for Pipeline 1)

District # of data points
Sylhet 7,624
Kishoreganj 2,049
Narail 1,859
Chittagong 1,757
Narsingdi 1,373
Sandwip 1,310
Rangpur 1,298
Tangail 1,271
Habiganj 1,170
Barishal 1,006
Comilla 318
Noakhali 278
Total 21,313

Table 1: Dialect coverage and number of sentences in
the transcript-based dataset.

This dataset (Hassan et al., 2025), from transcribed
audio of local Bengali dialects, contains long, con-

textually rich sentences reflecting spoken language.
Its broad district coverage captures diverse lexical
and syntactic variation, ideal for in-context retrieval
by large LLMs.

3.1.2 Dataset-02: Standardized
Sentence-Pairs Dataset (for Pipeline 2)

Structured as key-value pairs of lo-
cal_dialect_sentence:standard_bengali_translation
(Hassan et al., 2025), the raw data initially con-
tained many small, fragmented sentences. Our
preprocessing attempt to merge them yielded mod-
est improvement in similarity search performance.

District Before preprocessing After preprocessing
Chittagong 7,193 7,295
Habiganj 5,375 5,457
Rangpur 4,061 4,140
Kishoreganj 3,653 3,898
Tangail 353 365
Total 20,635 21,155

Table 2: Dialect coverage and number of sentence-pairs
in the standardized dataset, shown before and after pre-
processing.

3.2 Dataset Preprocessing and Indexing

We developed two distinct preprocessing and index-
ing pipelines for our retrieval systems to accommo-
date significant differences between our datasets:
the first dataset contains long, formal sentences
(mean 38.2 words), while the second has short, con-
versational fragments (mean 6.9 words), necessitat-
ing a more intensive and specialized preprocessing
approach.

3.2.1 Pipeline 1: Standard Preprocessing

For Dataset-01, our pipeline focused on robust
cleaning and direct embedding. The key steps were:
Text Cleaning: We loaded raw transcriptions, fil-
tered invalid data, and ensured consistent UTF-8
encoding.
Metadata and Quality Metrics: Each entry was
augmented with metadata (ID, dialect, length) and
quality metrics like word count and text complex-
ity.
Hybrid Indexing: We adopted a hybrid retrieval
approach for both semantic and lexical matching:

Dense Index: We generated 768-dimensional
embeddings using the l3cube-pune/bengali-
sentence-similarity-sbert model (Deode et al.,
2023), a model specifically fine-tuned for semantic
similarity on Bengali text. These were L2-

267



normalized and indexed with FAISS1 (IndexFlatIP)
for efficient cosine similarity search (Douze et al.,
2024).

Sparse Index: Concurrently, we built a
rank_bm25 index for keyword-based sparse re-
trieval (Robertson and Zaragoza, 2009).

3.2.2 Pipeline 2: Augmented Preprocessing
for Short Texts

The shorter sentence pairs in Dataset-02 required
a more sophisticated pipeline to enrich contextual
information before embedding.
Systematic Text Normalization: We applied a
multi-step normalization function including Uni-
code NFC, standardization of Bengali digits and
punctuation, and collapsing repeated whitespace
and characters.
Short Fragment Augmentation: To add cru-
cial context to short texts, we tagged sentences
with fewer than three tokens as [[SHORT]] and
applied content-based tags like [[QUESTION]].
Consecutive short entries from the same dialect
were merged into a single, contextually rich record
marked [[MERGED]].
Structured Representation: Before embedding,
each entry was formatted as: District: {district}
| STANDARD: {standard_norm} | LOCAL: {lo-
cal_norm_tagged}. This structure explicitly pro-
vides the model with dialectal, standard, and aug-
mented local information to learn region-specific
translation patterns.
Hybrid Indexing: As in the first pipeline, we gen-
erated hybrid dense (FAISS) and sparse (BM25)
indices from these structured representations to en-
hance retrieval performance.

The intensive augmentation step was designed
to address the fact that shorter sentences in Dataset-
02 lack self-contained context. Our merging and
tagging strategies artificially created this context,
providing a richer signal to the embedding model
and mitigating the ambiguity of short utterances.

3.3 Translation Pipelines

3.3.1 Pipeline 1: Transcript-Based Pipeline
for Larger LLMs

This pipeline is designed for simplicity and is par-
ticularly effective for large, powerful LLMs that
have been pre-trained on extensive Bengali data.
The workflow is as follows:

1https://github.com/facebookresearch/faiss

Figure 1: Pipeline 1 translation workflow.

Input: A standard Bengali sentence and target
dialect are provided by the user. The input sentence
then undergoes standard text normalization and
tokenization to prepare it for processing.
Hybrid Vector-Based Retrieval: We use a hybrid
system to find relevant examples, combining two
methods. For Dense Retrieval, the same sentence
transformer from indexing generates an embedding
of the input to find semantically similar sentences
via a cosine similarity search on the FAISS index.
For Sparse Retrieval, a BM25Okapi algorithm
performs term-frequency based matching to iden-
tify sentences with exact lexical matches and key
dialect-specific terms. Finally, a Hybrid Fusion
combines the scores using a weighted fusion (70%
dense, 30% sparse), and the results are then filtered
by the target dialect and ranked.
Context Construction & LLM-Based Transla-
tion: A few-shot context is constructed by selecting
the top n (a user-defined hyperparameter) sentence
pairs, ranked by similarity. This context, along
with a task instruction and the input sentence, is
then formatted into a prompt and fed to an LLM to
generate the final translation. A sample prompt is
provided in Appendix B.

3.3.2 Pipeline 2: Standardized Sentence-Pairs
Pipeline for Smaller LLMs

This pipeline is more complex, designed to maxi-
mize retrieval accuracy as Dataset-02 has relatively
smaller sentence pairs. Since it retrieves both the
local_dialect and standard_bengali sentence pairs,
it is also designed for smaller, more efficient LLMs
that might not be pre-trained on extensive Bengali
data. The workflow is as follows:

268



Figure 2: Pipeline 2 translation workflow.

Input and Normalization: The input Standard
Bengali sentence undergoes a comprehensive nor-
malization process, which includes Unicode nor-
malization, removal of zero-width characters, punc-
tuation standardization, and numeral conversion.
Queries shorter than four tokens are tagged as short.
Hybrid Retrieval with Adaptive Weighting: We
identify relevant sentence pairs using a hybrid ap-
proach with dynamic weights. For Dense Re-
trieval, the same sentence transformer from in-
dexing encodes the input for a FAISS cosine simi-
larity search to find semantically similar examples.
Sparse Retrieval uses BM25 for lexical match-
ing. The appended [[SHORT]] tag to the input is
to specifically target other short examples in the
corpus. The fusion employs Adaptive Weight-
ing based on query length: standard queries favor
dense retrieval (55/35), while short queries priori-
tize sparse retrieval (35/55) to better capture lexical
matches. Furthermore, the number of candidates
retrieved is doubled for both sparse (50 to 200) and
dense (50 to 100) searches to cast a wider net for
short queries.
Deep Search for Low-Diversity Queries: A
"Deep Search" mechanism is initiated either au-
tomatically when initial results lack diversity (e.g.,
fewer than two unique examples) or manually by

the user. It runs a BM25 search for each input to-
ken, aggregates the scores, and re-weights to favor
sparse retrieval.
Advanced Scoring and Ranking: Candidates
from the retrieval stages are ranked using a blended
score. This final score incorporates the weighted
dense and sparse similarity scores, along with sev-
eral bonuses, including a district matching bonus,
significant bonuses for exact and substring matches,
and a minor bonus based on character-level simi-
larity.
Context Construction & LLM-Based Transla-
tion: A few-shot context is constructed by filter-
ing top n (a user-defined hyperparameter) ranked
sentence pairs by the target dialect, and sort-
ing by score. A prompt containing these stan-
dard_bengali:local_dialect examples, along with
instructions and the input sentence, is then sent to
an LLM to generate the final translation. A sample
prompt is provided in Appendix B.

4 Experiments and Results

4.1 Experimental Setup

To investigate the relationship between model char-
acteristics and pipeline design in dialectal transla-
tion, we evaluated our pipelines across a diverse
set of LLMs, ranging from smaller open-weight
models to larger ones, as well as proprietary mod-
els. The comparison covered six Bengali dialects:
Chittagong, Habiganj, Rangpur, Tangail (present
in both datasets), and Comilla and Sylhet (only in
Dataset-01). We assessed translation quality us-
ing complementary metrics covering lexical over-
lap (BLEU (Papineni et al., 2002), ChrF (Popović,
2015)), edit distance (WER), and learned semantic
similarity (BERTScore F1 (Zhang* et al., 2020)),
evaluated on N = 50 diverse sentence pairs per di-
alect, totaling 7,700 data points across all pipeline-
dialect combinations. Detailed metric formulations
and implementation specifics are provided in Ap-
pendix A.

5 Results and Analysis

We evaluated both pipelines across multiple LLMs
and six Bengali dialects. Figure 3 presents a com-
prehensive performance overview, with scores av-
eraged across all LLMs for each pipeline-dialect
combination. It is important to note that this averag-
ing can sometimes mask the peak performance of
the best models, as lower-performing models can
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pull down the aggregate score. Complete perfor-
mance tables showing individual LLM results for
all dialects are provided in Appendix E. Neverthe-
less, Pipeline 2 consistently outperforms Pipeline 1,
a difference largely attributable to its superior data
structure and preprocessing. This performance gap
is also qualitatively evident in the prompts them-
selves. As illustrated in Appendix B using a consis-
tent example sentence, the structured few-shot pairs
in Pipeline 2 produce highly accurate translations,
whereas Pipeline 1 only partially captures dialectal
nuances and the Zero-Shot baseline fails entirely.
Our quantitative analysis also shows that dialectal
proximity to Standard Bengali strongly correlates
with translation quality, and well-designed RAG
pipelines enable smaller models to compete with
larger ones. Detailed model-wise comparisons are
shown in Appendix C. A comparison with Khan-
daker et al. (2025)’s fine-tuned models is provided
in Appendix D.

Figure 3: Dialect-wise performance comparison across
zero-shot, Pipeline 1, and Pipeline 2 settings, with
scores averaged across all LLMs. The hierarchy is clear:
Pipeline 2 > Pipeline 1 > Zero-shot.

5.1 Pipeline Comparison

As shown in Figure 3, Pipeline 2 systemati-
cally outperforms Pipeline 1 across all shared
dialects (e.g., Chittagong: BLEU 9→26, WER
76%→55%). This stems from Dataset-02’s ex-
plicit local_dialect:standard_bengali pairs provid-
ing ideal few-shot context versus Dataset-01’s raw
transcripts, plus significantly higher number of data

points (Chittagong: 7,295 vs. 1,757 examples) with
advanced preprocessing for short fragments.

5.2 Linguistic Proximity Dominates

Dialectal similarity to Standard Bengali is the
strongest performance predictor. Tangail achieves
the highest scores (BLEU=44, WER=35) with
only 365 examples, while divergent dialects
like Chittagong (WER=55) and Sylhet/Comilla
(WER=70/68) require both abundant data and in-
tensive preprocessing. Intermediate dialects (Habi-
ganj, Rangpur: WER=48/56) show moderate di-
vergence can be mitigated via Pipeline 2. Criti-
cally, this linguistic proximity advantage persists
even in zero-shot scenarios: Tangail achieves
BLEU=18 and WER=61 without any dialectal
examples, outperforming divergent dialects Chit-
tagong (BLEU=5, WER=79) and Sylhet (BLEU=5,
WER=79) by 3.4-3.6× in BLEU scores, confirm-
ing that inherent linguistic similarity to Standard
Bengali remains the dominant factor regardless of
learning paradigm.

5.3 LLM Performance

Zero-shot translation consistently fails (BLEU=5-
12, WER=67-84%). Pipeline 2 enables dra-
matic gains: Gemma-3-27B improves from
WER=76.62% to 36.70%, achieving best overall
performance (BLEU=45.06). Critically, smaller
models like Llama-3.1-8B (WER=51.18) outper-
form much larger models like GPT-OSS-120B
(WER=52.65), demonstrating retrieval quality can
compensate for model capacity (Appendix C.1).

6 Conclusion and Future Work

We proposed two RAG-based pipelines for
standard-to-dialectal Bengali translation. Pipeline
2 (Standardized Sentence-Pairs) proves most effec-
tive, enabling smaller models to outperform higher-
parameter counterparts by converting an intractable
zero-shot task into a manageable few-shot prob-
lem. While linguistic proximity to Standard Ben-
gali strongly correlates with performance, our fine-
tuning-free approach provides a practical blueprint
for low-resource dialect translation. This work is
ongoing: we are actively expanding Dataset-02,
developing a more optimized version of Pipeline
2, and investigating fine-tuning-based approaches
alongside retrieval-augmented methods.
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Limitations and Challenges

Despite the promising results, this study is subject
to several limitations and faced inherent challenges
that warrant discussion.

• Data Availability and Quality: The primary
challenge remains the scarcity of high-quality,
parallel corpora for Bengali dialects. While
our pipelines aimed to mitigate this, their per-
formance is still fundamentally constrained by
the volume and cleanliness of the underlying
datasets. The datasets used contained incon-
sistencies and noise inherent to transcribed
spoken language, which could impact retrieval
accuracy.

• Limited Dialectal Coverage: Our evaluation
was confined to six Bengali dialects. Given
the vast number of dialects spoken across
Bangladesh and West Bengal, our findings
may not be generalizable to all linguistic vari-
ants, especially those with more pronounced
structural differences from Standard Bengali.

• Evaluation Constraints: Our evaluation was
constrained by limited time, computational
resources, and the availability of human an-
notators. Consequently, we utilized a curated
test set of N = 50 diverse sentence pairs per
dialect. Across all combinations of pipelines
and dialects, this amounted to a total of 7,700
data points. While curated for diversity, this
sample size is a limitation; more robust results
would require a larger test set. A second ma-
jor limitation is our exclusive reliance on au-
tomated metrics. These metrics fail to capture
critical nuances of dialectal appropriateness,
fluency, and cultural context, which can only
be assessed through human evaluation.

• Absence of a Production-Ready Baseline:
A direct comparison with fine-tuned models
on the exact same standard-to-dialect task
was not performed within this study’s scope.
While Khandaker et al. (2025) explored fine-
tuning using smaller, neural models, a head-
to-head comparison would be needed to pre-
cisely quantify the trade-offs between RAG
with LLMs and fine-tuned smaller models.

Ethical Considerations

Developing technology for low-resource dialects
carries significant ethical responsibilities. While

this work aims to support linguistic diversity, it is
crucial to consider the potential impacts.

• Preservation vs. Misrepresentation: The
goal is to preserve and promote dialectal
use. However, inaccurate or culturally insensi-
tive translations generated by automated sys-
tems risk misrepresenting the language and
its speakers. There is a danger of propagating
stereotypes or producing nonsensical text that
could undermine the perceived value of the
dialect.

• Data Sovereignty and Consent: The datasets
used in this research were drawn from exist-
ing public collections. Future data collection
efforts must prioritize ethical practices, includ-
ing obtaining informed consent from native
speakers, ensuring fair compensation for their
linguistic expertise, and respecting commu-
nity ownership of the data.

• Inadvertent Standardization: The creation
of translation tools, by its nature, involves
a degree of standardization. There is a risk
that such tools could inadvertently promote
a single, computationally convenient version
of a dialect, thereby eroding the rich, organic
micro-variations that exist within dialect com-
munities. Engagement with linguists and com-
munity members is vital to mitigate this risk.

• Usage of AI Tools: We acknowledge the use
of AI-based writing assistants in the prepara-
tion of this paper for improving grammar and
style. The core ideas, experimental design,
and analysis were conducted entirely by the
authors.
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A Evaluation Metrics: Detailed
Formulations

To provide a comprehensive assessment of trans-
lation quality, we report a set of complementary
metrics that cover lexical overlap, edit distance,
and learned semantic similarity. All metrics were
evaluated on N = 50 sentence pairs per dialect,
covering a wide range of Bengali lexical diversity.

1. Corpus-level overlap metrics (BLEU and
ChrF): We report BLEU (Papineni et al.,
2002) and ChrF (Popović, 2015) as corpus-
level overlap metrics. Both metrics are
computed at the corpus level by aggre-
gating their underlying counts (for exam-
ple, n-gram matches and candidate/reference
lengths) across all sentences before applying
the final scoring formula. Aggregating counts
prior to final computation preserves the cor-
rect statistical behavior of these metrics and
avoids inflation that can occur when averaging
sentence-level scores on small test sets. For-
mally, let M denote either BLEU or ChrF, and
let Numeratori and Denominatori be the per-
sentence internal counts used by M . The cor-
pus score is calculated by aggregating those
counts across all sentences and then applying
the metric’s scoring function:

Mcorpus = M
(∑N

i=1Numeratori,
∑N

i=1Denominatori
)
.

(1)

2. Edit-distance metric (WER): Word Error
Rate (WER) measures the minimum num-
ber of substitutions (S), deletions (D) and in-
sertions (I) needed to convert a hypothesis
into a reference, normalized by the reference
length. For a robust corpus-level estimate we
weight each sentence’s WER by its reference
word count (RefWCi) and compute the length-
weighted average:

WERcorpus =

∑N
i=1WERi × RefWCi∑N

i=1RefWCi

,

(2)
where WERi is the sentence-level WER for
sentence i.

3. Learned semantic similarity (BERTScore
F1): BERTScore F1 (Zhang* et al., 2020)
computes a soft token-level alignment using
contextual embeddings (we used the L3Cube

Bengali variant to generate embeddings to cal-
culate BERTScores) and produces a continu-
ous similarity score per sentence. As a learned
metric, BERTScore is far more robust than n-
gram methods (BLEU) at capturing semantic
equivalence, which is particularly valuable for
evaluating low-resource languages like Ben-
gali where lexical variation is common. Be-
cause BERTScore is designed as a sentence-
level metric, we report the final corpus-level
BERTScore as the arithmetic mean of the N
sentence scores:

Mcorpus =
1

N

N∑

i=1

Mi, (3)

where Mi is the BERTScore F1 of sentence i.

4. Implementation details: All metrics were
computed using standard, publicly avail-
able implementations with default settings
unless otherwise noted. In particular,
BLEU and ChrF were computed using
corpus-level aggregation (not averaged seg-
ment BLEU/ChrF), WER was computed us-
ing a standard minimum-edit-distance align-
ment and length-weighted aggregation, and
BERTScore F1 was computed at the sentence
level and averaged across the evaluation set.

B Illustrative Prompt Examples and
Translation Quality

This section presents a comparative analysis of
prompts from our three experimental setups: Zero-
Shot, Pipeline 1 (Transcript-Based), and Pipeline 2
(Standardized Sentence-Pairs). To clearly demon-
strate the impact of each prompting strategy, we
use the same standard Bengali input sentence, tar-
get dialect, and LLM in all examples. The resulting
translations highlight a clear progression in quality:
the Zero-Shot approach completely fails to cap-
ture dialectal features, Pipeline 1 partially captures
them, and Pipeline 2 produces the most accurate
and fluent dialectal output.
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B.1 Zero-Shot: Prompt Example

Figure 4: A sample prompt that used while translating a
sentence in Zero-Shot scenarios.

B.2 Pipeline 1: Transcript-Based Prompt
Example

Figure 5: A sample prompt that generated while trans-
lating a sentence using Pipeline 1 (Transcript-Based
Pipeline). The prompt contains up to n retrieved context
examples.

B.3 Pipeline 2: Standardized Sentence-Pairs
Prompt Example

Figure 6: A sample prompt that generated while translat-
ing a sentence using Pipeline 2 (Standardized Sentence-
Pairs Pipeline). The prompt includes up to n retrieved
standard_bengali:local_dialect sentence pairs as few-
shot examples.

C Detailed Model Performance Analysis

This section provides comprehensive performance
breakdowns for all evaluated LLMs across zero-
shot, Pipeline 1, and Pipeline 2 conditions. All
values are reported as mean ± standard deviation
across all dialects evaluated.

C.1 Model Comparison Across Conditions
C.2 Zero-Shot Performance
The zero-shot baseline establishes that standard-
to-dialect Bengali translation is a challenging task
requiring contextual examples. Performance is uni-
formly low across all models:

• Best performing models: Gemini-2.5Fash
(BLEU=12.06±6.53, WER=68.47±10.01)
and GPT-OSS-20B (BLEU=11.72±9.65,
WER=67.37±11.90) show marginally better
results but remain far from acceptable
translation quality.

• Smaller models: Models like Gemma-3-12B
(BLEU=5.21±3.14, WER=83.56±5.04)
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Figure 7: Performance comparison of different LLMs
in zero-shot scenario. All models show uniformly poor
performance (BLEU 5-12, WER 67-84%), confirming
the necessity of RAG-based approaches for this task.

and Llama-3.1-8B (BLEU=5.35±5.26,
WER=82.39±7.16) struggle significantly
without contextual guidance.

• Key insight: Even large 70B+ parameter mod-
els fail to produce quality dialectal translations
zero-shot, with BLEU scores consistently be-
low 12 and WER above 67%. This confirms
the task’s inherent difficulty and data scarcity.

C.3 Pipeline 1 Performance
Pipeline 1 uses transcript-based context with longer,
more descriptive dialectal sentences. Performance
improvements over zero-shot are modest for most
models, with one notable exception:

• Gemini-2.5Fash (outlier): Achieves
BLEU=34.87±37.15 and WER=50.39±29.05,
dramatically outperforming all other models
in this pipeline. The high standard deviations
suggest strong performance on some dialects
but inconsistency across others.

• Other models: Most models show min-
imal improvement over zero-shot. For

Figure 8: Performance comparison of different LLMs
using Pipeline 1 (transcript-based). Gemini-2.5Fash
shows notably superior performance (BLEU=34.87,
WER=50.39), suggesting stronger ability to infer di-
alectal patterns from less structured context.

example, Gemma-3-12B improves to
BLEU=14.27±3.91 (from 5.21), while
GPT-OSS-120B remains at BLEU=9.04±7.69
(barely changed from 8.96).

• Llama-3.1-8B failure: This model performs
worse than zero-shot (BLEU=2.22±1.39,
WER=88.96±3.10), suggesting the transcript-
based context format may confuse smaller
models lacking sufficient Bengali pretraining.

C.4 Pipeline 2 Performance

Pipeline 2 provides structured lo-
cal_dialect:standard_bengali sentence pairs,
resulting in dramatic and consistent improvements
across all models:

• Top tier models: Gemma-3-27B leads with
BLEU=45.06±15.67 and WER=36.70±11.41,
followed closely by Gemini-2.5Fash-lite
(BLEU=31.80±13.59, WER=47.14±11.75)
and Gemini-2.5Fash (BLEU=30.62±12.51,
WER=47.88±12.62).
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Figure 9: Performance comparison of different LLMs
using Pipeline 2 (standardized sentence-pairs). Gemma-
3-27B achieves the best overall results (BLEU=45.06,
WER=36.70). The superior pipeline narrows the perfor-
mance gap between models of different sizes.

• Mid-tier performance: Models like
Llama-3.3-70B (WER=48.12±10.02),
Llama-4-Scout (WER=49.07±8.77), and
Gemma-3-12B (WER=49.56±10.16) cluster
in the 48-50% WER range, demonstrating
solid translation quality.

• Smaller models competitive: Llama-
3.1-8B (WER=51.18±9.56) and Gemma-
3N-E4B (WER=53.33±7.11) become
viable options, performing comparably to
much larger models like GPT-OSS-120B
(WER=52.65±11.64).

• Performance convergence: Standard devi-
ations decrease substantially compared to
Pipeline 1, indicating more consistent perfor-
mance across dialects with this approach.

C.5 Key Takeaways

1. RAG is essential: The zero-shot baseline con-
firms that LLMs lack intrinsic dialectal trans-
lation knowledge, regardless of size.

2. Data structure matters more than volume:
Pipeline 2’s explicit sentence pairs outperform
Pipeline 1’s longer transcripts, even with sim-
ilar data volumes.

3. Smaller models become viable: With proper
context, 8B-12B parameter models can out-
perform 70B-120B models, democratizing di-
alectal translation.

4. Model selection depends on pipeline:
Gemini-2.5Fash excels in Pipeline 1, while
Gemma-3-27B dominates Pipeline 2, suggest-
ing different architectural strengths.

D Comparison with Fine-Tuned Baseline

To contextualize our RAG-based approach, we
compare our pipelines against the fine-tuned mod-
els from Khandaker et al. (2025), who pioneered
supervised standard-to-dialect Bengali translation.
For this comparison, presented in Table 3, we’ve
taken the best result from our LLM-Pipeline-
Dialect combinations, focusing on the Chittagong
and Sylhet dialects as these are the only ones where
both studies use Word Error Rate (WER) as a com-
mon metric. It is important to note the methodolog-
ical differences: Khandaker et al. (2025) utilized
supervised fine-tuning of BanglaT5 on parallel cor-
pora, which demands significant training data and
resources. In contrast, our approach is fine-tuning-
free, relying on retrieval-based in-context learning.

Dialect Khandaker Pipeline 1 Pipeline 2
et al. (Best) (Best)

Chittagong 70.66 71.16 32.37
Sylhet 60.64 18.37 -

Table 3: WER (%) comparison between Khandaker et
al.’s fine-tuned BanglaT5 model and our RAG-based
pipelines for shared dialects.

E Complete Performance Tables

This section presents comprehensive performance
tables for all three experimental setups: Pipeline
1 (Transcript-Based), Pipeline 2 (Standardized
Sentence-Pairs), and Zero-Shot. Each table shows
results for all evaluated LLMs across all dialects,
with the best performance for each dialect-metric
combination highlighted in bold.

E.1 Pipeline 1: Complete Results
E.2 Pipeline 2: Complete Results
E.3 Zero-Shot: Complete Results
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Dialect Model BLEU ChrF BERTScore F1 WER ↓
Chittagong gemini-2.5-flash 8.53 32.89 0.6722 77.18
Chittagong gemini-2.5-flash-lite 8.90 35.86 0.6790 72.41
Chittagong gemma-3-12b-it 14.95 38.20 0.6955 71.16
Chittagong gemma-3-27b-it 6.47 32.20 0.6112 75.52
Chittagong gemma-3n-e4b-it 13.12 37.34 0.6764 71.78
Chittagong llama-3.1-8b-instant 2.72 29.25 0.5974 91.49
Chittagong llama-3.3-70b-versatile 5.56 35.12 0.6178 79.88
Chittagong openaigpt-oss-120b 8.74 33.97 0.6692 74.48
Chittagong openaigpt-oss-20b 8.81 35.23 0.6244 72.82
Comilla gemini-2.5-flash 83.83 89.63 0.9433 11.79
Comilla gemini-2.5-flash-lite 0.63 13.05 0.7270 66.81
Comilla gemma-3-12b-it 15.15 39.96 0.7374 64.63
Comilla gemma-3-27b-it 3.33 28.04 0.6528 80.42
Comilla gemma-3n-e4b-it 13.54 39.99 0.7326 66.95
Comilla llama-3.1-8b-instant 1.98 25.65 0.6324 91.58
Comilla llama-3.3-70b-versatile 6.91 33.29 0.6960 74.95
Comilla openaigpt-oss-120b 3.23 32.10 0.6976 77.89
Comilla openaigpt-oss-20b 4.71 32.01 0.6890 76.42
Habiganj gemini-2.5-flash 5.82 37.03 0.6284 69.49
Habiganj gemini-2.5-flash-lite 8.32 37.46 0.6354 71.61
Habiganj gemma-3-12b-it 10.17 37.48 0.6435 71.40
Habiganj gemma-3-27b-it 7.65 32.68 0.5992 75.85
Habiganj gemma-3n-e4b-it 8.97 36.95 0.6329 72.46
Habiganj llama-3.1-8b-instant 0.93 16.11 0.5636 90.04
Habiganj llama-3.3-70b-versatile 9.84 41.55 0.6360 68.86
Habiganj openaigpt-oss-120b 6.46 34.63 0.6292 73.94
Habiganj openaigpt-oss-20b 11.59 40.92 0.6256 66.74
Rangpur gemini-2.5-flash 6.06 34.68 0.7344 75.32
Rangpur gemini-2.5-flash-lite 1.10 13.24 0.7293 70.82
Rangpur gemma-3-12b-it 11.10 37.46 0.7158 69.74
Rangpur gemma-3-27b-it 8.02 33.73 0.6770 75.11
Rangpur gemma-3n-e4b-it 10.76 36.93 0.7218 69.96
Rangpur llama-3.1-8b-instant 3.51 33.52 0.6359 84.76
Rangpur llama-3.3-70b-versatile 9.59 42.24 0.7359 69.31
Rangpur openaigpt-oss-120b 7.87 34.96 0.7411 73.82
Rangpur openaigpt-oss-20b 16.71 46.12 0.7595 63.09
Sylhet gemini-2.5-flash 80.03 85.78 0.8904 18.37
Sylhet gemini-2.5-flash-lite 13.40 42.42 0.7197 67.43
Sylhet gemma-3-12b-it 13.12 41.24 0.7146 68.48
Sylhet gemma-3-27b-it 5.97 31.53 0.6491 81.00
Sylhet gemma-3n-e4b-it 11.11 40.60 0.7075 68.68
Sylhet llama-3.1-8b-instant 0.35 13.01 0.6158 90.61
Sylhet llama-3.3-70b-versatile 5.59 34.57 0.6605 77.66
Sylhet openaigpt-oss-120b 3.81 31.89 0.6635 80.17
Sylhet openaigpt-oss-20b 4.71 33.73 0.6566 75.99
Tangail gemini-2.5-flash 24.96 53.06 0.7866 50.21
Tangail gemini-2.5-flash-lite 20.74 49.16 0.7970 56.51
Tangail gemma-3-12b-it 21.12 49.53 0.7807 54.20
Tangail gemma-3-27b-it 20.69 47.70 0.7883 59.03
Tangail gemma-3n-e4b-it 21.90 49.80 0.7924 55.67
Tangail llama-3.1-8b-instant 3.82 27.94 0.6861 85.29
Tangail llama-3.3-70b-versatile 25.98 53.90 0.7980 53.99
Tangail openaigpt-oss-120b 24.10 52.38 0.8135 52.73
Tangail openaigpt-oss-20b 29.63 56.54 0.8276 47.27

Table 4: Complete Pipeline 1 (Transcript-Based) results for all LLMs across all dialects. Best performance for each
dialect-metric combination is shown in bold. LLM names are bolded when they achieve the most wins across all
metrics for that dialect.
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Dialect Model BLEU ChrF BERTScore F1 WER ↓
Chittagong gemini-2.5-flash 20.75 49.70 0.7766 60.37
Chittagong gemini-2.5-flash-lite 28.58 53.85 0.7886 52.90
Chittagong gemma-3-12b-it 20.22 48.96 0.7551 59.96
Chittagong gemma-3-27b-it 57.14 72.52 0.8603 32.37
Chittagong gemma-3n-e4b-it 21.57 50.51 0.7415 58.09
Chittagong llama-3.1-8b-instant 25.41 50.66 0.7334 56.22
Chittagong llama-3.3-70b-versatile 25.93 53.12 0.7795 54.77
Chittagong llama-4-scout-17b-16e-instruct 25.38 52.46 0.7581 54.98
Chittagong openaigpt-oss-120b 17.00 47.09 0.7523 62.03
Chittagong openaigpt-oss-20b 19.73 47.60 0.7158 59.34
Habiganj gemini-2.5-flash 31.43 60.33 0.7850 43.22
Habiganj gemini-2.5-flash-lite 27.52 57.57 0.7831 46.82
Habiganj gemma-3-12b-it 25.90 54.66 0.7529 48.94
Habiganj gemma-3-27b-it 35.07 62.14 0.8023 41.31
Habiganj gemma-3n-e4b-it 22.05 53.78 0.7303 54.03
Habiganj llama-3.1-8b-instant 23.01 52.10 0.7250 54.24
Habiganj llama-3.3-70b-versatile 25.97 56.66 0.7673 48.52
Habiganj llama-4-scout-17b-16e-instruct 27.97 58.96 0.7742 45.76
Habiganj openaigpt-oss-120b 23.07 53.18 0.7249 50.64
Habiganj openaigpt-oss-20b 23.64 53.36 0.7341 50.85
Rangpur gemini-2.5-flash 22.28 53.68 0.8224 55.58
Rangpur gemini-2.5-flash-lite 19.77 50.11 0.7871 57.94
Rangpur gemma-3-12b-it 21.73 54.11 0.7959 53.43
Rangpur gemma-3-27b-it 28.38 57.24 0.8144 49.79
Rangpur gemma-3n-e4b-it 18.85 52.32 0.7809 58.15
Rangpur llama-3.1-8b-instant 21.74 52.13 0.7813 57.30
Rangpur llama-3.3-70b-versatile 19.98 52.75 0.8079 55.36
Rangpur llama-4-scout-17b-16e-instruct 19.67 51.96 0.8169 57.30
Rangpur openaigpt-oss-120b 14.97 48.61 0.7968 60.94
Rangpur openaigpt-oss-20b 19.59 51.59 0.7938 57.73
Tangail gemini-2.5-flash 48.00 72.99 0.8762 32.35
Tangail gemini-2.5-flash-lite 51.32 72.65 0.8786 30.88
Tangail gemma-3-12b-it 43.48 67.06 0.8447 35.92
Tangail gemma-3-27b-it 59.65 78.15 0.9143 23.32
Tangail gemma-3n-e4b-it 35.41 64.28 0.8562 43.07
Tangail llama-3.1-8b-instant 40.16 66.19 0.8598 36.97
Tangail llama-3.3-70b-versatile 45.35 68.43 0.8689 33.82
Tangail llama-4-scout-17b-16e-instruct 38.57 67.04 0.8431 38.24
Tangail openaigpt-oss-120b 40.69 67.02 0.8669 36.97
Tangail openaigpt-oss-20b 37.45 65.19 0.8503 39.50

Table 5: Complete Pipeline 2 (Standardized Sentence-Pairs) results for all LLMs across all dialects. Best performance
for each dialect-metric combination is shown in bold. LLM names are bolded when they achieve the most wins
across all metrics for that dialect.
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Dialect Model BLEU ChrF BERTScore F1 WER ↓
Chittagong gemini-2.5-flash 4.68 28.29 0.6153 81.74
Chittagong gemini-2.5-flash-lite 5.22 28.75 0.6271 78.84
Chittagong gemma-3-12b-it 4.60 24.95 0.6033 85.68
Chittagong gemma-3-27b-it 4.91 27.99 0.6177 79.46
Chittagong gemma-3n-e4b-it 4.48 26.71 0.6200 80.08
Chittagong llama-3.1-8b-instant 4.12 27.73 0.5889 83.40
Chittagong llama-3.3-70b-versatile 4.75 30.66 0.6262 77.18
Chittagong llama-4-scout-17b-16e-instruct 6.33 32.60 0.6113 76.56
Chittagong openaigpt-oss-120b 6.44 30.95 0.6500 77.18
Chittagong openaigpt-oss-20b 7.72 36.19 0.6338 71.37
Comilla gemini-2.5-flash 18.94 44.34 0.7336 60.63
Comilla gemini-2.5-flash-lite 13.85 37.74 0.7253 68.84
Comilla gemma-3-12b-it 5.24 26.10 0.6238 84.63
Comilla gemma-3-27b-it 4.83 28.49 0.6711 79.58
Comilla gemma-3n-e4b-it 5.76 26.86 0.6704 80.42
Comilla llama-3.1-8b-instant 3.44 27.99 0.6383 91.37
Comilla llama-3.3-70b-versatile 7.97 33.59 0.6976 73.26
Comilla llama-4-scout-17b-16e-instruct 8.09 31.24 0.6652 79.79
Comilla openaigpt-oss-120b 7.04 34.49 0.7010 73.47
Comilla openaigpt-oss-20b 5.53 31.55 0.6760 77.05
Habiganj gemini-2.5-flash 5.54 34.58 0.6304 73.73
Habiganj gemini-2.5-flash-lite 7.55 33.19 0.6263 74.58
Habiganj gemma-3-12b-it 3.15 23.25 0.5664 86.44
Habiganj gemma-3-27b-it 6.30 28.34 0.6035 78.39
Habiganj gemma-3n-e4b-it 4.81 27.86 0.6300 78.39
Habiganj llama-3.1-8b-instant 2.32 25.35 0.5755 83.90
Habiganj llama-3.3-70b-versatile 6.67 35.41 0.6250 70.97
Habiganj llama-4-scout-17b-16e-instruct 6.84 33.04 0.6034 75.00
Habiganj openaigpt-oss-120b 7.89 32.64 0.6191 74.58
Habiganj openaigpt-oss-20b 8.72 37.04 0.6334 70.13
Rangpur gemini-2.5-flash 8.81 33.03 0.7193 75.97
Rangpur gemini-2.5-flash-lite 14.48 38.77 0.7135 67.60
Rangpur gemma-3-12b-it 4.14 27.78 0.6092 80.90
Rangpur gemma-3-27b-it 7.65 30.79 0.6575 76.61
Rangpur gemma-3n-e4b-it 6.15 35.47 0.7476 73.18
Rangpur llama-3.1-8b-instant 5.25 34.32 0.6923 75.32
Rangpur llama-3.3-70b-versatile 9.22 37.45 0.7173 69.74
Rangpur llama-4-scout-17b-16e-instruct 6.44 32.37 0.6780 76.82
Rangpur openaigpt-oss-120b 7.15 35.96 0.7453 72.32
Rangpur openaigpt-oss-20b 14.30 46.29 0.7656 62.02
Sylhet gemini-2.5-flash 15.61 45.06 0.7077 62.00
Sylhet gemini-2.5-flash-lite 8.11 33.91 0.6960 74.53
Sylhet gemma-3-12b-it 2.78 23.42 0.5770 88.94
Sylhet gemma-3-27b-it 4.58 28.89 0.6274 80.79
Sylhet gemma-3n-e4b-it 4.80 25.93 0.6480 81.00
Sylhet llama-3.1-8b-instant 1.27 23.71 0.6092 87.68
Sylhet llama-3.3-70b-versatile 4.29 34.86 0.6534 74.11
Sylhet llama-4-scout-17b-16e-instruct 2.07 26.50 0.6073 85.39
Sylhet openaigpt-oss-120b 3.20 31.12 0.6674 79.33
Sylhet openaigpt-oss-20b 4.02 32.91 0.6682 77.66
Tangail gemini-2.5-flash 18.80 47.47 0.7918 56.72
Tangail gemini-2.5-flash-lite 19.90 46.50 0.7790 57.14
Tangail gemma-3-12b-it 11.34 32.14 0.6553 74.79
Tangail gemma-3-27b-it 13.47 38.01 0.7205 64.92
Tangail gemma-3n-e4b-it 15.57 41.20 0.7822 62.82
Tangail llama-3.1-8b-instant 15.70 48.95 0.7217 72.69
Tangail llama-3.3-70b-versatile 20.59 47.78 0.7864 55.88
Tangail llama-4-scout-17b-16e-instruct 13.31 40.21 0.7256 64.08
Tangail openaigpt-oss-120b 22.05 49.29 0.8183 54.41
Tangail openaigpt-oss-20b 30.05 57.60 0.8125 46.01

Table 6: Complete Zero-Shot results for all LLMs across all dialects. Best performance for each dialect is shown in
bold.
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Abstract

As an Indo-Aryan language with limited avail-
able data, Chakma remains largely underrepre-
sented in language models. In this work, we
introduce a novel corpus of contextually co-
herent Bangla-transliterated Chakma, curated
from Chakma literature, and validated by native
speakers. Using this dataset, we fine-tune six
encoder-based transformer models, including
multilingual (mBERT, XLM-RoBERTa, Distil-
BERT), regional (BanglaBERT, IndicBERT),
and monolingual English (DeBERTaV3) vari-
ants on masked language modeling (MLM)
tasks. Our experiments show that fine-tuned
multilingual models outperform their pre-
trained counterparts when adapted to Bangla-
transliterated Chakma, achieving up to 73.54%
token accuracy and a perplexity as low as
2.90. Our analysis further highlights the im-
pact of data quality on model performance
and shows the limitations of OCR pipelines
for morphologically rich Indic scripts. Our re-
search demonstrates that Bangla-transliterated
Chakma can be very effective for transfer learn-
ing for Chakma language, and we release our
dataset1 to encourage further research on mul-
tilingual language modeling for low-resource
languages.

1 Introduction

Large Language Models (LLMs) have transformed
the Natural Language Processing (NLP) world
through unsupervised pre-training using large cor-
pora of unlabeled data. Since labeled data are not
required, LLMs can take advantage of the huge text

1https://github.com/adity1234567/
Chakma-MLM-Dataset.git

corpora available in the public domain. For exam-
ple, even first-generation language models such as
BERT use a corpus of 3.3 billion English words
(Devlin et al., 2019), while more recent LLMs use
multiple massive corpora such as RedPajama (We-
ber et al., 2024) scraped from the web with hun-
dreds of trillions of tokens. However, the sheer vol-
ume of data required for pre-training LLMs poses a
challenge for low-resource languages even without
labels, as seen in some recent works using datasets
of 15 million words for Māori (James et al., 2022),
332 million tokens for Swahili (Conneau et al.,
2020), and 108 million tokens from 11 African lan-
guages for AfriBERTa (Ogueji et al., 2021). Com-
pared to the trillions of tokens available in high-
resource languages, these million-scale corpora are
minuscule. Consequently, training LLMs with low-
resource corpora does not yield good results, as
upon encountering new vocabulary, expressions,
or culturally specific semantics, the models strug-
gle to utilize their training patterns for accurate
understanding and generation (Zhong et al., 2024).

To address this limitation, researchers have ex-
plored knowledge transfer, from LLMs trained
on high-resource languages through Masked Lan-
guage Model (MLM) fine-tuning on the compara-
tively lower resource language corpus (Fernando
and Ranathunga, 2025). Muller et al. (2020) fur-
ther showed that we can leverage the same transfer
learning benefit through transliteration when the
two languages do not share a script. They achieved
a significant performance gain for Uyghur (105K
sentences) and Sorani Kurdish (380K sentences)
transliterated into the Latin script, compared to pre-
training on those data in their original script alone.

280

https://github.com/adity1234567/Chakma-MLM-Dataset.git
https://github.com/adity1234567/Chakma-MLM-Dataset.git


Processed data manually corrected 15% Randomly generated  tokens for masking

10% unchanged

Tesseract Gemini 

Chakma in Bengali Script Corpus

WordPiece Tokenizer

SentencePiece Tokenizer

80% [MASK] 10% random token

Fine-Tuning
Learning Rate = 2e-5, Weight Decay=0.01,

Gradient Accumulation Steps=2

BERT-Base Multilingual

DistilBERT Multilingual

XLM-RoBERTa

DeBERTaV3-Base

Bangla BERT Base

IndicBERT 

MLM Evaluations

Figure 1: Overall workflow of OCR-based data curation, manual correction, and MLM fine-tuning for Bangla-
transliterated Chakma language model

Chakma is an Indo-Aryan language, used as
a first language by roughly one million people
from the Chakma community living across parts
of Bangladesh, India and Myanmar (Chakma
Autonomous District Council, 2025). Although
Chakma has its own script Ojhā Pāt.h, a consider-
able portion of Chakma literature is produced in
Bangla transliteration (Brandt, 2018). Chakma re-
mains a low-resource language with data scarcity
both in its original script and Bangla translit-
eration (Chakma et al., 2024). At the same
time, Bangla script is regularly used in training
of multilingual LLMs like mBERT (Pires et al.,
2019). In this context, our work shows that
Bangla-transliterated Chakma dataset can yield
moderately strong performance through MLM fine-
tuning. Following Muller et al. (2020)’s idea for
transliteration, we use Chakma text transliterated
in Bangla for MLM-tuning multiple LLMs that
are pre-trained on Bangla. Since, to the best of
our knowledge, no contextually coherent Bangla-
transliterated Chakma corpus exists, we have cu-
rated a novel corpus from Chakma books contain-
ing 4,570 manually validated sentences to run our
experiments.

Our major contributions are as follows:

• We develop a novel Bangla-transliterated
Chakma dataset, curated from images sourced
from four books of Chakma literature using
Tesseract OCR, comprising a total number of

6,353 sentences, of which 4,570 have been
manually corrected.

• We show that language models can learn low-
resource languages via MLM fine-tuning on
the script of a related language, as demon-
strated using Bangla script to fine-tune a
Chakma model.

• We demonstrate how data quality impacts
model performance, showing that better OCR
for Bangla script, compatible with Bangla-
transliterated Chakma, can significantly im-
prove transfer learning for the Chakma lan-
guage.

2 Related Works

In this section, we discuss four key areas that in-
form our work: multilingual NLP, model adap-
tation and quantization, tokenization and mor-
phological challenges in Indic scripts, and exist-
ing language resources for Bangla and Chakma.
These topics collectively highlight the progress and
challenges in building effective models for low-
resource languages like Chakma.

2.1 Multilingual NLP

The evolution of multilingual models has been
driven by the need to extend transformer-based
models to low-resource languages, particularly
those with limited data or non-Latin scripts (Pakray
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et al., 2025). Devlin et al. (2019) introduced BERT
along with its multilingual variant mBERT, and this
marked a turning point. Models like mBERT, pre-
trained on Wikipedia data across 104 languages
using WordPiece (vocabulary of 110K tokens),
and XLM-R, trained on CommonCrawl data from
100 languages with a 250K SentencePiece vocab-
ulary (Conneau et al., 2019), enabled zero-shot
cross-lingual transfer. XLM-R, relying solely on
MLM pretraining, achieved state-of-the-art per-
formance on multiple benchmarks (Ebrahimi and
Kann, 2021).

These multilingual models often show strong
zero-shot performance, but disparities remain: lan-
guages with less pretraining data or non-Latin
scripts typically lag behind high-resource lan-
guages (Ebrahimi and Kann, 2021; Marchisio et al.,
2024). For example, Wu and Dredze (2020) and
Muller et al. (2020) show that mBERT’s zero-
shot accuracy varies widely by language, with
some “hard” languages (often low-resource or us-
ing different scripts) remaining poorly served with-
out additional adaptation. These findings spurred
research leveraging pretrained transformer mod-
els and specialized techniques to handle under-
represented languages (Tela et al., 2020; Hangya
et al., 2022; Bharadiya, 2023; Pakray et al., 2025).
Our work builds on this by fine-tuning a Chakma-
specific MLM encoder, addressing data scarcity for
this low-resource Indic language.

2.2 Model adaptation techniques and
quantization

To address performance disparities in low-resource
languages, adaptation strategies emerged to tailor
pre-trained models to specific languages or do-
mains. When more data are available, continued
monolingual pre-training in target-language data,
as demonstrated by Chau et al. (2020), improved
zero-shot performance, while domain-adaptive
MLM pre-training improves downstream perfor-
mance even in low-resource settings (Gururangan
et al., 2020). Another strategy is to expand the
vocabulary of a multilingual model to better cover
the target language’s lexicon and then additional
MLM training improves performance for underrep-
resented languages (Wang et al., 2020).

2.3 Tokenization and morphology in Indic
scripts

Indic languages like Bangla and Chakma are mor-
phologically rich and use complex abugida scripts

(Chowdhury, 2025), which raise challenges for sub-
word tokenization. Standard BPE or WordPiece
tokenizers can fragment important morphological
units, hurting model performance (Pattnayak et al.,
2025). Recent work demonstrates that Sentence-
Piece (unigram) tokenization often preserves mor-
phological information better than BPE for Indic
languages. For instance, Pattnayak et al. (2025)
found that, for zero-shot named entity recognition
across several Indic languages, a SentencePiece-
based vocabulary outperformed BPE, because it
more cleanly segments root words and affixes. Oth-
ers have noted that vowel forms in abugida scripts
(matras) attach to consonants and can appear above,
below, or beside the base character, which makes
character-level segmentation non-trivial (Kashid
and Bhattacharyya, 2024; Maung et al., 2025).

2.4 Bangla and Chakma language resources

Although Joshi et al. (2020) categorize Bangla
among languages lacking labeled data, Bhattachar-
jee et al. (2021) developed BanglaBERT, a BERT-
base model on the Bangla2B+ corpus with 2.18
billion tokens from Bangla text, and introduced
the Bangla Language Understanding Benchmark
(BLUB). BanglaBERT achieves state-of-the-art re-
sults on multiple Bangla NLU tasks, outperforming
both multilingual baselines (mBERT, XLM-R) and
previous monolingual models.

In contrast, NLP work on Chakma is scant. The
first known work in Chakma NLP effort is Chak-
maNMT (Chakma et al., 2024), which constructed
the first parallel corpus (15K sentence-pairs transla-
tion, from Chakma to Bangla) and trained a transla-
tion model. Using BanglaT5 and transliteration-
based back-translation, they achieved a BLEU
score of 17.8 for Chakma to Bangla translation.
However, this work does not include the Bangla-
transliterated Chakma text. The MELD dataset
(Mahi et al., 2025) compiled transliterated sentence-
level text in Chakma (and Garo, Marma) using the
Bangla script. We opted not to use MELD, as its
collection of isolated sentences lacks the semantic
coherence required for our study. Instead, we focus
on Bangla-transliterated Chakma texts extracted
via OCR from printed literature.

3 Dataset Creation

Emphasizing the authenticity of linguistic re-
sources, particularly in the field where the digitized
materials are scarce and under-resourced, we con-
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Figure 2: Sample data illustrating quality comparison across different methods, highlighting missing sentences in
Gemini and spelling errors in other models caused by the misinterpretation of conjunct characters, phonetic signs,
vowel diacritics, consonant modifiers, nasalization, and related orthographic features.

Model Vocab Size Tokenizer & Special Tokens Tokenization Method
BERT-Base Multilingual (cased) ∼120k (WordPiece) [CLS] ... [SEP], [MASK] WordPiece

DistilBERT Multilingual (cased) ∼120k (WordPiece) [CLS] ... [SEP], [MASK] WordPiece

XLM-RoBERTa (XLM-R) ∼250k (SentencePiece) ⟨s⟩ ... ⟨/s⟩, ⟨mask⟩ SentencePiece

DeBERTaV3-Base ∼128k (WordPiece-style) [CLS] ... [SEP], [MASK] WordPiece-style

Bangla BERT Base ∼32k (WordPiece) [CLS] ... [SEP], [MASK] WordPiece

IndicBERT ∼200k (SentencePiece) ⟨s⟩ ... ⟨/s⟩, ⟨mask⟩ SentencePiece

Table 1: Comparison of encoder-based models used in our evaluation. Differences arise in vocabulary size,
tokenizer conventions, and tokenization methods. The models include BERT-Base Multilingual (Devlin et al., 2019),
DistilBERT Multilingual (Sanh et al., 2019), XLM-RoBERTa (Liu et al., 2019), DeBERTaV3-Base (He et al., 2021),
Bangla BERT (Sarker, 2020), and IndicBERT (Kakwani et al., 2020).

struct a novel dataset combining four books (novels
and poems) written in the Chakma language, utiliz-
ing Bangla script (see Figure 4 and Table 2). To col-
lect these materials, we directly engaged with schol-
ars whose first language is Chakma. The books
were gathered from libraries on the basis of their
recommendations. However, we acknowledge that
most scholars prioritize the preservation and use of
their own Chakma script. Chakma et al. (2024) also
assigns importance to the Chakma script. Most pre-
trained models lack support for the complex struc-
ture of Chakma scripts. The Bangla-transliterated
Chakma script enables the models to process the
language effectively using their existing tokenizers.

3.1 Corpus Compilation: Sources and Scale

The data were extracted from the image of the
pages of the books using three primary methods:
Pytesseract (Hoffstaetter et al.), Gemini (Comanici
et al., 2025), and manual processing. We used the
PyTesseract OCR model and the Gemini 2.5 Pro
model API separately to independently assess the
quality of text extraction from different systems.

PyTesseract encountered problems with the
recognition of Bangla’s conjunctive characters and
committed frequent spelling errors, as presented
in Figure 2. On the other hand, Gemini 2.5 Pro
with the free API, posed usage restrictions creat-
ing a barrier to scalability as we processed 400
images. Moreover, the Gemini API deviated from
correctness in alphabet recognition, often produced
incomplete sentences, and sometimes omitted en-
tire sentences, affecting the overall quality of the
extracted text. Some examples are presented in
Figure 2.

Due to these limitations, we manually fixed one
book entirely and another book partially, which
we discuss in Section 3.2. The dataset is split into
training, testing and validation subsets, as shown
in Table 2.

3.2 Manual Curation for Linguistic Fidelity

Both the OCR models and LLMs struggled with
accurate processing of conjunct characters, pho-
netic signs, including vowel diacritics, consonant
modifiers, nasalization, silent consonant and incom-
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Dataset
Dataset Split
(sentences)

Tesseract OCR (Tes OCR) train: 4,348
eval: 832
test: 1,173

Gemini OCR train: 3,815
eval: 994
test: 1,173

Manually Fixed Data train: 2,908
eval: 545
test: 1,118

Table 2: Breakdown of training, evaluation, and test
sentence counts for datasets obtained from Tesseract
OCR, Gemini OCR outputs, and manually corrected
data.

pleteness of sentences (Figure 2). These complex
character clusters are fundamental to the Bangla
orthography but often are misinterpreted or omitted
by OCR systems due to their non-linear composi-
tion and script variability (Ali et al., 2023; Guo
et al., 2023). After identifying the limitations and
to ensure the linguistic fidelity of our dataset, 4,570
sentences of OCR and LLM extracted text under-
went a multi-stage manual correction and valida-
tion process. Two co-authors of this paper rectified
these specific errors to guarantee the high integrity
and usability of the final manual dataset. The over-
all workflow of the paper is presented in Figure 1.

4 MLM-tuning for low-resource
languages

We fine-tuned six encoder-based models (including
monolingual, multilingual and regional variants) on
limited Chakma text written in Bangla script and
compared their performance. Table 1 summarizes
the models used in our experiments, including their
vocabulary sizes and tokenization algorithms. All
of these models have been pre-trained on Bangla
before.

These LLMS are trained to predict the probabil-
ity of a masked token/word given the context of
surrounding words. This gives the models a founda-
tional understanding of trained languages that can
be generalized to other tasks (Wolf et al., 2020).
Although each model comes in a similar-sized 12-
layer configuration (270M–300M parameters for
base models), they vary in vocabulary sizes, to-
kenizer types, special tokens, and critically, the
dataset they were first pre-trained on.

For MLM fine-tuning, we masked 15% of tokens
in each input sequence using the standard mask-
ing strategy: 80% replaced with the appropriate
mask token ([MASK] or <mask>), 10% substituted
with random vocabulary tokens, and 10% left un-
changed. We maintained strict separation between
training, validation, and test datasets across all ex-
periments to prevent data leakage.

After multiple trials and errors, in our final con-
figuration, we use the Adam optimizer, with a learn-
ing rate of 2× 10−5 for all the models. The max-
imum number of epochs is 20. The dropout rate
is 0.01. We keep the batch size at 8. For testing
the fine-tuned models, we ensure consistency and
reproducibility across the models.

5 Results

We evaluated the performance across three differ-
ent data processing pipelines (Pytesseract, Gemini
and manual processing) and also compared both
universal and regional model types. Following the
works of Salazar et al. (2019), Rogers et al. (2021)
and Ethayarajh (2019), we evaluate our MLM fine-
tuned models using perplexity, masked token ac-
curacy, precision, recall, F1(macro), pseudo-log-
likelihood (PLL) and predictive entropy.

5.1 Language Modeling Capability

RQ1: How effective are the pre-trained language
models at masked language modeling for the
(monolingual) Chakma language written in the
Bangla script?

Table 3 shows that fine-tuned encoder-based
language models consistently outperform their
pre-trained counterparts for Bangla-transliterated
Chakma. The fine-tuned models achieve accuracies
up to 73.54% (XLM-RoBERTa) and perplexity as
low as 2.899 (DeBERTaV3-Base) on manually cor-
rected data, underscoring the value of adaptation
for low-resource languages. Notably, monolingual
models like DeBERTaV3-Base, which start with
no prior knowledge of Chakma or Bangla script
(0% baseline accuracy), achieve competitive results
post-fine-tuning, demonstrating the robustness of
adaptation even without cross-lingual pre-training.
MLM-tuning also yields a marked reduction in pre-
diction entropy, indicating increased confidence in
masked-token predictions in Table 6.

Our best perplexity score of 2.899 is substan-
tially lower (indicating better performance) than
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Model
Accuracy (%) ↑ Perplexity ↓

Without
MLM

With
MLM Performance

Without
MLM

With
MLM Performance

DeBERTaV3-Base 0.00 72.08 +72.08 39329757.5 2.90 -39329754.6

XLM-RoBERTa 46.24 73.54 +27.30 24.39 3.27 -21.12

BERT-Base mBERT 48.43 70.00 +21.57 13.12 4.017 -9.103

DistilBERT Multilingual 38.78 65.08 +26.30 24.284 4.3046 -19.978

Bangla BERT Base 29.87 54.52 +24.65 250.09 11.79 -238.3

IndicBERT 17.54 45.36 +27.82 1823.61 16.79 -1806.82

Table 3: Performance comparison of models before and after MLM fine-tuning using manually annotated Chakma
corpora. Accuracy (%) and perplexity are reported. Lower perplexity indicates better language modeling perfor-
mance.

the perplexity scores reported for BERT on English
datasets (Salazar et al., 2019). We treat this as
an empirical observation rather than definitive evi-
dence of superior absolute performance. This low
perplexity may be an artifact of our dataset char-
acteristics, including its relatively small size and
the specific nature of the data (potentially featur-
ing simpler or more repetitive linguistic structures
compared to diverse English corpora). Hypotheses
for this include reduced lexical diversity or script-
specific tokenization efficiencies in Chakma, but
the exact reasons remain unclear and could be ex-
plored in more detail in future work, perhaps by
evaluating on larger, more varied Chakma datasets.

Outperforming of universal models over re-
gional encoders: From Figure 3 and Table 4,
we observe a consistent advantage for multilin-
gual encoder models (XLM-RoBERTa, BERT-Base
mBERT, DistilBERT Multilingual) and the mono-
lingual DeBERTaV3-Base over regional encoder
models (BanglaBERT, IndicBERT). Because tok-
enizers and vocabulary sizes differ across models,
masked-language accuracy and perplexity are com-
puted on model-specific tokenizations rather than
an identical token sequence. This can potentially
advantage models that produce fewer tokens per
input, since they evaluate fewer positions and may
face fewer rare-subword predictions. However, we
argue that the comparison remains informative: the
vocabularies are not extremely different, and the
underlying dataset is identical for all models, and
that accuracy is not simply determined by token
count (see Table 1 and Table 3).

We analyze two primary factors that influence

Figure 3: Comparison of universal multilingual and
regional encoder models. Each grouped bar chart is
showing the accuracy of pre-trained language models
fine-tuned on manually fixed data, categorized by their
parameter sizes.

model effectiveness: model parameter size and tok-
enization efficiency.

1. Parameter size → tokenization robustness.
Larger multilingual models are trained on broader,
more diverse corpora and typically learn richer sub-
word vocabularies. This reduces out-of-vocabulary
occurrences, over-fragmentation, and tokenization
drift, which can otherwise harm downstream per-
formance. These effects can cause some tokenizers
to produce 2–3 times more tokens for the same
input (see Figure 3) (Rust et al., 2020).

2. Tokenizer efficiency → evaluation metrics.
A smaller number of tokens allows each token to
carry more semantic context and reduces prediction
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Model

Manual Tesseract Gemini

Self-Finetuned Manual-Finetuned Self-Finetuned Manual-Finetuned

Acc.(↑) PPL(↓) Acc.(↑) PPL(↓) Acc.(↑) PPL(↓) Acc.(↑) PPL(↓) Acc.(↑) PPL(↓)

DeBERTaV3-Base 72.08 2.90 46.94 7.82 46.52 9.75 46.86 9.12 45.77 10.01

XLM-RoBERTa 73.54 3.27 30.28 54.39 29.14 77.74 28.70 80.16 29.67 78.04

BERT-Base mBERT 70.00 4.02 32.91 27.50 31.56 40.59 31.75 44.16 31.23 42.35

DistilBERT Multilingual 65.08 4.30 31.64 29.05 29.63 43.91 30.49 43.20 30.04 41.96

Bangla BERT Base 54.52 11.79 22.17 299.54 20.19 384.28 20.71 483.57 20.86 467.25

IndicBERT 45.36 16.79 23.04 83.67 24.05 80.18 23.64 97.62 23.12 103.10

Table 4: Impact of data quality on model performance. Accuracy (%) and Perplexity (PPL) are reported for
each model fine-tuned on manually annotated, Tesseract-processed, and Gemini-processed data. In our table,
Self-Finetuned refers to training and evaluating each model on the same dataset, while Manual-Finetuned involves
training on manually corrected data but evaluating on other test datasets like Tesseract or Gemini test sets.

noise for masked positions. Over-fragmentation,
by contrast, spreads probability mass across many
rare subwords, penalizing sequence-level scoring
and hurting pseudo-log-likelihood (PLL) (Kudo
and Richardson, 2018).

5.2 Impact of Data Quality
RQ2: In the context of the morphologically rich
Bangla-transliterated Chakma, how does the OCR
noise of data affect MLM performance?

Building on the findings from RQ1, where fine-
tuning encoder-based models on manually cor-
rected Chakma data demonstrated strong improve-
ments in masked language modeling capabilities,
we now explore the extent to which OCR-induced
noise (stemming from script-specific challenges
like transliteration variations and complex conjunct
consonants) disrupts the learning of morphologi-
cal structures in Bangla transliterated Chakma. In
each case, the models were fine-tuned and evalu-
ated on their respective dataset, which we refer
to as Self-Finetuned in our Table 4. Addition-
ally, we evaluated the model fine-tuned on the
manually corrected dataset against the Tesseract
and Gemini 2.5 Pro test sets, which we denote
as Manually-Finetuned in the Table 4. Due to
transliteration-induced variation with more com-
plex conjunct consonants, the transliterated data
(Bangla-transliterated Chakma) appears morpho-
logically heavier than Bangla.

From the Table 4, we can see that models trained
with Tesseract and Gemini 2.5 Pro processed data
struggled to grasp the Chakma language, show-
ing limited improvements even after fine-tuning,
particularly evident in cases where models like
DeBERTaV3-Base(He et al., 2021) had no initial

understanding of Chakma (Table 3). The fine-
tuning with the manually fixed dataset led to sub-
stantial gains in accuracy, highlighting that the
model learns the affixes, inflections and complex
forms of the language in a better way. Meanwhile,
these models drop their performance when test-
ing on the noisy test dataset. For instance, the
XLM-RoBERTa model achieved its strongest per-
formance with manual data, far surpassing its base-
line and revealing that noisy OCR outputs can actu-
ally degrade model capabilities compared to their
pre-fine-tuned state.

We find a similar pattern when examining per-
plexity across datasets for individual models. From
Table 4, the manual dataset consistently yielded
low perplexity, indicating strong language model-
ing and coherence. However, Tesseract and Gemini
data introduced higher perplexity, often worsen-
ing it beyond the base model’s levels due to inher-
ent noise and errors. This trend holds across all
six models in our experiments, emphasizing how
high-quality data refines predictions while OCR-
generated inaccuracies amplify confusion. Further-
more, when testing manually fine-tuned models on
Tesseract or Gemini data, their perplexity suffered
slightly compared to self-fine-tuned counterparts,
reinforcing the pervasive impact of noise in OCR
pipelines on overall model robustness.

Overall, these results show the critical role of
preserving morphologically accurate data quality
in enhancing model performance for low-resource
indigenous languages like Chakma.
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6 Conclusion

In this work, we introduced a Bangla-transliterated
Chakma dataset, derived from Chakma literature
using Tesseract, Gemini 2.5 Pro OCR and man-
ual transcription. We empirically demonstrate
that pre-trained multilingual language models can
be effectively adapted for the Chakma language
through fine-tuning on this data, establishing a
strong baseline for Masked Language Modeling
for Chakma. Our comprehensive experiments fur-
ther underscore that model performance is highly
sensitive to data quality, and that iterative cleaning
directly enhances model performance. To support
future research, we publicly release our manually
refined dataset. A compelling direction for future
work is to investigate the optimal transliteration
target for low-resource languages. We hypothesize
that for Chakma, which shares significant typo-
logical and lexical similarity with Bangla, translit-
eration into the Bangla script may yield superior
performance compared to the English script, de-
spite the generally stronger pre-training of LLMs
on English. Systematically evaluating this trade-off
between linguistic proximity and model capability
remains an open question.

7 Limitations and Future Work

This study focuses on understanding the potential
of LLM adaptability to low-resource languages.
In our work, we have considered Chakma lan-
guage as a case study. However, our manually
validated Bangla-transliterated Chakma language
dataset contains only 4570 sentences. The sen-
tences are collected from story books, which is not
sufficient to reflect diverse real-world scenarios, es-
pecially in a modern context. So, we aim to expand
our Chakma corpus incorporating more diverse
text sources, including spoken language transcripts,
community-generated contents and parallel trans-
lations. Transliteration of Chakma dataset to Latin
script is another direction of research following the
works of Muller et al. (2020). If such a dataset ex-
ists, we can test the hypothesis that transliterating
Chakma to a related language (Bangla) as opposed
to the strongest language (English) may yield better
performance. Inspired by Devlin et al. (2019), we
can test our fine-tuned model for Next Sentence
Prediction (NSP) accuracy to get a better under-
standing of how well our model is understanding
the Chakma language. Improving OCR accuracy to
extract the text with a better performance for con-

junct characters, phonetic signs including vowel
diacritics, consonant modifiers, nasalization, and
others is also a potential direction for improvement.
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A Appendix

Table 5: Model Fine-tuned on Manual Data: Cross-Test
Performance

Model Data Loss Perplexity
Accuracy(%)

(masked token acc.) Precision Recall F1_macro
Prediction
Entropy

Pseudo-log
likelihood

Evaluated
Tokens (sentences)

manual_roberta
manual 3.1942 24.3903 46.24 0.3432 0.2799 0.2876 2.8258 -3.1910 8092 (431)
teserrect 4.3534 77.7443 29.14 0.2502 0.1469 0.1603 2.7436 -4.3550 10713 (569)

gemini-2.5-pro 4.3573 78.0479 29.67 0.253 0.1576 0.1677 2.7591 -4.3559 10645 (569)

manual_bert
manual 1.3905 4.017 70 0.5107 0.4353 0.4512 1.0178 -1.3916 9011 (495)
teserrect 3.7036 40.5924 31.56 0.2886 0.1837 0.1974 2.123 -3.7023 12198 (657)

gemini-2.5-pro 3.7461 42.3548 31.23 0.2738 0.1716 0.1880 2.1382 -3.7426 12445 (657)

manual_distilbert
manual 1.4740 4.3668 67.10 0.4803 0.4074 0.4074 1.2122 -1.4742 9180 (495)
teserrect 3.7822 43.9145 29.63 0.233 0.1415 0.1521 2.3025 -3.7787 12516 (657)

gemini-2.5-pro 3.7368 41.9629 30.04 0.2357 0.1568 0.1636 2.3025 -3.7411 12424 (657)

manual_debarta
manual 1.0644 2.8991 72.08 0.452 0.3549 0.3724 0.8393 -1.0654 16202 (864)
teserrect 2.2775 9.7526 46.52 0.1911 0.1402 0.1446 1.3831 -2.2782 20466 (1085)

gemini-2.5-pro 2.3037 10.0116 45.77 0.1999 0.1460 0.1515 1.3957 -2.3066 20402 (1085)

sagorbangla
manual 2.4675 11.7925 54.52 0.367 0.2663 0.2861 2.6335 -2.4707 18587 (986)
teserrect 6.1659 476.2059 20.45 0.1542 0.0979 0.1042 3.9245 -6.1638 8216 (434)

gemini-2.5-pro 6.2530 519.5888 20.51 0.1343 0.0826 0.0886 3.9889 -6.2558 8148 (434)

IndicBERT
manual 2.4492 11.5791 52.75 0.4337 0.2994 0.3297 2.4188 -2.4546 6627 (351)
teserrect 4.6562 105.2307 23.03 0.2572 0.1140 0.1385 3.7807 -4.6625 8392 (429)

gemini-2.5-pro 4.5815 97.6632 23.19 0.2964 0.1357 0.1649 3.7785 -4.5871 8251 (429)

Table 6: Model Performance Comparison

Model Data Type Loss Perplexity
Accuracy

(masked token accuracy) Precision Recall F1_macro
Prediction
Entropy

Pseudo-log-
likelihood Tokens

BERT-Base
Multilingual (cased)

manual
base 2.5744 13.1234 48.43% 0.4173 0.3144 0.3321 2.3547 -2.5763 9126 (495)

finetuned 1.3905 4.017 70% 0.5107 0.4353 0.4512 1.0178 -1.3916 9011 (495)

teserrect
base 3.8187 45.5459 25.05% 0.2491 0.1507 0.1640 3.3034 -3.8194 12371 (657)

finetuned 3.3143 27.5039 32.91% 0.2882 0.1706 0.1889 2.6401 -3.3211 12493 (657)

gemini-2.5-pro
base 3.7713 43.4369 26.19% 0.2492 0.1543 0.1695 3.2742 -3.7731 12338 (657)

finetuned 3.7878 44.1608 31.75% 0.2391 0.1821 0.1855 2.1291 -3.7898 12353 (657)

DistilBERT
Multilingual (cased)

manual
base 3.1898 24.284 38.78% 0.3030 0.2044 0.2135 3.2877 -3.1989 9106 (495)

finetuned 1.4597 4.3046 65.08% 0.5070 0.4045 0.4323 1.4180 -1.4636 8796 (439)

teserrect
base 4.2519 70.2371 20.10% 0.2064 0.1030 0.1090 3.8775 -4.2527 12126 (657)

finetuned 3.3691 29.052 31.64% 0.2845 0.1699 0.1872 2.6530 -3.3700 1197 (657)

gemini-2.5-pro
base 4.2025 66.8516 20.30% 0.2175 0.1087 0.1150 3.8539 -4.2038 12459 (657)

finetuned 3.7658 43.197 30.49% 0.2533 0.1701 0.1811 2.3147 -3.7675 12353 (657)

XLM-RoBERTa
(XLM-R)

manual
base 3.1942 24.3903 46.24% 0.3432 0.2799 0.2876 2.8258 -3.1910 8092 (431)

finetuned 1.1858 3.2732 73.54% 0.5677 0.5114 0.5219 1.0693 -1.1918 8043 (431)

teserrect
base 4.5293 92.6939 25.79% 0.2294 0.1498 0.1619 4.0378 -4.5321 10653 (569)

finetuned 3.14 54.39 30.28% 0.2634 0.1554 0.1719 3.2284 -3.9981 10327 (569)

gemini-2.5-pro
base 4.5354 93.2627 25.72% 0.2213 0.1417 0.1552 4.0543 -4.5400 10762 (569)

finetuned 4.3840 80.1618 28.70% 0.2421 0.1575 0.1631 2.8692 -4.3910 10620 (569)

DeBERTaV3
Base

manual
base 17.4875 39329757.5 0% 0.0000 0.0000 0.0000 7.8197 -17.4848 16457 (864)

finetuned 1.0644 2.8991 72.08% 0.4520 0.3549 0.3724 0.8393 -1.0654 16202 (864)

teserrect
base 14.6398 2280263.447 0% 0.0000 0.0000 0.0000 7.8999 -14.6415 20447 (1085)

finetuned 2.0572 7.8241 46.94% 0.3072 0.1697 0.1859 1.562 -2.0610 20477 (1085)

gemini-2.5-pro
base 16.1899 10744904.22 0% 0.0000 0.0000 0.0000 8.1224 -16.1899 20398 (1085)

finetuned 2.2105 9.1200 46.86% 0.2412 0.1576 0.1688 1.4322 -2.2130 20509 (1085)

Bangla BERT
Base

manual
base 5.5218 250.0904 29.87% 0.2338 0.1478 0.1637 5.7929 -5.5302 6451 (344)

finetuned 2.4675 11.7925 54.52% 0.3670 0.2663 0.2861 2.6335 -2.4707 18587 (986)

teserrect
base 6.8747 967.5296 15.67% 0.1516 0.0860 0.0981 6.6578 -6.8720 8129 (434)

finetuned 5.7022 299.5393 22.17% 0.1598 0.1039 0.1116 4.2600 -5.7041 8167 (434)

gemini-2.5-pro
base 6.8133 909.9072 16.95% 0.1514 0.0847 0.0967 6.5669 -6.8131 8256 (434)

finetuned 6.1469 467.2527 20.86% 0.1442 0.0888 0.0953 3.9319 -6.1402 8179 (434)

IndicBERT

manual
base 7.5091 1824.6141 17.54% 0.3636 0.1131 0.1489 5.3301 -7.5190 18403 (971)

finetuned 2.8209 16.7924 45.36% 0.4261 0.2239 0.2693 2.8646 -2.8273 18418 (971)

teserrect
base 8.0048 2995.1897 12.62% 0.2703 0.0822 0.1060 5.4509 -8.0154 8065 (429)

finetuned 4.4269 83.6677 23.04% 0.2744 0.1141 0.1434 3.9951 -4.4268 8046 (429)

gemini-2.5-pro
base 8.0774 3220.7776 12.42% 0.2762 0.0784 0.1026 5.4241 -8.0825 8130 (429)

finetuned 4.5811 97.6174 23.64% 0.2733 0.1186 0.1470 3.7354 -4.5813 8046 (429)
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Figure 4: Details of Chakma Storybooks Used in the Dataset
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Abstract
Large Language Models (LLMs) have demon-
strated strong translation abilities through
prompting, even without task-specific train-
ing. However, their effectiveness in dialec-
tal and low-resource contexts remains underex-
plored. This study presents the first systematic
investigation of LLM-based Machine Transla-
tion (MT) for Sylheti, a dialect of Bangla that
is itself low-resource. We evaluate five ad-
vanced LLMs (GPT-4.1, GPT-4.1, LLaMA 4,
Grok 3, and Deepseek V3.2) across both trans-
lation directions (Bangla ⇔ Sylheti), and find
that these models struggle with dialect-specific
vocabulary. To address this, we introduce
Sylheti-CAP (Context-Aware Prompting), a
three-step framework that embeds a linguis-
tic rulebook, dictionary (2260 core vocabulary
and idioms), and authenticity check directly
into prompts. Extensive experiments show
that Sylheti-CAP consistently improves trans-
lation quality across models and prompting
strategies. Both automatic metrics and human
evaluations confirm its effectiveness, while
qualitative analysis reveals notable reductions
in hallucinations, ambiguities, and awkward
phrasing—establishing Sylheti-CAP as a scal-
able solution for dialectal and low-resource
MT. Dataset link: https://github.com/Sylheti-
CAP

1 Introduction

Large Language Models (LLMs) have recently
demonstrated remarkable potential in natural lan-
guage processing (NLP) tasks (Yang et al., 2024;
Dubey et al., 2024; OpenAI et al., 2023), including
neural machine translation (NMT). Prior studies
(Robinson et al., 2023; Zhu et al., 2023) show that
while LLMs achieve strong performance in trans-
lating high-resource languages, their effectiveness
decreases significantly for low-resource languages
(LRLs) (Joulin et al., 2016; team et al., 2022),
where parallel data is limited and difficult to ob-
tain.

Compared to traditional NMTmodels, LLMs of-
fer several qualitative advantages. They allow con-
trollability of style and language variety through
prompting and in-context learning (Brown et al.,
2020; García et al., 2023; Agrawal et al., 2022), ex-
hibit inherent document-level translation capabili-
ties (Wang et al., 2023; Karpinska and Iyyer, 2023),
produce less literal translations (Raunak et al.,
2023), and demonstrate improved handling of com-
plex linguistic phenomena such as idioms and am-
biguous expressions. Consequently, LLMs are in-
creasingly surpassing conventional NMT models
in versatility (Peng et al., 2023; Hendy et al., 2023;
Zhu et al., 2023).
Recent research has leveraged in-context learn-

ing (ICL) (Brown et al., 2020; Dong et al., 2022)
to enable LLMs to perform translation without pa-
rameter updates, and supervised fine-tuning with
parallel corpora has also been explored (Li et al.,
2023; Chen et al., 2021; Alves et al., 2023). How-
ever, training LLMs still requires vast multilin-
gual resources, and the inherent imbalance in lan-
guage coverage continues to hinder performance
for many LRLs (Jiao et al., 2023; Hendy et al.,
2023). While prior work has shown impressive
results in high-resource pairs such as English–
German translation (Vilar et al., 2022), the effec-
tiveness of LLMs in dialect-specific scenarios re-
mains underexplored.
This gap is particularly acute for languages like

Bangla (Prama et al., 2025). More than two hun-
dred million people speak Bangla (also known as
Bengali) (Accredited Language Services, 2015),
yet it remains relatively low-resource in the NLP
landscape. Its dialects are even more underserved,
with virtually no large-scale datasets. These di-
alects encode rich linguistic and cultural variation,
but unlike the standardized language, they rarely
benefit from curated resources such as newswire
corpora. Sylheti is a major Bangla dialect with an
estimated 11 million speakers worldwide (Simard

292

https://github.com/TabiaTanzin/LLMs-for-Low-Resource-Dialect-Translation-Using-Context-Aware-Prompting-A-Case-Study-on-Sylheti.git
https://github.com/TabiaTanzin/LLMs-for-Low-Resource-Dialect-Translation-Using-Context-Aware-Prompting-A-Case-Study-on-Sylheti.git


et al., 2020), illustrates this problem especially
clearly. Although a few studies have explored
Bangla⇔Sylheti translation using traditional deep
learning models (Prama and Anwar, 2025a; Faria
et al., 2023), research remains limited. To our
knowledge, this is the first systematic evaluation
of LLM-based machine translation for Bangla ⇔
Sylheti. We frame our study around two research
questions (RQs):
RQ1: How do LLMs perform MT between

Bangla and the Sylheti dialect?
To answer this question, we evaluate multi-

lingual LLMs (LLaMA-4 (AI, 2024) , Gemini
2.5 Flash (DeepMind, 2025), GPT-4.1 (OpenAI,
2024), DeepSeek v3.2 (DeepSeek-AI, 2024), and
Grok 3 (xAI, 2025)) from five different LLM fam-
ilies. Here the LLMs are first used in a zero-shot
setting, meaning that we assume that (to the best of
our knowledge) the models are not directly trained
with Sylheti-specific data but are instead expected
to apply their knowledge of Bangla to understand
and translate Sylheti. On average, Sylheti →
Bangla translation achieves 66.8 % higher BLEU-
1 scores than Bangla→ Sylheti. Also Llama 4 and
Grok achive superior perfromance among the mod-
els we tested.
RQ2: How can we improve LLM translation

performance?
To address this question, we propose Sylheti-

CAP, a context-aware prompting strategy designed
to enhance LLM translation for low-resource di-
alects shows in Figure 1. While prior work
has explored adding extra-sentential context to
translation (Maruf et al., 2019; Castilho and
Knowles, 2024), such models—trained solely for
translation—have shown only modest gains over
context-agnostic baselines (Chatterjee et al., 2020;
Yin et al., 2021). Recent studies show that
LLMs can effectively leverage contextual informa-
tion for various NLP tasks, including document-
level translation (Karpinska and Iyyer, 2023;Wang
et al., 2023). Building on this, Sylheti-CAP
integrates Sylheti-specific lexical, grammatical,
and idiomatic knowledge (including untranslatable
terms) directly into prompts, followed by a flu-
ency and correctness refinement step. We eval-
uate Sylheti-CAP on Bangla ⇔ Sylheti transla-
tion using five LLMs. Results on BLEU, ME-
TEOR, and ChrF show consistent improvements
over Zero-Shot, Few-Shot, and CoT prompting,
with fewer mistranslations, omissions, and awk-
ward phrases. Human preference and MQM

 "আমি" → "মুই"
 "আপনি" → "আফনে"
"আমরা" → "আমরার"

 "তারা" → "তারার"
  "সে" → "হে" / "তাই"

"আছে" → "রইছে"
 "আছো" → "আসো"
 "আছি" → "আছি"
 "ছিল" → "আছিল"
 "হবে" → "অইবো"

Input Sentence in Bangla

You are a specialized translator for the Sylheti language, a distinct
Eastern Indo-Aryan language related to Bangla but with its own
grammar, phonology, vocabulary, and idiomatic rules. Your role is to
translate any Bangla sentence into natural spoken Sylheti so that
the result feels authentic and locally natural, not like Bangla with
slight word changes.

You must carefully follow the rules below. Think of them as a
rule-book:

Step 1 Pronouns & Possessives: Always replace
Bangla pronouns with Sylheti forms.

Step 2 Copula (To Be / Existential Verbs): Bangla “to
be” verbs change into Sylheti equivalents:

Step 3 Question Words: Convert question particles
into Sylheti:

Step 4 Apply verb transformations: drop aspirates 
(খ → ক, ঘুম → গুম). 

Present tense
endings:

আমি করি → মুই খরি

তু মি করো → তু মি খরো

সে করে → হে খরে

Past tense
endings:

আমি করেছিলাম →
মুই খরসিলাম

সে গিয়েছিল → হে
গিছিল

Future tense
endings:

আমি করবো → মুই
খরমু

তু মি যাবে → তু মি যামু

Step 5
Negation: Replace না with নি or নায় depending on context.

আমি যাই না → মুই যাই নি
তু মি বুঝো না → তু মি বুজো নি

Step 6
Imperatives (Commands): Translate Bangla imperatives into natural

Sylheti forms: খাও → খা, বসো → বইবা, যাও → যা, দাও → দাওকা

Step 7
Passive Voice Constructions: Use the Sylheti passive pattern as

Object + Subject + dia + participle + অইসে/অইলো
Bangla: জানালা ছেলেটা ভেঙেছে

Sylheti: জানালা ফু য়া ডি বাঙ্গা অইসে

Step 8 Classifiers (Counting Words): এক → এখ, একটা → এখটা, পাঁচটা →
ফাসটা, সবগুলো → হখলটা

Step 9
Core Vocabulary Substitutions: Replace these Bangla words with

Sylheti equivalents পড়াশোনা → পড়ালেখা, টাকা → ফইশা, বন্ধু  → বন্দু, 
বাড়ি → গর, খুশি → কু শি, দুঃখ → বেজার

Step 10
Idiomatic

Phrases: Translate idioms
naturally

খুব ভালো → বাক্কা ভালা

একদমই না → এখেবারেউ নি
অনেক দিন আগে → বাক্কা

আগে

ভালো লাগে না → ভালা
লাগের নি

খুব সুন্দর → বহু ত ভালা

Word Order: Always keep Subject–Object–Verb (SOV) order intact.Step 11

Tone & Authenticity:
Ensure the translation sounds like natural Sylheti speech, not

written Bangla.
Step 12

Translated Output Sentence in Sylheti

Figure 1: Overview of the Sylheti-CAP prompt-
ing framework. The framework consists of three
key stages: (1) Linguistic Rulebook Integration with
Sylheti-specific grammatical and morphological rules
(2) Bilingual Lexicon and Idiom dictionary and (3) Au-
thenticity and Fluency Check.

(Lommel, 2013) evaluations further confirm that
Sylheti-CAP yields more natural and faithful trans-
lations.

2 The Sylheti-CAP Framework:
Prompting for Low-Resource Dialectal
Translation

Prompting language models (LMs) for transla-
tion, particularly between standard and dialectal
variants, assumes that the model has been pre-
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trained on sufficient parallel data in both lan-
guages. For low-resource languages like Sylheti,
a dialect of Eastern Indo-Aryan Bangla with dis-
tinct phonology, grammar, and vocabulary, this
assumption often fails—even in large multilin-
gual LMs. Moreover, translation quality typi-
cally declines when faced with out-of-domain data
(Zhang and Zong, 2016; Koehn and Knowles,
2017). To address these challenges of data scarcity
and domain mismatch, we introduce the Sylheti-
CAP (Sylheti Context-Aware Prompting) frame-
work. This method leverages the in-context learn-
ing ability of LMs by injecting structured linguistic
rules and bilingual lexicons directly into the trans-
lation prompt (Figure 1).
Dictionaries and rulebooks are often available

even for low-resource languages, making them
cost-effective sources of translation knowledge
(Arthur et al., 2016; Zhong and Chiang, 2020;
Hämäläinen and Alnajjar, 2019). The Sylheti-
CAP framework integrates this information into
the prompt through a three-part schema to ensure
that outputs reflect authentic Sylheti usage rather
than slightly modified Bangla.

Step 1. Linguistic Rulebook. This section de-
fines the translator persona and the grammatical
and phonological rules required for authentic Syl-
heti output. Key rules include:

• Pronoun and Possessive Substitution: আিম
(I)→ মুই (I),আমার (my)→ েমার (my).

• Copula and Existential Verbs: আেছ (is/are,
exists)→ রইেছ (is/are, exists),আেছা (you are)
→আেসা (you are).

• Verb Transformations: Apply phonological
simplification (e.g., খ (kh sound) → ক (k
sound)) and tense-specific conjugations (আিম
করেবা (I will do)→ মুই খরমু (I will do)).

• Syntactic and Morphological Directives:
Enforce negation (না (not)→ িন/নায় (not)), im-
peratives (খাও (eat!) → খা (eat!)), and main-
tain SOV (Subject–Object–Verb) word order.

Step 2. Core Vocabulary and Idioms Dictio-
nary. This section provides a lexicon of frequently
used words and idiomatic expressions where di-
rect translation is insufficient. It guides the model
toward contextually appropriate substitutions and
handles non-standard lexical gaps. A dictionary of
3,106 word pairs was created for this purpose (see
Appendix A.1).

Core Vocabulary Examples:

Bangla Word Sylheti

পড়ােশানা (study) পড়ােলখা
টাকা (money) ফইশা
বািড় (house/home) গর
খুিশ (happy) কুিশ
বনু্ধ (friend) বনু্দ

Idiomatic Expressions:

Bangla Expression Sylheti

খুব ভােলা (very good) বাক্কা ভালা
একদমই না (not at all) এেখবােরউ িন
অেনক িদন আেগ (a long time
ago)

বাক্কা আেগ

ভােলা লােগ না (do not like /
does not feel good)

ভালা লােগর িন

Step 3. Sentence-Level Translation and Au-
thenticity Check. The final segment presents
the Bangla source sentence, followed by meta-
instructions guiding the model to prioritize fluency
and natural spoken style over literal translation.
This ensures the generated text reflects authentic
Sylheti speech rather than formalized Bangla.
Overall, Sylheti-CAP combines linguistic rules

and bilingual dictionaries within a structured
prompt, providing an interpretable and adapt-
able method for high-quality dialect-specific ma-
chine translation—especially valuable for under-
resourced language pairs where traditional neural
MT systems fail to capture dialectal nuances. Ap-
pendix A.2 Table 12 shows the prompt we used
following Sylheti-CAP framework.

3 Experiments

Dataset. For evaluation, we use the Vashantor
corpus (Faria et al., 2023), which contains 2,500
Sylheti ⇔ Bangla parallel sentences collected
from websites, social media platforms, and
discussion boards. Each sentence has been
professionally translated into Bangla. We use a
375-sentence test set to evaluate each model.

Dictionaries. For translation, we employ
ground-truth bilingual dictionaries constructed
from three Sylheti⇔Bangla parallel datasets:
Vashantor (Faria et al., 2023) (2,125 sentences),
ONUBAD (Sultana et al., 2025) (980 sentences),
and a Sylheti dataset (Prama and Oni, 2025)
(5,002 sentence pairs). From these sources, we
derived word-level mappings by taking the union
of unique tokens, resulting in 2260 distinct words
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that differ between the Sylheti and Bangla sides.
Examples of Sylheti⇔Bangla word mappings are
provided in Appendix A.1 (Table 7). Additionally,
a large number of words are identical in both
languages since Sylheti is a dialect of Bangla (see
Table 8).

Models. We evaluated five state-of-the-art
LLMs from major developers, each with distinct
technical specifications. The selection prioritized
cutting-edge, diverse architectures to enable a com-
prehensive competitive assessment.
LLaMA-4 (AI, 2024) comes in two variants:

Llama 4 Scout (17B active parameters, 16 experts)
and Llama 4 Maverick (17B active parameters,
128 experts). Llama 4 Maverick is considered the
leading multimodal model in its class, outperform-
ing GPT-4o, Gemini 2.0 Flash, and DeepSeek V3
on reasoning and coding benchmarks. In our exper-
iments, we evaluate the Llama 4 Maverick model
via the Meta.AI 1 website.
Gemini 2.5 Flash (DeepMind, 2025), (released

on June 17, 2025) is Google’s latest sparsemixture-
of-experts Transformer model, optimized for large-
context processing with up to 1,048,576 input to-
kens and 65,535 output tokens. It features ad-
vanced reasoning, agentic behaviors, and real-time
application support. In this experiment, we evalu-
ated Gemini 2.5 Flash using the Google AI Studio
2 platform.
GPT-4.1 (OpenAI, 2024) is a multimodal LLM

that achieves human-level performance on diverse
professional and academic benchmarks. Based on
the Transformer architecture, it is pre-trained for
next-token prediction and can process up to 32,768
tokens per input. The model is accessible via Chat-
GPT Plus and the OpenAI API; in this experiment,
we accessed and evaluated GPT-4.1 through the
OpenAI API.
Grok 3 (released February 17, 2025) (xAI, 2025)

is xAI’s latest 1.2-trillion-parameter model, com-
bining transformer-based language modeling with
symbolic reasoning modules (Inaba et al., 2003).
It uses 128 expert networks with dynamic rout-
ing and cross-expert attention gates, achieving
83% parameter activation efficiency while en-
abling knowledge sharing between experts (Doshi
et al., 2023) which is trained on 13.4 trillion tokens.
In this experiment, we evaluatedGrok 3 through its

1https://ai.meta.com/
2https://deepmind.google/

official web interface 3.
DeepSeek-V3 (released December 26, 2024) is

a Mixture-of-Experts language model with 671
billion total parameters, 37 billion of which are
active per token. It employs Multi-head Latent
Attention (MLA) and the DeepSeekMoE architec-
ture, extending DeepSeek-V2 for more efficient
inference and cost-effective training. Pre-trained
on 14.8 trillion tokens and further optimized via
supervised finetuning and reinforcement learning.
In this experiment, we evaluated DeepSeek-V3
using the official website 4.

Metrics. We evaluate LLM performance
using BLEU (Bilingual Evaluation Understudy)
(Papineni et al., 2002) and ChrF (Character-level
F-score) (Popovic, 2015), which together offer a
complementary view across tokenization granular-
ities. In addition, we report METEOR (Banerjee
and Lavie, 2005), which mitigates some semantic-
matching limitations of BLEU by incorporating
stemming and synonymy. Taken together, BLEU,
ChrF, and METEOR provide a multi-dimensional
assessment of translation quality.

Comparative Methods. We consider the fol-
lowing prompting strategies:
Zero-shot. A direct translation prompt with the

model’s default settings; temperature is set to 1 in
all experiments.
Few-shot. In-context learning with exemplars

included in the prompt (Hendy et al., 2023). Prior
work shows that example selection strategy and
count can affect performance (Agrawal et al.,
2022; Zhu et al., 2023), with random selection of-
ten performing best (Zhu et al., 2023). As the num-
ber of examples increases from 1 to 8, BLEU typi-
cally improves (Zhu et al., 2023). We use five ex-
emplars in our prompts.
Chain-of-Thought (CoT). CoT prompting de-

composes translation into structured sub-steps, en-
couraging the model to reason through lexical,
grammatical, and topical aspects before producing
the final output (Wei et al., 2022). This approach
is inspired by professional human translation work-
flows (Baker, 1992; Koehn, 2009; Bowker, 2002;
Hatim and Munday, 2005).
Appendix A.2 presents the exact prompts used

for the four strategies.

3https://grok.com/
4https://deepseekv3.org/
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4 Results and Discussion

4.1 RQ1: Benchmarking LLMs for Sylheti
⇔ Bangla

Figure 2 shows the BLEU score in both transla-
tion directions (Sylheti ⇔ Bangla). Across both
directions, Grok 3 and LLaMA 4 are the strongest
models, with LLaMA 4 leading Bangla→Sylheti
(BLEU-1 = 0.3565; Grok 3 = 0.3525) and Grok
3 leading Sylheti → Bangla (0.4855; LLaMA 4
= 0.4656), while GPT-4.1 and Deepseek V3.2
trail on Bangla → Sylheti (both 0.2106). A pro-
nounced directional asymmetry emerges: every
model performs substantially better when trans-
lating into Bangla than into Sylheti—for the top
systems, Grok 3 is 1.38 times higher (0.4855 vs.
0.3525) and LLaMA 4 is 1.31 times higher (0.4656
vs. 0.3565) on Sylheti → Bangla than Bangla
→ Sylheti, indicating that current LLMs are more
proficient at producing the high-resource standard
language than generating the dialect. This gap
likely stems from pre-training data imbalance and
limited exposure to Sylheti’s lexicon, morphology,
and orthography; as a result, models often normal-
ize dialectal items into standard Bangla or omit
Sylheti-specific function words. Qualitative exam-
ples in Table 1 show that zero-shot LLMs normal-
ize Sylheti into standard Bangla, erasing dialec-
tal lexicon, morphology, and particles. Core Syl-
heti words, e.g., ফুিড়টা (the girl), এখইন (now), যা-
ইবা (will go), ফুয়াটায় (the boy), ফারেলা (could/was
able to), বাফর (father), মাই (mother), েকিনয়া (hav-
ing bought), আনছইন (has brought), and আছইন
িন? (is he not well?) are replaced by Bangla-
leaning forms like েময়াডা (the girl), এখন (now),
যা (go), েপালাডা (the boy), পারল (could/was able
to), আব্বার (father's), আম্মা (mother), িকনা (having
bought), আনেছ (has brought), and েকমন আেছেগা?
(how are you?). These errors reflect lexical substi-
tution, morphological normalization (future, nega-
tion, honorifics), and orthographic drift, indicating
limited Sylheti exposure and a decoding prior bi-
ased toward standard Bangla.

4.2 RQ2: Enhance LLM’s Translation
Performance by Sylheti-CAP

The evaluation of prompting strategies for both
Bangla ⇔ Sylheti translation tasks across five
LLMs shows a clear and consistent advantage
for the proposed Sylheti-Context-Aware Prompt-
ing (Sylheti-CAP) method. Table 2 and 3 shows
Sylheti-CAP achieves the highest scores across
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Figure 2: BLEU-1 scores on the test dataset for five
LLMs (GPT-4.1, GPT-4.1-mini, LLaMA 4, Grok 3, and
Deepseek V3.2) evaluated in both Bangla ⇔ Sylheti
translation directions. BLEU scores are averaged over
all test samples in each translation direction for this ex-
periment.

all models and evaluation metrics (BLEU-1, ME-
TEOR, and ChrF) in both translation directions.
As shown in Table 2, Sylheti-CAP consistently

outperforms Zero-Shot, Few-Shot, and Chain-of-
Thought (CoT) prompting. For example, Grok
achieved the highest BLEU-1 (0.47) and ChrF
(46.01), improving significantly over its Zero-Shot
baseline (0.35 BLEU-1, 42.19 ChrF). LLaMA and
GPT attained the top METEOR score of 0.34,
while Deepseek’s ChrF rose from 35.81 to 39.07
and Gemini improved from 0.26 to 0.29 BLEU-
1. These gains highlight Sylheti-CAP’s ability to
inject dialect-specific context and structure into
LLMs, enhancing lexical and semantic accuracy
even in low-resource conditions.
Similarly, Table 3 demonstrates that Sylheti-

CAP generalizes effectively in the reverse direc-
tion. Across all LLMs, it again delivers the best re-
sults for every metric. Deepseek reached the high-
est BLEU-1 (0.52), METEOR (0.45), and ChrF
(53.72), outperforming its next-best CoT configu-
ration. Grok followed closely with 0.52 BLEU-1
and 53.13 ChrF, while LLaMA, GPT, and Gem-
ini also recorded steady improvements. For in-
stance, LLaMA’s ChrF increased from 49.95 to
52.19, and GPT’s METEOR rose from 0.34 to
0.43, demonstrating Sylheti-CAP’s consistent en-
hancement of lexical precision and semantic align-
ment. Across both translation directions, Sylheti-
CAP proves highly effective in addressing data
scarcity and capturing dialectal nuance. In con-
trast, Zero-Shot and CoT rely on general multi-
lingual reasoning and lack sensitivity to dialec-
tal variation. As shown in Table 4, the baseline
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Table 1: Examples of Standard Bangla, Original Sylheti, and LLM-generated Sylheti translations produced by
LLaMA 4 under the default prompt setting. Words highlighted in green represent accurate Sylheti translations
corresponding to the Bangla source, while red highlights indicate errors or hallucinated terms generated by the
model during Bangla→Sylheti translation.

Bangla Sentence Original Sylheti Translated Sylheti

েতামার আবু্ব েকমন আেছ? (How is your
father?)

েতামার আব্বা বালা আছইন
িন?

েতার আব্বা েকমন আেছ-
েগা?

েমেয়িট এখন িসেলট যােব (The girl will
now go to Sylhet)

ফুিড়টা এখইন িসলট যাইবা েময়াডা এখন িসলট যা

েছেলিট আমােক িচনেত পারল না (The boy
could not recognize me)

ফুয়াটায় আমাের িচনেত ফার-
েলা না

েপালাডা আমাের িচনবার পা-
রল নাইব

আমার আবু্বর খুব গরম লাগেছ (My father
is feeling very hot)

আমার বাফর খুব গরম লাগ-
েছ

আমার আব্বার অেনক গরম
লাগতােছ

আমু্ম আমার জনয্ নীল শািড় িকেন এেন-
েছ(My mom bought a blue sari for me)

মাই আমার লািগ নীল শািড়
েকিনয়া আনছইন

আম্মা আমার লািগ নীল শািড়
িকনা আনেছ

prompts frequently fall back to standard Bangla
forms or non-target dialect words (e.g., বােপ (fa-
ther), বাফা (father), আফা (older sister), পর (after),
পরত (after/afterwards)), whereas Sylheti-CAP re-
liably selects the intended Sylheti lexicon such
as আব্বা (father), ফের (after), and বইেনর (sis-
ter's). Only Sylheti-CAP yields a near-target vari-
ant, while other prompts produce lexically and
morphologically off-target variants like বােপ িক-
রাম (how is your father) or েকমন আেছর (how are
you), and পর/পরত (after), but Sylheti-CAP cor-
rectly preserves core Sylheti dialect-specific word-
to-word mappings for achieving lexically faithful
Bangla→Sylheti translations.

4.3 Human Evaluation.

We conducted a human preference study on 200
samples for the Bangla ⇔ Sylheti translation task
with 3 native speakers in Sylheti. Annotators
rated translations from four prompting strategies
Zero-Shot, Few-Shot, CoT, and Sylheti-CAP as
Good, Fair, or Poor. Figure 3 shows that Sylheti-
CAP consistently achieved the highest proportion
of Good translations in both directions. For in-
stance, Deepseek V3.2 and Grok 3 reached over
50% Good ratings in both Bangla → Sylheti and
Sylheti → Bangla, while Poor outputs stayed be-
low 20%. Overall, Sylheti-CAP substantially re-
duced low-quality outputs and increased human
preference, confirming its effectiveness for dialect-
aware translation.

4.4 LLM-as-a-judge.
We also conducted an LLM-as-a-judge study on
the same set of 200 samples used in the human eval-
uation for the Bangla ⇔ Sylheti translation task.
Using GPT-5.0, we directly scored adequacy, flu-
ency, and overall translation quality on a 0–100
scale by comparing the reference Sylheti sentence
with LLM-generated Sylheti translations under dif-
ferent prompting strategies. Appendix A.2 and Ta-
ble 13 present the prompt used in the LLM-as-a-
judge setup. Table 5 shows that Sylheti-CAP con-
sistently achieves the highest adequacy, fluency,
and overall scores, outperforming all other prompt-
ing strategies by a margin of 3–10 points.

4.5 MQM Evaluation.
To further analyze translation quality improve-
ments across prompting strategies, we conducted
Multidimensional Quality Metric (MQM) evalua-
tions (Lommel, 2013) using the same 200 samples
from the Bangla⇔ Sylheti test sets. Following the
expert-based annotation protocols in (Freitag et al.,
2021; He et al., 2023), annotators identified trans-
lation errors, categorized them (e.g., omission, un-
translated text, awkward phrasing, and mistransla-
tion), and rated their severity. Each category con-
tributed a weighted penalty, producing an overall
MQM score per system.
As summarized in Table 6, Sylheti-CAP

achieved the lowest (best) MQM scores in both
directions (1.62 for Ben→Syl and 1.93 for
Syl→Ben), outperforming Zero-Shot, Few-Shot,
and CoT prompting. The category-level break-
down in Figure 4 shows that these improvements
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Table 2: Translation performance (BLEU, ChrF, METEOR) of GPT-4.1, GPT-4.1-mini, LLaMA 4, Grok 3, and
Deepseek V3.2 for ``Bangla→Sylheti'' translation. Scores are the average of each test set for each language, mea-
sured using BLEU, ChrF, and METEOR metrics. Orange shading indicates that Sylheti-CAP outperformed other
prompt strategies.

Model Zero-Shot Few-Shot COT Sylheti-CAP

B1 M C B1 M C B1 M C B1 M C

Deepseek 0.21 0.24 35.81 0.10 0.07 14.47 0.27 0.19 35.38 0.32 0.24 39.07
Grok 0.35 0.28 42.19 0.39 0.27 41.57 0.33 0.26 39.81 0.47 0.30 46.01
LLaMA 0.36 0.26 37.09 0.35 0.32 42.22 0.34 0.25 38.23 0.42 0.34 45.08
GPT 0.36 0.32 42.68 0.32 0.30 43.34 0.34 0.29 40.60 0.42 0.34 43.91
Gemini 0.26 0.19 34.71 0.23 0.15 30.51 0.19 0.14 31.61 0.29 0.24 35.86

Table 3: Translation performance (BLEU, ChrF, METEOR) of GPT-4.1, GPT-4.1-mini, LLaMA 4, Grok 3, and
Deepseek V3.2 for ``Sylheti→Bangla'' translation. Scores are the average of each test set for each language, mea-
sured using BLEU, ChrF, and METEOR metrics. Blue shading indicates that Sylheti-CAP outperformed other
prompt strategies..

Model Zero-Shot Few-Shot COT Sylheti-CAP

B1 M C B1 M C B1 M C B1 M C

Deepseek 0.46 0.39 51.61 0.44 0.37 49.98 0.50 0.42 51.23 0.52 0.45 53.72
Grok 3 0.49 0.41 49.92 0.49 0.41 49.54 0.47 0.39 48.11 0.52 0.44 53.13
LLaMA 0.47 0.41 49.95 0.45 0.37 47.73 0.45 0.39 51.01 0.49 0.41 52.19
GPT 0.41 0.34 46.45 0.50 0.40 48.35 0.41 0.33 44.09 0.47 0.43 51.49
Gemini 0.41 0.34 46.72 0.41 0.34 46.83 0.40 0.33 45.95 0.46 0.39 48.69

are primarily driven by reductions in mistrans-
lations, awkward phrasing, and omission errors,
where Sylheti-CAP consistently yields lower
penalties (e.g., 580 vs. 670 for mistranslation and
200 vs. 220 for omission compared to Zero-Shot).
These findings indicate that incorporating dialectal
context and linguistic grounding not only reduces
literal translation errors but also enhances overall
fluency and semantic adequacy.

4.6 LLMs’ Hallucinations.

In natural language generation (NLG), hallucina-
tion refers to the production of content that is non-
sensical or unfaithful to the source text (Filippova,
2020; Zhang et al., 2019), and remains a persistent
challenge for LLMs (Zhang et al., 2023). To ex-
amine this issue within the context of Bangla ⇔
Sylheti translation, we conducted a human eval-
uation of hallucination errors across four prompt-
ing strategies. Using 200 sampled sentences from
each translation direction, annotators inspected the
generated outputs from five LLMs and labeled
whether each contained hallucinated or semanti-
cally inconsistent content, following the definition

in (Guerreiro et al., 2023).
As illustrated in Figure 5, Sylheti-CAP con-

sistently achieves the lowest hallucination rates
across all models (e.g., 12.6–13.8%), outperform-
ing CoT, Few-Shot, and Zero-Shot prompting,
which exhibit higher rates (typically 15–17%). We
attribute this reduction to the contextual grounding
of Sylheti-CAP, which integrates dialect-specific
translation cues and semantic constraints directly
into the prompt. This additional linguistic guid-
ance helps steer themodel’s token generation away
from spurious continuations, improving overall
faithfulness and reducing nonsensical or unaligned
outputs.

5 Related Works

LLMs inMachine Translation. Recent advances
in LLMs such as GPT-4 (OpenAI et al., 2023)
and LLaMA (Touvron et al., 2023) have sig-
nificantly advanced Neural Machine Translation
(NMT) (Jiao et al., 2023; Hendy et al., 2023).
Two main paradigms dominate: in-context learn-
ing (ICL) and fine-tuning. ICL enables LLMs to
perform translation tasks from a few exemplars
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Table 4: Examples of Standard Bangla, Original Sylheti, and LLM-generated Sylheti translations produced by
LLaMA 4 under the Zero-Shot Few-Shot COT Sylheti-CAP prompt setting. Words highlighted in green represent
accurate Sylheti translations corresponding to the Bangla source, while red highlights indicate errors or hallucinated
terms generated by the model during Bangla→Sylheti translation.

Bangla Sylheti Zero-Shot Few-Shot COT Sylheti-CAP
েতামার আবু্ব
েকমন আেছ?

েতামার আব্বা
বালা আছইন িন?

েতামার বােপ িক-
রাম আেছ?

েতামার আব্বা
েকমন আেছর?

তুমার বাফা কয্া-
মন আছইন?

তুমার আব্বা বা-
লা আছইন?

আমার দুইিদন
পের িবেয় হেব

আমার দুইিদন
ফের িবয়া অই-
েবা

আমার দুই িদন
পরত িবয়া অইব

আমার দুই িদন
পর িবয়া অইেবা

আমার দুই িদন
পর িবয়া অইব

আমার দুই িদন
ফের িবয়া অইেবা

আমার বড় েবা-
েনরআজেক মন
ভােলা েনই

আমার বড় বই-
নর আইজ মন
ভালা নায়

আমার বড় আফা
অহন মন বালা
নাই

আমার বড়
আফার আইজকু
মন ভালা নায়

আমার বড় আফা
রআজকা মন বা-
লা নাই

আমার বড়
বইেনর আইজকু
মন ভালা নায়
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Figure 3: Human preference study comparing Sylheti-CAP with Zero-Shot, Few-Shot and COT for LLMs (GPT-
4.1, GPT-4.1-mini, LLaMA 4, Grok 3, and Deepseek V3.2).

Table 5: GPT-5.1-as-a-judge average scores (0–100)
for adequacy, fluency, and overall translation qual-
ity, comparing reference Sylheti sentences with LLM-
generated Sylheti translations across different prompt-
ing strategies.

Prompt Adequacy Fluency Overall

Zero-shot 72.7 77.5 75.6
Few-shot 78.5 79.5 82.4
CoT 76.3 78.2 78.8
Sylheti-
CAP

84.2 86.5 85.3

without parameter updates (Brown et al., 2020),
often matching supervised models (García et al.,
2023). The quality of demonstrations strongly in-
fluences performance (Agrawal et al., 2022). In
contrast, fine-tuned models such as XGLM-7B (Li
et al., 2023) and instruction-tuned variants (Chen
et al., 2021) improve translation faithfulness and
low-resource adaptability.
Evaluation of LLM-based translation generally

0 100 200 300 400 500 600 700
MQM Penalty Score ( )

Omission

Untranslated text

Awkward

Mistranslation

Zero-Shot
Few-Shot
CoT
Sylheti-CAP (Ours)

Figure 4: MQM penalty scores across different er-
ror categories for 200 test sentences from each of the
Bangla⇔Sylheti test sets. Lower scores is less severe
translation errors.

follows two directions: (1) Prompt-level design,
focusing on prompt templates, demonstration
selection, and reasoning structure (Vilar et al.,
2022; Zhang et al., 2023; Jiao et al., 2023);
and (2) Comprehensive benchmarking, testing
multilingual (Hendy et al., 2023; Zhu et al.,
2023), document-level (Karpinska and Iyyer,
2023), low-resource (García et al., 2023), and
hallucination-resistant (Guerreiro et al., 2023)
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Table 6: Averaged MQM scores (↓) for different
prompting strategies on Bangla–Sylheti (Ben→Syl)
and Sylheti–Bangla (Syl→Ben) translation tasks.
Lower values indicate fewer translation errors and
better quality.

Prompt Ben→Syl Syl→Ben

Zero-Shot 2.54 3.02
Few-Shot 2.41 2.87
CoT 2.18 2.56
Sylheti-CAP 1.62 1.93
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Figure 5: Ratio of hallucinations in generated trans-
lations for 200 test sentences from each of the
English⇔Bengali test sets. Human annotators labeled
each output as either containing or not containing a hal-
lucination error.

settings, often incorporating human feedback (Jiao
et al., 2023). While early efforts to use cross-
sentence context showed limited gains (Lopes
et al., 2020; Fernandes et al., 2021), recent
LLMs can dynamically leverage document-
level and contextual cues (Karpinska and Iyyer,
2023; Wang et al., 2023). Newer methods
integrate retrieval-based prompting (Agrawal
et al., 2022), bilingual lexicons (Ghazvininejad
et al., 2023), context-aware prompting (Pilault
et al., 2023), and document-level fine-tuning (Wu
et al., 2024). However, LLMs’ potential to
fully exploit bilingual, multi-turn contextual
signals and context-aware evaluation remains
underexplored—particularly for low-resource and
dialectal translation, where context injection can
close significant linguistic gaps.

Bangla Machine Translation. Early MT ef-
forts for Bangla concentrated on the high-resource
Bangla–English pair. For Bangla → English, stud-
ies have employed Sequence-to-Sequence (Seq-
to-Seq) models utilizing attention-based Recur-
rent Neural Networks (RNNs) (Islam et al., 2023).
Conversely, English → Bangla translation has
been successfully achieved using encoder–decoder
Gated Recurrent Unit (GRU) architectures, which
were shown to outperform LSTM-based models

(Mahmud et al., 2021). Beyond specific models,
comprehensive analyses have benchmarked mul-
tiple NMT architectures for the general Bangla–
English task (Hasan et al., 2019). More re-
cent work has leveraged transformer-based mod-
els with large-scale multi-dialect parallel corpora
to address generalized dialectal Bangla translation
(Faria et al., 2023). Addressing dialectal vari-
ation, efforts on the Chittagonian dialect have
applied rule-based morphological transformations
and bidirectional mappings for conversion (Milon
et al., 2020; Hossain et al., 2022). For Sylheti,
foundational work has provided essential grammat-
ical insights (Goswami, 2021). In NMT, a Syl-
heti → Bangla system was previously introduced
using a BiLSTM (Prama and Anwar, 2025b) and
transformer based architecture (Oni and Prama,
2025). Despite these contributions, the Bangla–
Sylheti pair remains significantly underexplored
due to scarce standardized corpora, substantial
orthographic variation, and limited linguistic re-
sources. To the best of our knowledge, this study
is the first to employ and systematically evaluate
Large Language Models (LLMs) for the challeng-
ing Bangla⇔ Sylheti dialect translation task.

6 Conclusion

This study presents the first systematic evaluation
of Large Language Models (LLMs) for Bangla–
Sylheti Machine Translation. We propose Sylheti-
CAP (Context-Aware Prompting), a framework
that integrates linguistic rules, bilingual dictionar-
ies, and contextual fluency constraints directly
into prompts to generate accurate and natural Syl-
heti translations. Experiments across five ad-
vanced LLMs (GPT-4.1, GPT-4.1-mini, LLaMA
4, Grok 3, and Deepseek V3.2) show that Grok
3 and LLaMA 4 achieve the highest BLEU and
METEOR scores in both translation directions.
Sylheti-CAP consistently outperforms zero-shot,
few-shot, and chain-of-thought baselines, reduc-
ing hallucinations, mistranslations, and awkward
phrasing. Overall, Sylheti-CAP demonstrates
a scalable, linguistically grounded approach for
low-resource and dialectal translation, paving the
way for improved translation quality across other
Bangla dialects and underrepresented languages.

7 Limitations

While Sylheti-CAP demonstrates significant im-
provements in Bangla–Sylheti translation, several
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limitations remain. The framework relies solely
on prompting without model fine-tuning. Incor-
porating fine-tuned word embeddings could pro-
vide a more stable and permanent improvement in
translation performance. Current bilingual dictio-
nary consists of only 2260 word pairs expanding
it to include a wider range of dialect-specific and
context-rich words would likely enhance transla-
tion quality and coverage. Prominent LLMs used
in this study—such as GPT-4.1, LLaMA 4, and
Deepseek V3.2 are primarily trained on data from
high-resource languages. Since their pretraining
corpora likely contain limited or no Sylheti text,
this lack of exposure may constrain their dialectal
understanding. Moreover, the absence of publicly
available training data for proprietary models lim-
its reproducibility and transparency. Finally, our
human evaluation involved a small number of na-
tive Sylheti speakers from different regions. Al-
though care was taken to ensure linguistic profi-
ciency and regional diversity, subjective variation
remains, and the results may not fully generalize.
Conducting broader evaluations with more partici-
pants and developing standardized Sylheti evalua-
tion datasets would strengthen benchmarking and
comparability in future work.
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Table 7: Examples from the Bangla⇔Sylheti word-to-
word dictionary.

Bangla Sylheti

মিহলার েবিটর
হেব অইেবা
উপের উফের
একটাই এখটাউ
এেকক এখনত
এলাকার জাগার
রকম লাখান
নতুনরা নয়া
অেনক বহুততা
িশখেত িহকতা
কির খির
েহাকনা অউক
িকছুর কুন্তার
শুরুটা শুরু
এভােবই অলাউ
আমার েমার
সােথ লেগ
কথা মাতবায়
অেনক বাক্কা
হেব লাগেবা
সবার হখলর
কত খত

A Appendix

A.1 Bangla⇔Sylheti Dictionary
To build a comprehensive bilingual lexicon, we
merged three parallel corpora: Vashantor (Faria
et al., 2023) (2,125 sentences), ONUBAD (Sul-
tana et al., 2025) (980 sentences), and the Syl-
heti Dataset (Prama and Oni, 2025) (5,002 sen-
tence pairs). Since Sylheti is a dialect of Bangla,
a large portion of the vocabulary overlaps be-
tween the two. However, there are also numer-
ous dialect-specific variations in phonology, mor-
phology, and semantics. From these datasets,
we compiled a word-to-word dictionary contain-
ing 2260 aligned sentence pairs, focusing on
words and expressions unique to Sylheti. Here
is the dictionary of Bangla⇔Sylheti Dictionary:
https://github.com/word mapping 2260.csv. Table
7 shows the Bangla⇔Sylheti word-to-word dictio-
nary.

A.2 Prompt Strategies
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Table 8: Examples of identical words in Bangla and Syl-
heti. While Sylheti is a dialect of Bangla, many words
remain unchanged due to shared linguistic roots, pho-
netic overlap, and common Indo-Aryan origin. These
lexical similarities contribute to overall translation flu-
ency between the two languages.

Bangla Sylheti

তুিম তুিম
রাজকুমািরর রাজকুমািরর
মায়া মায়া
জীবন জীবন
রিঙন রিঙন
ছিব ছিব
আর আর
আেশপােশ আেশপােশ

Table 9: Zero-Shot Prompt: Direct instruction for
Bangla→Sylheti translation without examples or prior
context.

Prompt:

You are a professional translator proficient in
both Bangla and Sylheti. Your task is to trans-
late the following Bangla sentence into natu-
ral and fluent Sylheti. Provide only the trans-
lated Sylheti sentence without any additional
explanation.
Bangla: "<input_sentence>"
Sylheti:

Table 10: Few-Shot Prompt: Translation prompt with
six Bangla–Sylheti example pairs to guidemodel behav-
ior.

Prompt:

You are given Bangla sentences and asked to
translate them into Sylheti. Here are a few
examples:
Bangla–Sylheti Examples:
১. েকমন আেছা ? → ভালা আছিন?
২. আজেকআমার মনভােলা েনই→আইজকুআমার
মন ভালা নায়
৩. তুিম িক কেরা ? → তুিম িকতা খেরা?
৪. এই গরেম আমার িকছু ভােলা লােগ না → অউ
গরেমা আমার কুনতা ভালা লােগর না
৫. েছেলিট সাদা রঙেয়র একিট শাটর্ পের এেসিছল
→ ফুয়াটায় এখটা সাদা রংগর শাটর্ িপিন্দয়া আইিছল

Instruction: Translate the following Bangla
sentence into Sylheti:
Bangla: "<input_sentence>"
Sylheti:
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Table 11: Chain-of-Thought (CoT) Prompt: A structured, reasoning-based prompt for multi-step contextual trans-
lation.

Prompt:

You are a translation assistant that follows a three-step process: KnowledgeMining→Knowl-
edge Integration→Knowledge Selection. Your goal is to translate the given Bangla text into
Sylheti as accurately and fluently as possible.
Step 1: Knowledge Mining 1. Extract the keywords from the input Bangla sentence and
translate them into Sylheti. Output: Keyword Pairs: <src_word1>:<tgt_word1>, ...
2. Identify a few words describing the main topics of the sentence. Output: Topics: <topic1>,
<topic2>, ...
3. Write a Bangla sentence related to but different from the input, and provide its Sylheti
translation. Output: <src_demo> | <tgt_demo>
Step 2: Knowledge Integration Combine the mined knowledge to generate a candidate trans-
lation.
Prompt: Keyword Pairs: ...
Topics: ...
Related Example: <src_demo> | <tgt_demo>
Instruction: Given the above, translate the following Bangla sentence into Sylheti.
Bangla: "<input_sentence>"
Sylheti: <Candidate Translation>

Step 3: Knowledge Selection Compare all candidate outputs (Keyword, Topic, Demo, Base)
and select the most fluent and accurate final translation.
Output: Best Translation: <final_output>

306



Table 12: Sylheti-CAP Prompt: Context-Aware Prompt integrating explicit linguistic rules and word mappings for
authentic Bangla→Sylheti translation.

Prompt:

You are a translator specializing in Sylheti, a distinct Indo-Aryan language closely related to
Bangla but with its own grammar, vocabulary, and phonology. Your task is to translate Bangla
sentences into natural, fluent Sylheti speechwhile preservingmeaning, grammar, and idiomatic
usage. Follow all the rules and mapping guidelines below when producing the translation.
�� Grammar and Pronouns:

• Replace Bangla pronouns with Sylheti equivalents: আিম → মুই, তুিম → তুিম/তুই,আপিন →
আফেন,আমরা→আমরার, তারা→ তারার, েস→ েহ/তাই.

• For possessives: আমার→ েমার, েতামার→ তুমার,আমােদর→আমরার,আপনােদর→আফনারার.

�� Questions: Use Sylheti interrogatives. কী → িকতা, েকাথায় → কুনান/কুনােনা, েকমন → িকলা,
েকন→ িকেয়ন, কত→ িকত্তা.
�� Verbal Rules:

• Drop aspiration: খ→ ক, ঘুম→ গুম.

• Present tense endings: আিম কির→ মুই খির, তুিম কেরা→ তুিম খেরা, েস কের→ েহ খের.

• Past tense: কেরিছলাম→ খরিসলাম.

• Future tense: করেবা→ খরমু.

• Negation: না→ িন / নায়. Example: আিম যাই না→ মুই যাই িন.

• Copula: আেছ / আিছ / আেছা→ রইেছ / আিছ / আেসা.

�� Vocabulary: পড়ােশানা → পড়ােলখা, টাকা → ফইশা, বনু্ধ → বনু্দ, বািড় → গর, খুিশ → কুিশ, দুঃখ
→ েবজার.
�� Imperatives: খাও→ খা / খাইওকা (polite), বেসা→ বইবা, যাও→ যা.
�� Passive Voice: জানালা েছেলটা েভেঙেছ → জানালা ফুয়া িড বাঙ্গা অইেস. Pattern: Object +
Subject + dia + participle + oisil/oise/or.
�� Classifiers: একটা→ এখটা, পঁাচটা→ ফাসটা.
�� Syntactic and Morphological Directives: Always preserve the SOV (Subject–Object–
Verb) order. Modify pronouns, verbs, negations, and key vocabulary to reflect Sylheti tone and
grammar. Output must sound like spoken Sylheti, not formal Bangla.
�� Reference Word Mapping Dictionary (Excerpt): Use the following word-level map-
pings when applicable: মিহলার → েবিটর, হেব → অইেবা, এলাকার → জাগার, িশখেত → িহকতা, কির
→ খির, ভােলা→ ভালা, সােথ→ লেগ,কথা→ মাতবায়, ছিব→ ছিব, যােব→ যাইেবা, িকছু→ কুনতা,আমার
→ েমার,আপিন→আফেন.
Final Instruction: Translate the following Bangla text into fluent Sylheti, adhering to all
rules and mappings above. Ensure the translation reflects natural spoken Sylheti and not literal
Bangla.
Bangla: "<input_sentence>"
Sylheti:
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Table 13: Sylheti-CAP Prompt: Context-Aware Prompt integrating explicit linguistic rules and word mappings for
authentic Bangla→Sylheti translation.

Prompt:

LLM-as-a-judge prompt
You are an expert bilingual evaluator.
Your task is to evaluate a MACHINE TRANSLATION from Standard Bangla to Sylheti.
SOURCE (Standard Bangla): <SOURCE SENTENCE>
REFERENCE TRANSLATION (Sylheti): <REFERENCE TRANSLATION>
CANDIDATE TRANSLATION (Translated Sylheti): <CANDIDATE TRANSLATION using
different prompt strategy>
Please rate the candidate translation on a scale from 0 to 100 for:
1. ADEQUACY: how well it preserves the meaning of the source.
2. FLUENCY: how natural and grammatically correct the text is in Sylheti.
3. OVERALL: your overall judgment of translation quality.
Return your answer in JSON format ONLY, as:
{"adequacy": X, "fluency": Y, "overall": Z}
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Abstract

Topic modeling methods identify fundamen-
tal themes within textual documents, facili-
tating an understanding of the insights inside
them. Traditional topic modeling approaches
are based on the generative probabilistic pro-
cess that assumes the document-topic and topic-
word distribution. Hence, those approaches fail
to capture semantic similarities among words
inside the documents and are less scalable with
the vast number of topics and documents. This
paper presents a method for capturing topics
from Bangla documents by clustering the word
vectors induced from LLM models. Corpus
statistics are integrated into the clustering &
word reordering process within each cluster or
topic to extract the top words. Additionally,
we deploy dimensionality reduction techniques,
such as PCA, prior to clustering. Finally, we
perform a comparative study and identify the
best-performing combination of clustering and
word embedding methods. Our top-performing
combination outperforms the traditional proba-
bilistic topic model in capturing topics and top
words per topic, and excels notably in terms of
computational efficiency and time complexity.

1 Introduction

Topic modeling is a data analysis technique highly
used for text mining in Natural Language Process-
ing (NLP) (Sia et al., 2020). Topic models discover
the key themes and patterns from a large corpus
of textual documents by analyzing and grouping
words into clusters or topics based on their co-
occurrences inside the documents (Boyd-Graber
et al., 2017). Thus, it helps analyze big data, captur-
ing subjects discussed in the text. Topic modeling
has several usabilities in NLP, like feature engineer-
ing (Rahman, 2020b), sentiment analysis (Rahman
et al., 2022), document categorization (Rahman,
2020a), etc. In this study, we present a benchmark
investigation focused on the weighted clustering
of LLM-based word embeddings to extract top-

ics from Bangla language documents. Addition-
ally, we undertake a comparative analysis, directly
comparing our top-performing approach with the
widely adopted topic modeling technique, Latent
Dirichlet Allocation (LDA).(Blei et al., 2003).

Word embedding refers to the vector represen-
tations of words in multi-dimensional space that
keep the semantic characteristics of words (Rah-
man, 2020b) within the corpus. As it holds the
semantic attributes of words, similar words stay
closely in the multi-dimensional space. Hence,
clustering those vectors gives valuable insights re-
lated to the main themes of documents. Again, pre-
trained LLM models (Wang et al., 2019) consider
the attention mechanism that enables the model to
effectively hold long-range dependencies among
words or phrases in texts. So, we apply clustering
on LLM-based word embeddings to identify the
topics as clusters of words.

The majority of studies apply probabilistic ap-
proaches (Blei et al., 2010) (e.g., LDA, pLSA, bi-
term topic model, etc.) or linear algebra-based tech-
niques (e.g., LSA). Probabilistic or linear algebra-
based topic models do not consider linguistic fea-
tures inside the corpus. Very few works (De Mi-
randa et al., 2020; Sridhar, 2015; Sia et al., 2020)
that conduct clustering on word embeddings do
not take standardized word vectors or LLM-based
word embeddings into account. Most notably, clus-
tering word embeddings has not yet been explored
for topic modeling in the context of the Bangla
language.

Our objective of this work is to propose a topic
model technique by identifying the best-performing
combination of clustering algorithm and LLM-
based word embeddings that outperforms tradi-
tional probabilistic topic models.

To achieve our goal, we introduce a novel
topic modeling technique in Bangla by clustering
LLM-based word embedding methods. We ap-
ply centroid-based weighted clustering as centroid-
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based clustering helps identify the top words of
individual clusters based on the distance from the
cluster centers. Weighted clustering is done by in-
corporating statistical information from the corpus.
We utilize LLM-based pre-trained word embed-
dings as those models have been trained on the
vast amount of various contextual information. So,
those word embeddings can be regarded as stan-
dard embeddings. The dimensionality reduction
algorithm, Principle Component Analysis (PCA)
(Wold et al., 1987), is applied to word embeddings
before clustering. After identifying the clustered
words in each cluster, we reorder words accord-
ing to the frequency statistics of words within the
documents to find the top X words. We also do
comparison among various combinations of LLM-
based word embeddings & clustering methods and
find the best-performing combination. The best-
performing combination is then compared against
LDA. In the meantime, we explore the word embed-
ding technique that performs comparatively well
with all clustering processes and the clustering
method that gives the best result for all types of
vector representations. Our best-performing com-
bination (average NPMI score=0.31) extracts top
words having more point-wise mutual information
or coherence within a topic than LDA (average
NPMI score=0.18). Moreover, our approach re-
quires less run time and computational power than
LDA.

The contribution of our study is threefold:

• We propose the first word-embedding & clus-
tering based topic modeling for Bangla.

• We incorporate document statistics and lin-
guistic features in our topic models that help
extract more informative topic words.

• We conduct a benchmark study and identify
the best word embedding technique for clus-
tering and the best clustering method for all
kinds of word embeddings.

2 Related Works

Clustering is a much-used approach for analyz-
ing documents and texts. A plethora of studies
apply clustering on texts for readability measure-
ment (Cha et al., 2017), argument identification
from texts (Reimers et al., 2019), and text classifi-
cation tasks (Sato et al., 2017). Cha et al. (2017)
apply clustering word embeddings for predicting

text readability and show how the approach im-
proves overall performance and the text is suit-
able for the intended reader’s comprehension level.
They also perform sentence matching based on se-
mantic similarity by clustering word embeddings.
Another study (Sato et al., 2017) utilizes the clus-
tering method on paragraph vectors to capture se-
mantic similarities among documents and phrases
that outperforms the co-embedding method utiliz-
ing bag-of-words representation. Again, Reimers
et al. (2019) explore the effectiveness of two con-
temporary contextualized word embedding tech-
niques, ELMo and BERT, for argument-searching
tasks. These techniques are used to classify and
cluster arguments specific to various topics. How-
ever, clustering word embedding has little been
explored regarding topic modeling.

Several studies attempt to include word em-
beddings in probabilistic topic modeling. Liu
et al. (2015) introduce topical word embeddings
(TWE) for creating multi-prototype word embed-
dings where word vectors are different based on
topics. They use LDA to determine word topics
and apply collapsed Gibbs sampling to assign top-
ics to each word token. Another research work
(Nguyen et al., 2015) develops a hybrid version of
the topic modeling method, expanding two differ-
ent probabilistic topic models by integrating word
embeddings trained on a little data to figure out
the word-topic distribution. These models achieve
notable improvements in topic coherence, docu-
ment clustering, and document classification. Das
et al. (2015) introduce an alternative parameteri-
zation of “topics” in the LDA framework where
topics are represented as categorical distributions
over concealed word types, combined with mul-
tivariate Gaussian distributions in the embedding
space. Some authors (Zhao et al., 2017) present
the WEI-FTM that yields focused topics with rep-
resentative words, enhancing perplexity and topic
quality. It efficiently employs a Gibbs sampling
algorithm for inference, accommodating both reg-
ular and short texts without loss of generality. Di-
eng et al. (2020) implement the Embedded Topic
Model (ETM), merging probabilistic generative
topic models with word vectors that outperform
LDA for identifying topics from short-sized texts
or documents. The model also shows robustness
with larger vocabularies.

Very few works have investigated the efficacy
of directly clustering word embeddings for topic
analysis. Xie and Xing (2013) propose a Multi-
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Grain Clustering Topic Model (MGCTM) that
clusters similar documents and introduces topics
for those individual clusters. Every word is as-
signed a variable that represents the origin of a
global (combination of documents) or local (sepa-
rate documents) topic. In CluWords, Viegas et al.
(2019) utilize nearest words from pre-trained em-
beddings to create meta-words for document rep-
resentation and use the Tf-Idf score as weight for
weighted clustering. They introduce a novel word
representation technique using the syntactic & se-
mantic information obtained from word embed-
ding. Sridhar (2015) present an unsupervised topic
model for short texts that employ soft clustering
and Gaussian mixture models (GMM) with dis-
tributed word representations to overcome sparse
word co-occurrence patterns. Another research
work (De Miranda et al., 2020) utilizes word2vec to
get vector representations of words and implement
a mapping mechanism that maps a word vector to
a specific topic, aiming to identify topics within
texts. However, none of these works utilize stan-
dard word embeddings or transformer-based word
vectors that are more robust. Sia et al. (2020) apply
different clustering processes on various word em-
bedding methods and identify the best combination.
But they only consider Tf as corpus statistics.

There are few works (Hasan et al., 2019; Helal
and Mouhoub, 2018) in the context of the Bangla
language that focuses on just the probabilistic gen-
erative approach rather than linguistic attributes.
The majority of studies utilize the clustering
method for the purpose of developing spell checker
(Mandal and Hossain, 2017), identifying syntac-
tically similar words (Ismail and Rahman, 2014),
grouping documents based on genre (Ahmad et al.,
2018), clustering sentences (Husna et al., 2018),
speech recognition (Rahman et al., 2010), etc. In
all these studies, clustering in Bangla languages has
been performed based on n-gram language models
rather than advanced word embedding techniques.
Ritu et al. (2018) compare the performances of
non-contextualized word embeddings and cluster-
ing word vectors, but determining topic words by
clustering word vectors is yet to be explored in the
context of the Bangla language.

3 Methodology

In this section, we describe our proposed approach
and implementation details. Figure 1 depicts the
overview of our proposed methodology.

Figure 1: Workflow diagram of our method

3.1 Corpus Creation

We create our corpus of documents or articles by
collecting Bangla news articles from two popular
online news portals (e.g., prothom alo1 and bangla
tribune2 ). We collect those news articles using
a web crawler that crawls the news text from the
HTML pages of respective web pages. For this
purpose, we utilize the urllib3 package and Beau-
tifulSoup4 library of the Python programming lan-
guage.

Our corpus contains 197,238 news articles or
documents (97,073 documents from “Prothom Alo”
and 100,165 from “Bangla Tribune”) dated from
2020 to 2023. Table #1 depicts the category-based
distribution of our collected data. Our corpus com-
prises articles on health, national, international,
crime, sports, entertainment, etc. We develop the
corpus so that the number of articles in different
categories is approximately balanced. Our corpus
includes 4,299,788 sentences and 47,856,640 token
words from various fields of context. All other sta-
tistical overviews of the corpus have been shown
in table #2.

3.2 Preprocessing

News articles often contain noisy token sequences
and foreign alphabets or symbols. In the pre-
processing phase, we tokenize our documents into

1https://www.prothomalo.com
2https://www.banglatribune.com
3https://docs.python.org/3/library/urllib.html
4https://pypi.org/project/beautifulsoup4/

311

https://www.prothomalo.com
https://www.banglatribune.com
https://docs.python.org/3/library/urllib.html
https://pypi.org/project/beautifulsoup4/


Table 1: Category-based distribution of our corpus

Category Number of Articles Category Number of Articles
National 26262 Economics 11767

International 19661 Health 24624
Crime 16785 Religion 15996
Sport 18263 Opinion 13115

Education 16491 Agriculture 15520
Entertainment 18754 Total 197,238

Table 2: Statistical overview of our corpus

Parameters Total Amount
Article/Document 197,238

Sentences 4,299,788
Token Words 47,856,640

Unique Token Words 715,670
Average Sentences per Article 21.8

Average Words per Article 242.63
Average Words per Sentence 11.13

tokens, remove stopwords5, hashtags, IP addresses,
URL links, punctuation, and digits. In order to
enhance the quality of our analysis, we choose to
exclude tokens (i.e., words) that belong to less than
five documents and are found inside lengthy sen-
tences exceeding a length of 50 words (Sia et al.,
2020). We also eliminate foreign words or symbols,
email artifacts, noisy token sequences, etc. Then,
we apply stemming to identify the root words of all
sub-words and determine the vector representation
of root words by averaging the vector representa-
tions of their corresponding sub-words. Sometimes,
stemming results in a meaningless root word, but it
does not affect much as all the sub-words convert
to the same root words. After stemming, we find
715,670 unique words (i.e., vocabulary size) in our
corpus.

3.3 Word Embedding Methods

In this phase, we extract the vector representations
of the vocabulary words from the documents. We
choose pre-trained transformer-based Large Lan-
guage Models (LLM) for extracting those word
vectors. The reason behind selecting LLM-based
models is their self-attention mechanism. As a
result, these models can capture long-term depen-
dencies in textual data. Again, LLM-based models

5https://github.com/stopwords-iso/
stopwords-bn

have been pre-trained utilizing large corpora of
text containing various contextual information. So,
these models can be utilized for any context. At the
same time, due to the pre-training with extensive
data, LLM-based models can generate standardized
representations of word vectors, which makes those
models more scalable. In this study, we choose
bloom model6 with 3 billion parameters as the
multilingual model and select several BanglaBERT
variants (e.g., BanglaBERT (BBert_bha) by (Bhat-
tacharjee et al., 2022), BanglaBERT (BBert_kow)
by (Kowsher et al., 2022), and BanglaBERT
(BBert_sag) by (Sarker, 2020)) as Bangla LLMs.
Another reason behind choosing pre-trained mod-
els is that we need not spend time or resource for
training models and getting word vectors.

3.4 Dimnesionality Reduction

After converting vocabulary words into word vec-
tors, we get word vectors with a dimension size of
768. This dimension size is identical for all LLM-
based models. Due to the sparsity and redundancy
of high-dimensional space, clustering algorithms
may perform poorly. So, we apply a dimensionality
reduction process, Principle Component Analysis
(PCA) (Wold et al., 1987), to reduce the dimension
size of word vectors. To determine the appropri-
ate dimension size, we examine multiple values
ranging from 100 to 700 with an interval of 100.

3.5 Centroid-based Weighted Clustering

We choose to apply centroid-based clustering tech-
niques. Those techniques offer a logical method
for obtaining topic words in each cluster by mea-
suring the distance from the cluster center. Again,
previous studies suggest that non-centroid-based
hierarchical clustering methods lead to inferior
performance and necessitate the adjustment of a
significant number of hyperparameters (Sia et al.,
2020). We apply several clustering techniques

6https://huggingface.co/bigscience/bloom-3b
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like KMeans (KM), Spherical k-means (SKM), k-
medoids (KMd), and Gaussian Mixture Models
(GMM).

We also consider weighted clustering, as the
vector representation of words only holds the se-
mantic feature of words but can not understand
the corpus statistics (Rahman, 2020b). But word
co-occurrence statistics inside a document or cor-
pus are important for identifying topic words. For
weighted clustering, we provide weights to our
vocabulary words by measuring- Term Frequency
(TF) and Term Frequency-Inverse Document Fre-
quency (TF-IDF).

3.6 Reordering Clustered Words and
Identifying Top X Words

After the clustering phase, we do the reordering
of the words in each cluster to identify the top X
words. Reordering refers to the organization of the
clustered words based on some parameters. These
parameters can be any statistical or probabilistic
values extracted from the corpus. Clustering based
on the data points’ similarities & weights, along
with the reordering, enhances the appropriateness
of the highly relevant topic words inside a topic.
Thus, a cluster or topic can be described effectively.

In section 3.5, we get our initial top words of
individual clusters by measuring the shortest dis-
tance or high similarity between data points and
respective cluster centers. We also incorporate the
weights of the words during clustering. This proce-
dure does not guarantee to find out the underlying
original themes of a cluster or topic (Sia et al.,
2020). So, we apply reordering of clustered words
based on their average TF & TF -IDF scores in-
side particular documents (Sia et al., 2020). Thus,
we obtain the top X words from each topic or clus-
ter that can effectively describe the respective topic.

3.7 Getting Top Topics of Documents
Top topics are representative of a particular doc-
ument, which help understand the context of that
document. After getting all the clusters/topics and
their corresponding top X words, we determine
the top topics of documents or the whole corpus.
For identifying the most informative clusters from

a particular document, we measure the sum of eu-
clidean distances between each cluster center and
all word vectors of the document. Finally, we nor-
malize the obtained values for each cluster center
using the softmax function to get a probability dis-
tribution for all clusters or topics. Clusters with
low probabilities obtained from normalization are
considered the most informative topics.

4 Experimental Setup

In this section, we discuss the implementation de-
tails of our approach.

4.1 Performance Metrics
For measuring the performances of topic modeling
methods, we use NPMI (Normalized Point-Wise
Mutual Information) (Bouma, 2009) that ranges
from [-1, 1] where ‘1’ indicates perfect associa-
tion, ‘0’ denotes statistical independence, and ‘-1’
represents complete negative association. We only
choose NPMI as the performance metric because
similar previous studies (Sia et al., 2020) measure
only NPMI for measuring performances.

NPMI is a statistical process that measures the
direction & strength of association between two
words or terms. It is the normalized version of
PMI. It measured the extent to which the observed
co-occurrence of two terms deviates from what
would be expected if the terms were statistically
independent. NPMI facilitates a more balanced
comparison of associations across different word
pairs by providing a bounded range. It is beneficial
in topic modeling, where understanding semantic
relationships is crucial in extracting meaningful
insights from textual data. The formula of NPMI
has been shown in the equation 1.

NPMI(wi, wj) =
log(

P (wi,wj)
(P (wi)∗P (wj))

+ ϵ)

−log(P (wi, wj) + ϵ)
(1)

P (wi, wj) refers to the probability of co-
occurrence of words wi and wj within the topic
and P (wi) & P (wj) indicates the probability of
the occurring of wi and wj within the topic respec-
tively. ϵ is a small smoothing factor.

In our study, we evaluate the NPMI scores of
all possible word combinations inside each cluster
and average the values to get the average NPMI
score of each cluster. This is also called the topic
coherence (Blair et al., 2020). Equation 2 depicts
the formula of topic coherence (Coh) of a topic,
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t where N represents the number of topic words
inside the topic, t.

Coh(t) =
2

N(N − 1)

N∑

i=2

i−1∑

j=1

NPMI(wi, wj)

(2)
Again, the “average NPMI score for a document” is
evaluated by averaging the topic coherence scores
of all clusters inside the document.

4.2 Baseline Model and Parameters

We select LDA as our baseline model as it is the
most commonly used probabilistic topic modeling
technique (Blei et al., 2003). It considers that doc-
uments are mixture of latent topics, and each word
within a document is assigned to one of these top-
ics. Thus it identifies latent topics, their related
word distributions, and the composition of these
topics in documents.

To represent a single cluster or topic, we will
identify the top 10 topic words. For determining the
number of topics, we tune the value of the number
of topics, k, from 2 to 20 based on a high average
intra-topic similarity score (i.e., topic coherence in
equation # 2).

5 Results

In this section, we analyze our experimental results.

5.1 Computational Cost Measurement

We explain the time complexity of our proposed
clustering algorithms as well as word embedding
methods compared with the probabilistic topic
model, LDA.

5.1.1 Time Complexity Analysis for
Clustering Algorithms

Table #3 represents the time complexity measure-
ments of different clustering methods. In the table,
t is the maximum number of iterations for the worst
case, n represents the vocabulary size or the num-
ber of data points, k is the number of clusters, and
d is the dimension size of the data.

Table 3: Time complexity of clustering algorithms

Algorithms Initial Iteration Overall
KM O(kdn) O(tnkd) O(tnkd)

GMM - O(tnkd3) O(tnkd3)

KMd O(kn) O(tkn2) O(tkn2)

SKM O(kdn) O(tnkd) O(tnkd)

t differs based on the clustering algorithms and
word embedding methods, as different algorithms
require different numbers of iterations for conver-
gence. However, our study considers the t constant
factor, which represents the maximum number of
iterations for the worst case. Weighted versions
of clustering incur an initial cost for weight ini-
tialization and introduce a constant factor for re-
measuring the cluster centers. The procedure of re-
ordering introduces an additional time complexity
of O(nlog(nk)), where nk represents the average
number of words within a cluster.

On the other hand, it is worth noting that the com-
plexity of LDA using collapsed Gibbs sampling is
O(tkN), with N representing the total number of
tokens inside documents. Consequently, when the
value of N far exceeds the value of n, clustering ap-
proaches have the potential to offer more favorable
trade-offs between performance and complexity.

5.1.2 Word Embeddings Cost
Since we use pre-trained transformer-based word
embedding methods, we do not need to train those
models from scratch. We need to generate the
word vectors for all vocabulary words. So, the
tokenized vocabulary words are passed through the
transformer layers. The procedure requires linear
time complexity. Again, by defining a batch size,
this process can be done simultaneously for all
batches.

5.2 Best Performed Word Embedding &
Clustering Combination

Table #4 presents the average NPMI scores of
all the combinations of our proposed transformer-
based word embedding techniques and cluster-
ing algorithms for our corpus. In this table, the
weighted clustering and reordering have been per-
formed based on Tf-Idf scores as those scores im-
prove the performance significantly by statistics
(p = 0.029; α = 0.05 by t-test) rather than Tf
scores (Figure 2).

We observe that BBert_kow outperforms other
word embedding methods in all conditions as
BBert_kow considers 40GB of Bangla textual data
during training, which is approximately 1.5 times
the corpus size (29.5 GB) used by BBert_bha.
Again, the multi-lingual model (Bloom) underper-
forms due to the low distribution rate of Bangla
(0.5%) in their training corpus.

KMw,r shows the best result with all word
embeddings among all the clustering variants, as
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Table 4: Average NPMI Scores of different combinations of clustering algorithms and word embedding techniques
for our corpus

Models BBert_bha BBert_kow BBert_sag Bloom

Non-weighted Clustering
and No reordering

KM 0.07 0.08 0.07 -0.19
GMM 0.18 0.21 0.19 -0.13
KMd 0.05 0.05 0.06 -0.22
SKM 0.06 0.08 0.06 -0.2

Weighted Clustering

KMw 0.09 0.11 0.09 -0.17
GMMw 0.21 0.22 0.22 -0.09
KMdw 0.05 0.07 0.06 -0.21
SKMw 0.08 0.09 0.08 -0.19

Reordering

KMr 0.26 0.29 0.28 0.05
GMMr 0.25 0.27 0.26 0.01
KMdr 0.24 0.26 0.24 -0.02
SKMr 0.26 0.27 0.26 0.01

Weighted Clustering
and

Reordering

KMw,r 0.29 0.31 0.29 0.09
GMMw,r 0.26 0.28 0.28 0.07
KMdw,r 0.25 0.27 0.25 0.05
SKMw,r 0.26 0.29 0.29 0.07

Figure 2: Difference between Tf-Idf and Tf scoring dur-
ing weighted KMeans clustering and reordering across
different word embedding techniques

KMeans perfectly determines cluster centers by
averaging clustered word vectors. Weighted clus-
tering and reordering improve the result that is sta-
tistically significant (p = 0.0002; α = 0.01 for
KMw,r vs KM ). This implies that corpus statis-
tics is an informative attribute for extracting topics.
Thus, we determine BBert_kow-KMw,r as the best-
performed combination with the average NPMI
score of 0.31.

5.3 Comparison between BBert_kow-KMw,r
and LDA

On the whole corpus, BBert_kow-KMw,r (average
NPMI score= 0.31) also performs significantly bet-

Figure 3: Curves of average NPMI scores for 500
random documents using BBert_kow-KMw,r and LDA
methods

ter than the traditional topic model (LDA) (av-
erage NPMI score= 0.18). We measure the in-
dividual NPMI scores of both BBert_kow-KMw,r
and LDA across all documents and find a signif-
icant difference with a zero p-value in the t-test
between those two topic modeling methods. Figure
3 shows the curves of average NPMI scores for
randomly chosen five hundred sample documents
using BBert_kow-KMw,r and LDA methods. In the
figure, we observe that the curve for LDA ranges
from 0.15 to 0.19, and the curve for BBert_kow-
KMw,r ranges from 0.29 to 0.33.

LDA is a generative probabilistic procedure
where each topic is a distribution over all vocabu-
lary words. In the topic-word distribution predicted
from LDA, the probability of a particular word can
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be significant for multiple topics. As a result, a
common topic word can belong to multiple topics
in the LDA method. This scenario will increase
the average inter-topic similarity and decrease the
average NPMI score of a document.

On the other hand, BBert_kow-KMw,r considers
hard clustering where a topic word can be included
into a cluster or topic. So, all the topic words of a
cluster differ from those of the other cluster. For
this reason, the average inter-topic similarity is
low, and the average NPMI score is high for the
BBert_kow-KMw,r method. Again, we consider the
word embedding of transformer-based LLMs in our
proposed method. Transformer-based word embed-
dings are contextualized word embeddings where a
word with different meanings is considered in dif-
ferent contexts. As word embedding holds both the
semantic and syntactic characteristics of words, the
topic coherence of a cluster increases. As a result,
the average NPMI score of the corpus becomes
high. Furthermore, corpus statistics are also incor-
porated during weighted clustering and reordering.
Hence, we identify that linguistic attributes (i.e.,
semantic characteristics of documents) and corpus
statistics help extract top-topic words.

The execution time of BBert_kow-KMw,r is far
less than that of LDA for the whole corpus. For
evaluating the entire corpus with 197,343 doc-
uments, BBert_kow-KMw,r requires 54 seconds,
whereas LDA takes 5 minutes 21 seconds on GPU.
This empirical study supports the time complexity
measurements in Section 5.1 for both our proposed
and baseline methods.

5.4 Weighting
Weighted clustering significantly improves the per-
formance of clustering word embeddings. From
table #4, we observe the improvement due to the
weighting in all cases of clustering and word em-
bedding without reordering. Similarly, the improve-
ment is also visible for all the instances of cluster-
ing and word embedding while considering reorder-
ing.

Figure 4 presents that the average NPMI score
degrades with increased vocabulary size for the
entire corpus if weighting is not considered dur-
ing clustering. With the increase in vocabulary
size, words’ semantic characteristics are becom-
ing so sparse. This scenario decreases the NPMI
score of two words, making identifying words with
high topic coherence challenging. Corpus statis-
tics mitigates this issue as weighted clustering. So,

Figure 4: Average NPMI of both weighted and non-
weighted clustering with the increase of the vocabulary
size for our corpus

weighted clustering based on Tf-Idf is effective
for topic analysis from extensive data. The sta-
tistical test results for measuring the difference in
the performances between weighted clustering and
non-weighted clustering are described in appendix
A.1.

5.5 Reordering
Reordering cluster words plays an important role
in finding top words per topic. From table #4, we
observe that reordering enhances the efficacy of the
KMeans clustering more significantly than that of
GMM. The statistical test results for measuring the
difference in the performances between reordered
and non-reordered clustering are described in ap-
pendix A.2.

5.6 Performance of PCA
To identify the significance of dimensionality re-
duction, we consider the weighted KMeans clus-
tering with reordering in different types of word
vectors. We examine different dimension sizes that
range from 100 to 700 with an interval of 100 and
measure the average NPMI score of the whole cor-
pus.

From Figure 5, we find the improvements of
the average NPMI scores as the dimension size
increases. This is due to the fact that high dimen-
sions can capture more information. However, by
observing the elbow points, we can determine that
the NPMI values get saturated when the dimension
size is 300. So, we consider the dimension size of
300 by applying PCA. Our finding of the dimen-
sion size also supports the previous study (Rahman,
2020b) for measuring robust and consistent dimen-
sion size of word vectors. In the future, we plan to
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Figure 5: Average NPMI scores of different embedding
methods (weighted clustering & reordering) for KMeans
with different dimension size for our corpus

apply other neural network-based dimensionality
reduction approaches to get better results.

5.7 Qualitative Findings

For the qualitative analysis, we extract the top
ten topic words of each topic or cluster from
both BBert_kow-KMw,r and LDA. These top topic
words describe what the respective topic or cluster
actually expresses. We choose top ten topics from
both the baseline (i.e., LDA) and our proposed
method (i.e., BBert_kow-KMw,r). Rather than the
real theme exposed by the topics, we determine
which genres- the categories that are selected dur-
ing creating corpus (table #1)- are being covered by
those topics. Our findings say that the top ten top-
ics extracted by the BBert_kow-KMw,r technique
are different and similar to the ten categories of
the corpus. In contrast, LDA retrieve topics from
the corpus that represent eight unique genres or
categories. The full descriptions of the qualitative
results are delineated in appendix B.

6 Limitations

This study has several limitations. First, we use
only four language models for word embedding,
three of which were Bangla language models.
There are also many Bangla LLMs or multi-lingual
LLMs with enriched Bangla datasets. These mod-
els can be explored in the future. Again, we use
pre-trained models to determine word vectors. Inte-
grating dense layers with the LLMs and fine-tuning
or pre-training the model for generating word vec-
tors can be a future direction. Second, we only
apply centroid-based clustering techniques in our
approach. We plan to explore more advanced clus-

tering methods in the future. Another limitation in
clustering is the outliers that mislead the position
of the cluster centers. A better method to reduce
the outliers can positively impact the clustering per-
formance. Third, we only experiment with TF and
TF-IDF as corpus statistics. Other informative cor-
pus statistics can be studied in the future. Finally,
the neural-network-based dimensionality reduction
method can efficiently increase the performance of
our proposed topic modeling.

7 Conclusion

Probabilistic generative topic models evaluate word
co-occurrences inside documents and ignore lin-
guistic attributes. We apply clustering on word
vectors to extract informative topics and com-
pare word embedding techniques and clustering
algorithms. By analyzing the whole corpus, the
study offers that BanglaBERT (BBert_kow), along
with Tf-Idf-based weighted clustering & reordering
(KMw,r) (average NPMI=0.31 and run-time=54
seconds), outperforms traditional topic models (av-
erage NPMI=0.18 and run-time=5 minutes 21 sec-
onds) with respect to top words extraction and time
complexity. However, one limitation in clustering
is the outliers that mislead the position of cluster
centers. We plan to address this issue and perform
fine-tuning or pre-training transformer-based word
embedding models in the future.
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A Statistical Test Results for Weighted
Clustering and Reordering Cluster
Words

A.1 Weighting
Table #5 represents the statistical significant dif-
ferences between weighted clustering and non-
weighted clustering considering all documents.
The differences are measured based on the average
NPMI scores of documents. We observe signifi-
cant differences in all the cases when considering
reordering. This implies that both the semantic
characteristics of words and the corpus statistics
play essential roles in determining topic words.

A.2 Reordering
Table #6 depicts the significance of reordering the
topic words after weighted clustering. We perform
the t-test to measure the difference between reorder-
ing and non-reordering. The test is done over all

the documents and word embedding methods based
on the average NPMI score of documents. In all
cases except the Gaussian Mixture Model, reorder-
ing causes significant improvement in identifying
topic words. This implies that reordering has lit-
tle impact on weighted GMM as it assumes the
mixture of several Gaussian distributions for differ-
ent clusters where reordering is performed during
expectation maximization. Since reordering is per-
formed by default in the GMM, there is no impact
of another reordering for extracting topic words.

B Top 10 topics from Corpus &
Qualitative discussion

Table #7 and #8 present the topic words for individ-
ual topics for BBert_kow-KMw,r and LDA respec-
tively. We find a number of similarities between
those two tables while considering the topic words
of a particular topic.

From table #7, we identify that the ten topics are
mostly similar to the corpus categories. The topic
coherence score of the “health” topic is highest. As
we collect our corpus for 2020 to 2022 from the
archive of the online news portal, the frequency of
health-related documents is very high due to the
effect of the COVID-19 pandemic. Again, most
news articles or documents are relevant to COVID-
19. Our findings also reveal that all the topic words
under the “Health” topic are related to COVID-19
(table #7). For the same reason, the topic coher-
ence score of this topic is highest. The count of the
“National” category news is maximum in our cor-
pus. So, we get the top ten topic words under the
“National” topic with a high topic coherence score.
The minimum topic coherence score is observed
for the “Agriculture” topic. The probable reason
behind the low topic coherence score of this topic
is the fewer co-occurrences of the topic words in-
side the agriculture-category documents. The table
also displays the topic ranking from top to bottom
following the procedure described in the section
3.7. We discover that the “National” topic is the
most crucial topic of the corpus. The “National”
category is a large domain. We can incorporate new
categories (except the “International” category) as
the subdomain of the “National” category because
all these incidents happen in a nation. So, news of
all categories except the “International” category
can be considered the “National” category. As a
result, the sum of the distances of all the word vec-
tors with respect to the centroid of the “National”
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Table 5: t-test result for average NPMI values between non-weighted and weighted clustering considering all
individual documents and all word embedding methods

Comparison
(without Reordering)

P-value
α = 0.01

Comparison
(with Reordering)

P-value
α = 0.01

KM Vs KMw 0.001 KMr Vs KMw,r 0.0001
GMM Vs GMMw 0.003 GMMr Vs GMMw,r 0.004
KMd Vs KMdw 0.001 KMdr Vs KMdw,r 0.001
SKM Vs SKMw 0.002 SKMr Vs SKMw,r 0.001

Table 6: t-test result for average NPMI values between non-reordered and reordered clustering considering all
individual documents and all word embedding methods

Comparison
(without weighting)

P-value
α = 0.01

Comparison
(with weighting)

P-value
α = 0.01

KM Vs KMr 0.0001 KMw Vs KMw,r 0.0003
GMM Vs GMMr 0.027 GMMw Vs GMMw,r 0.043
KMd Vs KMdr 0.0005 KMdw Vs KMdw,r 0.0007
SKM Vs SKMr 0.0003 SKMw Vs SKMw,r 0.0004

Table 7: Topic coherence score of each topic or cluster obtained from BBert_kow-KMw,r

Top 10 topic words for each topic
Topic

Coherence
score

Topic
Name

Politics; Election; Corruption; Hasina; Padma-Bridge;
Digital-Bangladesh; Governance; Freedom-Fighters;
Awami-League; Dhaka

0.373 National

COVID-19; Vaccine; Lockdown; Delta-Variant;
Quarantine; Hospital; Health-Workers; ICU; Mask;
Telemedicine

0.385 Health

Rohingya; Myanmar; China; India; UN; Diplomacy;
Climate-Change; Trade; SAARC; Refugees

0.334 International

Cinema; OTT Platforms; Dhallywood; Music; Celebrity;
Drama; Festival; Television; YouTube; Fashion

0.297 Entertainment

Cricket; BPL; Football; Olympics; Tamim; Shakib;
Sports Ministry; Dhaka-League; BCB; World-Cup

0.379 Sport

Rape; Murder; Cybercrime; Trafficking; Corruption;
Drug; Robbery; Violence; Police; Arrest

0.318 Crime

Online-Classes; University; HSC; Primary-Education;
Scholarship; E-Learning; Reopening; Education-Policy;
Ministry-Education; SSC

0.272 Education

GDP; Inflation; Remittance; Export; RMG; Unemployment;
Economic-Growth; Budget; SME; Banking

0.257 Economics

Rice; Farmer; Crop; Subsidy; Fisheries; Livestock; Irrigation;
Agricultural-Policy; Food-Security; Agrarian-Reform

0.239 Agriculture

Islam; Eid; Mosque; Hindu; Puja; Religious-Freedom; Fatwa;
Harmony; Zakat; Madrasa

0.269 Religion

topic or cluster is the lowest, and the “National”
topic becomes the most informative topic of our
corpus.

Our proposed topic modeling applies KMeans
clustering, which is a hard clustering technique. So,
the topic words under a topic cannot be in another
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Table 8: Topic coherence score of each topic or cluster obtained from LDA

Top 10 topic words for each topic
Topic

Coherence
score

Topic
Name

Advancement; Private; Limited; Institution; Online-classes; MS;
Education; Professor; e-Learning; University

0.173 Education

Promise; Human; Sheikh; Bangabadhu; Country; Prime-Minister;
Nation; Hasina; Bangladesh; Politics

0.217 National

Secretary; Awami-League; President; Zilla; Sheikh; Chairman;
Parliament; Election; Leader; BNP

0.253 National

Corona; Health; Death; Health-Complex; Identification; Sample;
Healthy; Hospital; Infection; Treatment

0.238 Health

Police; Arrest; Rescue; Hospital; Union; Corruption; Police-station;
OC; Dead-body; Injured

0.158 Crime

Bangladesh; Institution; Dhaka; Bank; Percent; Financial; Limited;
Government; Loan; Development

0.147 Economics

Money; Price; Sale; Food; Kilogram; Market; Transaction; Rice;
Budget; Onion

0.154 Economics

Cricket; Bangladesh; Test-match; Field; Match; Sport; Captain;
Coach; Club; Football

0.177 Sport

August; Complaint; Case; Money; Court; Investigation; Arrest;
Lawyer; Mission; Rape

0.162 Crime

India; US; President; China; World; Refugees; International;
Organization; Saudi-Arab; UN

0.157 International

topic, and the topics or clusters cannot overlap.
This is the main reason for the diversity characteris-
tic of the topics, and we can extract diverse themes
from a document or corpus. Another interesting
finding (table #7) is that the ten topics determined
from our proposed topic modeling are identical to
the categories of our corpus except the “Opinion”
category. As the news under the “opinion” cate-
gory are the reflection of various national issues,
BBert_kow-KMw,r does not consider this category
as a separate cluster.

In table #8, we observe topic names, their topic
coherence scores, and the top ten topic words of
each topic obtained from the state-of-the-art topic
modeling method, LDA. The top two topics with
high coherence scores are “Health” and “National”,
similar to the finding from table #7. LDA fails to
extract diverse topics from the corpus, and we can
observe some common words (i.e., money, hospital,
etc.) that belong to multiple topics. As LDA pre-
dicts the topic-word distribution, a common word
can have a high probability value across various
topics. It reduces diversity in topics. There are
eight unique topics in the table #8 where we extract
ten topics from the corpus. The “Entertainment”

and “Agriculture” topics are missing when we ap-
ply LDA. Some studies (Das et al., 2015) argue that
top informative topics from LDA can be identified
by their coherence scores. A topic with the highest
coherence score is considered the top informative
topic. So, the “Health” topic is the most informa-
tive topic obtained from LDA. It also supports the
result from BBert_kow-KMw,r. As the COVID-19
pandemic broke out in early 2020 and continued
till 2022, the “Health” topic was highly concerned
then.

So, we can decide that our proposed topic mod-
eling method, BBert_kow-KMw,r qualitatively out-
performs LDA in understanding the insights of a
document or corpus. Again, it can unsupervisedly
group the vocabulary words of the corpus into some
clusters that are similar to the categories of the cor-
pus.
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Abstract

We present a novel Bangla Dialect Dataset,
DIALTSA-BN comprising 600 annotated in-
stances across four major dialects: Chattogram,
Barishal, Sylhet, and Noakhali. The dataset
was constructed from YouTube comments span-
ning diverse domains to capture authentic di-
alectal variations in informal online commu-
nication. Each instance includes the original
dialectal text, its standard Bangla translation,
and sentiment labels (Positive and Negative).
We benchmark several state-of-the-art large lan-
guage models on dialect-to-standard translation
and sentiment analysis tasks using zero-shot
and few-shot prompting strategies. Our exper-
iments reveal that transliteration significantly
improves translation quality for closed-source
models, with GPT-4o-mini achieving the high-
est BLEU score of 0.343 in zero-shot with
transliteration. For sentiment analysis, GPT-4o-
mini demonstrates near perfect precision, recall,
and F1 scores (0.98) in few-shot settings. This
dataset addresses the critical gap in resources
for low-resource Bangla dialects and provides
a foundation for developing dialect-aware NLP
systems.

1 Introduction

Bangla, spoken by over 230 million people world-
wide, exhibits substantial dialectal variation across
different regions of Bangladesh and West Ben-
gal. While standard Bangla has received con-
siderable attention in NLP research, regional di-
alects remain severely underrepresented in avail-
able datasets and models. These dialects differ
significantly from standard Bangla in vocabulary,
morphology, phonology, and syntax, creating bar-
riers for dialect speakers when interacting with
language technologies designed primarily for the
standard written form. For instance, the Vashantor
corpus demonstrates that dialects like Chittagong
and Noakhali can diverge strongly in lexical and
phonetic space relative to standard Bangla, yield-

ing much lower BLEU scores in dialect to standard
translation baselines (Faria et al., 2023).

Beyond structural divergence, dialects also en-
code deeply rooted region-specific pragmatic and
emotional nuances. In different dialects, the same
phrase can carry subtly different sentimental inten-
sity or expressive force depending on local idioms,
tone, or cultural usage. Such cross-regional vari-
ations make sentiment analysis on dialectal text
significantly more challenging: a lexical sentiment
classifier trained on standard Bangla data may mis-
interpret or underweight dialect-specific affective
markers and discourse cues. Prior work in Bangla
sentiment and noisy, informal, social-media text
highlights the persistent difficulty of handling di-
alect drift, slang, and code-mixing (Islam et al.,
2021; Alam et al., 2025).

The emergence of large language models
(LLMs) has revolutionized natural language pro-
cessing, yet their performance on low-resource lan-
guages and dialects remains inadequately explored.
Understanding how modern LLMs handle dialectal
variation is crucial for developing inclusive lan-
guage technologies that serve diverse linguistic
communities. Furthermore, the lack of high-quality
annotated datasets for Bangla dialects has impeded
progress in this domain. A particularly intriguing
and underexplored aspect is how the script itself
influences model performance: initial observations
suggest that even powerful models may struggle
with the morphological complexities of non-Latin
scripts like Bangla, but may unlock superior ca-
pabilities when the input is transliterated into a
familiar Latin representation. For Bangla specifi-
cally, the BanglaTLit benchmark demonstrates that
back-transliteration techniques can help align Ro-
manized and native-script forms in downstream
tasks (Fahim et al., 2024).

This paper addresses these challenges by intro-
ducing a new Bangla Dialect Dataset collected
from authentic online communication on YouTube.
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Our dataset covers four major dialects: Chattogram,
Barishal, Sylhet, and Noakhali, each with 150 an-
notated instances. We contribute both dialectal
texts and their standard Bangla translations, along
with sentiment annotations, creating a multi-task
resource that links dialectal variation with both
translation and sentiment.

We conduct comprehensive experiments evalu-
ating multiple state-of-the-art LLMs on two tasks:
dialect-to-standard translation and sentiment anal-
ysis. Our investigation includes both closed-
source models (Gemini 2.5 Flash (Comanici et al.,
2025), GPT-4o-mini (OpenAI, 2024), Claude (An-
thropic, 2024)) and open-source models (Qwen-2.5-
7B (Qwen Team, 2024), Gemma-3-12B (Gemma
Team, 2024), Llama-3.1-8B (Meta AI, 2024), Mis-
tral (Jiang et al., 2023)) under zero-shot and few-
shot conditions. A key part of our analysis exam-
ines the impact of transliteration on performance,
revealing critical insights about how script repre-
sentation affects the processing of non-Latin text.
In particular, we observe that closed-source mod-
els in many cases see dramatic performance gains
when dialectal input is presented in Latin script.

Our main contributions are: (1) a novel anno-
tated dataset of 600 instances covering four ma-
jor Bangla dialects with translations and sentiment
labels, (2) comprehensive benchmarking of mod-
ern LLMs on dialectal Bangla tasks, (3) empirical
evidence demonstrating the significant impact of
transliteration on translation quality, highlighting
a potential bottleneck in cross-lingual transfer for
non-Latin scripts, and (4) insights into how dialec-
tal variation intersects with sentiment interpreta-
tion, pointing toward dialect-aware NLP systems
for low-resource languages.

2 Related Work

Research on Bangla dialect processing has accel-
erated only recently, with several resources tack-
ling dialect→standard conversion and regional vari-
ation. The Vashantor benchmark covers mul-
tiple Bangla regional dialects and provides par-
allel dialect→standard data (Faria et al., 2023).
Closer to specific regions, ChatgaiyyaAlap releases
Chittagonian↔Standard Bangla pairs suitable for
normalization and translation (Chowdhury et al.,
2025), while ONUBAD broadens coverage with
datasets from Chittagong, Sylhet, and Barishal in-
cluding glosses (Sultana et al., 2025). Beyond
MT/normalization, ANCHOLIK-NER introduces

a regional NER benchmark for Bangla, indicating
growing interest in dialect-aware evaluation (Paul
et al., 2025a,b). Related spoken-language under-
standing data also captures colloquial Bangla and
Sylheti for intent/slot modeling (Sakib et al., 2023).

Dialect-to-standard normalization connects to
broader multilingual work that treats normaliza-
tion as distinct from generic text cleaning. In
Arabic, large-scale efforts such as MADAR as-
semble 25-city dialect corpora aligned with MSA
(Bouamor et al., 2018), and community evalua-
tions have benchmarked dialect identification and
dialect→standard transfer (Elneima et al., 2024;
Abdul-Mageed et al., 2021). These lines of work
establish methodological precedents for evaluation
protocols and reporting.

Script choice has emerged as a key factor. Stud-
ies show that transliteration to a familiar Latin rep-
resentation can substantially improve performance
for models trained predominantly on Latin-script
data. Systematic investigations of in-context learn-
ing report consistent gains from transliteration for
low-resource, non-Latin scripts (Ma et al., 2024);
for Bangla specifically, BanglaTLit offers a bench-
mark for back-transliteration of Romanized Bangla,
enabling controlled analysis of script effects and er-
ror propagation (Fahim et al., 2024). More broadly,
context-aware transliteration methods for Roman-
ized South Asian languages demonstrate sentence-
level modeling relevant to noisy user-generated
text (Kirov et al., 2024). Recent work also pro-
poses reversible, compression-friendly transliter-
ation frameworks that can facilitate cross-lingual
transfer at scale (Zhuang et al., 2025).

For sentiment analysis on informal Bangla text,
prior datasets highlight the challenges of noise,
code-mixing, and dialectal drift. SentNoB compiles
noisy social-media comments with three-way sen-
timent labels (Islam et al., 2021), while BnSentMix
focuses on Bengali–English code-mixed sentiment
(Alam et al., 2025).

Taken together, existing work establishes the im-
portance of dialect-aware resources, normalization
to standard varieties, and the non-trivial impact
of script choice. Our contributions complement
this landscape by releasing a focused, multi-dialect
Bangla dataset with aligned translations and senti-
ment labels, and by providing a controlled analysis
of transliteration effects on modern LLMs across
translation and sentiment tasks.
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Figure 1: Dataset generation pipeline showing YouTube comment filtering and manual translation of four Bangla
dialects into standard Bangla.

3 Bangla Dialect: Dataset Creation

We constructed the DIALTSA-BN dataset cov-
ering four major Bangla dialects: Chattogram,
Barishal, Sylhet, and Noakhali. Each dialect set
contains 150 instances, resulting in a total of 600
annotated samples. Each instance includes a di-
alectal text, its standard Bangla translation, and a
sentiment label.

3.1 Data Collection

The data was collected from YouTube comments
across diverse domains such as movies, dramas,
vlogs, news, debates, and music videos. Using the
YouTube API, we crafted region-specific queries
to capture naturally occurring dialectal variations
in informal online communication. This ensured
broad coverage of socio-cultural and linguistic di-
versity across regions.

3.2 Data Preprocessing

Collected comments were cleaned by removing
URLs, emojis, and other non-textual artifacts. To
distinguish dialectal Bangla from standard Bangla
and code-mixed text, we employed a Word2Vec
embedding model. A similarity threshold of 70%
was applied, filtering out overly standard sentences
while preserving authentic dialectal patterns. This
threshold ensures removing standard Bangla com-
ments and only keep Bangla words that belongs
to certain dialects and not match up with standard
Bangla. The resulting dataset emphasizes phono-
logical and lexical diversity across regions.

3.3 Data Annotation

Annotation was conducted in two stages. First,
each dialectal sentence was manually translated
into standard Bangla to enable downstream trans-
lation evaluation. The translation was done by
individual experts of specific dialects. Four dif-
ferent persons with efficiency in Sylhet, Noakhali,
Chattogram and Barishal dialect as well as fluent

standard Bangla speakers were appointed to ful-
fill the annotation. Second, annotators assigned
one of three sentiment labels, Positive, Negative,
or Neutral, to each instance. The final dataset thus
provides parallel dialect–standard pairs and senti-
ment annotations, supporting both translation and
sentiment analysis research on dialectal Bangla.

4 Methodology

Our evaluation methodology encompasses two pri-
mary tasks: dialect-to-standard Bangla translation
and sentiment analysis. We systematically as-
sess model performance under different prompt-
ing strategies and input representations, with all
prompt templates provided in the Appendix for full
transparency.

4.1 Prompting Strategies

Zero-Shot Prompting. In this baseline setup, mod-
els receive only task-specific instructions and the
input dialectal text without any example demon-
strations. For translation, the prompt instructs the
model to translate the dialect text into standard
Bangla while preserving meaning and tone. For
sentiment classification, the prompt requests a bi-
nary prediction of POSITIVE or NEGATIVE. This
setup evaluates a model’s intrinsic ability to gener-
alize from pretraining to unseen dialectal data.

Few-Shot Prompting. To provide contextual
cues, we include example input–output pairs be-
fore the target query. For each test instance, five
examples from each of the four dialects (20 total)
are randomly sampled from the dataset. Each ex-
ample consists of a dialectal sentence, its standard
Bangla translation, and a sentiment label. In few-
shot translation and sentiment classification, these
examples are embedded within the prompt, allow-
ing models to better capture dialectal patterns and
sentiment cues with minimal supervision.
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4.2 Transliteration Experiments

To examine how script representation affects model
performance, we conduct parallel experiments with
and without transliteration. In the transliterated
condition, dialectal Bangla sentences are manually
converted into Latin script by trained annotators
while preserving phonetic and regional character-
istics. Both the native Bangla text and its translit-
eration are provided in the prompt, allowing the
model to leverage cross-script alignment. This de-
sign tests the hypothesis that models pretrained
predominantly on Latin-script corpora may better
interpret transliterated Bangla inputs, improving
both translation fluency and sentiment consistency.

4.3 Evaluation Metrics

Translation Quality. We use five complementary
metrics to evaluate translation: BLEU, ROUGE-
1, ROUGE-2, ROUGE-L, and METEOR. BLEU
measures n-gram precision, while ROUGE cap-
tures recall-based overlap of lexical units and se-
quences. METEOR incorporates synonym match-
ing and word-order flexibility, offering a more se-
mantic measure of translation accuracy. Together,
these metrics provide a balanced view of lexical
and semantic fidelity.

Sentiment Analysis. For sentiment evaluation,
we report precision (P), recall (R), and F1-score
(F1) across all sentiment classes. Model predic-
tions are compared against human-annotated gold
labels. All metrics are averaged across the four di-
alects, Chattogram, Barishal, Sylhet, and Noakhali,
to ensure balanced performance assessment with-
out regional bias.

5 Experimental Setup

We benchmark seven large language models on the
DIALTSA-BN dataset: three closed-source mod-
els Gemini 2.5 Flash (Comanici et al., 2025), GPT-
4o-mini (OpenAI, 2024), and Claude (Anthropic,
2024) and four open-source models Qwen-2.5-
7B (Qwen Team, 2024), Gemma-3-12B (Gemma
Team, 2024), Llama-3.1-8B (Meta AI, 2024), and
Mistral (Jiang et al., 2023). All experiments are
conducted on the full dataset of 600 annotated sam-
ples covering four Bangla dialects: Chattogram,
Barishal, Sylhet, and Noakhali.

Closed-source models are accessed through the
OpenRouter API, while open-source models are
deployed on Lightning AI cloud GPUs. To ensure
consistency and reproducibility, inference parame-

ters are standardized across all runs, with the tem-
perature fixed at 0.1 to minimize randomness and
the maximum token length set to 64 to accommo-
date complete translations and sentiment outputs.

Each model is evaluated under four configu-
rations: (1) zero-shot prompting, (2) few-shot
prompting, (3) zero-shot prompting with transliter-
ation, and (4) few-shot prompting with translitera-
tion. Results are averaged across the four dialects
to provide aggregate performance metrics repre-
senting overall cross-dialect generalization.

6 Result and Analysis

Our experiments reveal significant performance
variations across models, prompting strategies, and
input representations. We present key findings or-
ganized by task and experimental condition.

6.1 Translation Performance

Zero-Shot Results. From Table 1, we observe
that translation quality remains low across all mod-
els in the zero-shot setting, indicating the diffi-
culty of dialect-to-standard Bangla translation with-
out prior exposure. Among closed-source models,
Claude performs best (BLEU = 0.064, ROUGE-L =
0.686), followed by GPT-4o-mini (BLEU = 0.023,
ROUGE-L = 0.411), while Gemini 2.5 Flash shows
the weakest performance.

Among open-source models, Llama-3.1-8B
(BLEU = 0.083, ROUGE-L = 0.560) and Mistral
(BLEU = 0.069, ROUGE-L = 0.548) achieve com-
parable results, with Mistral also attaining the high-
est METEOR score (0.245). These findings suggest
that recent open-source models can perform on par
with, or slightly better than, closed-source ones in
zero-shot dialect translation.

Few-Shot Results. As shown in Table 1, few-
shot prompting substantially improves translation
performance across all models. Among closed-
source LLMs, Claude achieves the highest BLEU
score (0.046) and ROUGE-L (0.525), followed
closely by GPT-4o-mini (BLEU = 0.039, ROUGE-
L = 0.507) and Gemini 2.5 Flash (BLEU = 0.051,
ROUGE-L = 0.451). These results indicate that
providing examples enables better handling of di-
alectal variations compared to the zero-shot setting.

For open-source models, the improvements are
more pronounced. Llama-3.1-8B (BLEU = 0.112,
ROUGE-L = 0.653, METEOR = 0.297) and Mis-
tral (BLEU = 0.109, ROUGE-L = 0.689, ME-
TEOR = 0.325) outperform all closed-source coun-
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Models Translation Sentiment

BLEU R1 R2 R L Meteor P R F1

Zero Shot Prompt

Closed Source VLMs
Gemini 2.5 Flash 0.010 0.201 0.151 0.185 0.087 0.594 0.443 0.491
GPT-4o-mini 0.023 0.448 0.311 0.411 0.145 0.596 0.501 0.530
Claude 0.064 0.727 0.531 0.686 0.188 0.581 0.375 0.424

Open Source VLMs
Qwen-2.5-7B 0.032 0.617 0.285 0.541 0.063 0.628 0.608 0.554
Gemma-3-12B 0.048 0.669 0.413 0.603 0.122 0.537 0.547 0.534
Llama-3.1-8B 0.083 0.618 0.391 0.560 0.217 0.460 0.474 0.292
Mistral 0.069 0.579 0.426 0.548 0.245 0.595 0.591 0.605

Zero Shot with Transliteration

Closed Source VLMs
Gemini 2.5 Flash 0.215 0.545 0.470 0.532 0.425 0.599 0.452 0.504
GPT-4o-mini 0.317 0.886 0.810 0.878 0.582 0.626 0.566 0.587
Claude 0.330 0.843 0.761 0.829 0.571 0.535 0.385 0.420

Open Source VLMs
Qwen-2.5-7B 0.035 0.634 0.293 0.556 0.065 0.628 0.608 0.554
Gemma-3-12B 0.048 0.669 0.413 0.603 0.122 0.537 0.547 0.534
Llama-3.1-8B 0.080 0.595 0.376 0.539 0.209 0.460 0.474 0.292
Mistral 0.072 0.608 0.447 0.575 0.257 0.595 0.591 0.605

Few Shot Prompt

Closed Source VLMs
Gemini 2.5 Flash 0.051 0.486 0.370 0.451 0.212 0.953 0.942 0.947
GPT-4o-mini 0.039 0.541 0.388 0.507 0.175 0.98 0.98 0.98
Claude 0.046 0.561 0.406 0.525 0.163 0.764 0.747 0.754

Open Source VLMs
Qwen-2.5-7B 0.032 0.614 0.282 0.540 0.061 0.656 0.645 0.639
Gemma-3-12B 0.083 0.725 0.530 0.679 0.229 0.682 0.709 0.639
Llama-3.1-8B 0.112 0.702 0.501 0.653 0.297 0.624 0.650 0.538
Mistral 0.109 0.719 0.567 0.689 0.325 0.494 0.498 0.479

Few Shot with Transliteration

Closed Source VLMs
Gemini 2.5 Flash 0.063 0.606 0.476 0.569 0.222 0.793 0.723 0.752
GPT-4o-mini 0.068 0.625 0.459 0.598 0.198 0.98 0.98 0.98
Claude 0.066 0.639 0.471 0.601 0.188 0.647 0.622 0.630

Open Source VLMs
Qwen-2.5-7B 0.032 0.614 0.282 0.540 0.061 0.656 0.645 0.639
Gemma-3-12B 0.059 0.734 0.488 0.677 0.142 0.629 0.633 0.614
Llama-3.1-8B 0.108 0.675 0.482 0.628 0.286 0.624 0.650 0.538
Mistral 0.114 0.755 0.595 0.723 0.341 0.494 0.498 0.479

Table 1: Benchmarking of LLMs on the DIALTSA-BN dataset across translation and sentiment tasks under
zero-shot and few-shot prompting, with and without transliteration. Scores are averaged over four major Bangla
dialects: Chattogram, Barishal, Sylhet, and Noakhali.
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Figure 2: Error Analysis of open and closed source models

terparts, showing stronger contextual learning abil-
ities. Gemma-3-12B also demonstrates solid per-
formance (BLEU = 0.083, ROUGE-L = 0.679),
while Qwen-2.5-7B remains comparatively weaker.
Overall, few-shot prompting enhances lexical and
semantic alignment, narrowing the performance
gap between open- and closed-source models.

Impact of Transliteration. Adding translitera-
tion to the input text significantly improves transla-
tion quality in both zero-shot and few-shot settings.
In the zero-shot setup, BLEU and ROUGE scores
rise sharply, from below 0.10 to over 0.30 for top-
performing models, showing that transliteration
helps models better interpret dialectal words by
aligning them with familiar phonetic patterns.

In the few-shot setting, the gains are smaller but
consistent. Models show notable improvements in
BLEU and METEOR, reflecting better lexical and
semantic alignment. Overall, transliteration within
the prompt acts as a simple yet effective cue that
enhances the model’s grasp of dialectal phonetics,
resulting in more accurate and fluent translations.

Error Analysis An error analysis was conducted
to compare the performance of various Large Lan-
guage Models (LLMs) against ground-truth sen-
timent labels for Bangla dialects. As illustrated
in Figure 2 of the study, this qualitative analysis
spanned multiple conditions, including zero-shot
and few-shot prompting, both with and without
transliteration. The analysis revealed significant
performance variations, particularly highlighting
that dialects with greater phonetic divergence from

standard Bangla, such as Chattogram and Bar-
ishal, were more challenging for the models and re-
sulted in lower scores. The figure provides concrete
examples of misclassifications, such as models in-
correctly identifying sentiment polarity (e.g., pre-
dicting ’Positive’ when the ground truth was ’Nega-
tive’), and demonstrates instances where prompting
strategies or transliteration helped to correct these
errors.

6.2 Sentiment Analysis Performance

Zero-Shot Results. As shown in Table 1, zero-shot
sentiment performance remains moderate across
all models. Among closed-source models, GPT-
4o-mini achieves the best F1 score (0.530), fol-
lowed by Gemini 2.5 Flash (0.491) and Claude
(0.424). For open-source models, Mistral performs
the highest (0.605), with Qwen-2.5-7B close be-
hind (0.554). These results indicate that models
can capture general sentiment polarity but often
misclassify subtle or context-dependent emotions
without examples.

Few-Shot Results. Few-shot prompting leads to
a large performance gain across all models. GPT-
4o-mini achieves perfect accuracy (P = 0.98, R =
0.98, F1 = 0.98), followed by Gemini 2.5 Flash
(F1 = 0.947) and Claude (F1 = 0.754). Among
open-source models, Gemma-3-12B and Qwen-
2.5-7B reach F1 scores around 0.64, outperforming
Llama-3.1-8B and Mistral. This demonstrates that
in-context examples enhance the models’ ability to
associate emotional cues with textual context.

Impact of Transliteration. Adding translitera-
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Figure 3: F1 score comparison of base dataset and transliterated dataset for Zero-Shot and Few-Shot prompts across
different closed source models
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Figure 4: Meteor comparison of base dataset and transliterated dataset for Zero-Shot and Few-Shot prompts across
different closed source models

tion yields small but consistent improvements in
the zero-shot setting, with GPT-4o-mini improv-
ing to an F1 of 0.587. However, in the few-shot
setup, the effect is marginal, as models already
perform strongly with example-based prompting.
Overall, transliteration helps slightly refine senti-
ment recognition in zero-shot scenarios but offers
limited benefit when contextual examples provided.

7 Discussion

7.1 Script Representation Matters

A key finding of this study is that script representa-
tion strongly affects model performance. Adding
transliteration within the prompt consistently im-
proves translation quality and, to a lesser extent,
sentiment classification. Transliteration converts

dialectal Bangla into a standardized phonetic form
that aligns better with models’ subword vocabu-
laries, reducing tokenization errors and improving
lexical matching.

These results highlight how text is represented,
whether in native Bangla script or Romanized
transliteration, directly impacts model comprehen-
sion and output quality. The improved performance
with transliterated input suggests that most large
models have stronger familiarity with Latin-script
tokens, enabling better cross-dialect alignment and
semantic interpretation.

7.2 Task Complexity Differences

Although both tasks involve dialectical comprehen-
sion, their linguistic demands differ substantially.
Translation requires accurate lexical and syntactic
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alignment between dialectal and standard Bangla,
making it more sensitive to orthographic and mor-
phological variations. Minor phonetic differences
can lead to significant semantic deviations, explain-
ing the lower BLEU and ROUGE scores observed
in zero-shot settings.

In contrast, sentiment classification depends
more on overall tone and contextual cues than exact
word forms. Models can often infer polarity even
from partially understood text, which explains their
relatively stable performance. Translation thus rep-
resents a formally constrained and representation-
dependent task, while sentiment classification bene-
fits from contextual reasoning and in-context cues.

7.3 Dialectal Variation Effects.

The radar plots in Figures 3 and 4 illustrate model
performance across the four major dialect regions,
Chattogram, Barishal, Sylhet, and Noakhali. Per-
formance varies notably by region, reflecting differ-
ences in lexical forms, phonetic structures, and
orthographic patterns among dialects. Models
tend to perform better on Barishal and Sylhet,
which share greater lexical similarity with standard
Bangla, while Chattogram and Noakhali exhibit
lower scores due to stronger phonetic divergence.

These results highlight that dialectal variation
remains a key source of difficulty for both transla-
tion and sentiment analysis tasks. Models trained
primarily on standard Bangla struggle to inter-
pret dialect-specific tokens or informal construc-
tions, leading to inconsistent performance across
regions. Addressing this gap will require dialect-
aware datasets and modeling approaches that ex-
plicitly capture regional linguistic diversity.

7.4 Role of In-Context Learning.

Few-shot prompting emerges as another key factor
in improving performance. For translation, BLEU
and ROUGE scores rise notably when sample pairs
are provided, showing stronger word alignment and
contextual comprehension. In sentiment classifica-
tion, F1 scores increase sharply, reaching perfect
accuracy for GPT-4o-mini and strong performance
for Gemini 2.5 Flash, indicating that even minimal
contextual exposure enables better sentiment recog-
nition in dialectal text. Together with translitera-
tion, in-context learning demonstrates that strategic
prompting can significantly enhance model robust-
ness without task-specific fine-tuning.

8 Conclusion

We have presented a novel DIALTSA-BN com-
prising 600 carefully annotated instances across
four major dialects: Chattogram, Barishal, Sylhet,
and Noakhali, collected from authentic and diverse
YouTube comments. This dataset fills a critical
gap in resources for low-resource Bangla dialectal
NLP by providing dialectal texts, standard Bangla
translations, and sentiment annotations. Through
comprehensive benchmarking of seven state-of-the-
art large language models, we uncover several key
insights into dialectal language understanding and
representation. Our experiments show that translit-
eration markedly enhances translation quality for
closed-source models, with GPT-4o-mini achieving
a BLEU score of 0.343 when dialectal input is ren-
dered in Latin script. Few-shot prompting proves
highly effective for sentiment analysis, yielding per-
fect F1-scores for GPT-4o-mini, while translation
remains challenging even with contextual examples.
These findings highlight both the potential and the
limitations of current LLMs, indicating that they
can successfully capture dialectal sentiment but
still struggle with high-fidelity dialect-to-standard
translation. The DIALTSA-BN dataset and bench-
marks lay a strong foundation for developing inclu-
sive, dialect-aware, and culturally adaptive Bangla
language technologies, helping bridge the divide
between standard and regional language users.

Limitations and Future Work

This work has several limitations. The dataset size
of 600 instances, while carefully curated and manu-
ally annotated, remains relatively small for training
robust or generalized models. As a low-resource
language with limited digital presence, Bangla di-
alects pose inherent challenges for large-scale data
collection. Moreover, YouTube comments, though
authentic and diverse, may not fully capture the
phonetic richness and conversational variety found
in real spoken interactions. Consequently, some
dialectal expressions and regional subtleties are
underrepresented in the current dataset.

Future work should expand DIALTSA-BN to
include additional dialects beyond the four studied
here, such as those spoken in Mymensingh, Rang-
pur, and Khulna, to achieve more comprehensive
dialectal coverage. Enhancing translation quality
through linguistically informed preprocessing or
dialect-specific normalization remains an impor-
tant direction. Fine-tuning or training compact,
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domain-adapted models on dialectal data could
further improve efficiency and accessibility. In
addition, exploring multi-task or transfer learning
frameworks that jointly optimize translation and
sentiment tasks may yield better cross-dialect gen-
eralization. Finally, extending this framework to
other low-resource languages with similar dialectal
diversity would strengthen the generalizability and
broader impact of this research.
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Dialect Model Acc Prec Rec F1

Zero-Shot

Barishal Gemini 2.5 Flash 0.740 0.635 0.454 0.520
Claude 3.7 Sonnet 0.560 0.619 0.317 0.394
GPT-4o-mini 0.860 0.615 0.524 0.559

Chattogram Gemini 2.5 Flash 0.680 0.499 0.441 0.452
Claude 3.7 Sonnet 0.620 0.504 0.404 0.432
GPT-4o-mini 0.760 0.549 0.497 0.511

Sylhet Gemini 2.5 Flash 0.640 0.600 0.453 0.500
Claude 3.7 Sonnet 0.540 0.594 0.413 0.436
GPT-4o-mini 0.760 0.597 0.538 0.548

Noakhali Gemini 2.5 Flash 0.660 0.641 0.422 0.490
Claude 3.7 Sonnet 0.580 0.605 0.365 0.433
GPT-4o-mini 0.700 0.621 0.446 0.503

Few-Shot

Barishal Gemini 2.5 Flash 0.960 0.973 0.933 0.950
Claude 3.7 Sonnet 0.920 0.921 0.886 0.901
GPT-4o-mini 0.98 0.98 0.98 0.98

Chattogram Gemini 2.5 Flash 0.940 0.939 0.941 0.940
Claude 3.7 Sonnet 0.860 0.860 0.857 0.859
GPT-4o-mini 0.980 0.979 0.981 0.980

Sylhet Gemini 2.5 Flash 0.960 0.958 0.958 0.958
Claude 3.7 Sonnet 0.940 0.635 0.634 0.633
GPT-4o-mini 0.98 0.98 0.98 0.98

Noakhali Gemini 2.5 Flash 0.940 0.942 0.937 0.939
Claude 3.7 Sonnet 0.920 0.638 0.609 0.623
GPT-4o-mini 1.000 1.000 1.000 1.000

Table 2: Sentiment analysis performance by dialect
(native Bangla script).

B Key Observations by Dialect

B.1 Barishal Dialect

GPT-4o-mini achieved near perfect sentiment clas-
sification scores (accuracy, precision, recall, and
F1 all at 0.98) in few-shot conditions for both na-
tive and transliterated text. For translation tasks,
Claude 3.7 Sonnet demonstrated the strongest zero-
shot performance with transliteration, achieving
a BLEU score of 0.424 and a METEOR score of
0.695. Among open-source models, Mistral-7B
performed best with 0.865 accuracy in zero-shot
sentiment analysis.

B.2 Chattogram Dialect

This dialect presented the most challenging re-
sults across all models. Closed-source models
showed moderate performance in zero-shot set-
tings, with GPT-4o-mini reaching 0.760 accuracy.
Few-shot prompting improved results significantly,
with GPT-4o-mini achieving 0.980 accuracy (near-
perfect). Open-source models particularly strug-
gled with Chattogram, with the best performance
being 0.678 accuracy from Mistral-7B in few-shot
transliteration mode. Translation scores remained
consistently lower than other dialects across all
conditions.

Dialect Model Acc Prec Rec F1

Zero-Shot (Transliterated)

Barishal Gemini 2.5 Flash 0.840 0.667 0.527 0.585
Claude 3.7 Sonnet 0.640 0.558 0.356 0.412
GPT-4o-mini 0.900 0.640 0.556 0.586

Chattogram Gemini 2.5 Flash 0.640 0.521 0.419 0.457
Claude 3.7 Sonnet 0.580 0.455 0.375 0.390
GPT-4o-mini 0.860 0.598 0.570 0.582

Sylhet Gemini 2.5 Flash 0.560 0.587 0.403 0.463
Claude 3.7 Sonnet 0.540 0.539 0.406 0.422
GPT-4o-mini 0.860 0.609 0.591 0.592

Noakhali Gemini 2.5 Flash 0.720 0.621 0.458 0.509
Claude 3.7 Sonnet 0.640 0.589 0.404 0.453
GPT-4o-mini 0.840 0.655 0.545 0.587

Few-Shot (Transliterated)

Barishal Gemini 2.5 Flash 0.980 0.969 0.986 0.977
Claude 3.7 Sonnet 0.920 0.624 0.603 0.613
GPT-4o-mini 0.98 0.98 0.98 0.98

Chattogram Gemini 2.5 Flash 0.660 0.630 0.442 0.518
Claude 3.7 Sonnet 0.760 0.775 0.749 0.750
GPT-4o-mini 0.98 0.98 0.98 0.98

Sylhet Gemini 2.5 Flash 0.760 0.612 0.504 0.552
Claude 3.7 Sonnet 0.860 0.593 0.585 0.585
GPT-4o-mini 0.98 0.98 0.98 0.98

Noakhali Gemini 2.5 Flash 0.960 0.959 0.959 0.959
Claude 3.7 Sonnet 0.840 0.595 0.552 0.571
GPT-4o-mini 0.98 0.98 0.98 0.98

Table 3: Sentiment analysis performance by dialect
(transliterated text).

B.3 Sylhet Dialect
Claude 3.7 Sonnet achieved the highest zero-shot
translation scores for this dialect with transliter-
ation (BLEU: 0.431, METEOR: 0.692), demon-
strating strong lexical and semantic understand-
ing. GPT-4o-mini maintained perfect sentiment
classification in few-shot settings (1.000 across all
metrics). The dialect showed interesting patterns
where zero-shot translation with transliteration sub-
stantially outperformed few-shot approaches, sug-
gesting that contextual examples may introduce
confusion for this particular dialectal variation.

B.4 Noakhali Dialect
Consistent with the other three dialects, GPT-4o-
mini achieved perfect few-shot sentiment classifica-
tion scores. Translation proved challenging across
all models, with the highest BLEU score being
0.251 from GPT-4o-mini in zero-shot translitera-
tion mode. Open-source models showed particu-
larly poor performance, with Llama-3.1-8B achiev-
ing only 0.300 accuracy in zero-shot sentiment
analysis. The dialect’s linguistic distance from
standard Bangla appears to pose significant chal-
lenges for all model architectures, particularly for
open-source alternatives with limited Bengali rep-
resentation in their training data.
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Dialect Model Acc Prec Rec F1

Barishal Mistral-7B (Zero) 0.865 0.820 0.793 0.805
Barishal Qwen-2.5-7B (Few+Trans) 0.851 0.799 0.774 0.786
Chattogram Gemma-3-12B (Zero) 0.624 0.590 0.599 0.590
Chattogram Mistral-7B (Few+Trans) 0.678 0.622 0.616 0.618
Sylhet Qwen-2.5-7B (Zero) 0.647 0.610 0.662 0.596
Noakhali Llama-3.1-8B (Zero) 0.300 0.304 0.314 0.196

Table 4: Open-Source Model Sentiment Analysis - Selected Best Performers

Dialect Model Setting BLEU METEOR R1 R2 RL

Zero-Shot

Barishal Gemini 2.5 Flash Zero-Shot 0.013 0.136 0.231 0.179 0.211
Claude 3.7 Sonnet Zero-Shot 0.063 0.202 0.749 0.568 0.717
GPT-4o-mini Zero-Shot 0.022 0.165 0.431 0.311 0.400

Chattogram Gemini 2.5 Flash Zero-Shot 0.008 0.070 0.201 0.139 0.177
Claude 3.7 Sonnet Zero-Shot 0.057 0.153 0.724 0.502 0.668
GPT-4o-mini Zero-Shot 0.022 0.130 0.481 0.313 0.427

Sylhet Gemini 2.5 Flash Zero-Shot 0.008 0.073 0.092 0.075 0.089
Claude 3.7 Sonnet Zero-Shot 0.090 0.267 0.743 0.558 0.702
GPT-4o-mini Zero-Shot 0.028 0.177 0.449 0.321 0.417

Noakhali Gemini 2.5 Flash Zero-Shot 0.008 0.070 0.280 0.211 0.261
Claude 3.7 Sonnet Zero-Shot 0.047 0.131 0.691 0.496 0.655
GPT-4o-mini Zero-Shot 0.022 0.106 0.432 0.298 0.399

Few-Shot

Barishal Gemini 2.5 Flash Few-Shot 0.080 0.287 0.531 0.420 0.506
Claude 3.7 Sonnet Few-Shot 0.041 0.200 0.561 0.429 0.539
GPT-4o-mini Few-Shot 0.036 0.204 0.542 0.410 0.515

Chattogram Gemini 2.5 Flash Few-Shot 0.029 0.185 0.428 0.306 0.378
Claude 3.7 Sonnet Few-Shot 0.035 0.155 0.603 0.418 0.555
GPT-4o-mini Few-Shot 0.036 0.169 0.551 0.376 0.501

Sylhet Gemini 2.5 Flash Few-Shot 0.057 0.309 0.459 0.365 0.427
Claude 3.7 Sonnet Few-Shot 0.077 0.265 0.547 0.397 0.510
GPT-4o-mini Few-Shot 0.049 0.238 0.531 0.386 0.500

Noakhali Gemini 2.5 Flash Few-Shot 0.039 0.165 0.527 0.390 0.493
Claude 3.7 Sonnet Few-Shot 0.029 0.135 0.532 0.378 0.496
GPT-4o-mini Few-Shot 0.043 0.128 0.540 0.386 0.510

Table 5: Translation Performance on Native Bangla Script
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Dialect Model Setting BLEU METEOR R1 R2 RL

Zero-Shot with Transliteration

Barishal Gemini 2.5 Flash Zero-Shot 0.222 0.383 0.557 0.451 0.530
Claude 3.7 Sonnet Zero-Shot 0.424 0.695 0.904 0.846 0.894
GPT-4o-mini Zero-Shot 0.380 0.697 0.927 0.877 0.925

Chattogram Gemini 2.5 Flash Zero-Shot 0.202 0.400 0.505 0.462 0.502
Claude 3.7 Sonnet Zero-Shot 0.310 0.505 0.830 0.727 0.812
GPT-4o-mini Zero-Shot 0.252 0.479 0.854 0.758 0.841

Sylhet Gemini 2.5 Flash Zero-Shot 0.230 0.528 0.477 0.437 0.475
Claude 3.7 Sonnet Zero-Shot 0.431 0.692 0.880 0.816 0.868
GPT-4o-mini Zero-Shot 0.385 0.664 0.905 0.840 0.900

Noakhali Gemini 2.5 Flash Zero-Shot 0.143 0.345 0.581 0.491 0.561
Claude 3.7 Sonnet Zero-Shot 0.205 0.442 0.814 0.710 0.797
GPT-4o-mini Zero-Shot 0.251 0.488 0.857 0.767 0.847

Few-Shot with Transliteration

Barishal Gemini 2.5 Flash Few-Shot 0.130 0.343 0.663 0.530 0.630
Claude 3.7 Sonnet Few-Shot 0.109 0.264 0.653 0.515 0.630
GPT-4o-mini Few-Shot 0.082 0.276 0.634 0.482 0.604

Chattogram Gemini 2.5 Flash Few-Shot 0.034 0.178 0.506 0.362 0.456
Claude 3.7 Sonnet Few-Shot 0.048 0.154 0.670 0.465 0.615
GPT-4o-mini Few-Shot 0.054 0.178 0.603 0.410 0.548

Sylhet Gemini 2.5 Flash Few-Shot 0.086 0.331 0.591 0.486 0.558
Claude 3.7 Sonnet Few-Shot 0.073 0.260 0.606 0.453 0.568
GPT-4o-mini Few-Shot 0.094 0.254 0.632 0.476 0.601

Noakhali Gemini 2.5 Flash Few-Shot 0.039 0.173 0.562 0.426 0.532
Claude 3.7 Sonnet Few-Shot 0.035 0.115 0.628 0.452 0.591
GPT-4o-mini Few-Shot 0.043 0.121 0.629 0.456 0.590

Table 6: Translation Performance on Transliterated (Bangla) Script

Dialect Model BLEU METEOR R1 RL

Barishal Mistral-7B (Zero) 0.067 0.274 0.596 0.566
Barishal Gemma-3-12B (Zero) 0.048 0.136 0.712 0.653
Chattogram Gemma-3-12B (Zero) 0.033 0.085 0.627 0.545
Chattogram Mistral-7B (Few+Trans) 0.123 0.334 0.739 0.705
Sylhet Qwen-2.5-7B (Zero) 0.037 0.075 0.616 0.547
Sylhet Llama-3.1-8B (Few+Trans) 0.106 0.242 0.691 0.648
Noakhali Llama-3.1-8B (Zero) 0.082 0.175 0.586 0.531
Noakhali Gemma-3-12B (Few+Trans) 0.061 0.136 0.679 0.636

Table 7: Open-Source Model Translation Performance - Selected Best Performers
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Prompt Used for Zero-Shot Translation

Prompt for Zero Shot Translation

You are an expert linguist specializing in Bengali dialects and language translation. You have extensive knowledge
of various Bengali dialects including Barishal, Chattogram, Sylhet, and Noakhali dialects, and their relationship to
standard Bengali.

Your task is to translate {dialect name} dialect text to standard Bengali while preserving the original meaning, context,
and emotional tone.

CRITICAL: You must respond with ONLY the translated text. Nothing else. No explanations. No additional words. No
English text. Just the translation.

Now translate this {dialect name} dialect text to standard Bengali:

{dialect name} dialect text: {dialect text}
Standard Bengali translation:
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Prompt Used for Zero-Shot Translation (with Transliteration)

Prompt for Zero Shot Translation with Transliteration

You are an expert linguist specializing in Bengali dialects and language translation. You have extensive knowledge
of various Bengali dialects including Barishal, Chattogram, Sylhet, and Noakhali dialects, and their relationship to
standard Bengali.

Your task is to translate {dialect name} dialect text to standard Bengali while preserving the original meaning, context,
and emotional tone.

CRITICAL: You must respond with ONLY the translated text. Nothing else. No explanations. No additional words. No
English text. Just the translation.

Now translate this {dialect name} dialect text to standard Bengali:

{dialect name} dialect text: {dialect text}
Transliterated (Roman letters) {dialect name} dialect text: {translit dialect text}
Standard Bengali translation:

Prompt Used for Zero-Shot Sentiment

Prompt for Zero Shot Sentiment

You are an expert in sentiment analysis for Bengali text, including both standard Bengali and various dialects. You have
deep understanding of emotional nuances, cultural context, and linguistic patterns in Bengali language.

Your task is to classify the sentiment of the given {dialect name} dialect text as either POSITIVE or NEGATIVE.

CRITICAL: You must respond with ONLY ”POSITIVE” or ”NEGATIVE”. Nothing else. No explanations. No
additional words. Just the sentiment.

Now classify the sentiment of this {dialect name} dialect text:

{dialect name} dialect text: {dialect text}
Sentiment (POSITIVE or NEGATIVE):

Prompt Used for Zero-Shot Sentiment (with Transliteration)

Prompt for Zero Shot Sentiment with Transliteration

You are an expert in sentiment analysis for Bengali text, including both standard Bengali and various dialects. You have
deep understanding of emotional nuances, cultural context, and linguistic patterns in Bengali language.

Your task is to classify the sentiment of the given {dialect name} dialect text as either POSITIVE or NEGATIVE.

CRITICAL: You must respond with ONLY ”POSITIVE” or ”NEGATIVE”. Nothing else. No explanations. No
additional words. Just the sentiment.

Now classify the sentiment of this {dialect name} dialect text:

{dialect name} dialect text: {dialect text}
Transliterated (Roman letters) {dialect name} dialect text: {translit dialect text}
Sentiment (POSITIVE or NEGATIVE):
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Prompt Used for Few-Shot Translation

Prompt for Few Shot Translation

You are an expert linguist specializing in Bengali dialects and language translation. You have extensive knowledge
of various Bengali dialects, including Barishal, Chattogram, Sylhet, and Noakhali dialects, and their relationship to
standard Bengali.

Your task is to translate {dialect name} dialect text to standard Bengali while preserving the original meaning, context,
and emotional tone.

CRITICAL: You must respond with ONLY the translated text. Nothing else. No explanations. No additional words. No
English text. Just the translation.

EXAMPLES OF CORRECT TRANSLATIONS:

Dialect: "মোরা বরিশাইল্লা" -> Standard Bengali: "আমরা বরিশালের"
Dialect: "হু ম মোগো বরিশাল" -> Standard Bengali: "হ্যাঁ , আমাদের বরিশাল"
Dialect: "মইনা বেশি কথা কইনা" -> Standard Bengali: "আমি বেশি কথা বলি না"
Dialect: "একদম পালতু  বিরানি" -> Standard Bengali: "একদম ফালতু  বিরিয়ানি"

Now translate this {dialect name} dialect text to standard Bengali:

{dialect name} dialect text: {dialect text}
Standard Bengali translation:

Prompt Used for Few-Shot Translation (with Transliteration)

Prompt for Few Shot Translation with Transliteration

You are an expert linguist specializing in Bengali dialects and language translation. You have extensive knowledge
of various Bengali dialects, including Barishal, Chattogram, Sylhet, and Noakhali dialects, and their relationship to
standard Bengali.

Your task is to translate {dialect name} dialect text to standard Bengali while preserving the original meaning, context,
and emotional tone.

CRITICAL: You must respond with ONLY the translated text. Nothing else. No explanations. No additional words. No
English text. Just the translation.

EXAMPLES OF CORRECT TRANSLATIONS:

Dialect: "মোরা বরিশাইল্লা" -> Standard Bengali: "আমরা বরিশালের"
Dialect: "হু ম মোগো বরিশাল" -> Standard Bengali: "হ্যাঁ , আমাদের বরিশাল"
Dialect: "মইনা বেশি কথা কইনা" -> Standard Bengali: "আমি বেশি কথা বলি না"
Dialect: "একদম পালতু  বিরানি" -> Standard Bengali: "একদম ফালতু  বিরিয়ানি"

Now translate this {dialect name} dialect text to standard Bengali:

{dialect name} dialect text: {dialect text}
Transliterated (Roman letters) {dialect name} dialect text: {translit dialect text}
Standard Bengali translation:
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Prompt Used for Few-Shot Sentiment

Prompt for Few Shot Sentiment

You are an expert in sentiment analysis for Bengali text, including both standard Bengali and various dialects. You have
deep understanding of emotional nuances, cultural context, and linguistic patterns in Bengali language.

Your task is to classify the sentiment of the given {dialect name} dialect text as either POSITIVE or NEGATIVE.

CRITICAL: You must respond with ONLY “POSITIVE” or “NEGATIVE”. Nothing else. No explanations. No
additional words. Just the sentiment.

EXAMPLES OF CORRECT CLASSIFICATIONS:

Text: "আমাদের বরিশাল নিয়ে আমাদের গর্ব " -> Sentiment: POSITIVE
Text: "একদম ফালতু  বিরিয়ানি" -> Sentiment: NEGATIVE
Text: "সুন্দর হয়েছে" -> Sentiment: POSITIVE
Text: "ভাইয়ের বাড়ি এখন কোথায়" -> Sentiment: NEGATIVE
Text: "চিটাগং এর মেয়ে কেন চিটাগং এর হতে পারে না" -> Sentiment: POSITIVE

Now classify the sentiment of this {dialect name} dialect text:

{dialect name} dialect text: {dialect text}
Sentiment (POSITIVE or NEGATIVE):

Prompt Used for Few-Shot Sentiment (with Transliteration)

Prompt for Few Shot Sentiment with Transliteration

You are an expert in sentiment analysis for Bengali text, including both standard Bengali and various dialects. You have
deep understanding of emotional nuances, cultural context, and linguistic patterns in Bengali language.

Your task is to classify the sentiment of the given {dialect name} dialect text as either POSITIVE or NEGATIVE.

CRITICAL: You must respond with ONLY “POSITIVE” or “NEGATIVE”. Nothing else. No explanations. No
additional words. Just the sentiment.

EXAMPLES OF CORRECT CLASSIFICATIONS:

Text: "আমাদের বরিশাল নিয়ে আমাদের গর্ব " -> Sentiment: POSITIVE
Text: "একদম ফালতু  বিরিয়ানি" -> Sentiment: NEGATIVE
Text: "সুন্দর হয়েছে" -> Sentiment: POSITIVE
Text: "ভাইয়ের বাড়ি এখন কোথায়" -> Sentiment: NEGATIVE
Text: "চিটাগং এর মেয়ে কেন চিটাগং এর হতে পারে না" -> Sentiment: POSITIVE

Now classify the sentiment of this {dialect name} dialect text:

{dialect name} dialect text: {dialect text}
Transliterated (Roman letters) {dialect name} dialect text: {translit dialect text}
Sentiment (POSITIVE or NEGATIVE):
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Abstract

Bangla text on the internet often appears in
mixed scripts that combine native Bangla char-
acters with their Romanized transliterations.
To ensure practical usability, language models
should be robust to naturally occurring script
mixing. Our work investigates the robustness
of current LLMs and Bangla language models
under various transliteration-based textual per-
turbations, i.e., we augment portions of existing
Bangla datasets using transliteration. Specifi-
cally, we replace words and sentences with their
transliterated text to emulate realistic script
mixing, and similarly, replace the top k salient
words to emulate adversarial script mixing. Our
experiments reveal interesting behavioral in-
sights and vulnerabilities to robustness in lan-
guage models for Bangla, which can be crucial
for deploying such models in real-world scenar-
ios and enhancing their overall robustness. Our
code is available at: https://github.com/
farhanishmam/BTL-Robustness.

1 Introduction

In the digital era, Bangla is often written in its ro-
manized form using English scripts due to the ubiq-
uity of the QWERTY layout (Haider et al., 2024).
With the growing popularity of Bangla keyboard
layouts, particularly among mobile users, Bangla-
English mixed script texts have become more com-
mon. This phenomenon is known as script-mixing,
where multiple scripts are used in a single piece of
text (Srivastava et al., 2020).

The current generation of Large Language Mod-
els (LLMs) has also excelled in tasks on translit-
erated or romanized Bangla (Fahim et al., 2024).
However, their robustness to textual perturbations
in Bangla has yet to be evaluated. Textual pertur-
bation refers to any form of change or modifica-
tion to the input text that can potentially impact
the model’s performance in a given task (Li et al.,
2020a). Such perturbations can emulate realistic

conditions (Moradi and Samwald, 2021) (e.g., re-
moval or replacement of a word) or adversarial
conditions (Li et al., 2018) (e.g., removal of most
salient tokens (Raiyan et al., 2025)). Our work ex-
plores a form of replacement-based perturbation
where words or sentences in the original Bangla
scripts are replaced by their transliterations.

Current datasets in Bangla are limited to a sin-
gle script, either in Bangla (Hasan et al., 2020;
Islam et al., 2021) or English (Fahim et al., 2024).
While code-mixed texts have been a topic of inter-
est, where Bangla and English words are mixed, the
datasets are usually limited to the English scripts
(Alam et al., 2024). Evaluation of LLMs under
script mixing can be crucial for deploying the
model in realistic scenarios. We hence propose
a scalable augmentation strategy to produce script-
mixed text in Bangla and evaluate the robustness
of models against such forms of perturbations. Our
contributions can be summarized as:

• We present the first study to evaluate LLMs
in three Bangla transliteration-based perturba-
tions encompassing both realistic and adver-
sarial settings.

• Our augmentation framework can be used to
produce text that emulates script-mixing in
Bangla at scale.

• Our experiments on a rich suite of closed-
sourced and open-sourced LLMs, as well as
Bangla language models, highlight the robust-
ness vulnerability in Bangla.

2 Related Work

2.1 Textual Perturbation
Textual perturbations are either formulated as
adversarial attacks that exploit the vulnerability
of a system using an input, often tailored to that
particular model (Li et al., 2020a), or common
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Figure 1: High level overview of our dataset perturbation pipeline.

perturbations that are typically encountered by
texts in realistic scenarios (Moradi and Samwald,
2021). Adversarial perturbations saw some earlier
success with rule-based methods, e.g., synonym
replacement, in both black-box and white-box
settings (Jin et al., 2020; Alzantot et al., 2018).
Few methods relied on using language models to
generate adversarial examples (Li et al., 2020b;
Garg and Ramakrishnan, 2020).

Realistic textual perturbations include charac-
ter and word-level perturbations, e.g., insertion,
deletion, and replacement, which are used to simu-
late realistic errors in text (Moradi and Samwald,
2021; Le et al., 2022). Ours similarly uses word
and sentence-level transliteration as realistic per-
turbations to simulate script mixing in text. We
also experiment with the transliteration of the most
salient word as a form of adversarial perturbation.

2.2 Robustness of Language Models

The robustness of language models refers to their
inherent ability to sustain performance when ex-
posed to input variations (Morris et al., 2020).
While such studies on robustness are prevalent
in English (Moradi and Samwald, 2021; Li et al.,
2020a), the challenge is exacerbated in multilin-
gual and low-resource contexts (Kaing et al., 2024).
Robustness also refers to the language model’s
generalization capabilities under distribution shifts
(Hendrycks et al., 2020). Our study focuses on
evaluating this robustness in low-resource contexts,
specifically examining the Bangla language under
script distribution shifts.

2.3 Transliteration, Code-mixing, and
Script-mixing

Transliterated texts, where native words are
represented in foreign scripts, have been common
in Indic languages through romanization (Madhani

et al., 2023). This phenomenon is particularly
prevalent in Bangla, where romanized scripts
are used to write Bangla text. Current language
models have shown strong performance on
back-transliteration, i.e., producing the original
Bangla text from transliterated input (Fahim
et al., 2024). Several downstream tasks have
been explored on transliterated Bangla, including
sentiment analysis (Hassan et al., 2016) and hate
speech detection (Haider et al., 2024).

A closely related setting is code-switching or
code-mixing, where words from multiple lan-
guages appear in the same text using different
scripts (Sheth et al., 2025). Code-switching be-
tween Bangla and English is particularly common
among Bangla speakers (Alam et al., 2024), though
LLMs have shown degraded performance on such
code-switched text (Mohamed et al., 2025). Our
work differs in that we evaluate the robustness
through Bangla dataset augmentations that mimic
script-mixing (Srivastava et al., 2020), i.e., multiple
scripts coexist within the same text block.

3 Methodology

Our framework involves applying three types of
perturbations to popular Bangla classification and
generation datasets, as shown in Fig. 1.

3.1 Textual Perturbation

Each perturbation p ∈ P is defined as a function
p : T → T tr, that takes an input text in native
Bangla scripts B to produce text in transliterated
scripts. For a model f , we quantify the average
case performance as robustness over the test set
distribution D (Hendrycks and Dietterich, 2019;
Ishmam et al., 2025),

Ep∼P [P(B,y)∼D((f(p(B)) = y)].
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Dataset SentNob BanFakeNews BanglaHateSpeech XL-Sum CSEBuetNMT

Total Samples 12k 49k 30K 8k 2.7M
Evaluated Samples 1568 2000 750 1012 1000
Vocab Size 24K 415K 64K 226K 1.3M
Min Word Length 3 1 1 7 1
Max Word Length 93 4650 537 3726 8353
Min Sentence Length 1 1 1 1 1
Max Sentence Length 20 679 78 370 262

Table 1: Statistics and number of samples taken for evaluation from the evaluation datasets.

The textual perturbation is implemented as a func-
tion that takes a slice of the input text and passes it
to a transliteration model f tr : T → T tr to produce
the transliterated text. The slicing of the text differs
for each perturbation and has been defined in the
latter sections.

3.1.1 Random Word Perturbation
For each word wi in an input text B =
{w1, w2, . . . wn} ∈ T and a random word-level
mask vector,

M = {m1,m2, . . . ,mn}, mi ∼ Bernoulli(p),

where p ∈ [0, 1] is the probability of perturbing a
word, the random word perturbation can be defined:

prw(wi) =

{
f tr(wi), if mi = 1,

wi, o/w.
(1)

3.1.2 Random Sentence Perturbation
Similar to §3.1.1, the sentence perturbation seg-
ments the input text B into sentences, B =
{w1:i1 , wi1+1:i2 , . . . win−1+1:n} ∈ T , and uses
sentence-level mask vectors. Following Eq.1, we
define random sentence perturbation,

prs(wi:j) =

{
f tr(wi:j), if mi = 1,

wi:j , o/w.
(2)

3.1.3 Salient Word Perturbation
Let si = S(wi, B) denote the saliency score as-
signed to word wi, measuring its influence on the
model’s output. We calculate the saliency scores
by averaging the attention scores of a BanglaBERT
model (Bhattacharjee et al., 2022) across the se-
quence length, heads, and layers. We define a pro-
portion p, and organize the words based on the
descending order of saliency scores. We now de-
fine the set of top-p salient word indices,

Isal = {i|si is among top p scores}.

The salient word perturbation can be similarly de-
fined as:

psal(wi) =

{
f tr(wi), if i ∈ Isal,
wi, o/w.

(3)

For each perturbation, the probability of per-
turbation p is taken as 20%. We use the
BanglaT5_NMT model (Bhattacharjee et al., 2023)
fine-tuned on the BanglaTLit dataset (Fahim et al.,
2024) as our transliteration model f tr.

3.2 Tasks & Datasets
We evaluate on five tasks: machine translation with
CSEBuetNMT dataset (Hasan et al., 2020), hate
speech detection with BanglaHateSpeech dataset
(Romim et al., 2021), sentiment analysis with
Sent-Nob dataset (Islam et al., 2021), fake news
detection with BanFakeNews dataset (Hossain
et al., 2020), and text summarization with XL-Sum
dataset (Hasan et al., 2021). The number of sam-
ples taken from each dataset and their statistics are
provided in Tab.1.

3.3 Baselines
We evaluate closed-source models: Claude-3.5 Son-
net, and GPT-4o (Hurst et al., 2024), open-source
models: Qwen-2.5 32B (Qwen et al., 2025), Llama-
3 70B (Grattafiori et al., 2024), and the Bangla lan-
guage models: BanglaBERT (Bhattacharjee et al.,
2022) and BanglaT5 (Bhattacharjee et al., 2023).

3.4 Evaluation Metrics
For classification, we use the standard metrics:
Macro-F1 (M-F1), Weighted-F1 (W-F1), and Accu-
racy (Acc). Similarly, for generation tasks, we use
BLEU score, Brevity Penalty, and ROUGE-2-F1.

4 Experimental Results

We evaluate model robustness across three pertur-
bation strategies on classification and generation
tasks (Tables 2 and 3). Most models achieve peak
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Model

Dataset Claude-3.5 Sonnet GPT-4o Qwen-2.5 32B Llama-3 70B BanglaBERT

M-F1 W-F1 Acc M-F1 W-F1 Acc M-F1 W-F1 Acc M-F1 W-F1 Acc M-F1 W-F1 Acc

SentNob
Bangla Text (Base) 63.90 66.30 66.19 64.37 66.53 65.83 56.78 56.79 56.57 45.07 45.16 48.18 45.80 48.16 49.50

Random Words 63.73 66.01 65.96 63.48 65.46 64.88 52.50 52.54 52.00 45.77 45.81 48.69 45.13 47.19 48.05
∆ Base -0.17 -0.29 -0.23 -0.89 -1.07 -0.95 -4.28 -4.25 -4.57 +0.70 +0.65 +0.51 -0.67 -0.97 -1.45

Random Sentences 60.86 63.04 62.92 58.93 60.85 59.90 48.69 48.71 48.00 46.48 46.67 49.90 35.88 37.48 41.30
∆ Base -3.04 -3.26 -3.27 -5.44 -5.68 -5.93 -8.09 -8.08 -8.57 +1.41 +1.51 +1.72 -9.92 -10.68 -8.20

Salient Words 63.82 65.88 65.78 61.99 63.96 63.18 49.94 50.01 50.00 40.18 40.21 45.23 44.42 46.63 47.48
∆ Base -0.08 -0.42 -0.41 -2.38 -2.57 -2.65 -6.84 -6.78 -6.57 -4.89 -4.95 -2.95 -1.38 -1.53 -2.02

BanFakeNews
Bangla Text (Base) 66.80 66.88 68.42 85.93 85.93 85.93 52.07 78.11 78.00 50.58 75.88 75.36 92.98 92.99 93.00

Random Words 61.00 59.20 59.71 84.91 84.91 84.94 48.54 72.80 72.45 55.10 82.64 82.47 32.71 31.79 48.60
∆ Base -5.80 -7.68 -8.71 -1.02 -1.02 -0.99 -3.53 -5.31 -5.55 +4.52 +6.76 +7.11 -60.27 -61.20 -44.40

Random Sentences 57.24 58.00 61.82 85.76 85.76 85.80 51.30 76.97 76.77 53.55 80.33 80.16 50.09 49.54 57.60
∆ Base -9.56 -8.88 -6.60 -0.17 -0.17 -0.13 -0.77 -1.14 -1.23 +2.97 +4.45 +4.80 -42.89 -43.45 -35.40

Salient Words 47.86 49.02 55.00 84.89 84.89 84.90 47.55 71.33 71.00 52.55 78.82 78.74 33.14 32.23 48.80
∆ Base -18.94 -17.86 -13.42 -1.04 -1.04 -1.03 -4.52 -6.78 -7.00 +1.97 +2.94 +3.38 -59.84 -60.76 -44.20

BanglaHateSpeech
Bangla Text (Base) 85.54 87.29 87.56 79.90 82.13 82.13 83.77 83.77 84.00 53.21 53.17 59.39 91.45 92.33 92.27

Random Words 85.94 87.48 87.67 78.04 80.23 80.00 80.91 80.91 81.00 51.96 51.93 58.38 87.16 88.25 88.00
∆ Base +0.40 +0.19 +0.11 -1.86 -1.90 -2.13 -2.86 -2.86 -3.00 -1.25 -1.24 -1.01 -4.29 -4.08 -4.27

Random Sentences 81.95 83.81 83.78 75.52 77.74 77.33 71.44 71.44 72.00 62.58 62.62 65.66 59.97 59.11 59.87
∆ Base -3.59 -3.48 -3.78 -4.38 -4.39 -4.80 -12.33 -12.33 -12.00 +9.37 +9.45 +6.27 -31.48 -33.22 -32.40

Salient Words 84.52 86.04 86.10 77.59 79.90 79.73 76.89 76.89 77.00 51.70 51.70 58.60 76.89 77.96 77.33
∆ Base -1.02 -1.25 -1.46 -2.31 -2.23 -2.40 -6.88 -6.88 -7.00 -1.51 -1.47 -0.79 -14.56 -14.37 -14.94

Table 2: Macro-F1(M-F1), Weighted-F1(W-F1), Accuracy(Acc) score for the classification tasks: sentiment analysis, fake news
detection, and hate speech classification on SentNob, BanFakeNews, and BanglaHateSpeech, respectively. Gray indicates
base/clean text performance, and cyan indicates worst performance degradation.

Model

Dataset Claude-3.5 Sonnet GPT-4o Qwen-2.5 32B Llama-3 70B BanglaT5

BLEU BP R2-F1 BLEU BP R2-F1 BLEU BP R2-F1 BLEU BP R2-F1 BLEU BP R2-F1

XL-Sum
Bangla Text (Base) 0.000 1.00 0.00 0.002 0.99 0.01 0.001 0.99 0.01 0.004 0.97 0.01 0.025 0.62 0.03

Random Words 0.000 1.00 0.00 0.002 0.98 0.00 0.002 0.99 0.01 0.003 0.98 0.01 0.016 0.59 0.02
∆ Base -0.00 0.00 - -0.00 -0.01 - +0.00 0.00 - -0.00 +0.01 - -0.01 -0.03 -

Random Sentences 0.000 1.00 0.00 0.002 0.98 0.01 0.001 0.99 0.01 0.003 0.98 0.01 0.017 0.59 0.03
∆ Base +0.00 0.00 - -0.00 -0.01 - +0.00 0.00 - -0.00 +0.01 - -0.01 -0.03 -

Salient Words 0.000 1.00 0.00 0.001 0.99 0.00 0.001 0.99 0.00 0.003 0.98 0.01 0.006 0.60 0.01
∆ Base +0.00 0.00 - -0.00 0.00 - -0.00 0.00 - -0.00 +0.01 - -0.02 -0.02 -

CSEBuetNMT
Bangla Text (Base) 0.215 0.94 0.223 0.215 0.96 0.220 0.171 0.99 0.191 0.059 0.95 0.073 0.241 0.93 0.233

Random Words 0.191 0.94 0.201 0.184 0.97 0.195 0.134 0.97 0.150 0.051 0.92 0.065 0.180 0.91 0.185
∆ Base -0.02 0.00 - -0.03 +0.01 - -0.04 -0.02 - -0.01 -0.03 - -0.06 -0.02 -

Random Sentences 0.199 0.89 0.212 0.109 0.95 0.125 0.052 0.96 0.066 0.065 0.94 0.079 0.027 0.79 0.037
∆ Base -0.02 -0.05 - -0.11 -0.01 - -0.12 -0.03 - +0.01 -0.01 - -0.21 -0.14 -

Salient Words 0.262 0.96 0.251 0.180 0.97 0.192 0.113 0.98 0.140 0.052 0.92 0.068 0.180 0.90 0.184
∆ Base +0.05 +0.02 - -0.03 +0.01 - -0.06 -0.01 - -0.01 -0.03 - -0.06 -0.03 -

Table 3: BLEU score, BP: Brevity Penalty, R2-F1 for the translation and summarisation tasks on the CSEBuetNMT and XL-Sum
datasets, respectively. Gray indicates base/clean text performance, and cyan indicates worst performance degradation. The
difference between the R2-F1 scores is not calculated as it doesn’t hold any meaningful value.

performance on clean text and show degradation
under the perturbations.

4.1 Effect of Perturbation Techniques

Random sentence and salient word perturbations
induce higher performance drops than random

word perturbations. For instance, Claude-3.5
Sonnet shows a 3.27% accuracy drop on Sent-
Nob under random sentence perturbation versus
only 0.23% for random word perturbation. The
vulnerability also varies across tasks, e.g. ran-
dom sentence perturbation is more challenging on
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Figure 2: Impact of varying perturbation levels on the performance of the GPT-4o model in classification (Fake
News) and generation (XL-Sum) tasks.

SentNob, BanglaHateSpeech, and CSEBuetNMT,
while salient word perturbation is more severe on
BanFakeNews and XL-Sum.

Smaller language models, like BanglaBERT and
BanglaT5, show higher vulnerability, confirming
their strong reliance on key lexical and semantic
cues. Among LLMs, GPT-4o and Llama-3 exhibit
relatively better robustness, maintaining smaller
performance drops across all metrics, compared to
Claude-3.5 Sonnet and Qwen-2.5. However, GPT-
4o was less robust on generative tasks, e.g., on the
CSEBuetNMT dataset. We attribute the model-
wise performance variance to the pretraining data
distribution and exposure to code-mixed and script-
mixed data during training.

4.2 Performance Degradation across Tasks

For classification tasks, LLMs showed relatively
consistent degradation patterns: 3-8.5% on Sent-
Nob, 1-19% on BanFakeNews, and 1.5-12.5% on

BanglaHateSpeech across all metrics. By contrast,
BanglaBERT suffers dramatically larger drops,
with F1-score degradation reaching 60% and ac-
curacy declining by 44.5%. For generative tasks,
the degradation was relatively higher for CSEBuet-
NMT than XL-sum, with BanglaT5 being more
vulnerable than the LLMs.

4.3 Performance across Perturbation Levels

In Fig. 2, we observe a substantial decline in the
summarization metrics BLEU and R2-F1, showing
GPT-4o’s vulnerability to increasing perturbation
levels across all perturbation types. Random-word
and salient-word perturbations show a consistent
downward trend for the classification task. In con-
trast, random-sentence perturbation dips sharply at
the 80% level, followed by an unexpected rebound
at 100%. This suggests that the model becomes
confused when only a small number of sentences
are transliterated, whereas fully perturbed input
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allows it to settle into a more stable interpretation.

5 Discussion

We discuss the underlying causes of performance
degradation in script-mixed scenarios, promising
steps for mitigation, and other future directions.

5.1 The Tokenization Bottleneck

The substantial performance degradation observed
in script-mixed texts can be largely attributed to
fundamental limitations in tokenization. Firstly,
the choice of tokenization method varies across
models and can be an inherent limitation in script-
mixing. For instance, models such as BERT and T5
employ WordPiece (Schuster and Nakajima, 2012)
and SentencePiece (Kudo and Richardson, 2018)
tokenization, respectively, which exhibit reduced
robustness compared to the Byte Pair Encoding
(BPE) (Gage, 1994) used in modern LLMs. The
older tokenization methods struggle to maintain
consistent granularity of mixed tokens, leading to
suboptimal encoding.

Secondly, the process of tokenization itself con-
stitutes an inherent architectural bottleneck, espe-
cially for cross-script processing. In script-mixed
texts, using tokenizers trained predominantly on
one script, typically Latin, penalizes foreign or un-
trained scripts (Land and Arnett, 2025). These
tokenizers frequently fragment non-English tokens
into excessive subword units or map them to rare
and underrepresented vocabulary entries, occasion-
ally resorting to unknown token markers. This
phenomenon reflects a deeper issue of vocabulary
bias, where tokenizers optimized on monolingual
or Latin-script-dominant corpora show systematic
disadvantages when processing alternative scripts,
resulting in unnecessarily long token sequences and
potential information loss at the encoding stage.

5.2 BLT and Multi-script Tokenizers

Byte Latent Transformers (BLT) (Pagnoni et al.,
2025) have shown great empirical robustness to
input perturbations and warrant investigation in
script-mixing scenarios, as their byte-level pro-
cessing naturally sidesteps script tokenizing limita-
tions. Multilingual or transliteration-aware tokeniz-
ers with joint-script vocabularies offer a potential
direct solution. Such tokenizers would require bal-
ancing the training data to ensure equitable repre-
sentation across scripts and prevent the replication
of existing script biases.

5.3 Script Normalization

A practical and easier approach to improve script-
mixing robustness can be achieved through script
normalization, i.e., conversion of mixed scripts to a
single script that is the most dominant throughout
the input text. One option is to train a dedicated nor-
malizer model, e.g., a sequence-to-sequence model
similar to BanglaT5-NMT (Fahim et al., 2024), but
for script conversion. Alternatively, LLMs with
reasoning capabilities could be prompted to nor-
malize scripts in the thinking process first before
proceeding with the task.

5.4 Can training improve robustness?

The language models can be either continually pre-
trained or fine-tuned on the script-mixed dataset.
Continual pre-training on multilingual or multi-
script corpora should mitigate monoscript bias and
enable models to learn robust cross-script corre-
spondences. By exposing models to diverse script
combinations during pre-training, we can poten-
tially encode invariance to script perturbations
directly into the model’s representations. Task-
specific fine-tuning on script-mixed text could also
be a viable approach, but raises difficulty in estimat-
ing the distribution of scripts, leading to plausibly
higher degradation due to overfitting.

5.5 Extension to Multimodal Settings

Our perturbation pipeline can be extended to mul-
timodal scenarios, e.g., visual question answering
(Antol et al., 2015; Ishmam et al., 2025) on Bangla-
regional images (Barua et al., 2025), which can in-
vestigate cross-visual perturbations, such as swap-
ping cultural elements between images, or evaluat-
ing on script-mixed questions.

6 Conclusion

Our work evaluates LLMs and Bangla LMs un-
der transliteration-based perturbations on random
words, random sentences, and salient words. Our
framework provides a scalable method for aug-
menting existing Bangla datasets to produce their
script-mixed counterparts, thereby assessing the ro-
bustness of language models. Our findings reveal
that discriminative models are vulnerable to script-
mixing, whereas generative models are relatively
more robust. We envision that our work will open
doors for future research in Bangla script-mixing.
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Limitations

Our study uses only transliteration-based pertur-
bations, which are a subset of replacement-based
perturbations. Other categories of perturbations,
e.g., insertion, deletion, and paraphrasing, haven’t
been explored and could provide a holistic view of
the model’s robustness. Our proposed robustness
enhancement strategies have not been empirically
verified and could be a potential future direction.
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Abstract

We study sentence-level generative data aug-
mentation for Bangla semantic classification
across four public datasets and three pretrained
model families (BanglaBERT, XLM-Indic,
mBERT). We evaluate two widely used, repro-
ducible techniquesparaphrasing (mT5-based)
and round-trip backtranslation (BnEnBn)and
analyze their impact under realistic class im-
balance. Overall, augmentation often helps,
but gains are tightly coupled to label quality:
paraphrasing typically outperforms backtrans-
lation and yields the most consistent improve-
ments for the monolingual model, whereas
multilingual encoders benefit less and can be
more sensitive to noisy minority-class expan-
sions. A key empirical observation is that
the neutral class appears to be a major source
of annotation noise, which degrades decision
boundaries and can cap the benefits of aug-
mentation even when positive/negative classes
are clean and polarized. We provide practical
guidance for Bangla sentiment pipelines: (i)
use simple sentence-level augmentation to re-
balance classes when labels are reliable; (ii)
allocate additional curation and higher inter-
annotator agreement targets to the neutral
class. Our results indicate when augmentation
helps and suggest that data qualitynot model
choice alonecan become the limiting factor.

1 Introduction

Semantic classification is an important task in nat-
ural language processing, facilitating the under-
standing of textual content by machines. Among
the myriad languages worldwide, Bangla stands
out as one of the most spoken, yet it encounters

∗Equal contribution.
†Corresponding author.

challenges related to data scarcity and resource
limitation. It is important to note that, many ef-
forts were undertaken to create datasets for sen-
timent analysis in Bangla but very few meet the
rigorous quality benchmarks such as measuring
Inter-Annotator Agreement (IAA). In the literature
of data augmentation, word replacement with syn-
onyms or nearest embedding has been a traditional
strategy. However, its efficacy is limited, espe-
cially in the context of complex languages and nu-
anced semantics. On the other hand, generative
data augmentation provides an avenue to produce
more diverse and contextually relevant data sam-
ples. Paraphrasing and backtranslation emerge as
notable generative strategies, with the latter being
a staple in the machine translation domain.

In this study, we show how generative data aug-
mentation can be used to improve the performance
of sentiment classification. For this purpose we
use four different datasets and three different mod-
els. We show our results for both multilingual and
monolingual models. We found that monolingual
models along with paraphrased data augmentation
performed best, followed by backtranslation. Fur-
thermore, the multilingual language models per-
formance did not improve with data augmentation.
While improving variation of good datapoints, we
found that these techniques can also magnify the
noise in the datasets. Additionally, we also found
considerable label noise in the datasets and we em-
pirically showed how this noise impeded the per-
formance of sentiment classifiers. In this paper
we study the potential of generative data augmen-
tation, with a specific focus on its application in
Bangla semantic classification.

Our goal is not to propose a new augmenta-
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tion algorithm. Rather, we provide a controlled,
Bangla-centric study across four public datasets
and three pretrained model families (monolingual,
Indic-multilingual, massively multilingual). We
quantify when simple sentence-level augmenta-
tions help and, crucially, show that benefits are
bounded by label quality, with the neutral class
emerging as the primary source of noise. In sum-
mary, our contributions are primarily three-fold:

1. We investigate the viability of generative data
augmentation for Bangla sentiment classifica-
tion across four public Bangla social media
datasets.

2. We find that paraphrasing works better as a
generative data augmentation method com-
pared to backtranslation and this effect is
more prominent in monolingual language
models.

3. We further identify that the neutral class is
the main source of label noise in the chosen
datasets.

2 Related Work

There have been numerous foundational works
that have shaped the field of Sentiment Analysis
(SA). One of the earliest notable researches was
conducted by Hu and Liu (2004), where they pre-
sented the Aspect-Based Opinion Mining model, a
predecessor of the Feature-Based Opinion Mining
Model. Their work emphasized the nuances of cus-
tomer reviews, providing an analytical framework
for subsequent studies.

Benchmark datasets play a significant role in
the evolution and validation of SA techniques.
Prominent among them are the Stanford Sentiment
Treebank (Socher et al., 2013), IMDB Movie Re-
views Dataset (Maas et al., 2011), Amazon Prod-
uct Data, and Sentiment140 (Go et al., 2009).
Over the years, these datasets have served as stan-
dard benchmarking resources for sentiment analy-
sis.

2.1 Sentiment Analysis in Bangla

When it comes to studies specific to Bangla, many
prioritized the creation of clean datasets with ex-
tensive pre-processing, as seen in the works of
Khatun and Rabeya (2022) and Islam et al. (2020).
Furthermore, some studies, like Hossain et al.

(2020), have even incorporated code-mixed sam-
ples integrating both Bangla and English. In con-
trast, others such as Islam et al. (2021) have made
efforts to represent real-world data by incorporat-
ing noisy samples from social media platforms.
In terms of classification, most researches have
leaned towards a tri-class labeling system - posi-
tive, negative, and neutral. However, only a se-
lected few, such as Islam et al. (2021), delved
deeper by further dividing the positive and neg-
ative sentiments based on their intensity - weak
or strong. Other techniques, such as the one pre-
sented by Abu Taher et al. (2018), involved N-
Gram Based Sentiment Mining using Support Vec-
tor Machine. Chakraborty et al. (2022) explored
a ternary sentiment classification for Bangla text
using both Support Vector Machine and Random
Forest Classifier.

Expanding the lexicon for sentiment analysis
in Bangla was the primary goal for studies like
(Naim, 2021) and (Bhowmik et al., 2022). An
enriched vocabulary set has been observed to en-
hance the efficacy of sentiment models. Addi-
tionally, these studies employed aspect-based sen-
timent analysis techniques, a testament to the in-
fluence of Hu and Liu’s foundational work. Some
researches ventured into cross-lingual approaches,
such as the work of Sazzed (2020), which involved
translating Bangla sentences into English for sen-
timent analysis. However, the community did not
wholly embrace this due to the dependencies it in-
troduced. Furthermore, certain datasets were in-
hibited by class imbalances, as noted with Wahid
et al. (2019), which had a disproportionate num-
ber of positive or negative samples compared to
neutral ones. Recent works, including Islam et al.
(2021) and Hossain et al. (2020), have not only
emphasized the importance of data quality but
also focused on the meticulousness of data anno-
tation. Related Bangla resource creation includes
BenCoref for coreference, highlighting annotation
design and cross-domain coverage (Rohan et al.,
2023).

Progressing further, Bhowmick and Jana (2021)
applied transformer-based models like BERT and
XLM-ROBERTA, signifying the continuous evo-
lution and adaptability of sentiment analysis tech-
niques in Bangla. Taking a more complex ap-
proach, Rafi-Ur-Rashid et al. (2022) employed
an ensemble of deep learning models. This re-
search also tackled class-imbalanced data using
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Figure 1: Comparison of dataset sizes before and after augmentation. The augmentation can be either backtransla-
tion or paraphrasing.

the focal loss function. Despite the vast array of
datasets available, many suffer from a domain bias.
The SentNoB dataset (Islam et al., 2021) is cur-
rently considered the most robust, offering diver-
sity across 13 domains and presenting a dataset
with 15,000 Bangla samples.

3 Methodology & Experiment Details

We study two sentence-level augmentation meth-
ods, paraphrasing and back-translation, to increase
minority-class coverage while preserving labels in
Bangla sentiment analysis.

Traditional augmentation in NLP often relied
on synonym substitution and embedding-based re-
placement. For temporal expressions, Kolomiyets
et al. (2011) substituted tokens with WordNet
(Miller et al., 1990) or model-predicted syn-
onyms, assuming local replacements largely pre-
serve meaning. Later, Kobayashi (2018) and
Wei and Zou (2019) replaced words with nearest-
neighbor or LM-suggested alternatives. However,
in sentiment analysis even minimal lexical edits
can flip polarity, and single-word substitutions fre-
quently act like adversarial artifacts that distort
semantics and inject label noise (Alzantot et al.,
2018; Kaushik et al., 2020). Surveys further note
that word-level noising yields limited semantic di-
versity and can harm label fidelity, recommending
sentence-level methods when preservation matters
(Feng et al., 2021). Accordingly, we exclude syn-
onym/embedding replacement in our study.

3.1 Paraphrasing

Paraphrase-based augmentation aims to increase
lexical and syntactic diversity while preserving
task-relevant semantics, mitigating overfitting to
surface forms and reducing minority-class sparsity
(Fadaee et al., 2017; Wei and Zou, 2019). We gen-
erate one paraphrase per source sentence using the
mT5-based Bangla paraphrasing model from Akil
et al. (2022), built on Xue et al. (2021). We do
not apply post-generation filtering; given the re-
ported semantic fidelity of this resource, capping
at a single paraphrase limits distributional shift
(Akil et al., 2022).

3.2 Back-translation

Back-translation rewrites a sentence by trans-
lating it to a pivot language and back, typi-
cally preserving meaning while introducing nat-
ural syntactic variation (Sennrich et al., 2016;
Edunov et al., 2018; Xie et al., 2020). We em-
ploy Bangla→English→Bangla using the Bangla–
English MT system of Hasan et al. (2020), choos-
ing English as the pivot due to model maturity
and availability. Although round-trip translation
can introduce minor noise, the resulting variation
is generally label-consistent and improves robust-
ness to social-media artifacts (informality, mis-
spellings, code-mixing) in our datasets (Edunov
et al., 2018; Xie et al., 2020).

To keep the pipeline simple and reproducible-
and to isolate the effect of class rebalancingwe
intentionally avoid perplexity- or classifier-based
filtering. Filtering/selection strategies (e.g.,
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Figure 2: Comparison of semantic preservation between paraphrased and backtranslated sentences from SentNoB
dataset

Figure 3: Examples of few incorrect labels we identified in the datasets. ’Assigned’ shows the original label and
’Correct’ shows our assessment of the appropriate label, illustrating label noise across all classes.

semantic-consistency thresholds, uncertainty-
aware sampling) are orthogonal enhancements
and left to future work.

3.3 Datasets

For our tasks, we utilized four datasets: BLP
Shared Task 1: Violence Inciting Text Detection
(VITD)(Saha et al., 2023), BLP Workshop Shared
Task 2(Saha et al., 2023), SentNoB (Islam et al.,
2021), and BD-SHS(Romim et al., 2022).

These datasets were selected to provide diverse
evaluation scenarios for augmentation techniques.
BD-SHS contains over 50,200 binary-labeled com-
ments (hate/non-hate) from social media, serving
as a control for binary classification against multi-
class tasks. SentNoB comprises 15,000 manu-
ally annotated samples from social media across
13 domains with three-way sentiment labels (pos-
itive, negative, neutral), representing noisy infor-
mal Bangla text. VITD focuses on violence de-
tection with three classes (direct violence, passive
violence, non-violence) from YouTube comments
about violent incidents in Bengal. BLP Task 2 in-
volves three-class sentiment analysis of social me-
dia posts. This diversity in task types (hate speech
detection, violence detection, sentiment analysis),
class configurations (binary vs. ternary), and data
characteristics (formal vs. noisy text) enables com-
prehensive assessment of how dataset properties
affect augmentation efficacy.

These datasets serve as reference points for eval-
uating the effectiveness of the augmentation tech-

niques. Here, BD-SHS serves more as a con-
trol for binary classification against the more com-
plex multi-class classification. Apart from that,
as stated earlier, we only augmented the minority
class samples. For SentNoB and BLP Task 2, the
minority class was the neutral class and for VITD
it was the direct violence class (15%). Our aug-
mentation results can be seen in Figure 1. Through
our augmentation we mostly doubled the samples
of minority class in order to improve the class im-
balance of each of the datasets. We show the qual-
ity of backtranslation and paraphrased sentences
in Figure 2. These sentences were taken from Sent-
NoB dataset.

Additionally, as mentioned earlier, we found
considerable label noise in the datasets from our
qualitative analysis and we showcase some of
these in Figure 3. We can see that samples across
all classes are mislabeled and this is likely to im-
pact the performance of models as this increases
both false positive and false negative rates. We
touch upon the impact of label noise on perfor-
mance in Section 4.3.

Code and recipes. All augmentation scripts,
preprocessing, and training configurations used in
this study are available at this repository.

3.4 Experiment Setup
As described in the previous section, for the experi-
ment setup, two additional versions of each dataset
were produced using (Akil et al., 2022) for para-
phrasing and (Hasan et al., 2020) for backtransla-
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Dataset Version mBERT XLM-Indic BanglaBert
F1-Macro F1-Micro Recall Prec. F1-Macro F1-Micro Recall Prec. F1-Macro F1-Micro Recall Prec.

BD-SHS
Baseline 91.9648 91.9666 91.9886 92.0494 91.8253 91.8274 91.8441 91.9061 91.9680 91.9666 91.8753 91.8713

Paraphrased 91.4841 91.4894 91.4733 91.5325 92.3445 92.3444 92.4433 92.4692 92.3443 92.3444 92.4433 92.3444
Backtranslated 90.9909 90.9922 90.9922 91.0293 90.5150 90.5150 90.6624 90.5150 91.4295 91.4297 91.6191 91.5874

SentNoB
Baseline 69.5592 71.6267 69.5000 69.7422 68.3493 70.4288 69.7352 69.7352 69.4012 73.7705 70.3164 69.3870

Paraphrased 67.3360 69.1677 67.4392 67.6137 67.2832 69.4830 67.3433 67.4474 72.2954 75.8512 73.0009 72.1994
Backtranslated 66.6228 68.1589 67.0720 67.1482 68.2108 70.1135 68.3326 68.5054 72.0372 75.5359 72.6263 71.8748

VITD
Baseline 65.8050 70.8333 64.9746 69.2229 66.4206 71.8254 65.1105 68.3673 72.3954 76.8353 71.1721 76.4834

Paraphrased 65.0452 70.1389 64.1128 69.8489 65.0522 70.6845 65.1723 69.3623 74.6663 78.6210 73.7993 77.7827
Backtranslated 64.1207 69.5933 63.8942 68.2788 68.1876 70.2396 68.1758 68.4270 74.3087 78.1746 72.6043 78.9988

BLP
Task 2

Baseline 58.6598 61.0109 58.6969 60.2731 61.9487 65.0962 61.5665 62.8359 66.4386 71.3434 66.2780 66.6474
Paraphrased 56.4873 59.3112 56.8890 57.4954 59.8386 63.7841 59.53085 60.3757 66.6997 72.1403 70.9197 72.1403

Backtranslated 57.3038 59.9374 57.4055 58.5438 60.4425 63.8288 60.16027 61.2324 64.5253 70.2550 64.9660 64.5774
orange indicates the best performing augmentation method for each model and blue indicates the best performing model within each dataset.

Table 1: Evaluation of models on different datasets and their augmentations

tion. We augmented only the minor class in the
training split. It should be noted that the dataset
BD-SHS (Romim et al., 2022) is not imbalanced.
Nevertheless, we still augmented it to increase its
size to twice its original volume.

For our experiments, we used three different
models. Here, our main goal was to compare
the results between monolingual, language fam-
ily specific multilingual and general multilingual
language models. Hence, we used BanglaBERT
(Bhattacharjee et al., 2021), as our monolingual
language model, XLM-Indic (Moosa et al., 2023),
as our language family specific multilingual lan-
guage model and finally mBERT (Devlin et al.,
2018), as our multilingual model with large num-
ber of languages.

All the models were trained for 3 epochs. All
the baseline models except XLM-Indic had a learn-
ing rate of 2e-5.The learning rate for XLM-Indic
was set at 3e-5 for the BLP Task 2 dataset and 4.5e-
5 for rest of the baseline datasets. Furthermore, the
learning rates required for the augmented datasets
were higher and ranged from 3e-5 to 8e-5. Fur-
ther details on hyperparameters are provided in
Appendix A.

3.5 Hyperparameter Rationale

The hyperparameter selection was guided by
model and dataset characteristics. All models
were trained for 3 epochs, which proved sufficient
for convergence without overfitting. Baseline
models generally performed well with a learning
rate of 2e-5, standard for BERT fine-tuning. How-
ever, XLM-Indic required higher learning rates
(3e-5 to 4.5e-5) for baseline datasets, likely due to
its multilingual pre-training requiring more aggres-
sive updates to adapt to Bangla-specific sentiment
patterns.

Augmented datasets consistently required
higher learning rates (3e-5 to 8e-5) compared
to baselines. This increase was necessary be-
cause augmentation introduced greater variance
through paraphrasing and backtranslation, re-
quiring models to adapt to a wider distribution
of linguistic expressions. The doubled dataset
size also necessitated more aggressive gradient
steps for convergence within the same epochs.
BanglaBERT, being monolingual, showed more
stability with moderate learning rate increases,
while multilingual models (mBERT and XLM-
Indic) needed more varied adjustments to
effectively utilize the augmented samples.

4 Results and Discussion

In this study, we explored how generative data aug-
mentation can potentially enhance performance in
semantic classification task for Bangla. In the sub-
sequent section, we present the results of our find-
ings and also show how the improvements from
augmentations can be affected in presence of noisy
labels.

4.1 Data augmentation improves
performance

From Table 1, we can see that data augmentation
indeed improves the performance of models. How-
ever, this improvement is not entirely universal.
Here we will discuss from both model and aug-
mentation technique point of view. From augmen-
tation technique side of things, we can observe that
as a technique, paraphrasing outperforms back-
translation. For instance, BanglaBert sees an im-
provement of approximately 2% F1-Micro for BD-
SHS, 3% F1-Macro for SentNoB, 3% F1-Micro
for VITD and finally 1% F1-Micro on BLP Task
2. Although backtranslation did not show improve-
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Dataset Classes F1-Macro Accuracy Recall Prec.

SentNoB
No Neutral 90.57 90.61 90.58 90.55
No Positive 79.19 80.79 80.39 78.52
No Negative 74.12 77.54 76.26 73.14

BLP Task 2
No Neutral 83.88 84.57 83.59 84.28
No Positive 70.24 76.97 71.06 69.62
No Negative 75.42 78.24 78.36 74.40

VITD
No Passive Violence 88.77 93.75 86.78 91.23
No Direct Violence 79.42 81.32 82.35 78.39
No Non Violence 78.25 82.61 76.14 84.03

Table 2: Impact of label noise on performance

ment in all the datasets for Banglabert, we can still
see that it improved the baseline by 2.6% for Sent-
NoB dataset. Apart from that, backtranslation also
improved the baseline results of XLM-Indic on
VITD by 2% and paraphrase improves BD-SHS
baseline by 0.5%. On average paraphrasing gave
the best improvements compared to backtransla-
tion. Given the texts are from social media and
are noisy by nature, it might be that backtransla-
tion further added some noise due to translation
process whereas paraphrasing might have had bet-
ter noise to variance ratio due to its permutation
nature. Another interesting thing to observe is the
BD-SHS dataset. Most models performed quite
well on it and this is likely due to its classes po-
lar and binary nature. Hence, we did not see as
much improvement from augmentation and the re-
sults of XLM-Indic and BanglaBert also seems to
match for the paraphrased BD-SHS.

4.2 Impact of Pretraining
From a pretraining perspective, we see that the
monolingual model performed much better with
augmentations compared to the multilingual mod-
els. In most cases the multilingual models per-
formed worse than their baseline results with the
augmented datasets. This is likely due to the noise
to variance ratio we discussed earlier. It seems
that, monolingual models are better suited to use
the added variance of the augmentation methods
compared to multilingual models. This finding is
not in line with (Ghosh and Senapati, 2022) where
they report multilingual model perform as well as
monolingual models on a similar task in Bangla.

4.3 Label Noise Impedes Performance Gains
In Section 4.1, we saw how data augmentation im-
proved performance over baseline. However, this
performance could be improved much more with
better data quality. For instance, in Figure 3, we

showed how these datasets have noisy labels and
in some cases really poor inter annotator agree-
ment (Islam et al., 2021) and how these noisy la-
bels may impact performance. Here, we show em-
pirically that, noisy label induced ambiguous deci-
sion boundary indeed degrades performance. We
show this by performing binary classification on
the baseline datasets using BanglaBert. Our main
hypothesis here was that, the performance differ-
ence between our binary classifiers would not be
drastically high if they were represented equally
without label noise. However, in presence of label
noise, the class boundary would be ambiguous and
that would degrade the model. We can exactly see
this in Table 2. Here, we can see that on SentNoB,
removing the neutral class results in the best per-
forming model. Whereas, in presence of neutral
class, we see a 10% reduction of accuracy score.
Specially, we can observe that the classifier for
positive and neutral classes performed the worst
out of all three permutations. It is expected that
polarized classes like positive and negative would
be easier to learn and neutral classes being some-
what in the middle might be harder to learn. How-
ever, here we see considerable degradation. Hence,
we believe that the positive class has more overlap
with the neutral class and as stated earlier, this re-
sults in poorer decision boundaries for classifiers.
The baseline result for SentNoB was 69.40 F1-
Macro and the best result was paraphrased Sent-
NoB with a score of 72.30 F1-macro. Comparing
these to the results in Table 2 can give us some
idea how the results degrade due to noisy labels.
Furthermore, we can see similar trends for both
VITD and BLP Task 2. Both of them show on av-
erage almost 10% reduction in accuracy score. As
discussed earlier, BLP Task 2 is a mix of SentNoB
and MUBASE dataset. Hence, similar to results
on 1, it gives us a glimpse of the error propagation
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of MUBASE. We can see that compared to 90.57
accuracy score of SentNoB’s no neutral class sub-
set, the no neutral class subset of BLP Task2 has
an accuracy score of 84.57. Again we see that the
main issue here is the neutral class. This leads
us to believe that neutral class annotation are the
main cause of label noise and it requires better at-
tention.

4.4 Issues with Neutral Sentiment

The distinction between neutral and other sen-
timents is where the model struggles the most,
for both positive and negative. Unlike polarized
classes, which may have specific lexical indica-
tors, the neutral class lacks such clear markers. We
hypothesize that the neutral classes have a much
higher distribution than the polarized classes. To
accurately represent the distribution of these neu-
tral classes, we recommend a much higher rep-
resentation of neutral class than the polarized
classes.

We would also advocate for the introduction of
an "indeterminate" class to address another issue.
While a neutral sentiment refers to an unpolarized
yet clearly determined sentiment, an indeterminate
label captures instances where sentiment is gen-
uinely unclear or ambiguous. Whether this de-
serves its own category requires further analysis
and validation.

By adopting this labeling scheme, we can en-
sure that the model does not mistakenly catego-
rize uncertain sentiments into the neutral category,
thereby preserving the integrity of both classes.

5 Limitations

We focus on encoder-only models to control con-
founds across monolingual vs. multilingual set-
tings under matched budgets, leaving decoder-
only and sequence-to-sequence architectures to
future work. While we emphasize sentence-
level augmentation for semantic fidelity, a broader
comparison with additional augmentation families
(e.g., mixup/noising) is also deferred.

6 Conclusion

In this study, we demonstrate that data augmen-
tation techniques, notably paraphrasing and back-
translation, enhance the performance of Bangla
sentiment classifiers. Our results reveal that para-
phrasing significantly benefits monolingual mod-
els, more so than backtranslation does for multilin-

gual models. We also detected noisy labels across
all four datasets. Our analysis provides empirical
evidence that label noise hampers classifier perfor-
mance, with the neutral class emerging as the pri-
mary source of this noise. Given these findings,
we argue for robust protocols for annotating neu-
tral classes. We propose weighting inter-annotator
agreement by class, suggesting the neutral class
be assigned the highest weight. Consequently, the
neutral class should attain higher inter-annotator
agreement scores compared to the positive and
negative classes.
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Dataset Batch Size Learning Rate Weight Decay Dropout Epochs Warmup Ratio Label Smoothing

BD-SHS Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
BD-SHS Paraphrased 32 5e-5 1e-6 0.15 3 0.10 0.15
BD-SHS Backtranslated 32 6e-5 1e-3 0.15 3 0.10 0.15
SentNoB Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
SentNoB Paraphrased 32 5.5e-5 1e-3 0.15 3 0.10 0.15
SentNoB Backtranslated 32 2e-5 1e-3 0.15 3 0.10 0.15
VITD Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
VITD Paraphrased 32 3e-5 1e-3 0.15 3 0.10 0.15
VITD Backtranslated 32 6e-5 1e-3 0.15 3 0.10 0.15
BLP Task 2 Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
BLP Task 2 Paraphrased 32 3e-5 1e-6 0.15 3 0.10 0.15
BLP Task 2 Backtranslated 32 6e-5 1e-3 0.15 3 0.10 0.15

Table 3: Hyperparameters for mBERT model

Dataset Batch Size Learning Rate Weight Decay Dropout Epochs Warmup Ratio Label Smoothing

BD-SHS Baseline 32 4.5e-5 1e-6 0.15 3 0.10 0.15
BD-SHS Paraphrased 32 5e-5 1e-3 0.15 3 0.10 0.15
BD-SHS Backtranslated 32 6e-5 1e-6 0.15 3 0.10 0.15
SentNoB Baseline 32 4.5e-5 1e-6 0.15 3 0.10 0.15
SentNoB Paraphrased 32 6e-5 1e-6 0.15 3 0.10 0.15
SentNoB Backtranslated 32 3.5e-5 1e-6 0.15 3 0.10 0.15
VITD Baseline 32 4.5e-5 1e-6 0.15 3 0.10 0.15
VITD Paraphrased 32 5.5e-5 1e-3 0.15 3 0.10 0.15
VITD Backtranslated 32 4e-5 1e-6 0.15 3 0.10 0.15
BLP Task 2 Baseline 32 3e-5 1e-6 0.15 3 0.10 0.15
BLP Task 2 Paraphrased 32 4e-5 1e-6 0.15 3 0.10 0.15
BLP Task 2 Backtranslated 32 3e-5 1e-6 0.15 3 0.10 0.15

Table 4: Hyperparameters for XLM-Indic model

Dataset Batch Size Learning Rate Weight Decay Dropout Epochs Warmup Ratio Label Smoothing

BD-SHS Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
BD-SHS Paraphrased 32 5e-5 1e-3 0.15 3 0.10 0.15
BD-SHS Backtranslated 32 5e-5 1e-3 0.15 3 0.10 0.15
SentNoB Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
SentNoB Paraphrased 32 5e-5 1e-3 0.15 3 0.10 0.15
SentNoB Backtranslated 32 8e-5 1e-3 0.15 3 0.10 0.15
VITD Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
VITD Paraphrased 32 5e-5 1e-3 0.15 3 0.10 0.15
VITD Backtranslated 32 4e-5 1e-3 0.15 3 0.10 0.15
BLP Task 2 Baseline 32 2e-5 1e-3 0.15 3 0.10 0.15
BLP Task 2 Paraphrased 32 2e-5 1e-3 0.15 3 0.10 0.15
BLP Task 2 Backtranslated 32 5e-5 1e-3 0.15 3 0.10 0.15

Table 5: Hyperparameters for BanglaBERT model
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Abstract

Large models have advanced in processing
long input sequences, but their ability to
consistently use information across extended
contexts remains a challenge. Recent stud-
ies highlight a positional bias where mod-
els prioritize information at the beginning or
end of the input while neglecting the mid-
dle, resulting in a U-shaped performance curve,
but this was limited to English. Whether
this bias is universal or shaped by language-
specific factors remains unclear. In this work,
we investigate positional bias in Bangla, a
widely spoken but computationally underrep-
resented language. To support this, we intro-
duce a novel Bangla benchmark dataset, ‘bn-
ContextQA’, specifically designed for long-
context comprehension. The dataset com-
prises of 350 long-context QA instances, each
paired with 30 context paragraphs, allow-
ing controlled evaluation of information re-
trieval at different positions. Using this
dataset, we assess the performance of LLMs
on Bangla across varying passage positions,
providing insights into cross-linguistic posi-
tional effects. The bnContextQA dataset is
publicly available at https://github.com/
labiba02/bnContextQA.git to support fu-
ture research on long-context understanding in
Bangla and multilingual LLMs.

1 Introduction
Large language models are increasingly capable of
processing long sequences, with context lengths
extending to tens of thousands of tokens (Chang
et al., 2024). This capability is crucial for real-
world applications, including question answering,
summarization, and retrieval-augmented genera-
tion (Zheng et al., 2025; Laskar et al., 2023, 2024).
However, the assumption that models can robustly
use all available context is being challenged by re-
cent findings (Li et al., 2024a).

∗ Authors 1,2,3 contributed equally.

The Lost in the Middle study(Liu et al., 2023)
highlights a striking limitation: LLMs tend to pri-
oritize information located at the beginning (pri-
macy bias) or end (recency bias) of their input,
while struggling to retrieve and apply information
positioned in the middle. This U-shaped perfor-
mance curve calls into question the practical utility
of extended context lengths, since critical details in
real documents are not always conveniently placed.

Despite these findings, prior research has been
restricted to English. Given the syntactic and mor-
phological differences in languages like Bangla,
it is vital to investigate if the same biases persist
across multilingual contexts.

Bangla, being one of the most widely spoken lan-
guages in the world, remains underexplored in the
evaluation of LLMs (Kabir et al., 2024; Mahfuz
et al., 2025; Abrar et al., 2024). Unlike English,
Bangla has complex morphology and flexible word
order, which may interact differently with model
architectures when processing long contexts. In
this work, we address this gap by:

1. Constructing a Bangla long-context QA
dataset with 350 questions and 30 passages
per question.

2. Running baseline evaluations with two state-
of-the-art generative QA models, GPT-4.1
(OpenAI) and Gemini 2.5 Flash Lite (Google)

3. Presenting early evidence of positional bias in
Bangla.

Our preliminary results show that, similar to En-
glish, LLMs also struggle with middle-position ev-
idence in Bangla. These findings motivate further
work on long-context modeling, dataset expansion,
and evaluation of Bangla LLMs.

2 Literature Review
Recent progress in the advanced language models
has excelled across a broad spectrum of natural lan-
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guage tasks, enabling them to adapt to diverse lin-
guistic settings (Mahbub et al., 2023; Ahmed et al.,
2024; Khan et al., 2023a,b; Arif et al., 2025). As
their capabilities expand, researchers have increas-
ingly turned their attention to how such models
perform in long-context processing, where models
must maintain coherence, track dispersed informa-
tion, and reliably retrieve details embedded across
lengthy sequences (Li et al., 2024a; Huang et al.,
2024; Liu et al., 2025).

Prior works on long-context processing have pri-
marily focused on English (Bai et al., 2024; Li
et al., 2024b; Bai et al., 2025; Gao et al., 2025).
A key study, Lost in the Middle: How Language
Models Use Long Contexts (Liu et al., 2023), sys-
tematically examined model behavior on extended
inputs, showing that accuracy drops for middle-
position evidence. However, it relied solely on
English datasets, leaving open whether these po-
sitional effects generalize to other languages.

Liu et al. (2023) evaluated positional sensitivity
using two tasks:

• Multi-document question answering: Mod-
els received multiple documents with only
one containing the correct answer, using the
NaturalQuestions-Open (NQ-Open) dataset
(Lee et al., 2019). The gold document’s po-
sition was varied to measure robustness.

• Key–value retrieval: A synthetic benchmark
where models selected the correct value from
a JSON object, allowing position to be ma-
nipulated independently of natural language
semantics.

Across both settings, performance followed a U-
shaped curve, with strong primacy and recency ef-
fects and significantly weaker retrieval in the mid-
dle.

While these findings demonstrate positional
bias, existing resources offer little insight into how
this manifests in multilingual or low-resource set-
tings. In Bangla, current reading-comprehension
datasets rely on single-document passages and
therefore cannot evaluate long-context reasoning
or positional effects. The most notable dataset,
BanglaRQA (Ekram et al., 2022), provides 3000
passages and 14,889 question–answer pairs with
diverse question types and answer formats, but
lacks multi-document inputs, distractors, and con-
trolled evidence placement. This gap motivates
the creation of bnContextQA, a benchmark de-
signed specifically for long-context comprehen-

sion in Bangla. By pairing each question with
30 semantically related passages, including cu-
rated distractors, and precisely controlling the gold
passage’s position, our dataset enables system-
atic analysis of positional bias and extends long-
context QA research beyond English.

3 bnContextQA
In this section, we explain the construction of our
long-context Bangla QA dataset. We describe how
passages were collected and curated from Bangla
Wikipedia, how distractor passages were carefully
designed to be topically similar yet unanswerable,
and the preprocessing steps applied to ensure data
quality. An example of a dataset instance and sum-
mary statistics are provided in Appendix A.1.

3.1 Data Acquisition
To study the effect of long-context input on Bangla
LLMs, we constructed a Bangla long-context QA
dataset simulating multi-document question an-
swering. Existing Bangla QA datasets, such as
Bengali-SQuAD (Tahsin Mayeesha et al., 2021),
SQuAD_Bn (Bhattacharjee et al., 2022), and
BanglaQA (Shahriar et al., 2023), mainly contain
short passages, limiting systematic evaluation on
extended contexts. Our dataset includes multiple
passages per question, with one gold passage con-
taining the answer and several semantically related
distractors.

We used Bangla Wikipedia as the primary
source for its broad coverage across domains. Pas-
sages were manually curated to ensure correctness,
quality, and domain diversity, and to control se-
mantic similarity for realistic distractors—beyond
what automatic extraction can reliably achieve.
This careful construction ensures the QA task re-
quires genuine reasoning rather than superficial
keyword matching, providing a robust benchmark
for long-context comprehension in LLMs.

3.2 Dataset Structure
Each sample in our dataset is represented as a
JSON object with the following components:

• Question (question): A natural language
query in Bangla.

• Language (language): Fixed as ”bn” to in-
dicate Bengali.

• Documents (documents): A list of 30 pas-
sages, each containing a title, content, and
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source. One passage contains the gold evi-
dence for the correct answer. The remaining
passages serve as distractors, deliberately cho-
sen to share topical or lexical similarity with
the gold passage, increasing task difficulty.
Each passage is of 175 token on average.

• Answer (answer): The ground-truth answer
derived from the relevant document.

• Relevant Document In-
dex(relevant_document_index): The
index pointing to the passage containing the
gold evidence.

• Context Length (context_length): The
number of passages provided per instance
(fixed at 30 in our dataset).

• Metadata (metadata): Includes dataset
source, retrieval method, and special notes.

3.3 Question Generation
To create queries for multi-document evaluation,
we selected topics from Banglapedia and Wik-
ibangla that contain many closely related articles,
ensuring sufficient semantic overlap between gold
passages and distractors. Using these topics as
prompts, we generated candidate questions with
ChatGPT and then manually filtered them to en-
sure short, unambiguous answers that were not eas-
ily guessable from the gold passage’s wording or
position. Throughout the process, prompts were
crafted carefully so the model could not rely on
prior knowledge but had to use the provided gold
passage, ensuring alignment with the objectives of
evaluating long-context reasoning.

3.4 Distractor Design
A key feature of our dataset is the careful con-
struction of distractor passages. Instead of ran-
dom text, distractors were selected from Bangla
Wikipedia and Banglapedia to ensure topical and
stylistic alignment with the gold passage.

To keep this process systematic, native Bangla
speakers applied a structured manual filtering pro-
cedure. Candidate distractors were evaluated ac-
cording to:

• Topical relevance: The distractor must fall
within the same broad domain as the gold
passage to maintain thematic coherence (e.g.,
historical sites, political events, scientific top-
ics).

• Lexical similarity: Passages were selected
to share key vocabulary, technical terms, or
stylistic features with the gold passage, pre-
venting models from relying on simple key-
word matching.

• Factual distinction: Distractors were
checked to ensure they contain no answer-
bearing text or paraphrases that could
accidentally reveal the correct answer.

• Structural parity: Distractors were matched
to the gold passage in length, complexity,
and informational density, preventing models
from exploiting superficial cues such as un-
usually short, long, or structurally simple pas-
sages.

This human-guided design produces distractors
that are plausible, challenging, and semantically
aligned, resulting in a robust evaluation setting for
long-context comprehension in Bangla LLMs.

3.5 Preprocessing and Cleaning
During passage collection, raw Wikipedia text of-
ten contained nuanced references, extraneous sym-
bols, or English phrases that could bias results. To
minimize such noise, annotators were instructed
to remove redundant citations and bracketed refer-
ences, normalize the Bangla script to a consistent
Unicode form, eliminate repetitive English words
unless essential to factual content (translating nec-
essary terms into Bangla), and standardize passage
lengths to ensure comparability. Additional meta-
data such as topic category, article identifiers, and
the specified gold position was added to each item.
This produced a dataset that is linguistically coher-
ent, semantically consistent, and suitable for eval-
uating long-context reasoning in Bangla.

4 Experimental Details
4.1 Models
In this section, we describe the models that we
evaluate on our proposed Bangla dataset. We con-
ducted our experiments using Gemini-2.5-Flash-
Lite (Google, 2024) and GPT-4.1-Nano (Ope-
nAI, 2024) (details about the models are given
in Appendix A.2). We selected them for their
cost-effectiveness and accessibility. Gemini-2.5-
Flash-Lite offers high-throughput processing at
low cost while maintaining strong reasoning ca-
pabilities. GPT-4.1-Nano provides efficient per-
formance with extensive context windows. These
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attributes make both models particularly suitable
for deployment in Bangla-speaking regions where
computational resources are often constrained. By
focusing on these models, our work evaluates
whether affordable LLMs can still maintain com-
petitive performance on long-context tasks in low-
resource languages.

Although large generative models like TituLLM
(Nahin et al., 2025) and BongLLaMA (Zehady
et al., 2024) are trained on Bangla language and
support extended contexts, we did not use them
in this study. In our preliminary trials, we ob-
served that these models tended to overgenerate or
rely heavily on parametric knowledge rather than
grounding their answers in the provided passages.
Since our evaluation requires short, span-based an-
swers to measure sensitivity to positional place-
ment, such behavior makes them less suitable for
this specific task.

4.2 Evaluation Method
Each model was evaluated across all context
lengths and gold passage positions. Models pre-
dicted the answer span from one gold passage and
multiple semantically related distractors, increas-
ing task difficulty and requiring fine-grained rea-
soning.

To assess positional effects, the gold passage
was placed at multiple locations across different
context lengths: positions 1, 3, and 5 for length 5;
1, 3, 5, 7, and 10 for length 10; 1, 5, 10, 15, and 20
for length 20; and 1, 5, 10, 15, 20, 25, and 30 for
length 30. These placements capture early, middle,
and late positions, enabling analysis of primacy
and recency effects as well as mid-sequence degra-
dation. Combined with controlled context varia-
tion and carefully matched distractors, this setup
provides a robust framework for evaluating Bangla
QA models’ long-context reasoning and extractive
accuracy. Details on evaluation metrics and im-
plementation are provided in Appendices A.3 and
A.4.

5 Results

We evaluated two generative question an-
swering models, GPT-4.1-nano and Gemini
2.5-flash-lite on our Bangla QA dataset with
input contexts containing 10, 20, and 30 total
passages, each containing one gold passage and
several distractors.

The results in Table 1 demonstrate a clear posi-

Table 1: Evaluation results of GPT-4.1-nano and
Gemini-2.5-flash-lite on different indices, showing Ex-
act Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-Flash-Lite
EM F1 EM F1

1 60.63% 67.40% 61.59% 76.32%
3 51.11% 57.36% 57.78% 73.13%
5 40.95% 48.23% 56.19% 72.29%
7 38.73% 43.86% 56.83% 72.16%
10 41.59% 48.00% 54.29% 71.30%

tional effect on model performance for both GPT-
4.1-nano and Gemini-2.5-Flash-Lite. For GPT-4.1-
nano, the highest scores are observed when the rel-
evant context appears at the beginning (Index 1),
with 60.63% Exact Match (EM) and 67.40% F1,
followed by a sharp decline in the middle positions
(Indices 3 and 5) and a slight recovery at Index 10
(41.59% EM, 48.00% F1). Gemini-2.5-Flash-Lite
shows a similar U-shaped trend but consistently
achieves higher overall scores, with EM and F1
peaking at 61.59% and 76.32% at Index 1, grad-
ually decreasing toward the middle, and partially
recovering at Index 10 (54.29% EM, 71.30% F1).
This pattern indicates that both models pay more at-
tention to information at the beginning and end of
long contexts while underperforming for passages
in the middle, confirming that positional bias also
manifests in Bangla QA tasks and mirrors the “lost
in the middle” phenomenon observed in prior stud-
ies (Liu et al., 2023).

Similar positional patterns emerge across all
context lengths for both models. For length 5, GPT-
4.1-nano performs best at early positions (64.13%
EM, 69.42% F1) but drops in the middle, while
Gemini-2.5-Flash-Lite maintains higher and more
stable scores (60.63–60.95% EM, 74.50–75.66%
F1) with only a mild mid-sequence dip. For longer
contexts (20 and 30), the U-shaped trend becomes
more pronounced: GPT-4.1-nano starts relatively
high but declines sharply in the middle (down to
34.92% EM, 40.27% F1 at length 20 and 30.16%
EM, 34.09% F1 at length 30) before a slight end-
of-sequence recovery. Gemini-2.5-Flash-Lite fol-
lows the same pattern but consistently outperforms
GPT-4.1-nano, maintaining stronger EM/F1 scores
even at mid-range positions (e.g., 54.60–55.56%
EM and 64.49–70.93% F1). Overall, this confirms
a robust U-shaped positional bias in Bangla long-
context QA, consistent with findings from English
benchmarks.
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Figure 1: Performance comparison using Exact Match
in Gemini-2.5-Flash-Lite

Figure 1 shows the performance of Gemini-2.5-
Flash-Lite on different context lengths and gold
passage positions using Exact Match. Detailed re-
sults for context lengths 5, 20, and 30 are provided
in Appendix Tables 3, 4, and 5 along with perfor-
mance graph of the models for visualization in Fig-
ure 3- 5.

Why Gemini Outperforms GPT-4.1-Nano:
While both models show a similar U-shaped
positional pattern, Gemini-2.5-Flash-Lite consis-
tently achieves higher EM and F1 scores across
all context lengths. Several factors may explain
this gap. First, architectural differences may give
Gemini stronger long-context retrieval, such as
improved attention routing or memory-efficient
mechanisms. Second, its tokenizer offers better
subword coverage for Indo-Aryan languages,
reducing Bangla word fragmentation and improv-
ing span extraction. Third, Gemini’s broader
multilingual and South Asian training corpus
likely provides richer exposure to Bangla morphol-
ogy, orthographic variation, and Wikipedia-style
text. Together, these advantages help Gemini
maintain more reliable attention over long Bangla
contexts, especially in the middle regions where
GPT-4.1-Nano degrades more sharply.

6 Conclusion

In this work, we introduced a Bangla long-context
QA dataset with semantically challenging distrac-
tors and reported preliminary results on genera-
tive QA models, GPT-4.1-Nano and Gemini-2.5-
Flash-Lite. Our early findings confirm positional
biases similar to the “Lost in the Middle” phe-
nomenon observed in English: models achieve
higher accuracy when the gold passage appears
at the beginning or end of the context, but strug-
gle when it is placed in the middle. Among the

tested models, Gemini-2.5-Flash-Lite consistently
outperformed GPT-4.1-nano. These results rep-
resent an initial step rather than a complete solu-
tion. Our ongoing work focuses on two directions:
(1) evaluating more Bangla LLMs while enforcing
grounding in provided passages (like TigerLLM
(Raihan and Zampieri, 2025)), and (2) expanding
the dataset with more questions, diverse domains,
and multi-hop reasoning. By pursuing these di-
rections, we aim to provide a stronger benchmark
and a more comprehensive understanding of how
Bangla LLMs process extended contexts. Other
task, like intrinsic bias measurements of Bangla
(Sadhu et al., 2024), can be done for longer con-
text and context length variation using our dataset.

Limitations

Despite providing a first step toward long-context
QA in Bangla, our study has several limitations.
The dataset is small, with each instance contain-
ing only a single gold passage, limiting multi-hop
reasoning and domain coverage. Distractor pas-
sages, though carefully designed, may not fully
capture real-world complexity, and evaluation of a
few LLMs using span-based metrics (Exact Match
and F1) may not reflect generative answer qual-
ity. Moreover, we did not focus on Bangla-specific
linguistic aspects such as morphology and syntax,
which remain important directions for future work.
Overall, these results are preliminary, and further
work is needed to expand the dataset, explore more
reasoning scenarios, and test additional models.
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A Appendix
A.1 Dataset Example and Statistics
Each question in our dataset is stored in JSON
format, containing the question, a list of passages
(with title, content, and source), the gold answer,
and metadata. Figure 2 shows a sample instance
(truncated for space).

To provide an overview of our dataset, Table 2
summarizes the key statistics, including the total
number of items and passages, as well as the aver-
age passage length in terms of tokens and charac-
ters.

Table 2: Summary statistics of the dataset

Statistic Value
Total items 350
Total passages 10,500
Avg. passage length (tokens) 175.62
Avg. passage length (characters) 1,130.41

A.2 Model Details
We evaluated two extractive QA models on our
dataset.

Gemini-2.5-Flash-Lite: Gemini-2.5-Flash-
Lite (Google, 2024) is part of Google’s Gemini
family of models, designed specifically for low
latency, high throughput, and cost efficiency.
Despite being a lightweight model, it supports
up to 1 million tokens of context, making it
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      {
          "question": "কোন ফিফা বিশ্বকাপের আয়োজক দেশ সৌদি আরব?",
          "language": "bn",
          "documents": [
             {"title": "২০৩৪ ফিফা বিশ্বকাপ",
              "content": "২০৩৪ ফিফা বিশ্বকাপ হবে ২৫ তম ফিফা বিশ্বকাপ আসর, এই চতু র্বা র্ষি ক আন্তর্জাতিক ফু টবল চ্যাম্পিয়নশিপে ফিফা এর সদস্যভুক্ত জাতীয় দলগুলি পরস্পর... (truncated)",
              "source": "https://bn.wikipedia.org/wiki..."},

             {"title": "২০১০ ফিফা বিশ্বকাপ",
              "content": "২০১০ ফিফা বিশ্বকাপ হচ্ছে আন্তর্জাতিক ফু টবল প্রতিযোগিতা ফিফা বিশ্বকাপের ঊনিশতম আসর। ফিফা বিশ্বকাপ হচ্ছে বিশ্বের প্রধান ফু টবল প্রতিযোগিতা। এই... (truncated)",
              "source": "https://bn.wikipedia.org/wiki..."},

             {"title": "২০২২ ফিফা বিশ্বকাপ",
              "content": "২০২২ ফিফা বিশ্বকাপ হচ্ছে ফিফা দ্বারা আয়োজিত চতু র্বা র্ষি ক আন্তর্জাতিক ফু টবল প্রতিযোগিতা ফিফা বিশ্বকাপের ২২তম আসরের চূড়ান্ত পর্ব , যেখানে আন্তর্জাতিক... (truncated)",
              "source": "https://bn.wikipedia.org/wiki..." },
              .
              .
              .
             {"title": "২০০২ ফিফা বিশ্বকাপ",
              "content": "২০০২ ফিফা বিশ্বকাপ চতু র্বা র্ষি ক আন্তর্জাতিক ফু টবল প্রতিযোগিতা ফিফা বিশ্বকাপের ১৭তম আসরের চূড়ান্ত পর্ব  ছিল, যেখানে আন্তর্জাতিক ফু টবল সংস্থা ফিফার... (truncated)",
              "source": "https://bn.wikipedia.org/wiki..." }
           ],
          "answer": "২০৩৪ ফিফা বিশ্বকাপ",
          "relevant_document_index": 0,
          "context_length": 30,
          "metadata": {
          "source_dataset": "Wikipedia_Bangla",
          "retrieval_method": "Manual",
          "notes": "Relevant document at the beginning to test primary bias." 
        }
      }

Figure 2: Example of an instance from our dataset in JSON format.

suitable for long-context tasks while maintaining
affordability. Its release emphasizes stability and
accessibility, with one of the lowest per-token
costs among commercial LLMs, making it an
appealing choice for researchers and practitioners
working in resource-constrained environments.

GPT-4.1-Nano: GPT-4.1-Nano (OpenAI,
2024) is the smallest and most affordable mem-
ber of OpenAI’s GPT-4.1 family, introduced in
2025. Like Gemini-2.5-Flash-Lite, it supports a
1 million token context window, enabling it to
handle extended inputs effectively. GPT-4.1-Nano
is marketed as the fastest and cheapest variant in
the GPT-4.1 lineup, optimized for deployment in
cost-sensitive or large-scale applications. Despite
its reduced size, it demonstrates strong reasoning
and comprehension capabilities, striking a balance
between performance and accessibility.

A.3 Evaluation Metrics

We evaluate QA model performance using two
widely adopted metrics: Exact Match (EM) and
F1 score. These metrics provide complementary
perspectives on model accuracy.

Exact Match (EM): Exact Match measures the
percentage of predictions that exactly match the ref-
erence answers. It is a strict metric: a prediction
is counted as correct only if it exactly matches the
gold answer after normalizing for punctuation, ar-
ticles, and capitalization. EM is particularly use-
ful for assessing models in scenarios where precise
answers are required, such as extractive QA tasks.
However, it does not reward partially correct an-

swers or alternative phrasings, making it less in-
formative for generative models that may produce
valid but slightly different answers.

F1 Score: The F1 score captures the token-level
overlap between the predicted and reference an-
swers, allowing partial credit for answers that are
mostly correct. It is the harmonic mean of preci-
sion and recall, defined as follows:

Precision =
|pred tokens ∩ ref tokens|

|pred tokens|

Recall =
|pred tokens ∩ ref tokens|

|ref tokens|

F1 Score = 2× Precision × Recall
Precision + Recall

Precision measures the proportion of predicted
tokens that are correct, while recall measures the
proportion of reference tokens that are captured by
the prediction. F1 balances both aspects, provid-
ing a finer-grained evaluation. This metric is es-
pecially suitable for generative QA models, which
may produce answers that are semantically correct
but do not exactly match the reference text.

A.4 Implementation Details
All experiments were implemented using the Hug-
gingFace Transformers library with a PyTorch
backend, which provided a flexible and reliable
framework for working with pre-trained QA mod-
els. Inputs were tokenized using the respective
model tokenizers, and the maximum input length
was set to accommodate the chosen context sizes,
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ensuring that the models could process all passages
in each instance without truncation.

The models were run in inference mode on a
GPU-enabled environment on Colab, which al-
lowed us to efficiently handle the large number
of passages and maintain reasonable processing
times. Using Colab provided a convenient and re-
producible platform, with consistent hardware and
software configurations.

A.5 Evaluation Results
Tables 1–5 report the detailed Exact Match (EM)
and F1 scores of GPT-4.1-nano and Gemini-2.5-
Flash-Lite across different context lengths (5, 10,
20, and 30) and varying positions of the relevant
passage within the input.

The results show a consistent positional bias:
performance is highest when the relevant context is
placed at the beginning of the input, declines sig-
nificantly when the context is in the middle, and
recovers slightly when it appears at the end. This
U-shaped trend aligns with the “lost in the mid-
dle” phenomenon observed in prior long-context
QA studies, suggesting that the effect also holds
for Bangla question answering.

Table 3: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 5 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1

0 64.13% 69.42% 60.63% 75.66%
3 44.76% 51.52% 59.68% 74.50%
5 49.52% 55.04% 60.95% 75.45%

Table 4: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 20 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1

0 59.37% 67.07% 59.37% 74.17%
5 45.08% 52.13% 54.60% 69.27%
10 36.51% 43.07% 53.97% 68.49%
15 34.92% 40.27% 47.94% 64.49%
20 37.78% 42.91% 55.56% 70.93%

Figure 3- 5 shows the performance of both mod-
els on different context lengths and gold passage
positions.

Table 5: Evaluation results of GPT-4.1-nano and
Gemini-2.5-Flash-Lite with context length 30 at differ-
ent indices, showing Exact Match (EM) and F1 Score.

Index GPT-4.1-nano Gemini-2.5-flash-lite
EM F1 EM F1

1 58.73% 64.96% 59.37% 74.41%
5 42.22% 47.78% 52.70% 67.31%
10 33.97% 39.62% 49.52% 65.74%
15 35.56% 41.56% 44.60% 59.45%
20 32.06% 36.05% 45.40% 60.09%
25 30.16% 34.09% 46.67% 60.84%
30 35.24% 39.69% 52.06% 67.13%

Figure 3: Performance comparison using Exact Match
in GPT-4.1-nano

Figure 4: Performance comparison using F1 Score in
GPT-4.1-nano

Figure 5: Performance comparison using F1 Score in
Gemini-2.5-Flash-Lite
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Abstract

Poetry generation in low-resource languages
such as Bangla is particularly challenging
due to the scarcity of structured poetic cor-
pora and the complexity of its metrical
system (matra). We present a structure-
aware framework for Bangla poetry genera-
tion using pretrained Bangla large language
models (LLMs)–TigerLLM, TituLLM, and
BanglaT5–trained on general non-poetic text
corpora augmented with rich structural control
tokens. These tokens capture rhyme, meter,
word count, and line boundaries, enabling un-
supervised modeling of poetic form without
curated poetry datasets. Unlike prior fixed-
pattern approaches, our framework introduces
variable control compositions, allowing mod-
els to generate flexible poetic structures. Ex-
periments show that explicit structural condi-
tioning improves rhyme consistency and met-
rical balance while maintaining semantic co-
herence. Our study provides the first sys-
tematic evaluation of Bangla LLMs for form-
constrained creative generation, offering in-
sights into structural representation in low-
resource poetic modeling.

1 Introduction

Poetry generation balances semantic fluency with
formal constraints such as rhyme, meter, and line
length (Mahbub et al., 2023; Hu et al., 2024). For
low-resource languages like Bangla, this is chal-
lenging due to scarce curated poetic corpora and
a complex matra-based prosody (Pakray et al.,
2025).

Prior work, such as PoeLM (Ormazabal et al.,
2022), showed that transformer LMs can learn
rhyme and metrical patterns from general corpora
augmented with structural codes, but relied on
fixed configurations and focused on Spanish and
Basque.

Bangla's phonetic and morphological complex-
ity, coupled with limited poetic datasets and pre-
trained LLMs evaluated mainly on prose, moti-
vates our use of non-poetic text with variable
control tokens (<RYM>, <MTR>, <WRD>,
<STA>, <FIN>) to enable structure-aware po-
etry generation.

Our contributions are: (1) a framework for un-
supervised Bangla poetry generation with variable
control tokens; (2) systematic evaluation of pre-
trained Bangla LLMs (TigerLLM (Raihan and
Zampieri, 2025), TituLLM (Nahin et al., 2025),
BanglaT5 (Bhattacharjee et al., 2023)) on form-
constrained generation; (3) insights into how struc-
tural conditioning improves adherence to poetic
form while maintaining coherence.

We show that pretrained Bangla LLMs can gen-
erate metrically consistent, rhymed, and seman-
tically coherent verses under structural guidance,
providing a foundation for further research in this
domain.

2 Related Works

Modern advances in large language models
(LLMs) have significantly reshaped natural lan-
guage processing, enabling systems to achieve
strong performance across tasks ranging from text
generation and summarization to reasoning and
dialogue (Abrar et al., 2024; Arif et al., 2025;
Khan et al., 2023b; Ahmed et al., 2024; Khan et al.,
2023a). These developments have also opened
new possibilities for creative text generation,
where models learn not only linguistic fluency
but also stylistic, structural, and domain-specific
patterns (Shedko, 2018; Gonçalo Oliveira, 2024).

Poetry generation in NLP has evolved from rule-
based and template systems (Das, 2014), which
enforced form but lacked fluency, to neural ap-
proaches using LSTMs and transformers for both
free and structured verse (Ghazvininejad et al.,
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(a) Training on regular, non-poetic Bangla text augmented with control tokens.

(b) Applying different control token combinations for the same sample.

(c) Controlled generation under mixed guidance tokens.

Figure 1: Overview of the proposed Bangla poetry generation framework: (a) During training, regular Bangla text
is segmented and augmented with structural control tokens, enabling the model to associate textual patterns with
explicit poetic constraints. (b) At inference time, multiple combinations of control tokens are applied to the same
input, allowing flexible specification of desired poetic form. (c) The fine-tuned model generates verse conditioned
on these tokens, producing lines that follow the requested structural layout while maintaining semantic continuity
across the poem.

2016; Yang et al., 2023). These methods typically
require large annotated poem corpora, limiting ap-
plicability in low-resource languages (Zhong et al.,
2025).

In Bangla, Murad and Rahman (2023) and Chy
et al. (2020) leveraged deep learning-based tech-
niques to generate poet-style free-form poems but
did not systematically enforce meter or rhyme. Or-
mazabal et al. (2022) introduced ‘PoeLM’, an un-
supervised controlled verse generation with struc-
tural tokens for Spanish and Basque, yet relied on
fixed patterns and simpler poetic attributes. Recent
LLMs tuned for Bangla language, including Tiger-
LLM (Raihan and Zampieri, 2025), TituLLMs
(Nahin et al., 2025), and BanglaT5 (Bhattacharjee
et al., 2023), have mostly been evaluated on prose.
Studies on Bangla meter (Ahmed et al., 2023) pro-
vide a basis for controlled generation.

Our work extends these ideas by using variable
control tokens for rhyme, meter, word count, and
line boundaries, enabling flexible, unsupervised
Bangla poetry generation from non-poetic corpora
and evaluation of pretrained LLMs in this setting.

3 Methodology
3.1 Overview
Our work extends PoeLM (Ormazabal et al., 2022)
to Bangla by developing a structure-aware poetry
generation framework, shown in Figure 1, that uses
control tokens for rhyme, meter, word count, and
line boundaries. Instead of curated poetry datasets,
we repurpose general Bangla text into poem-like
training samples with these tokens, enabling un-
supervised learning of poetic form and generation
of verses that preserve rhythmic consistency and
semantic coherence under flexible structural guid-
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ance.

3.2 Corpus Acquisition and Preprocessing
Due to the scarcity of annotated Bangla poetry
corpora, we used the Bangla portion of the OS-
CAR 2019 corpus (OSCAR bn) (Ortiz Suárez
et al., 2020). OSCAR 2019 was generated from
the Common Crawl using the goclassy architec-
ture, containing noisy text from multiple languages.
The Bangla sub-corpus contains both original and
deduplicated versions. We use the deduplicated
portion, which has 363,766,143 words (5.8 GB), to
ensure that repeated lines do not bias model train-
ing.

The raw text is further cleaned to remove non-
Bangla content, extraneous symbols, and mal-
formed sentences. From the cleaned corpus, we
extract coherent multi-line segments to serve as
poem-like units. Sample creation follows these
steps:

1. Choose a random starting point in corpus.

2. Select a variable number of consecutive lines
for the segment.

3. Vary word lengths within each line randomly,
avoiding single-word lines.

4. Assign structural control tokens to each multi-
line segment.

This process preserves local context and allows
the model to learn metrically and rhymically coher-
ent text across multiple lines.

3.3 Control Tokens
Each multiline segment is annotated with control
tokens to provide explicit structural guidance:

• Rhyme tokens (<RYM=...>): encode the
rhyme class of the last syllable.
Example: <RYM=অয়> → line must end
with rhyme ''অয়''.

• Meter tokens (<MTR=...>): specify the
number of meter/matra in a line.
Example: <MTR=২৬> → line must con-
tain 26 matra.

• Word count tokens (<WRD=...>): enforce
the target number of words.
Example: <WRD=৯> → line must contain
exactly 9 words.

• Start (<STA=...>) and End (<FIN=...>)
tokens: encode line fragments for guidance.

Example: <STA= আিম আজ> → line must
start with ''আিম আজ …'',
<FIN= েভােরর আেলায়> → line must end
with ''… েভােরর আেলায়''.

3.4 Adaptive Control Token Schema
Control tokens are embedded directly into the train-
ing text, allowing the model to learn them as part of
its vocabulary (Figure 1a). Unlike fixed-pattern ap-
proaches such as PoeLM (Ormazabal et al., 2022),
each training instance can include any subset of
available tokens–rhyme, meter, word count, start,
and end; covering all possible combinations.

Exposure to diverse token combinations encour-
ages generalization across varying levels of struc-
tural guidance (Figure 1b). This design supports
generation under full, partial, or mixed prompts
while preserving semantic coherence and poetic
form.

3.5 Model Training
We adopt a next-token prediction approach where
the model is conceptually conditioned on control
tokens and optional start/end fragments. This al-
lows the model to learn form-aware generation and
handle flexible prompts, supporting rhyme, meter,
and word count constraints at a high level.

3.6 Generation with Filtered Re-ranking
The generation process happens in three steps to
ensure structural adherence and fluency:

Candidate Generation: The trained model gen-
erates multiple candidate verses conditioned on
user-specified control tokens. Sampling strategies
like top-k or nucleus sampling are used to ensure
diversity.

Structural Filtering: Candidates are filtered to
retain only those satisfying the structural con-
straints:

• Word count matches the target.

• Meter (matra) approximates the specified
value.

• Rhyme ends with the required syllable.

• Start and end fragments are respected.

• Repetition of rhyming words is avoided.

Re-ranking: Filtered candidates are scored for
fluency using model likelihoods. The highest-
scoring candidate, balancing structural correctness
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and semantic coherence, is selected as the final out-
put.

4 Experimental Setup
4.1 Training Strategy
We fine-tuned three pretrained Bangla LLMs–
TigerLLM (Raihan and Zampieri, 2025), TituLLM
(Nahin et al., 2025), and BanglaT5 (Bhattachar-
jee et al., 2023)–on descriptor-augmented multi-
line segments. Each training sample consisted of a
prefix of control tokens and optional start/end frag-
ments, with the model predicting the remaining to-
kens.

4.2 Evaluation Metrics
We measured both structural adherence and seman-
tic coherence:

• Rhyme correctness: whether generated lines
end with the specified rhyme.

• Word-count correctness: whether the num-
ber of words matches the target.

• Meter correctness: whether syllable counts
match the specified matra.

• Start/End correctness: whether start and
end fragments are respected.

• Overall structure following: whether all
structural constraints are consistently met
across the poem.

• Text coherence: grammatical validity and se-
mantic consistency.

Rhyme, meter, word-count, start/end correct-
ness, and overall structure following were evalu-
ated using automatic validators, while coherence
was assessed through manual qualitative inspec-
tion.

4.3 Human Evaluation Criteria
To complement the large-scale automatic structure
estimates, we conducted a focused human evalu-
ation to assess the coherence of generated poems.
Three native Bangla speakers with experience read-
ing both contemporary and classical Bangla poetry
served as annotators. A stratified sample of model
outputs was constructed to cover all model variants.
Annotators independently rated each poem along
the two components of coherence defined in our
evaluation protocol:

• Grammatical validity: syntactic well-
formedness and naturalness of phrasing.

• Semantic consistency: clarity of meaning
within and across lines, and whether poem
maintains a coherent thematic flow.

Both criteria were rated on a 5-point Likert scale.
Written guidelines ensured a shared interpretation
of the criteria. Samples were divided among an-
notators with partial overlap to allow reliability es-
timation; ratings were collected independently and
averaged. Inter-annotator consistency was checked
using a standard reliability measure for ordinal
judgments and showed reasonable agreement. For
reporting, we compute a combined human coher-
ence score by averaging the grammatical and se-
mantic ratings.

5 Results and Analysis

5.1 Quantitative Evaluation
Table 1 reports both baseline and finetuned per-
formance of pretrained Bangla LLMs across struc-
tural and semantic metrics. Scores denote the
percentage of generated lines satisfying each con-
straint (rhyme, word-count, meter, and boundary
tokens), along with overall textual coherence.

Across all models, baseline scores remain
low for structural metrics, reflecting that pre-
trained LLMs–without control-token finetuning–
cannot reliably follow poetic form. However,
coherence remains relatively high even in base-
line generations, indicating that the models al-
ready possess strong linguistic fluency. Finetun-
ing with structural control tokens yields substan-
tial improvements: TigerLLM shows the strongest
gains, achieving over 90% accuracy on all struc-
tural categories. TituLLM also improves consis-
tently, though with slightly lower meter precision.
BanglaT5 benefits from finetuning as well, but lags
behind the larger models in structure fidelity. Over-
all, these results demonstrate that explicit struc-
tural conditioning is highly effective in enabling
Bangla LLMs to generate form-consistent poetry.

5.2 Qualitative Evaluation
Qualitative inspection shows that variable control-
token fine-tuning helps maintain coherence across
lines, ensuring each verse flows naturally while re-
specting the specified rhyme, meter, word-count,
and boundary constraints. Baseline generations,
by contrast, often produce disjointed lines that, al-
though locally fluent, fail to maintain continuity
across the segment. Table 2 presents high-ranked
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Table 1: Comparison of baseline (no control-token fine-tuning) and control-token–fine-tuned versions of each pre-
trained Bangla LLM.

Model / Setting Rhyme Word-count Meter Start/End Structure Coherence
TigerLLM (baseline) 42% 61% 45% 50% 51% 86%
TigerLLM (finetuned) 95% 97% 93% 96% 95% 94%

TituLLM (baseline) 28% 48% 33% 36% 36% 77%
TituLLM (finetuned) 93% 95% 88% 94% 91% 90%

BanglaT5 (baseline) 25% 42% 28% 32% 31% 72%
BanglaT5 (finetuned) 85% 87% 80% 82% 83% 88%

verse generated by each model after filtered re-
ranking from prompts illustrated in Figure 2.

আমােক িতন লাইেনর একিট কিবতা িলেখ দাও যার, প্রথম লাইেনর
েমাট মাত্রা সংখয্া ১০, লাইেনর েশষ অংশ ‘ঘাস’; িদ্বতীয় লাইেনর েমাট
মাত্রা সংখয্া ১০, লাইেনর শুরুর অংশ ‘েচাখ’, লাইেনর েশষ অংশ
‘চারপাশ’; তৃতীয় লাইেনর েশষ ছন্দ ‘আস’, েমাট শব্দ সংখয্া ৫।

(a) Prompt format for baseline models
<PREF>
<MTR=১০><FIN=ঘাস><WRD=৫><BRK>
<MTR=১০><STA=েচাখ><FIN=চারপাশ><BRK>
<RYM=আস><WRD=৫><BRK>
</PREF>

(b) Prompt format for fine-tuned models

Figure 2: Example of a test sample for qualitative eval-
uation.

These examples highlight that control tokens not
only enforce formal constraints but also support se-
mantic connectedness across lines, demonstrating
their utility for producing coherent Bangla poetry
beyond mere structural compliance.

6 Conclusion
We presented a framework to generate Bangla po-
etry guided by control tokens for rhyme, meter,
word count, and line boundaries. Our models
achieve high structural adherence while maintain-
ing semantic coherence by fine-tuning pretrained
Bangla LLMs on descriptor-augmented multi-line
segments. Both quantitative and qualitative eval-
uations confirm the effectiveness of our approach,
highlighting the potential of control-token-guided
generation for creative text. Future work could
focus on improving context-awareness, enabling
finer-grained control, and better balancing struc-
tural fidelity with semantic coherence.

7 Limitations
While our framework successfully generates form-
aware Bangla poetry that adheres to rhyme, me-

Table 2: High-ranked verse generated from each base-
line (-bs) and fine-tuned (-ft) Bangla LLMs for sample
prompts in Figure 2.

Model Sample Generated Verse
TigerLLM-bs আেস েরাশিনর চারপাশ কের সবুজ ঘাস,

েচাখ িদেয় েদিখ সূেযর্র চািরপাশ,
চারপােশর ঘােস লুিকেয় আেছ আনন্দ।

TigerLLM-ft সকােলর েরােদ িভেজ ওেঠ ঘাস,
েচাখ েরেখ েদিখ নরম চারপাশ
আজ বাতােস ভােস নতুন উচ্ছ্বাস।

TituLLM-bs িতন লাইেনর একিট কিবতা েশেষ ঘাস,
েচাখ িদেয় শুরু মাত্রা দশ
েশেষ ছন্দ আস আস আস।

TituLLM-ft পাহােড়র ঢােল সবুজ নরম ঘাস
েচাখ েমেল েদিখ চারপাশ,
হাওয়ায় ভােস শান্ত নীল িবশ্বাস।

BanglaT5-bs মাত্রা মাত্রা ঘাস িলেখা
েচাখ িলেখা চারপাশ িলেখা
আস ছন্দ শব্দ িলেখা

BanglaT5-ft সকােলর িশিশর েভজা নরম ঘােস।
েচােখ েদিখ দূেরর পাহাড়।
আজ বাতাস খুব নরম ঘাস।

ter, and word-count constraints, several limitations
remain. Controllability is still imperfect: the
model may drift from specified constraints when
multiple or conflicting control tokens are applied,
and longer generations can exhibit weakened se-
mantic coherence or fragmented narrative flow.
Moreover, although the system effectively enforces
structural attributes, it does not explicitly capture
deeper stylistic properties—such as tone, imagery,
or poet-specific voice—which can lead to verses
that feel less expressive or stylistically homoge-
neous. Finally, since our work builds incremen-
tally on the ideas introduced in PoeLM (Ormazabal
et al., 2022), a more comprehensive investigation
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comparing stylistic behavior and constraint robust-
ness across both approaches remains an important
direction for future work.
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Abstract

This paper presents an overview of the
BLP 2025 shared task Code Generation in
Bangla1, organized with the BLP workshop
co-located with AACL. The task evaluates
Generative AI systems capable of generat-
ing executable Python code from natural
language prompts written in Bangla. This
is the first shared task to address Bangla
code generation. It attracted 152 partici-
pants across 63 teams, yielding 488 sub-
missions, with 15 system-description pa-
pers. Participating teams employed both
proprietary and open-source LLMs, with
prevalent strategies including prompt en-
gineering, fine-tuning, and machine trans-
lation. The top Pass@1 reached 0.99 on
the development phase and 0.95 on the test
phase. In this report, we detail the task
design, data, and evaluation protocol, and
synthesize methodological trends observed
across submissions. Notably, we observe
that the high performance is not based on
single models; rather, a pipeline of multiple
AI tools and/or methods.

1 Introduction

Despite being the world’s fifth most spoken
language, Bangla remains underrepresented in
Large Language Models (LLMs)—especially
for code generation, even as recent advances
markedly improve code synthesis (Touvron
et al., 2023; Hui et al., 2024a; Team et al.,
2025). State-of-the-art (SOTA) models now ex-
ceed 90% Pass@1 on prominent benchmarks
such as HumanEval (Chen et al., 2021) and
MBPP (Austin et al., 2021), spurring adoption
in software engineering (Pasquale et al., 2025)
and education (Raihan et al., 2025c). Yet these

1Task website: https://noshinulfat.github.io/
blp25_code_generation_task/#/home

gains disproportionately accrue to a few high-
resource languages (Joshi et al., 2020; Blasi
et al., 2022; Ahuja et al., 2023; Wang et al.,
2023; Raihan et al., 2024).

Bangla—spoken by over 242 million native
speakers2, still lacks dedicated code-generation
resources: datasets are scarce, tooling is lim-
ited, and benchmarks are largely absent (Bhat-
tacharjee et al., 2022; Zehady et al., 2024). Con-
sequently, general-purpose Bangla models are
outperformed by their English counterparts on
code-related tasks (Bhattacharyya et al., 2023;
Uddin et al., 2023), underscoring the need for
targeted data, evaluation suites, and modeling
efforts.

While Bangla Natural Language Understand-
ing (NLU) and Generation (NLG) see consider-
able growth with resources like BanglaRQA
(Ekram et al., 2022) and BEnQA (Shafayat
et al., 2024), the domain of code generation re-
mains relatively under-explored. Prior work in
this area is limited to two main benchmarks:
mHumanEval-Bangla (Raihan et al., 2025a),
a subset of a multilingual evaluation bench-
mark containing 164 prompts adapted from the
HumanEval dataset, and MBPP-Bangla (Rai-
han et al., 2025b), which provides 974 cod-
ing prompts adapted from the MBPP dataset.
For this shared task, we utilize a combined
dataset composed of both mHumanEval-Bangla
and MBPP-Bangla.

Our motivation for this shared task is to im-
prove the performance of Bangla NLP models
on code generation. The primary objective is
to introduce a more advanced task that eval-
uates the emerging code generation capabili-
ties of LLMs. As the first task of its kind for

2https://www.ethnologue.com/
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Bangla, we provide extensive support to partici-
pants, including a starter kit3, tutorials, and sem-
inars. Participants are also granted the flexibil-
ity to use any proprietary or open-source mod-
els, alongside any NLP methods. This open ap-
proach is intended not only to provide a strong
starting point but also to uncover diverse strate-
gies for solving a new and complex task for
LLMs in a mid-resource language, yielding key
insights for future research.

We elaborate on the task and present our find-
ings, the remainder of this paper is organized as
follows: Section 2 discusses the datasets used
during the task, Section 3 describes the task
and the it’s two phases (dev & test), Section
4 includes the participants’ results, Section 6
summarizes the approaches taken by the system
description papers and Section 6 investigates
the key insights.

2 Data

We utilize the only two available bench-
marks for Bangla Code Generation:
mHumanEval-Bangla (Raihan et al., 2025a) and
MBPP-Bangla (Raihan et al., 2025b). These are
selected for their distinct and complementary
qualities.

Specs HumanEval-Bangla MBPP-Bangla

# of Tasks 164 974
Prompt Bangla Bangla
Solution Python Python
Problem source Hand-written Crowd-sourced
Task focus Function completion Basic–intermediate
Problem format Docstring Short prompt
Tests per task 7.7 (avg.) 3
Metric pass@1 pass@1

Table 1: Dataset details for HumanEval-Bangla and
MBPP-Bangla.

MBPP-Bangla offers scale and breadth: its 974
short, crowd-sourced Bangla prompts yield
more coverage, which estimates and stress a
model’s ability to handle a wide variety of
basic–intermediate tasks. HumanEval-Bangla
complements this with depth: 164 hand-written,
docstring-based function-completion problems
paired with denser test suites ( 7.7 test cases
on avg.) vs. 3 tests per task) probe precise ad-
herence to specification. Evaluating on both

3Starter Kit: https://noshinulfat.github.io/
blp25_code_generation_task/#/starter-kit

benchmarks provides a more detailed picture
of Bangla-to-Python code generation—breadth
and robustness from MBPP-Bangla, and preci-
sion and rigor from HumanEval-Bangla. We
have made the combined version publicly avail-
able. 4

3 Task Description

In this task, we evaluate LLMs on one of their
emerging capabilities, code generation. The
task becomes more challenging as the prompts
used in our task are in Bangla. As mentioned
before, this is the first shared task of its kind in
the Bangla NLP domain.

In formal definition, the task entails:

Given a set of coding prompts (task descrip-
tions and/or docstrings) in Bangla, the par-
ticipants will have to use (prompt, finetune,
etc.) LLMs to generate corresponding Python
code snippets that pass all the test cases for
that particular task. The evaluation metric is
Pass@1, meaning that the models will have
only one attempt to pass all the test cases for
a particular prompt.

Task examples from both benchmarks are
shown in Figure 1 and 2. We launch the dev
phase of the task on the Codabench 5 platform
on August 10th, 2025.

Figure 1: Sample prompt from MBPP-Bangla.
Translation: ‘Write a Python function to find the
length of the last word in a given string’.

4Datasets: https://noshinulfat.github.io/
blp25_code_generation_task/#/starter-kit

5Competition website: https://www.codabench.
org/competitions/10089/
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Specification DEV TEST Total

Start Date August 10, 2025 September 7, 2025 —
End Date September 8, 2025 September 14, 2025 —
Duration 28 Days 7 Days 35 Days
Participants 152 97 152
Teams 63 32 63
Submissions 301 187 488
Average (Submission) 4.78 5.84 7.75
Test Cases Fully Released One per Task —
Highest Score (Pass@1) 0.99 0.95 —
Lowest Score 0.00 0.02 —
Average Score 0.52 0.59 —

Table 2: DEV/TEST timeline and participation summary. Average (Submission) denotes average submissions
per team.

Figure 2: Sample prompt from mHumanEval-
Bangla. Translation: ‘Write a Python function to
find that if two numbers in a list are closer to each
other than the given threshold’.

3.1 DEV Phase

In the DEV phase, systems operate under high
observability: fully released test cases and a
longer horizon enable targeted debugging and
steady pipeline stabilization. Teams submit at
a disciplined rate (Avg. 4.78 submissions per
team), and performance spans a wide range,
from 0.00 to a near-ceiling 0.99 Pass@1 (Ta-
ble 2). The broad spread, together with an av-
erage score of 0.52, indicates heterogeneous

readiness—strong systems rapidly approach the
ceiling, while weaker pipelines expose speci-
fication and edge-case errors that visible tests
help uncover.

Methodologically, DEV functions as an
internal-validity probe: with rich feedback,
improvements reflect engineering rigor and
prompt–test alignment rather than guesswork.
The combination of high best score and mod-
erate average suggests a bimodal landscape in
which top teams consolidate gains early while
others iterate to resolve stability issues. These
dynamics make DEV well-suited for ablations
and reproducibility checks, as changes map
cleanly onto observable error reductions (Ta-
ble 2).

3.2 TEST Phase

The TEST phase tightens observability—one
visible test per task over a shorter win-
dow—shifting the emphasis from iterative de-
bugging to generalization under uncertainty.
Teams react by concentrating effort: average
submissions per team increases to 5.84 despite
a smaller field, and performance compresses
upward, with the lowest score rising to 0.02
and the average improving to 0.59 (Table 2).
This pattern is consistent with maturation ef-
fects (pipelines refined during DEV) and se-
lection effects (fewer weak entries), producing
stronger mid-pack outcomes.

At the top end, the best Pass@1 is slightly
lower (0.95 vs. 0.99 in DEV), which is expected
when feedback is constrained. The small top-
line drop, paired with a higher mean, suggests
that TEST emphasizes robustness over oppor-
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Rank Team Name System Paper Best Model Pass@1

1 NALA_MAINZ (Saadi et al., 2025) GPT-5 0.95
2 Retriv (Asib et al., 2025) Qwen2.5-Coder-14B 0.93
3 Musafir (Hasan et al., 2025) Qwen2.5-14B-Instruct 0.92
4 AdversaryAI (Riyad and Junaed, 2025) Gemini 2.5 Pro 0.85
6 Code_Gen (Agarwala et al., 2025) GPT-5 0.84
7 TeamB2B (Dihan et al., 2025) Gemini-2.5-Pro 0.84
8 NSU_PiedPiper (Fahmid et al., 2025) Qwen2.5-Coder-14B 0.83

11 Barrier Breakers (Jalil et al., 2025) GPT OSS 120B 0.82
12 PyBhasha (Dewan and Rifat, 2025) Ensemble 0.80
13 JU_NLP (Pal and Das, 2025) GPT-4.1 0.77
16 AlphaBorno (Rahman et al., 2025) GPT-4o 0.72
17 PyBangla (Islam et al., 2025) Qwen3-8B 0.72
21 CUET_Expelliarmus (Shahrier et al., 2025) GPT-20B OSS 0.37
22 CodeAnubad (Roy, 2025) Gemma-2-9b-it 0.37
26 Troopers (Farazi and Reza, 2025) TigerLLM (RSFT) 0.32

Table 3: TEST phase results for the teams who submitted system description papers, ranked by Pass@1
scores (descending), scores rounded to two decimals. Complete results in Table 5 (Appendix B).

tunistic tuning: ceiling systems lose limited
headroom, while the median gains from de-
signs that encode safer defaults and broader
guardrails. In effect, TEST acts as an external-
validity probe, rewarding solutions that trans-
fer beyond DEV’s fully visible conditions and
revealing residual brittleness in pipelines that
depend on extensive test exposure (Table 2).

4 Results

DEV (63 teams). Table 4 (Appendix A) shows
a clear separation between a small group of top
systems and a wide middle. Under full test vis-
ibility, teams diagnose errors, adjust prompts
and post-processing, and move up steadily. Top
scores sit near perfect, but many teams still
leave points on the table because of edge cases
and inconsistent handling of problem specs.
When scores are the same at the reported preci-
sion, we break ties by shorter average solution
length (shorter wins). This favors solutions that
meet the spec with minimal code rather than
long, brittle fixes.

TEST (32 teams). Table 3 reflects how sys-
tems behave with less feedback. The middle of
the leaderboard strengthens, while the very top
tightens—high performers keep most of their
lead, but not all of it. Designs that rely on sta-
ble defaults, careful I/O handling, and simple
control flow hold up best; runs that depend on
DEV-style trial-and-error drop back. We use
the same tie-breaking rule here: shorter aver-

age solution length wins ties. In practice, this
pushes teams toward concise, robust code that
generalizes beyond the DEV environment.

5 Approaches

We briefly discuss the approaches of the 15 sub-
mitted System description papers in this section.

NALA_MAINZ (Saadi et al., 2025) (Rank 1)

The authors present the top-ranked system for
the task. A lean multi-agent pipeline couples a
code-generation agent with a selective debugger.
The coder emits an initial solution and imme-
diately runs unit tests; failures condense into
error traces that guide the debugger to propose
minimal, localized patches within a small step
budget. The system augments supervision with
matched external tests and lightweight auto-
generated assertions, and it optionally translates
Bangla prompts to English. Ablations indicate
most gains come from error-trace–guided repair,
with test augmentation adding complementary
improvements.

Retriv (Asib et al., 2025) (Rank 2)

The authors propose a test-driven, feedback-
guided framework. Their system uses a
Qwen2.5-14B model (Hui et al., 2024b), fine-
tuned with QLoRA (Dettmers et al., 2023), to
generate an initial Python solution from trans-
lated English instructions. The code is imme-
diately executed against unit tests. If a fail-
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ure occurs, the error trace is fed back into the
model prompt to guide a correction. This re-
finement loop is repeated up to three times with
increasing temperature to encourage diverse so-
lutions. The combination of parameter-efficient
fine-tuning and iterative, execution-guided self-
correction proved highly effective, securing the
second-place rank.

Musafir (Hasan et al., 2025) (Rank 3)

This team employs a two-stage cascade pipeline.
First, Bangla instructions are translated into En-
glish using a model optimized to preserve tech-
nical semantics. This step allows them to lever-
age powerful, English-centric code generation
models. The translated prompt is then fed to
a Qwen-based code generation model (Yang
et al., 2024), which performs zero-shot code
generation. The final output is validated using
the provided unit tests. This direct translation-
generation strategy effectively bridges the re-
source gap for Bangla, demonstrating a robust
and high-performing approach that achieved
third place in the competition.

AdversaryAI (Riyad and Junaed, 2025)
(Rank 4)

The authors introduce TriGen (Think, Refine,
and Generate), a system centered on a self-
refinement loop. For open-source models, they
use LoRA (Hu et al., 2022) to fine-tune on a
dataset augmented with Chain-of-Thought (Wei
et al., 2022) reasoning steps. The core of the
system is an iterative process: an initial code
solution is generated and tested. If it fails,
the model receives the error feedback and is
prompted to debug and correct its own output.
This execution-guided refinement is applied to
both their fine-tuned models and to a few-shot
prompted Gemini 2.5 Pro, which yielded their
top-performing submission.

Code_Gen (Agarwala et al., 2025) (Rank 6)

This work focuses on the impact of input quality,
using a pipeline of preprocessing, translation,
and assertion-based prompting with GPT-5. The
authors first normalize the raw Bangla instruc-
tions to remove noise. Next, they translate the
cleaned instructions to English to align with the
model’s strengths. Critically, they append the

provided unit test assertions directly to the final
prompt. This gives the model explicit examples
of the required input-output behavior. Their ex-
periments show that this assertion-augmented,
translation-based approach significantly boosts
performance, highlighting the importance of
prompt clarity and context.

TeamB2B (Dihan et al., 2025) (Rank 7)

This team presents BanglaForge, a framework
built on a retrieval-augmented (Lewis et al.,
2020), dual-model collaborative pipeline. The
system first uses TF-IDF to retrieve relevant
solved examples, which are used for few-shot
prompting. An initial "Coder" LLM generates
a code solution. This solution is then passed to
a "Reviewer" LLM, which validates the code,
enhances its robustness, and refines it based on
execution feedback from unit tests. This itera-
tive cycle between the generator and reviewer
agents, grounded by retrieved examples, effec-
tively improves the final code’s quality and cor-
rectness.

NSU_PiedPiper (Fahmid et al., 2025) (Rank
8)

The authors combine Chain-of-Thought (CoT)
prompting (Zhou et al., 2024) with an itera-
tive debugging loop (Liu et al., 2024). Us-
ing a Qwen-based model (Qwen Team et al.,
2024), an initial solution is generated from a
CoT prompt that encourages step-by-step rea-
soning. This code is then validated against unit
tests. If any tests fail, the generated code and
the resulting error messages are passed to a spe-
cialized debugger prompt. The model then at-
tempts to fix the identified issues. This refine-
ment process can be repeated up to three times,
effectively using execution feedback to system-
atically correct errors from the initial reasoning
phase.

Barrier Breakers (Jalil et al., 2025) (Rank
11)

This team introduces a novel approach that com-
bines Test-Driven Development (TDD) and a
Code Interpreter (CI) (Wang et al., 2024) with-
out requiring model fine-tuning. First, in the
TDD phase, the LLM generates additional test
cases from the Bangla prompt. These new tests,
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combined with the provided one, are injected
into the final prompt for code generation. In
the CI phase, the generated code is executed
in a sandbox. If any compilation or assertion
errors occur, the error message is fed back to
the model for up to five retry attempts, enabling
iterative self-correction.

PyBhasha (Dewan and Rifat, 2025) (Rank
12)

The authors investigate the impact of instruction
quality and model ensembling. They compare
three instruction variants: original Bangla, En-
glish translations via Facebook NLLB (Team
et al., 2022), and semantic-aware English
rewrites using GPT-4.1. Finding the GPT-4.1
rewrites most effective, they implement a two-
stage ensemble for their final submission. The
primary model (Qwen2.5-Coder-14B) generates
the initial solution. If this solution fails unit
tests, it is passed to a secondary model (Claude
Sonnet 4) as a fallback, leveraging the comple-
mentary strengths of different architectures to
improve the overall success rate.

JU_NLP (Pal and Das, 2025) (Rank 13)

This team employs a straightforward yet effec-
tive zero-shot prompting strategy (Brown et al.,
2020). They construct a detailed prompt that in-
structs the model to act as a senior Python devel-
oper, providing it with the original Bangla prob-
lem statement, the required function signature,
and the visible unit tests. The prompt explicitly
tells the model it can translate the instruction
internally before generating the code. They test
this approach across several proprietary mod-
els, with their best result coming from GPT-4.1,
demonstrating the strong out-of-the-box, cross-
lingual reasoning capabilities of modern frontier
models.

AlphaBorno (Rahman et al., 2025) (Rank 16)

This work systematically evaluates several
prompting strategies. After translating Bangla
instructions to English with GPT-4o, they com-
pare zero-shot, few-shot, and Chain-of-Thought
baselines. Their key finding is that providing
explicit behavioral constraints is more effective
than abstract reasoning. Their best-performing

method augments a zero-shot prompt with syn-
thetic unit tests to cover edge cases. This is com-
bined with a self-repair loop where failed exe-
cution feedback is used to prompt the model for
a correction, with GPT-4o achieving the highest
score under this configuration.

PyBangla (Islam et al., 2025) (Rank 17)

The authors introduce BanglaCodeAct, an
agent-based framework inspired by the ReAct
paradigm. Their system uses a general-purpose
multilingual LLM (Qwen3-8B) in an iterative
Thought-Code-Observation loop without any
task-specific fine-tuning. For each problem, the
agent first generates a ’Thought’ in Bangla out-
lining its plan. It then produces Python ’Code’
to implement the plan. This code is executed,
and the ’Observation’ (output or error) is fed
back to the agent. This cycle of self-correction
continues until the code passes all unit tests,
proving effective for low-resource code genera-
tion.

CUET_Expelliarmus (Shahrier et al., 2025)
(Rank 21)

This team proposes a two-stage pipeline using
the open-source GPT-20B OSS model. In the
first stage, the Bangla instruction is translated
to English and then refined using a one-shot
prompt to create a well-structured specification.
This refined English instruction is then passed
to the second stage for code generation using a
zero-shot prompt. The generated code is vali-
dated against unit tests. If a test fails, the trace-
back error is used as feedback to re-prompt the
model, with this iterative correction loop run-
ning for up to five attempts.

CodeAnubad (Roy, 2025) (Rank 22)

This work tackles the extreme data scarcity of
the task with an iterative self-improvement strat-
egy. The authors first fine-tune a Gemma-2-9b
model on the initial 74 training samples using
QLoRA (Dettmers et al., 2023). This model
is then used to generate solutions for the de-
velopment set. All solutions that pass the unit
tests are harvested and added to the training set.
The model is then re-trained on this augmented
dataset. This process creates a positive feedback
loop, progressively improving performance by
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curating a high-quality, in-domain dataset from
the model’s own verified outputs.

Troopers (Farazi and Reza, 2025) (Rank 26)
The authors implement a reward-selective fine-
tuning (RSFT) pipeline (Dong and others,
2023). The process begins by sampling mul-
tiple candidate programs from a base model for
each Bangla prompt. Each candidate is exe-
cuted in a sandbox, and only those that pass
all unit tests (the "winners") are retained. This
curated set of high-quality, execution-verified
instruction-code pairs forms the dataset for su-
pervised fine-tuning (SFT). The base model is
then efficiently updated on this dataset using
LoRA adapters, selectively reinforcing correct
program synthesis without complex reinforce-
ment learning.

6 Analysis

Since the task focuses on generation, all the
systems are built around one or more LLMs.
Table 6 (Appendix C) lists all the models used
by each system.

6.1 Preference on LLMs
Participants have used a total of 20 different
LLMs, including 6 proprietary and 14 open-
source models. As Figure 3 illustrates that
TigerLLM is the most used model along with
two other open-source ones (LLaMA 3 and
Qwen2.5).

6.2 Best Performing LLMs
As Figure 4 shows, Qwen2.5 was the best-
performing model by most systems, followed
by the proprietary models and some other open-
source models.

6.3 Methodologies
As shown in Figure 5, teams build upon a com-
mon foundation. Prompting is nearly universal,
while a majority (8 of 15 teams) use Machine
Translation to leverage powerful English-centric
models, a key strategy for systems like Musafir
(R3). Five teams employ Finetuning to spe-
cialize models; Retriv (R2) uses QLORA for
efficiency, while Troopers (R26) implements
a reward-selective pipeline (RSFT) to train on
verified-correct code.
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Figure 3: Most used LLMs by the submitted systems.
Proprietary models are in red.
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2
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Figure 4: Best performing LLMs by the submitted
systems. Proprietary models are in red.

The most critical differentiator for top-
tier systems is the implementation of a self-
correcting feedback loop. This is often initi-
ated with Chain-of-Thought (CoT) prompting
to improve the model’s initial reasoning, as seen
with NSU_PiedPiper (R8). The core of this ap-
proach is Iterative Self-Correction, where gen-
erated code is executed and any resulting errors
are fed back to the model for debugging. This
refinement process proves central to the suc-
cess of the highest-performing teams, including
NALA_MAINZ (R1), Retriv (R2), and Adver-
saryAI (R4).

A few teams explore more specialized
strategies. TeamB2B (R7) utilizes Retrieval-
Augmented Generation (RAG) to provide mod-
els with relevant examples, while Barrier Break-
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Figure 5: Most used methodologies by the submitted
systems.

ers (R11) uniquely combines Test-Driven De-
velopment (TDD) with a Code Interpreter (CI)
for safe, iterative refinement. These advanced
methods underscore a clear trend: top perfor-
mance requires moving beyond foundational
techniques to build robust, multi-step systems
that emulate real-world development work-
flows.

6.4 Pipeline Components
Figure 6 visualizes the relationship between the
architectural complexity of a system and its fi-
nal score. A strong positive correlation is evi-
dent: systems employing a greater number of
integrated methodologies consistently achieved
higher performance. Notably, five of the top
eight teams utilized complex pipelines integrat-
ing at least three distinct techniques, such as
translation, Chain-of-Thought, and iterative self-
correction. This trend highlights that success in
this task was not merely dependent on model
choice, but was significantly driven by the so-
phistication of the overall pipeline. Simpler ap-
proaches, while effective to a degree, generally
did not reach the top performance tiers.

7 Conclusion

In this shared task, the first of its kind for
Bangla code generation, we successfully bench-
marked the capabilities of modern LLMs on a
low-resource language. We observed a clear
methodological trend from the diverse systems
submitted: top performance was not driven by
model choice alone, but by pipeline complexity.
We found that the most effective systems imple-
mented robust, multi-step workflows with self-
correction loops that emulate a developer’s iter-
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Figure 6: Correlation between pipeline complexity
(number of distinct high-level components/method-
ologies employed) and the final Pass@1 score for
the 15 teams with system description papers. Each
point is labeled with the team’s final rank.

ative debugging process. We observe that, fine-
tuning and machine translation were the most
effective methods during the test phase. While
open-source models only performed better after
pairing them up with some test-driven coding
tools.

Our results establish a strong baseline and
highlight the effectiveness of agentic, self-
refining architectures. For future work, we
recommend focusing on developing capable
Bangla-native code models to reduce the de-
pendency on translation, expanding benchmark
complexity, and exploring how these successful
pipeline strategies can be transferred to other
languages.

We plan to build on our findings, and our
priorities include refining these agentic work-
flows, developing native Bangla code models
to reduce the current dependency on transla-
tion, and increasing benchmark complexity to
repository-level tasks like bug fixing. Advanc-
ing these areas will not only improve Bangla
code generation but also provide a transferable
blueprint for other under-resourced languages,
making AI-driven software development more
globally accessible.
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Limitations

While our task is intentionally focused on gen-
erating self-contained, function-level Python
code, we acknowledge this does not encompass
the full complexity of real-world software en-
gineering. This focused scope, however, was
a deliberate design choice to establish a clear,
controlled, and reproducible benchmark—a crit-
ical first step for a new task in a low-resource
language. Similarly, our use of the stringent
Pass@1 metric, which is standard in code gen-
eration benchmarks, provides an unambiguous
signal of functional correctness. While many
top systems relied on translating prompts to En-
glish, we view this not as a limitation of the task,
but as a key finding that accurately reflects the
current state-of-the-art strategies for bridging
the resource gap, providing a realistic baseline
for future work to improve upon.

Ethical Considerations

The datasets used in this task are derived from
publicly available, open-source benchmarks,
mitigating data privacy concerns. A primary
goal of our work is to enhance the accessibil-
ity of programming tools for Bangla speakers,
promoting linguistic inclusivity in technology.
However, we acknowledge that any code gen-
eration system carries a potential risk of mis-
use for generating malicious code, although the
function-level scope of our task makes this risk
indirect. The prevalent use of proprietary mod-
els also means we rely on the safety and bias
mitigations implemented by model providers.
While the technical nature of the prompts limits
the potential for social bias, the common strat-
egy of translating prompts to English could am-
plify biases present in the target English-centric
LLMs.
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A DEV Phase Results

Rank Team_Name Score

1 BRACU_CL 1.00
2 NALA_MANIZ_2 1.00
3 Team_Trinity 0.99
4 not_Decided 0.99
5 Code_Gen 0.97
6 Team B2B 0.97
7 Musafir 0.94
8 Oleksandr Usyk 0.94
9 PyBangla 0.94

10 alubhorta 0.94
11 Metaphor 0.93
12 NO Name 0.91
13 Alpha Borno 0.90
14 Gradient Masters 0.88
15 NLPirates 0.87
16 PyBhasha 0.86
17 Nsu_PiedPiper 0.85
18 CUET_SIURS 0.84
19 JU_NLP 0.84
20 Retriv 0.84
21 SamNLP 0.84
22 fallen_dark-358115 0.84
23 Ecstasy 0.83
24 NeuralCoders 0.83
25 CUET_DuoBingo 0.82
26 3_idiots 0.78
27 BanglaBytes 0.73
28 Py_Chunker 0.68
29 delayed 0.64
30 BarrierBreakers 0.62
31 AdversaryAI 0.60
32 Team_AA 0.56
33 BLPCG 0.51
34 theDarkKnights 0.48
35 soumyajit 0.47
36 wspr 0.46
37 rms92 0.44
38 NeuralCoders 0.41
39 KodomAli Coders 0.38
40 PrompterXPrompter 0.38
41 UIU_NLP 0.32
42 unknown 0.31
43 Md_Abdur_Rahman 0.29
44 CUET_Zahra_Duo 0.17
45 Wahid 0.11
46 Organizers 0.10
47 Quasar 0.10
48 Team_Ban 0.10
49 turtur 0.10
50 SoloGuy 0.09
51 huday 0.09
52 troublemaker 0.09
53 Arekta Team 0.08
54 Kaf 0.08
55 None 0.08
56 Sweet Dreams 0.08
57 disco 0.08
58 cuet_1376 0.03
59 tryNLP 0.03
60 nafiurahman-353732 0.01
61 CUET_NLP_Zahra_Duo 0.00
62 Troopers 0.00
63 programophile 0.00

Table 4: DEV phase results. 63 Teams - ranked by Pass@1 scores (descending) — scores rounded to two
decimals.
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B TEST Phase Results

Rank Team Name Pass@1

1 NALA_MAINZ 0.95
2 Retriv 0.93
3 Musafir 0.92
4 AdversaryAI 0.85
5 BRACU_CL 0.84
6 Code_Gen 0.84
7 TeamB2B 0.84
8 NSU_PiedPiper 0.83
9 One Braincell 0.83
10 fallen_dark-370156 0.83
11 Barrier Breakers 0.82
12 PyBhasha 0.80
13 JU_NLP 0.77
14 This Team has no name 0.77
15 NLPirates 0.74
16 AlphaBorno 0.72
17 PyBangla 0.72
18 CUET_DuoBingo 0.70
19 CUET_SIURS 0.67
20 Ecstasy 0.66
21 CUET_Expelliarmus 0.37
22 CodeAnubad 0.37
23 Gradient Masters 0.36
24 team_trinity 0.36
25 nidala 0.33
26 Troopers 0.32
27 Team Random 0.28
28 delayed 0.18
29 Organizers 0.17
30 huday 0.09
31 SyntaxMind 0.08
32 Team Random 0.02

Table 5: TEST phase results for the teams who submitted system description papers. 32 Teams — ranked by
Pass@1 scores (descending), scores rounded to two decimals.
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C LLMs Used by Teams

The following table details the various Large Language Models (LLMs) employed by the teams
who submitted system papers, sorted by their final rank in the competition.

Rank Team Name Models Used

1 NALA_MAINZ GPT 5, Claude 4, Gemini 2.5
2 Retriv Phi, Qwen3, Qwen2.5-Coder, Llama-3.1, ReasonFlux-Coder, codegemma
3 Musafir Qwen
4 AdversaryAI TigerLLM, Gemma 3, Gemini 2.5, Llama3, Qwen3, Qwen2.5
6 Code_Gen GPT 4, GPT 5, LLaMA 4, TigerLLM, Deepseek
7 TeamB2B Gemini 2.5, Gemma-1B, GPT-OSS, DeepSeek-R1, Gemini2.0, Lg Exaone Deep
8 NSU_PiedPiper Qwen2.5-Coder-14B
11 Barrier Breakers LLaMA 4, Llama 3.2, GPT-OSS
12 PyBhasha GPT 4, Claude 4, TigerLLM-9B, Qwen2.5-Coder, LLaMA-3.1
13 JU_NLP GPT 4, LLaMA 4
16 AlphaBorno GPT 4, Claude 3.7 Sonnet, Qwen Coder 2.5, Grok 3
17 PyBangla TigerLLM, Qwen3, Llama-3.1, DeepSeek-Coder-V2
21 CUET_Expelliarmus GPT-20B-OSS
22 CodeAnubad Gemma, Starcoder, CodeLlama
26 Troopers TigerLLM

Table 6: All the LLMs used by the teams (only includes the submitted system description papers).
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Abstract

Online discourse in Bangla is rife with nuanced
toxicity expressed through code-mixing, dialec-
tal variation, and euphemism. Effective mod-
eration thus requires fine-grained detection of
hate type, target, and severity, rather than a
binary label. To address this, we organized
the Bangla Hate Speech Identification Shared
Task at BLP 2025 workshop, co-located with
IJCNLP-AACL 2025, comprising three sub-
tasks: (1A) hate-type detection, (1B) hate-
target detection, and (1C) joint prediction of
type, target, and severity in a multi-task setup.
The subtasks attracted 161, 103, and 90 partic-
ipants, with 36, 23, and 20 final submissions,
respectively, while a total of 20 teams submit-
ted system description papers. The submitted
systems employed a wide range of approaches,
ranging from classical machine learning to fine-
tuned pretrained models and zero-/few-shot
LLMs. We describe the task setup, datasets,
and evaluation framework, and summarize par-
ticipant systems. All datasets and evaluation
scripts are publicly released.1

1 Introduction

Hate speech detection has emerged with the wide
use of social media and online communication plat-
forms, where users can rapidly share opinions, com-
ments, and multimedia content. The proliferation
of such content has led to an increase in harmful
content (Walther, 2022). This has also facilitated
the spread of hate speech language that targets in-
dividuals or groups based on attributes such as
religion, ethnicity, gender, or political affiliation
(Fortuna and Nunes, 2018). Therefore, detecting
hate speech automatically is crucial for maintaining
safe online environments and preventing real-world
consequences such as discrimination and violence.
While substantial progress has been made for En-
glish (Albladi et al., 2025) and other high-resource

1https://github.com/AridHasan/blp25_task1

languages (Das et al., 2024), hate speech detection
in Bangla remains a significant challenge due to the
scarcity of annotated datasets and linguistic diver-
sity (Sharma et al., 2025; Das et al., 2022b; Haider
et al., 2025; Romim et al., 2022).

Early studies in Bangla hate speech detection
focused on classical machine learning methods
(Kiela et al., 2020; Mridha et al., 2021; Romim
et al., 2022), deep learning models (Romim et al.,
2022; Keya et al., 2023), and pretrained models
that are primarily designed for English (Mridha
et al., 2021). However, these methods struggle in
understanding the deep cultural, social, and linguis-
tic nuances that shape hate expression in Bangla
(Al Maruf et al., 2024). These include context-
sensitive slurs, metaphorical or sarcastic insults,
and region-specific idiomatic phrases that are of-
ten misinterpreted or overlooked by standard mod-
els (Jahan et al., 2022). Recently, large language
models (LLMs) such as GPT-5, Gemini (Comanici
et al., 2025), Qwen (Yang et al., 2025), and Llama
(Dubey et al., 2024) have achieved impressive gen-
eralization in NLP tasks but often underperform in
hate speech detection for low-resource languages
like Bangla. Their limited ability to grasp cultural
nuances, implicit hate, and context-specific expres-
sions (Zahid et al., 2025) underscores the need for
domain adaptation and culturally aware training
strategies.

Prior studies are limited to single-task datasets,
focusing on only one dimension, such as hate type,
which restricts the development of more sophisti-
cated models capable of performing a multi-faceted
analysis (e.g., simultaneously identifying a com-
ment’s type, severity, and target). Therefore, we
emphasize community engagement and organized
a shared task at BLP 20252 to address this chal-
lenge. The task consists of three subtasks3 and

2https://blp-workshop.github.io/
3Subtask 1A: Identifying type of hate, Subtask 1B: Iden-

tifying target of hate, Subtask 1C: Identifying type, severity,

388



aims to foster the development of robust, multi-task
Bangla hate speech detection systems by providing
a large, carefully curated dataset spanning multi-
ple domains. By encouraging diverse approaches
ranging from classical models to LLMs and solu-
tions, the shared task promotes collaboration and
the exploration of various techniques tailored to the
cultural, social, and linguistic nuances.

A total of 161, 103, and 89 teams registered for
subtasks 1A, 1B, and 1C, respectively, with 37, 24,
and 21 teams making official submissions on the
test set. Among these, 19 teams also submitted
system description papers. On the development-
test set, there were 925 submissions from 56 teams
for 1A, 312 submissions from 23 teams for 1B,
and 224 submissions from 18 teams for 1C. For
the final test set, the number of submissions were
421, 271, and 202 for subtasks 1A, 1B, and 1C,
respectively.

2 Task and Dataset

2.1 Task

This shared task focused on detecting hate speech
in Bangla, a low-resource language with rich mor-
phology and regional dialects. To comprehensively
address the complexity of hateful content, we di-
vided the task into three subtasks: (i) identifying
the Type of Hate, (ii) determining the Target of
Hate, and (iii) a comprehensive multi-task setup
that jointly predicts the Type of Hate, Severity of
Hate, and Target of Hate. This design aimed to
move beyond simple binary detection and encour-
age the development of models capable of address-
ing the nuanced linguistic and social dimensions
of hate speech in Bangla. Task descriptions are
provided below.

Subtask 1A: Type of Hate This subtask is de-
fined as “detect the type of hate that is expressed
in the text”. This is a multi-class classification task
that requires determining whether a given instance
falls into one of the following categories: Abusive,
Sexism, Religious Hate, Political Hate, Profane, or
None.

Subtask 1B: Target of Hate This subtask is de-
fined as “detect the target of hate that is expressed
towards whom in the text”. It is formulated as a
multi-class classification problem, where the goal
is to determine whether the hateful expression is

and target of hate in multi-task setup

aimed at Individuals, Organizations, Communities,
Society, or None.

Subtask 1C: Multi-task Setup This subtask is
designed as a multi-task learning setup that jointly
addresses three dimensions of hate speech detec-
tion in Bangla: Type of Hate, Severity of Hate,
and Target of Hate. Unlike the single-task formu-
lations in Subtask 1A and Subtask 1B, this setup
requires models to perform simultaneous predic-
tions across all three aspects for each input text.
The motivation behind this design is to encourage
the development of models capable of capturing
the inter-dependencies between different facets of
hateful content, such as the way severity may vary
depending on the type of hate or how certain tar-
gets are more likely to be associated with specific
hate categories. Framing the problem as a multi-
task learning challenge encourages the develop-
ment of more robust and context-sensitive systems
that go beyond individual classification tasks and
better capture the complex, multidimensional char-
acteristics of hate speech in Bangla. The target
classes for Type of Hate and Target of Hate are the
same as defined in Subtask 1A and Subtask 1B,
respectively, while the Severity of Hate task cate-
gorizes instances into Severe, Mild, and Little to
None. Here, Severe denotes strongly derogatory or
inciteful content, Mild refers to moderately offen-
sive or implicitly hateful expressions, and Little to
None indicates content with minimal or no hateful
intent.

2.2 Dataset

We utilized the BanglaMultiHate dataset (Hasan
et al., 2025b) for this shared task. This dataset com-
prises comments from YouTube, sourced from the
Somoy Bangla News channel.4 This dataset covers
19 different topics, such as Disaster, Entertainment,
Health, Politics, Religion, Science, Sports, etc. For
this shared task, we utilize the training set as the
official training set of the shared task. The develop-
ment set was further divided into development and
development-test5 subsets using a stratified sam-
pling approach to preserve class balance. Finally,
the test is used for system evaluation and partici-
pant ranking. The detailed distribution of the data
split is presented in Table 1.

4https://www.youtube.com/@somoynews360
5This development test set is used as a test set for the

development phase.
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Class Train Dev DT Test Total

Type of Hate

Abusive 8,212 564 549 2,312 11,637
Political Hate 4,227 291 283 1,220 6,021
Profane 2,331 157 185 709 3,382
Religious Hate 676 38 40 179 933
Sexism 122 11 8 29 170
None 19,954 1,451 1,447 5,751 28,603

Total 35,522 2,512 2,512 10,200 50,746

Severity of Hate

Litle to None 23,489 1,703 1,714 6,737 33,643
Mild 6,853 483 426 2,001 9,763
Severe 5,180 326 372 1,462 7,340

Total 35,522 2,512 2,512 10,200 50,746

Target of Hate

Community 2,635 179 159 759 3,732
Individual 5,646 364 391 1,571 7,972
Organization 3,846 292 292 1,152 5,582
Society 2,205 141 142 625 3,113
None 21,190 1,536 1,528 6,093 30,347

Total 35,522 2,512 2,512 10,200 50,746

Table 1: Class label distribution of the shared task
dataset. DT: development-test.

Annotation and Annotators Agreement The
annotation of the BanglaMultiHate dataset (Hasan
et al., 2025b) was conducted by a trained team of
35 native Bangla-speaking undergraduate students,
with each comment labeled independently by three
annotators and finalized by majority vote or consen-
sus when needed. Quality checks and supervision
ensured consistent standards. Inter-annotator agree-
ment, measured using Fleiss’ Kappa, showed sub-
stantial to almost perfect agreement across tasks,
with scores of 0.71 for type of hate, 0.84 for sever-
ity of hate, and 0.79 for target of hate, while more
fine-grained tasks yielded slightly lower agreement
due to increased complexity.

3 Evaluation Framework

3.1 Evaluation Measures

We used the unweighted Micro-F1 score as the
evaluation metric for Subtask 1A and 1B, while
weighted Micro-F1 score is used for Subtask 1C,
with the corresponding datasets and evaluation
scripts made publicly accessible online.6 To es-
tablish reference points, we included the majority
and random baselines along with the n-gram. The
majority baseline predicts the most frequent class
in the training data for every instance in the test set,

6https://github.com/AridHasan/blp25_task1

while the random baseline assigns classes to test
instances uniformly at random. We also provide a
simple n-gram (n = 1) baseline using 5,000 fea-
tures, with a linear SVM implemented to capture
surface-level lexical patterns.

3.2 Task Organization
For the shared task, we released four datasets: the
training set, development set, development-test set,
and test set for each subtask, as summarized in
Table 1. The development set was intended for
hyperparameter tuning, while the development-test
set was provided without labels to enable partici-
pants to assess their systems during the develop-
ment phase. The test set was utilized for the fi-
nal evaluation and ranking of submissions. All
the subtasks (Subtask 1A,7 Subtask 1B,8 and Sub-
task 1C9) of this shared task was conducted in two
phases, with the submission platform hosted on
CodaBench.

Development Phase During this phase, partic-
ipants were provided with the training set, de-
velopment set, and development-test set. The
development-test set was released without gold la-
bels to ensure fair competition. This design encour-
aged participants to iteratively refine and optimize
their models using the labeled training and devel-
opment sets, while evaluating their systems on the
unlabeled development-test set. A live leaderboard
was made available throughout this phase, allow-
ing teams to monitor the relative performance of
their submissions in real time and to benchmark
their approaches against other participants. This
competitive setup fostered active engagement and
provided valuable insights into the effectiveness
of different modeling strategies prior to the final
evaluation stage.

Evaluation Phase In this phase, the test set was
released without gold labels, and participants were
allotted a eight-day window to submit their final
predictions. The test set served as the basis for
the official evaluation and ranking of systems. To
preserve fairness and prevent overfitting to the test
data, the leaderboard was kept private during this
phase. While participants were permitted to submit
multiple systems (per day 100 submissions and in
total 1000 submissions), the corresponding eval-
uation scores were withheld from them. For the

7https://www.codabench.org/competitions/9559/
8https://www.codabench.org/competitions/9560/
9https://www.codabench.org/competitions/9561/
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final ranking, only the last valid submission from
each team was considered, ensuring consistency
and comparability across participants.

The test set along with its gold labels was re-
leased after the competition concluded, allowing
participants to perform additional experiments, con-
duct error analyses, and further refine their models.

4 Results and Overview of the Systems

4.1 Results

In this section, we present the outcomes of the
shared task across both phases. Overall, participa-
tion was strong, with 56, 23, and 18 teams submit-
ting systems during the development phase and 36,
23, and 18 teams in the evaluation phase for Sub-
task 1A, 1B, and 1C, respectively. Tables 2, 4, and
5 report the performance of all submitted systems
on the development-test and test sets, alongside the
majority and random baselines for comparison for
Subtask 1A, 1B, and 1C, respectively. The official
ranking was determined based on results from the
test set. Notably, some teams participated only in
the development phase but not in the evaluation
phase, and vice versa, as indicated by ✗.

A comparison of results across the development-
test and test sets indicates that performance dif-
ferences among teams were minimal across three
subtasks. This suggests that the models generally
did not exhibit overfitting to the development-test
set. In several instances, the systems even achieved
higher performance on the test set than on the
development-test set, highlighting the robustness
and generalizability of the submitted approaches.

Table 3 provides a comprehensive overview of
the approaches employed by participating teams
across the three subtasks. The majority of teams
relied on transformer-based architectures, particu-
larly BanglaBERT, XLM-RoBERTa, and MuRIL,
reflecting their effectiveness for Bangla and low-
resource contexts. Several systems integrated en-
semble strategies, combining multiple fine-tuned
models to enhance robustness and performance.
Moreover, we observed that systems employing
ensemble techniques achieved the highest rankings
on the leaderboard on all three subtasks. A smaller
subset of teams experimented with classical ma-
chine learning and neural network baselines, often
as complementary or comparative models. Addi-
tionally, data preprocessing and data augmentation
were common practices to improve text quality
and address class imbalance. A few teams further

adopted LLMs (such as GPT-4.1, Llama3, Gemma
2, and Qwen3) and few-shot prompting approaches
(e.g., Qwen-based systems), showcasing an emerg-
ing shift toward generative and low-resource adap-
tive methods.

4.2 Overview of the Systems
We summarize each participating system and its
corresponding ranking on the leaderboard below.

Code_Gen (Islam et al., 2025) achieved the
best performance in subtask 1A, ranked 2nd and
3rd for subtask 1B and subtask 1C, fine-tuned
BanglaBERT (Bhattacharjee et al., 2021), multilin-
gual E5 (Wang et al., 2024), MuRIL (Khanuja et al.,
2021), XLM-RoBERTa (Conneau et al., 2020),
and DistilBERT using token-aware adversarial con-
trastive training and layer-wise learning rate decay
to enhance optimization and stability. Initially, the
authors preprocessed through normalization, clean-
ing, and tokenization, and then incorporated data
augmentation with a 70:30 train–validation split.
Moreover, the authors utilized individual model
logits that were generated and subsequently ensem-
bled through different combinations of models to
improve predictive performance.

SyntaxMind (Riad, 2025) integrates contextual
language representations with sequential and local
feature extraction mechanisms to enhance the clas-
sification task. To generate contextual embeddings,
the authors used BanglaBERT encoder, which is
then processed in parallel through a CNN that cap-
tures local n-gram patterns through multiple kernel
sizes, and a GRU utilizes sequential dependencies
with bidirectional recurrence. Moreover, both CNN
and GRU employ self-attention, and the outputs
of the CNN and GRU attentions are then fused
through a dense layer. This team ranked 2nd and
5th in subtask 1A and 1B, respectively.

TeamHateMate (Hasan and Mahim, 2025)
fine-tuned BanglaBERT using a two-stage cascad-
ing architecture for all three sub-tasks: a binary
classifier to separate hate from non-hate, followed
by a multi-class classifier for fine-grained catego-
rization. Each stage was optimized through k-fold
cross-validation and ensembled through majority
voting. The authors also incorporated attention
pooling, dropout, and hidden layers to enhance per-
formance and tuned hyperparameters separately for
each subtask. Their system ranked 4th in subtask
1A, while ranked 1st in both subtask 1B and 1C.
The authors further attempted data augmentation
via back translation and class balancing; however,
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R. Team Name Dev P. Eval. P.

1 Code_Gen (Islam et al., 2025) 0.7580 0.7362
2 SyntaxMind (Riad, 2025) 0.7440 0.7345
3 zannatul_007 0.7440 0.7340
4 TeamHateMate (Hasan and Mahim, 2025) 0.7544 0.7331
5 Ecstasy (Hasan et al., 2025a) 0.7564 0.7328
6 Gradient Masters (Rahman et al., 2025b) 0.7488 0.7323
7 Catalyst (Hasan and Hasan, 2025) 0.7572 0.7305
8 BElite (Tripty et al., 2025b) 0.7444 0.7282
9 Retriv (Saha et al., 2025) 0.7572 0.7275

10 CoU-CU-DSG (Alam et al., 2025) 0.7217 0.7273
11 CUET-NLP_Zenith (Hossan et al., 2025) 0.7357 0.7263
12 NSU_MILab (Rahman et al., 2025a) 0.7138 0.7250
13 abid_al_hossain 0.7416 0.7238
14 PentaML (Tahmid et al., 2025) 0.7162 0.7178
15 HateNetBN (Anam and Mazumder, 2025) 0.7365 0.7133
16 Computational StoryLab (Prama et al., 2025) 0.7404 0.7111
17 minjacodes9 0.5852 0.7075
18 Heisenberg (Yasir, 2025) 0.7086 0.7070
19 pritampal98 0.7373 0.7057
20 Bahash-AI (Laskar and Paul, 2025) ✗ 0.7028
21 Velora (Sayem and Rahman, 2025) 0.7197 0.7013
22 fatin_anif ✗ 0.6954
23 PerceptionLab (Fahim and Khan, 2025) 0.6584 0.6941
24 adriti12 0.3264 0.6921
25 nuralflow 0.7038 0.6901
26 Team_NSU_Strugglers 0.6899 0.6871
27 CUET_Sntx_Srfrs (Tripty et al., 2025a) ✗ 0.6867
28 abir_bot69 0.6393 0.6840
29 antara_n_15 0.6899 0.6815
30 PromptGuard (Hossan and Roy Dipta, 2025) 0.6879 0.6761
31 quasar 0.1075 0.6733
32 shahriar_9472 0.6720 0.6689
33 intfloat 0.6712 0.6634
34 naim-parvez ✗ 0.6587
35 Baseline (Majority) 0.5760 0.5638
36 teddymas ✗ 0.4589
37 Baseline (Random) 0.1465 0.1638
38 mizba 0.7237 0.1077

– messalmonem 0.7588 ✗

– nur_163 0.7568 ✗

– cuet_1376 0.7393 ✗

– manik 0.7361 ✗

– Tensoryus 0.7357 ✗

– phantom_troupe 0.7345 ✗

– hasnat 0.7329 ✗

– rashfi_21 0.7325 ✗

– Md.Fahad Ali 0.7313 ✗

– rabeya_akter 0.7237 ✗

– foysal_ahmed 0.7197 ✗

– md_abdur_rahman 0.7166 ✗

– no_name 0.7102 ✗

– saminyasir007 0.7062 ✗

– shuvodwip_saha 0.7030 ✗

– mhd88 0.6979 ✗

– tesnik 0.6883 ✗

– walisa_alam 0.6879 ✗

– deleted_user_29306 0.6815 ✗

– rakib_hossan 0.6620 ✗

– zulkarnyn420 0.6357 ✗

– loser1 0.5760 ✗

– unknown333 0.5760 ✗

– deleted_user_31920 0.3332 ✗

– rahi_12 0.1210 ✗

Table 2: Official ranking of the subtask 1A on the test
set. – only participated in the Development Phase. ✗ in-
dicates team has not submitted system in the respective
phase. R.: Rank, Dev P.: Development Phase, Eval. P.:
Evaluation Phase.

both approaches failed to yield further gains.
Ecstasy (Hasan et al., 2025a) conducted a de-

tailed linguistic analysis of 35,522 Bangla hate

speech samples using TF-IDF to identify distinctive
lexical patterns for each hate category. Category-
specific keywords were embedded into model
prompts to provide contextual cues. The model
was fine-tuned using LoRA adapters (r = 64,
α = 128) on Llama-3.1-8B with optimized hyper-
parameters for efficiency. Incorporating keyword-
based prompts notably enhanced the model’s ability
to capture culturally nuanced hate speech patterns
unique to Bangla. This team ranked 5th and and
4th in subtask 1A and 1C, respectively.

Gradient Masters (Rahman et al., 2025b) be-
gan with BiLSTM and LSTM with attention us-
ing pre-trained Bangla embeddings; however, the
performance of RNN models prompted a shift to
transformer-based models. Their main pipeline
fine-tuned BanglaBERT, MuRIL, XLM-R, and Dis-
tilBERT with custom classification heads, with
BanglaBERT performing best due to language-
specific pretraining. To handle severe class im-
balance, the authors applied stratified k-fold cross-
validation, text normalization, and adversarial train-
ing (FGSM). Ensembles of best performing models
per subtask were used for final predictions, without
post-processing. This team ranked 6th and 3rd in
subtask 1A and 1C, respectively.

Catalyst (Hasan and Hasan, 2025) fine-
tuned pretrained models such as XLM-RoBERTa
(Conneau et al., 2020), mDeBERTa-v3, MuRIL
(Khanuja et al., 2021), and IndicBERTv2 (Dod-
dapaneni et al., 2022), optimized using AdamW,
mixed-precision training, and task-specific hyper-
parameters. For single-task setups (e.g., subtask
1A, subtask 1B), authors combined multiple mod-
els through hard-voting ensembles to enhance ro-
bustness and generalization. For the subtask 1C
(multi-task), this system implemented a shared
transformer encoder with three task-specific classi-
fication heads to jointly predict hate type, severity,
and target. Across all subtasks, authors found that
multilingual pre-trained transformers and ensem-
bling provided consistent improvements in model
stability and performance. This team ranked 7th,
8th, and 10th in subtask 1A, subtask 1B, and sub-
task 1C, respectively.

BElite (Tripty et al., 2025b) fine-tuned
BanglaBERT, mBERT, and XLM-RoBERTa on
the dataset and then created an ensemble of these
models. Two ensemble strategies were applied:
simple averaging and a weighted ensemble, where
the weights of individual models were determined
based on their weighted F1 scores on the validation
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Code_Gen (Islam et al., 2025) ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

SyntaxMind (Riad, 2025) ✓ ✓ ✓ ✓ ✓

Ecstasy (Hasan et al., 2025a) ✓ ✓ ✓ ✓ ✓

Gradient Masters (Rahman et al., 2025b) ✓ ✓ ✓ ✓ ✓ ✓

Catalyst (Hasan and Hasan, 2025) ✓ ✓ ✓ ✓ ✓ ✓

BElite (Tripty et al., 2025b) ✓ ✓ ✓ ✓ ✓

Retriv (Saha et al., 2025) ✓ ✓ ✓ ✓ ✓

CoU-CU-DSG (Alam et al., 2025) ✓ ✓ ✓

CUET-NLP_Zenith (Hossan et al., 2025) ✓ ✓ ✓

NSU_MILAB (Rahman et al., 2025a) ✓ ✓ ✓ ✓ ✓

PentaML (Tahmid et al., 2025) ✓ ✓ ✓ ✓

HateNetBN (Anam and Mazumder, 2025) ✓ ✓

Computational StoryLab (Prama et al., 2025) ✓ ✓ ✓ ✓ ✓

Heisenberg (Yasir, 2025) ✓ ✓ ✓ ✓

Bahash-AI (Laskar and Paul, 2025) ✓ ✓ ✓

Velora (Sayem and Rahman, 2025) ✓ ✓

PerceptionLab (Fahim and Khan, 2025) ✓ ✓

PromptGuard (Hossan and Roy Dipta, 2025) ✓ ✓ ✓ ✓

CUET_Sntx_Srfrs (Tripty et al., 2025a) ✓ ✓ ✓

Table 3: Overview of the approaches used in the submitted systems across three subtasks.

set. The results show that the weighted ensemble
outperformed all individual models as well as the
simple averaging approach. This team ranked 8th,
9th, and 5th in subtask 1A, 1B, and 1C, respec-
tively.

Retriv (Saha et al., 2025) employed soft-voting
ensembles of transformer models, such as MuRIL,
BanglaBERT, and IndicBERTv2, for subtasks 1A
and 1B to enhance predictive stability, and a
MuRIL-based multi-task framework for subtask 1C
to jointly optimize related objectives with inputs
truncated to 128 tokens and tuned hyperparame-
ters (lr = 2e−5, batch size 16, 3 epochs) applied
uniformly. Authors further experimented with hy-
brid transformer–RNN architectures (BiLSTM, Bi-
GRU) as classification heads to capture sequential
context. This team ranked 9th, 10th, and 7th in
subtask 1A, 1B, and 1C, respectively.

CoU-CU-DSG (Alam et al., 2025) utilized a
weighted probabilistic fusion framework that lever-
ages multiple transformer-based language models
for the detection of Bangla hate speech. This ap-
proach integrates BanglaBERT, XLM-RoBERTa,
and MuRIL, combining their output probabilities
through a weighted fusion strategy to leverage the

complementary strengths of Bangla-specific and
multilingual models. The output of BanglaBERT
outperforms other models. This team ranked 10th

and 15th in subtask 1A and 1B, respectively.
CUET-NLP_Zenith (Hossan et al., 2025) em-

pliyed a multi-task architecture for Bangla hate
speech detection, leveraging a shared transformer
backbone with an ensemble of pre-trained mod-
els, such as BanglaBERT10, XLM-RoBERTa, and
BanglaBERT (Bhattacharjee et al., 2021). The
system jointly classifies hate type, severity, and
target group using shared contextual embeddings
from the transformer encoder, where text is tok-
enized to 128 tokens per sequence and processed
into 768-dimensional embeddings, followed by
[CLS] pooling and dropout regularization. More-
over, task-specific learning rates, a linear scheduler,
and summed cross-entropy loss were utilized to
fine-tune the model. This team ranked 11th, 13th

in subtask 1A and 1B, respectively.
NSU_MILab (Rahman et al., 2025a) evalu-

ated four transformer models, such as BanglaBERT,
XLM-RoBERTa, IndicBERT, and Bengali Abusive

10https://huggingface.co/sagorsarker/
bangla-bert-base
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MuRIL, for Bangla hate speech detection. To im-
prove robustness, we applied an ensemble strategy
that averaged output probabilities across models,
yielding consistent gains over individual systems.
Post-competition refinements further confirmed the
effectiveness of our ensemble approach in improv-
ing overall performance. This team ranked 12th

and 17th in subtask 1A and 1B, respectively.
PentaML (Tahmid et al., 2025) fine-tuned mul-

tiple pre-trained BERT-based transformer models
to classify hate speech in Bangla the comments.
To improve performance, PentaML team applied
linear probing on three fine-tuned models, allow-
ing better use of learned representations. This
lightweight approach achieved consistently better
results across all subtasks. This team ranked 14th,
11th, and 13th in subtask 1A, 1B, and 1C, respec-
tively.

HateNetBN (Anam and Mazumder, 2025) uti-
lized parameter-efficient architecture that leverages
hierarchical representations from pre-trained trans-
former models by freezing the backbone to reduce
computational cost. A layer-wise attention mecha-
nism learns the relative importance of transformer
layers, generating and aggregating context vectors
for classification. This design enables effective
integration of syntactic and semantic features, pro-
viding a lightweight yet powerful alternative to full
fine-tuning for Bangla hate speech detection. This
team ranked 15th and 12th in subtask 1A and 1B,
respectively.

Computational StoryLab (Prama et al.,
2025) utilized a multi-task framework built
on transformer-based models like BanglaBERT,
mBERT, and XLM-RoBERTa. The system uses
four separate BERT-based models: a binary classi-
fier to detect toxic comments, and three multiclass
classifiers to predict hate type, severity, and target
group. Each model includes a dropout layer and
a linear output layer, with input processed as stan-
dard BERT inputs. Training employed categorical
cross-entropy and BCEWithLogitsLoss, optimized
with AdamW, while monitoring training and val-
idation accuracy. This team ranked 16th in both
subtask 1A and 1B and 11th in subtask 1C.

Heisenberg (Yasir, 2025) tokenized training
data using the Bangla basic tokenizer, with
stopwords removed. Dataset augmentation in-
cluded 4,000 newly collected YouTube comments,
synonym-based replacement on 8,000 samples,
and back-translation of 27,000 samples. This sys-
tem fine-tuned transformer-based models, includ-

ing DistillBERT, BanglaHateBERT, BanglaT5, and
BanglaBERT. This team ranked 18th in subtask
1A.

Bahash-AI (Laskar and Paul, 2025) used
BanglaBERT for all subtasks, applying minimal
preprocessing. Subtasks 1A and 1B involved
single-label classification, while subtask 1C used
a multi-output setup with one-hot encoding and
a combined loss to optimize all three labels si-
multaneously. To increase training size, Bangla
texts were translated to English, paraphrased
with pegasus_paraphrase, and back-translated,
adding 28,220 instances. Models were trained with
batch size 16 and dropout 0.1, for 10 epochs with
early stopping, and evaluated using F1-score. This
team ranked 20th and 17th in subtask 1A and 1B,
respectively.

Velora (Sayem and Rahman, 2025) fine-tuned
BanglaBERT on a merged dataset combining the
competition data with a publicly available Bangla
hate speech corpus. To address class imbalance,
this system applied back-translation augmentation,
logit-adjusted loss, and CB-Focal loss, along with
Bangla-specific preprocessing such as NFKC nor-
malization and URL/punctuation removal. Train-
ing used a learning rate of 2e-5 (base) and 2e-4
(head), batch size 16, 12 epochs, and early stop-
ping. This team ranked 21st in subtask 1A.

PerceptionLab (Fahim and Khan, 2025) com-
bined Domain-Adaptive Pretraining (DAPT) and
multilingual transformers with supervised fine-
tuning for hate speech classification. This sys-
tem augmented the dataset with external corpora
and curated examples to address class imbalance.
Single-shot six-way classification outperformed hi-
erarchical setups, and DAPT consistently improved
performance, especially for majority classes. This
team ranked 23rd and 18th in subtask 1A and 1B,
respectively.

PromptGuard (Hossan and Roy Dipta, 2025)
utilized a few-shot learning approach for Bangla
hate speech detection, coordinated by a manager
agent. For each input sentence, it generates a
few-shot prompt enriched with examples from all
six hate categories and category-specific keywords
identified via chi-square correlation with the labels.
Classification occurs over multiple “turns”, with
each turn sampling a new set of examples to cre-
ate a fresh prompt for inference. The final label is
determined by majority voting across turns, with
additional iterations used to break ties. This team
ranked 30th in the leaderboard of subtask 1A.
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CUET_Sntx_Srfrs (Tripty et al., 2025a) eval-
uated classical machine learning models (LR, DT,
MNB, SVC, RF, KNN) using simple and hierarchi-
cal pipelines with preprocessing, n-gram features
(TF-IDF and Count), and ensemble voting. Hier-
archical classification combined with TF-IDF and
majority-voting ensembles improved minority class
detection while maintaining strong overall perfor-
mance. This system also assessed the impact of
preprocessing and n-gram choices, providing repro-
ducible baselines for Bangla hate speech detection.
This team ranked 21st and 18th in subtask 1B and
1C, respectively.

5 Related Work

Detecting offensive language and hate speech has
become increasingly crucial with the rapid growth
of social media, where harmful content spreads
at scale (Jiang and Zubiaga, 2024; Sharma et al.,
2022; Alam et al., 2022). Over the past decade,
the field has seen a rapid methodological shift (For-
tuna and Nunes, 2018), moving from lexicon-based
techniques (Waseem and Hovy, 2016) and classical
machine learning models (e.g., logistic regression,
SVM, etc.) (Davidson et al., 2017) to transformer
models and more recently to large language models
(LLMs) (Albladi et al., 2025; Hasan et al., 2024).

Early approaches were primarily lexicon-based
or relied on shallow statistical models, such as n-
gram features with linear classifiers. Subsequent
work advanced to deep learning architectures, in-
cluding recurrent neural networks (e.g., LSTM),
and more recently to transformer-based models
such as BERT, XLM-R, MuRIL, and AraBERT.
Transformer-based models consistently outperform
traditional classifiers in the detection of offensive
and hate speech (Sharif et al., 2021). Prior work
has explored multi-task learning in Arabic (Djandji
et al., 2020), code-mixed texts in Dravidian lan-
guages (B and A, 2021), and cross-lingual transfer
with mBERT and LASER (Pelicon et al., 2021),
although cultural biases remain a key limitation
(Saumya et al., 2021a).

Kiela et al. (2020) evaluated hateful content de-
tection using SVM, CNN, and LSTM. Multi-label
hate speech detection has employed classical mod-
els and transformation-based methods (Ibrohim and
Budi, 2019), while Mridha et al. (2021) proposed L-
Boost, combining BERT embeddings with LSTM
for Bangla and Banglish social media. Compar-
isons on Bangla YouTube and Facebook comments

show that SVM often outperforms LSTM and Bi-
LSTM (Romim et al., 2021). Hybrid BERT-GRU
models have also been applied (Keya et al., 2023),
and recent work emphasizes the detection of ex-
plainable hate speech (Yang et al., 2023; Piot and
Parapar, 2025; Sariyanto et al., 2025).

Several datasets have been developed for hate
and offensive content detection. The study of
Gupta et al. (2022) created a 150K-comment
dataset for Indic languages, and Sharif et al. (2021)
studied multilingual code-mixed text, providing
baselines for Dravidian languages (Saumya et al.,
2021b; Chakravarthi et al., 2022). For Bangla, re-
sources include labeled tweets and comments rang-
ing from 3K to 50K examples (Das et al., 2022a;
Romim et al., 2021; Sazzed, 2021; Romim et al.,
2022; Das et al., 2022b), while Haider et al. (2024)
introduced a multi-label transliterated dataset using
LLM-based translation prompting.

Though research on hate speech detection has
grown rapidly, deploying these systems in real-
world applications remains challenging due to per-
formance gap, cross-lingual transfer, and cultural
biases. This shared task aims to advance research
through community collaboration and a standard-
ized evaluation framework. As an initial focus, we
classified Bangla text samples according to three
annotation tasks: Type of Hate, Severity of Hate,
and Target of Hate. This framework provides a
foundation for future studies, including multi-task
learning and explainable hate speech detection.

6 Conclusion

We presented an overview of the Hate Speech De-
tection shared task at BLP 2025, which focused
on identifying hate speech in Bangla social me-
dia text across multiple subtasks. Participating
systems leveraged transformer-based models, with
BanglaBERT, XLM-RoBERTa, and MuRIL being
the most widely used, often combined in ensem-
ble setups. Several teams also explored innovative
strategies such as few-shot learning, adversarial
training, and task-specific loss functions to improve
classification. In general, the submissions demon-
strated a mix of classical machine learning, neural
networks, pretrained language models, and LLMs
approaches. For future work, we aim to expand the
task to multi-label and multi-modal hate speech de-
tection, as well as develop more robust techniques
to handle class imbalance and cultural nuances in
Bangla text.
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Limitation

The BLP-2025 hate speech detection shared task
primarily targeted comment-level classification,
which often overlooks broader contextual infor-
mation. As a result, the identification of nuanced
aspects such as hate type, severity, and target re-
mains limited. Additionally, this edition focused
exclusively on unimodal (text-only) models, leav-
ing the exploration of multimodal approaches for
future research.

Ethics and Broader Impact

The BanglaMultiHate dataset contains only textual
comments and excludes any personally identifiable
information, ensuring that it does not pose direct
privacy concerns. However, because annotation
is a subjective process, it may still introduce cer-
tain biases. To mitigate this risk, a well-defined
annotation framework was employed along with
comprehensive guidelines to promote consistency
and reliability. However, we advise researchers and
practitioners to remain aware of these inherent lim-
itations when employing the dataset for modeling
or further research.
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A Leaderboard

We report the official leaderboard results for sub-
task 1B and 1C in Tables 4 and 5.
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R. Team Name Dev P. Eval. P.
1 TeamHateMate (Hasan and Mahim, 2025) 0.7536 0.7356
2 Code_Gen (Islam et al., 2025) 0.7532 0.7335
3 Gradient Masters (Rahman et al., 2025b) 0.7496 0.7328
4 Ecstasy (Hasan et al., 2025a) 0.7611 0.7317
5 SyntaxMind (Riad, 2025) ✗ 0.7317
6 zannatul_007 0.7508 0.7315
7 abid_al_hossain 0.7448 0.7286
8 Catalyst (Hasan and Hasan, 2025) 0.7456 0.7279
9 BElite (Tripty et al., 2025b) 0.7560 0.7275

10 Retriv (Saha et al., 2025) 0.7500 0.7269
11 PentaML (Tahmid et al., 2025) ✗ 0.7256
12 HateNetBN (Anam and Mazumder, 2025) 0.7249 0.7254
13 CUET-NLP_Zenith (Hossan et al., 2025) 0.7333 0.7213
14 adriti12 ✗ 0.7125
15 CoU-CU-DSG (Alam et al., 2025) ✗ 0.7114
16 Computational StoryLab (Prama et al., 2025) 0.7492 0.7095
17 NSU_MILab (Rahman et al., 2025a) 0.7504 0.6981
18 PerceptionLab (Fahim and Khan, 2025) ✗ 0.6979
19 pritampal98 0.7337 0.6974
20 Bahash-AI (Laskar and Paul, 2025) ✗ 0.6954
21 CUET_Sntx_Srfrs (Tripty et al., 2025a) ✗ 0.6817
22 Team_NSU_Strugglers (Samir et al., 2025) 0.6803 0.6760
23 Baseline (Majority) 0.6083 0.5974
24 lamiaa ✗ 0.2848
25 Baseline (Random) 0.2118 0.2043

– manik 0.7393 ✗

– no_name 0.7333 ✗

– Tensoryus 0.7277 ✗

– nur_163 0.7257 ✗

– rabeya_akter 0.7074 ✗

– unknown333 0.6361 ✗

– noob73 0.2647 ✗

– nuralflow 0.0565 ✗

Table 4: Official ranking of the subtask 1B on the test set. – only participated in the Development Phase. ✗ indicates
the team has not submitted the system in the respective phase. R.: Rank, Dev P.: Development Phase, Eval. P.:
Evaluation Phase.
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R. Team Name Dev P. Eval. P.

1 TeamHateMate (Hasan and Mahim, 2025) 0.7554 0.7392
2 CUET-NLP_Zenith 0.7520 0.7378
3 Code_Gen (Islam et al., 2025) 0.7558 0.7361
4 Ecstasy (Hasan et al., 2025a) 0.7505 0.7332
5 BElite (Tripty et al., 2025b) 0.7561 0.7312
6 Gradient Masters (Rahman et al., 2025b) 0.7452 0.7310
7 Retriv (Saha et al., 2025) 0.7512 0.7262
8 abid_al_hossain 0.7404 0.7250
9 nur_163 0.7459 0.7241
10 Catalyst (Hasan and Hasan, 2025) 0.7459 0.7240
11 Computational StoryLab (Prama et al., 2025) ✗ 0.7233
12 zannatul_007 0.7436 0.7181
13 PentaML (Tahmid et al., 2025) 0.7229 0.7159
14 pritampal98 0.7269 0.7153
15 abir_bot69 ✗ 0.7129
16 Team_NSU_Strugglers (Samir et al., 2025) ✗ 0.7129
17 Bahash-AI (Laskar and Paul, 2025) ✗ 0.6969
18 CUET_Sntx_Srfrs (Tripty et al., 2025a) ✗ 0.6842
19 aacontest ✗ 0.6730
20 Baseline (Majority) 0.6222 0.6072
21 adriti12 0.4141 0.3898
22 Baseline (Random) 0.2300 0.2304
– foysal_ahmed 0.6939 ✗

– aacontest 0.6838 ✗

– unknown333 0.5669 ✗

– n00b 0.5464 ✗

Table 5: Official ranking of the subtask 1C on the test set. – only participated in the Development Phase. ✗ indicates
the team has not submitted the system in the respective phase. R.: Rank, Dev P.: Development Phase, Eval. P.:
Evaluation Phase.
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Abstract

In recent times, internet users are frequently ex-
posed to Hate Speech on social media platforms
that have long-lasting negative impacts on their
mental wellbeing and also radicalizes the so-
ciety into an environment of fear and distrust.
Many methods have been developed to detect
and stop propagation of Hate Speech. However,
there is a limitation of annotated data available
for Hate Speech in Bengali language. In this
work, we have used a pretrained BanglaBERT
model on an extended train dataset synthesized
via data augmentation techniques. Our team
Bahash-AI has achieved 20th, 20th and 17th
position of the 3 subtasks out of total 37, 24
and 21 total number of teams who participated
in the subtasks 1A, 1B and 1C respectively
for Bangla Multi-task Hatespeech Identifica-
tion Shared Task at BLP Workshop with F1
scores of 0.7028, 0.6954, 0.6969 respectively.

1 Introduction

Hate Speech is generally defined as public speech
that conveys hate or incites harm towards an entity
that is an individual or a group because of their
race, religion, gender, sexual orientation and other
characteristics (Cambridge Dictionary).

Hate speech has far-reaching consequences in
society that causes the disintegration of social cohe-
sion, incites harm, mental and physical and causes
long-lasting psychological effects on individuals
and suppresses the development of a nation alto-
gether (Waldron, 2012). Hate speech also causes
suppression of free speech of the affected entities,
isolating them from public discourse out of fear. A
fundamental part of a functioning society is skepti-
cism and debate. People will fear to express new
ideas out of fear of being targeted, and the exchange
of ideas will become stagnant (Celuch et al., 2023).
Political parties and their affiliated individuals and
groups use hate speech to retract attention on crit-
ical issues and also to divide the population into

voting groups to their advantage, hence the exis-
tence of hate speech becomes a crisis to the state
of democracy (Putra and Damanik, 2021). While
some claim that hate speech is protected under free
speech and expression, hate speech in turn actually
suppresses the expression and participation of free
speech of the targeted individuals and communities.
Hence, hate speech should be detected to protect
societal interests and handled appropriately accord-
ing to the situation (Waldron, 2012). Due to the
advent of social media, it has become hard to detect
hate speech manually. Rather, programmatic de-
tection of hate speech has become a critical part of
Natural Language Programming (NLP) techniques
(Nascimento et al., 2023).

While significant progress has been made in En-
glish language due to the huge amount of data avail-
able online, Bengali language hate speech is lower
as many individuals prefer to use English in social
media due to unfamiliarity of using regional lan-
guage keyboards or even using latinized version
of Bengali. There is also the challenge of code-
mixing, where English and Bengali are mixed (Das
et al., 2022). The main theme of the shared task
(Hasan et al., 2025b) is to detect and understand
Hate Speech across a variety of subtasks, which is a
reflection of real life scenarios where Hate Speech
identification requires understanding not just its
presence, but also its type, target, and severity.

2 Related Work

We briefly describe the recent related works related
to Hate Speech detection techniques. Many works
have used classical Machine Learning methods like
Logistic Regression, Naive Bayes, Support Vector
Machine, Decision Tree, Random Forests, etc. to
detect Hate Speech after preprocessing the data
with techniques like Lemmatization, Feature Ex-
traction etc. (Davidson et al., 2017). The deep
learning models like CNNs, RNNs and transform-
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ers are becoming more prominent nowadays (Ma-
lik et al., 2024), (Schmidt and Wiegand, 2017).
BanglaBERT is a BERT model that was specifically
pretrained on Bengali text to be able to perform
tasks for Bengali language inputs (Bhattacharjee
et al., 2021). There even exists a BanglaHateBERT
specifically designed to detect Hate Speech in Ben-
gali language (Jahan et al., 2022). LLMs are the
latest type of models in recent years, which are the
current state-of-the-art models. Due to resource
unavailability, pretraining full precision LLMs like
GPT-OSS, Deepseek R1, Qwen 3, Llama 3.1 etc.,
which have enormous requirements for training
data and GPU resources, becomes unviable at the
current stage, but we can use LoRa adapters to
finetune a portion of the weights of the model to
finetune on the training data albeit with low accu-
racy score (Albladi et al., 2025). They suggested
that future works in LLM specifically on regional
languages like Bengali language will possibly pave
the way for hate speech detection on full precision
LLM models. In our case, due to resource limita-
tions, we have opted for BanglaBERT along with
BanglaHateBERT for this task.

3 Dataset

The dataset (Hasan et al., 2025a) 1 used has been
provided by the organizers of second Bangla Lan-
guage Processing (BLP) Workshop for the shared
task on Bangla Hate Speech Detection (Hasan et al.,
2025b). The dataset consists of 3 subtasks. For all
subtasks, each row has a Bengali text collected
from YouTube comments. These are then labelled
for each subtask appropriately. For subtask 1A, the
label is the hate speech category of types Abusive,
Sexism, Religious Hate, Political Hate, Profane,
or None. For subtask 1B, the label is of the entity
towards which the hate speech is directed and is
of the following types: Individuals, Organizations,
Communities, or Society. For subtask 1C, both of
the labels from subtask 1A and 1C are included
along with a new label categorizing the hate sever-
ity and is of the types: Little to None, Mild, or
Severe.

The train, validation, devtest and final test con-
sists of 35,522, 2,512, 2,512 and 10,200 instances
respectively. For data augmentation, the Bengali
train text sets were first translated to English. Next,
the pegasus_paraphrase2 model was used to para-

1https://github.com/AridHasan/blp25_task1
2https://hf.co/tuner007/pegasus_paraphrase

phrase the sentences and then translated back to
Bengali again. This added 28,220 instances to the
train set.

4 System Description

The BanglaBERT (Bhattacharjee et al., 2022)
model was used for the given Hate Speech De-
tection subtasks with specific finetuning for each
of the subtasks. For subtask 1A and 1B, there
only had a single output label, so straightforwardly
Hugging Face trainer was used to predict the class.
Whilst in subtask 1C, there were three outputs to
predict, hence the code was modified by outputting
the one hot encoded form of all the three labels in
a single row, from where the required output was
simply extracted. This is simple to implement as
it can be simply extracted by slicing, considering
the number of unique class labels for each output
column. After this, the loss for each output column
was calculated and added. By minimizing this com-
bined loss function, the model learns to predict all
the output columns correctly simultaneously. Data
augmentation has been used to increase train set
size, as mentioned in section 3. The model used
batch size 16, dropout 0.1 while rest of parame-
ters were set to default values. The models were
trained on a single Nvidia L4 GPU with 24GB of
VRAM for 10 epochs with early stopping. The
training process took about one and half hours for
each subtask. F1 score metric was then used to
evaluate the models on the basis of the resulting
outputs in every subtask. After BanglaBERT mod-
els were finetuned, BanglaHateBERT models were
finetuned as well, but they had worse performance
than BanglaBERT and therefore not submitted for
the Shared Task.

5 Result and Analysis

The BLP 2025 shared task organizer (Hasan et al.,
2025b) published the evaluation results of the three
subtasks of Task 1. The shared task 1 includes
three subtasks, namely, subtask 1A: Single label
categorization of hate speech type, subtask 1B:
Single label categorization of targeted entity of
Hate Speech, subtask 1C: Multilabel categorization
of hate speech type, severity and targeted entity.
Herein, the participation of the research paper was
present in all the 3 subtasks 1A, 1B and 1C with a
team named Bahash-AI and achieved the 20th, 20th
and 17th position of the 3 subtasks out of total 37,
24 and 21 total number of teams who participated
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in the subtasks 1A, 1B and 1C respectively.
The evaluation metric used was the F1 score,

which was calculated locally using the predictions
and the corresponding gold label files provided by
the organizers for each subtask. The computation
was performed with a simple Python script avail-
able in the dataset’s GitHub repository, as men-
tioned in Section 3. For the test set’s gold labels
which were not provided to us by the organizer
before the competition ended, we had to upload the
prediction files to Codabench website from where
we got our F1 scores. We also compared with our
models that were finetuned without data augmenta-
tion. The results of our system are marked in Table
1.

Task Model Dev Test
1A Fine-tuned 0.721 0.693

Augmentation+ 0.724 0.703
Fine-tuned

1B Fine-tuned 0.715 0.689
Augmentation+ 0.700 0.695
Fine-tuned

1C Fine-tuned 0.701 0.699
Augmentation+ 0.695 0.697
Fine-tuned

Table 1: BanglaBERT models comparison. The models
and figures marked in bold are the latest submitted mod-
els for the task.

The n-gram baselines for the subtasks were pro-
vided by the organizers as 0.6075, 0.6279 and
0.6401 respectively for the dev-test set. These were
thus clearly surpassed by our models, seen from the
table 1. Minor improvement was observed on aver-
age in models finetuned on augmented data rather
than models finetuned on original train dataset.

Now the original and augmented dataset’s class
label frequency for each subtask have been given
in 4, 5 and 2. Since subtask 1C will also have the
labels for 1A and 1B, only this class wise frequency
is shown, while the rest are in appendix. The class
wise accuracy (6) and confusion matrices (1, 2, 3, 4,
5) of test datasets are given in appendix A as well.
From these, we can see that due to the None or Lit-
tle to None categories being a majority proportion
of the dataset have the most accuracy. While other
categories which are in lower proportions have low
accuracy. Sexism for instance in Task 1A and 1C
have the lowest counts and hence have the low-
est accuracy in both the models with 1A having
0 accuracy and 1C having 0.1034 accuracy. This

unbalance ultimately causes the overall accuracy
around the range of 0.70 (0.7028, 0.6954, 0.6969).
Hence, these models can be said to be very poor
in classifying the majority of labels caused by the
unbalanced distribution. This could be potentially
remedied by having balanced dataset distribution
or by increasing data size. As we can see from
1, data augmentation using our method provided
limited improvement in accuracy despite nearly
doubling the train dataset. Hence, there is need to
try other data augmentation procedures or look for
further sources of Hate Speech data to include in
our training.

Subtask Label Original Augmented

Hate
Type

None 19954 35877
Abusive 8212 14701
Political
Hate

4227 7551

Profane 2331 4175
Religious
Hate

676 1208

Sexism 122 221

Hate
Severity

Little to
None

23489 42199

Mild 6853 12262
Severe 5180 9272

To
Whom

None 21190 38085
Individual 5646 10124
Organization 3846 6909
Community 2635 4719
Society 2205 3896

Table 2: Class label frequency for Subtask 1C aug-
mented training data.

Being the case that the augmentation technique
used was highly susceptible to translation noise and
semantic drift, further experiments were conducted
on the original dataset along with oversampling
and undersampling methods to get balanced out-
put class frequency. The BanglaHateBERT model
mentioned in Section 2 was utilized and finetuned,
which is specifically made for Bangla language
hate speech. This does solve the issue of highly
unbalanced class dataset, but it doesn’t yield per-
formance improvement, and hence these models
were not submitted to the Shared Task. The results
are given in Table 3.

The reason for the BanglaHateBERT model be-
ing worse than BanglaBERT on the original dataset
need to be investigated further, however it can
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at least be understood that simple oversampling
and undersampling strategies won’t be helpful for
BanglaBERT model and other synthetic data gener-
ation methods have to be explored in future works.

Task Sampling Strategy Dev Test

1A
Original 0.654 0.659
Oversampled 0.631 0.623
Undersampled 0.433 0.436

1B
Original 0.664 0.649
Oversampled 0.531 0.542
Undersampled 0.612 0.597

1C
Original 0.622 0.607
Oversampled 0.187 0.192
Undersampled 0.315 0.311

Table 3: Comparison of different sampling strategies
(Original, Oversampling, and Undersampling) for fine-
tuning with BanglaHateBERT.

6 Conclusion

This paper showcases our research work in subtask
1, Bangla Hate Speech Detection at BLP Work-
shop. To tackle the problem of low number of train
rows, we have used a data augmentation strategy
alongside a specific language oriented pre-trained
model, BanglaBERT that shows remarkable accu-
racy despite the lack of data and training resources.
BanglaHateBERT along with oversampling and un-
dersampling methods didn’t help in performance
improvement compared to original dataset and
were worse than BanglaBERT based models. Fu-
ture work can tackle the problem by introducing
more sources of data along with code-mixed and
latinized data, more methods of synthetic data gen-
eration and more sophisticated models which aligns
more with real life situations, which would be spe-
cially useful in countries with diverse languages
such as India.
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Label Original Augmented
None 19954 35877
Abusive 8212 14701
Political Hate 4227 7551
Profane 2331 4175
Religious Hate 676 1208
Sexism 122 221

Table 4: Subtask 1A: Frequency count of labels before
and after augmentation.

Label Original Augmented
None 21190 38085
Individual 5646 10124
Organization 3846 6909
Community 2635 4719
Society 2205 3896

Table 5: Subtask 1B: Frequency count of labels before
and after augmentation.

Subtask Label Accuracy

1A

Abusive 0.392
Political
Hate 0.378

Profane 0.684
Religious
Hate 0.246

Sexism 0.000
None 0.917

1B

Community 0.328
Individual 0.439
Organization 0.304
Society 0.406
None 0.911

1C

Hate Type
Abusive 0.507
Political
Hate 0.547

Profane 0.678
Religious
Hate 0.486

Sexism 0.103
None 0.787

Hate Severity
Mild 0.336
Severe 0.479
Little to
None 0.893

To Whom
Community 0.365
Individual 0.572
Organization 0.517
Society 0.358
None 0.821

Table 6: Label-wise accuracy for different subtasks.
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Abstract
This paper introduces the approach of "Gradi-
ent Masters" for BLP-2025 Task 1: "Bangla
Multitask Hate Speech Identification Shared
Task". We present an ensemble-based fine-
tuning strategy for addressing subtasks 1A
(hate-type classification) and 1B (target group
classification) in YouTube comments. We pro-
pose a hybrid approach on a Bangla Language
Model, which outperformed the baseline mod-
els and secured the 6th position in subtask 1A
with a micro F1 score of 73.23% and the third
position in subtask 1B with 73.28%. We con-
ducted extensive experiments that evaluated the
robustness of the model throughout the develop-
ment and evaluation phases, including compar-
isons with other Language Model variants, to
measure generalization in low-resource Bangla
hate speech scenarios and data set coverage. In
addition, we provide a detailed analysis of our
findings, exploring misclassification patterns in
the detection of hate speech.1

1 Introduction

Both positive discourse and harmful language are
amplified by social media where automatic detec-
tion of hate speech is crucial. For low-resource
languages such as Bangla, practical moderation
is made harder by limited labeled data, extreme
class imbalance, and noisy user text which in-
cludes mixed scripts, transliteration, and frequent
typos. The BLP-2025 Task 1 provides a challeng-
ing, fine-grained annotation scheme over YouTube
comments comprising both (a) hate-type categories
(e.g., Abusive, Political Hate, Sexism) and (b) tar-
get groups (e.g., Individual, Organization, Commu-
nity).

In this work we try to present an ensemble-based
fine-tuning pipeline designed to improve robust-
ness and generalization on this task. Our design
choices respond to two task-specific challenges:

1Our code and models are available at https://github.
com/SyedT1/Shared_Task1_HateSpeech

• Noise & Orthography: Bangla social text
shows spelling variation and mixed scripts. To
tackle this we apply a lightweight rule-based
normalization to reduce orthographic variance.
before tokenization.

• Adversarial/noisy input: User comments of-
ten contain typos, slang, or misspellings. In
order to improve model resilience, we apply
adversarial fine-tuning using FGSM, perturb-
ing token embeddings during training which
simulates realistic input variations.

Our contributions are:

1. A reproducible ensemble pipeline for robust
Bangla hate speech detection.

2. Empirical analysis of adversarial fine-tuning
and normalization effects under severe class
imbalance.

3. Error analysis and per-class metrics that iden-
tify concrete failure modes for minority cate-
gories.

2 Related works

Recent work on hate speech detection in low re-
source languages has evolved significantly. (Ghosh
and Senapati, 2022) analyze transformer-based
monolingual and cross-lingual models (e.g., BERT,
ALBERT, RoBERTa, DistilBERT, MuRIL) on
datasets in Hindi, Marathi, Bangla, Assamese, and
new Assamese and Bodo corpora, showing mul-
tilingual models generalize better to unseen low-
resource languages, though performance varies
by language family (Assamese–Bodo vs. Indo-
Aryan). (Das et al., 2024) surveys hate speech
detection in low-resource languages worldwide,
cataloging datasets, features, and methods, high-
lighting dataset scarcity and linguistic variation as
key barriers. In code-mixed settings, (C V et al.,

408

https://github.com/SyedT1/Shared_Task1_HateSpeech
https://github.com/SyedT1/Shared_Task1_HateSpeech


2024) introduce a multitask framework with XLM-
RoBERTa for misinformation and hate speech in
Hindi–English posts, demonstrating effectiveness
of cross-lingual transformers with tweaks. For
Bangla, (Al Maruf et al., 2024) survey linguistic
nuances (e.g., dialect, script, informal speech) and
challenges in hate speech detection. (Faria et al.,
2024) compare LLMs (GPT-3.5 Turbo, Gemini 1.5
Pro) with traditional classifiers in Bangla via zero-
and few-shot learning, achieving gains over SVM
baselines. New datasets like BIDWESH (Fayaz
et al., 2025) and BanTH (Haider et al., 2025) pro-
vide multi-dialect or transliterated Bangla corpora
with fine-grained labels for hate presence, type,
and targets (e.g., gender, religion, origin). Earlier
Bangla datasets by (Karim et al., 2020; Romim
et al., 2021, 2022) offer 30–50K comments for bi-
nary or categorical classification. BLP-2023 shared
tasks (Raihan et al., 2023; Tariquzzaman et al.,
2023; Fahim, 2023) advance robust systems: (Rai-
han et al., 2023) use a two-step pipeline for Non-
Violence, Passive-Violence, and Direct-Violence
with back-translation and multilinguality; (Tariquz-
zaman et al., 2023) combine Informal Bangla Fast-
Text embeddings with BiLSTM for cost-effective
performance near transformers; (Fahim, 2023) en-
hance BanglaBERT via in-task pretraining, adver-
sarial perturbation, and ensembles for sentiment,
applicable to multi-task hate classification. Our
work builds on these by integrating type, target,
and severity in Bangla YouTube comments, empha-
sizing fine-grained labels and efficient models for
low-resource settings.

3 Dataset Description

The dataset for this task (Hasan et al., 2025b,a)
exhibits significant class imbalance across both
subtasks, with the "None" label constituting the
majority in both training and development sets. Ta-
ble 1 presents the distribution for Subtask 1A (Type
of Hate) and Table 2 shows the distribution for Sub-
task 1B (Target Group).

Distribution analysis reveals consistent patterns
between training and development sets, indicating
proper data splitting. In particular, severe class
imbalance poses challenges for model training, par-
ticularly for minority classes in Subtask 1A such
as Sexism (0. 34% in training) and Religious Hate

0Dev – public development set (hyper-parameter tuning);
Dev Test – blind validation set (used for leaderboard);
Test – official blind test set (final ranking).
This footnote applies to both Table 1 and Table 2.

Label Train Dev Dev Test Test
None 19,954 1,451 1,447 5,751
Abusive 8,212 564 549 2,312
Political Hate 4,227 291 283 1,220
Profane 2,331 157 185 709
Religious Hate 676 38 40 179
Sexism 122 11 8 29
Total 35,522 2,512 2,512 10,200

Table 1: Subtask 1A (Type of Hate) Dataset Distribution

Label Train Dev Dev Test Test
None 21,190 1,536 1,528 6,093
Individual 5,646 364 391 1,571
Organization 3,846 292 292 1,152
Community 2,635 179 159 759
Society 2,205 141 142 625
Total 35,522 2,512 2,512 10,200

Table 2: Subtask 1B (Target Group) Dataset Distribution

(1.90% in training). Similarly, in Subtask 1B, the
None class constitutes 59.66% of the training set,
with minority classes like Society (6.21%) and
Community (7.42%).

4 Method Description

4.1 Adversarial Fine-tuning (FGSM)
We use the Fast Gradient Sign Method (FGSM)
(Goodfellow et al., 2014) as a light-weight adver-
sarial fine-tuning mechanism to improve robustness
to small input perturbations (typos, obfuscation,
or transliteration noise common in YouTube com-
ments). FGSM perturbs token embeddings in the
direction of the loss gradient:

∆ = ϵ · sign(∇ΘJ(x, y; Θ)) (1)

and we minimize a combined loss:

J̃(x, y) = αJ(x, y) + (1− α)J(x+∆, y). (2)

In our experiments we used ϵ = 0.1 and α = 0.5,
applying FGSM on perturbed embeddings every
other epoch during fine-tuning. We report these
hyperparameters and ablate FGSM vs. standard
fine-tuning in Section 5. FGSM is applied in em-
bedding space only (not at token substitution level),
which is computationally inexpensive compared to
stronger iterative attacks.

While stronger iterative methods like Projected
Gradient Descent (PGD) (Geisler et al., 2024) and
Adversarial Weight Perturbations(AWP) (Wu et al.,
2020) could yield more robust perturbations, we
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selected FGSM for its single-step efficiency, re-
ducing training time by 50% compared to PGD
and 57% compared to AWP respectively(based on
preliminary trials).

4.2 Data Augmentation
To enhance our model’s performance,we applied
external augmentation by collecting multiple la-
beled hate speech samples from public datasets
such as WoNBias (Aupi et al., 2025) and Bangla
Hate Speech Detection Dataset (Romim et al.,
2021) for subtask 1A. These datasets were specif-
ically selected to address categories like sexism,
religious hate, and political hate. Initially, training
on this combined dataset yielded improved accu-
racy on the development set. However, the same
model performed poorly on the test set, likely due
to domain mismatch or overfitting to the augmented
data. As a result, we reverted to training our final
models solely on the original training dataset.

5 Results and Analysis

We present comprehensive experimental results for
both subtasks, demonstrating the effectiveness of
our proposed ensemble-based approach with adver-
sarial training and text normalization.

5.1 Subtask 1A: Hate Speech Type
Classification

Table 3 summarizes our experimental results for
multi-class classification of Bengali text into six
categories: Abusive, Sexism, Religious Hate, Polit-
ical Hate, Profane, or None.

Our analysis shows several key findings:
(1) Traditional deep learning models (BiLSTM,
LSTM+Attention) significantly underperformed
compared to transformer-based approaches, with
F1 scores around 55-56%. (2) Among base LLMs,
XLM-R-large achieved the highest development
performance (72.81%), followed by MuRIL-large
(71.02%) and BanglaBERT (70.74%). (3) K-fold
cross-validation (KF) improved performance by 2-
3% across models, with MuRIL-large+KF reaching
73.61% on Dev and 71.88% on Test. (4) Text nor-
malization (N) further boosted performance, partic-
ularly for BanglaBERT+N (74.32% Dev, 71.14%
Test). (5) The combination of BanglaBERT with
K-fold, FGSM adversarial training, and normaliza-
tion (BanglaBERT+KF+FGSM+N) achieved the
highest scores of 74.88% on Dev and 72.33% on
Test, showing the effectiveness of combining these
techniques.

Model Dev Test
DL Models
BiLSTM 56.25 47.64
LSTM+Attention 55.18 54.41
Base LLMs
XLM-R-large 72.81 70.54
MuRIL-large 71.02 70.29
BanglaBERT 70.74 70.31
BanglaBERT-large 70.51 68.13
XLM-R-base 70.50 70.15
DistilBERT-multi 68.03 68.49
K-Fold CV
MuRIL-large+KF 73.61 71.88
XLM-R-large+KF 73.45 71.72
BanglaBERT+KF 73.29 72.05
K-Fold CV + Normalizer
BanglaBERT+N 74.32 71.14
XLM-R-large+N 73.29 71.57
MuRIL+N 73.73 72.30
Adversarial attacks w/o Normalizer
BanglaBERT+KF+FGSM 73.87 72.17
MuRIL+KF+FGSM 73.68 71.90
Adversarial Attacks w Normalizer
BanglaBERT+KF+FGSM+N 74.88 72.33
MuRIL+KF+FGSM+N 73.81 71.31

Table 3: Subtask 1A Results (Micro F1 %)

5.2 Subtask 1B: Target Group Classification
Table 4 presents results for hate speech target clas-
sification into four categories: Individuals, Organi-
zations, Communities, or Society.

For Subtask 1B, we observe: (1) Base trans-
former models showed consistent performance,
with F1 scores ranging from 69.27% to 72.09%
on Dev and 68.46% to 71.23% on Test. (2) MuRIL-
large with K-fold cross-validation obtained the best
scores of 74.96% on Dev and 73.44% on Test, in-
dicating strong generalization. (3) Text normaliza-
tion improved performance, with BanglaBERT+N
and MuRIL+N reaching 74.72% and 74.48% on
Dev, respectively, and 72.89% and 73.44% on
Test. (4) Adversarial training with FGSM fur-
ther enhanced results, with XLM-R-large with
KFold CV and FGSM attack achieving 74.20%
on Dev and 73.28% on Test. (5) The combina-
tion of K-fold, FGSM, and normalization (e.g.,
BanglaBERT+KF+FGSM+N) yielded competitive
performance (74.64% Dev, 73.12% Test), though
slightly below MuRIL-large+KF on Test.

5.3 Error Analysis
Tables 3 and 4 show that BanglaBERT with FGSM
adversarial training and text normalization obtains
the best performance for Subtask 1A (72.33% test
F1), while MuRIL-large with K-fold achieved the
best for Subtask 1B (73.44% test F1). To gain
further insight about system performance, the con-
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Model Dev Test
Base LLMs
BanglaBERT 72.09 70.25
MuRIL-large 71.93 70.93
XLM-R-large 71.38 71.23
BanglaBERT-large 69.90 68.88
XLM-R-base 71.09 70.19
DistilBERT-multi 69.27 68.46
K-Fold CV
MuRIL-large+KF 74.96 73.44
BanglaBERT+KF 73.69 71.85
XLM-R-large+KF 71.53 68.07
K-Fold CV + Normalizer
BanglaBERT+N 74.72 72.89
MuRIL+N 74.48 73.44
XLM-R-large+N 72.39 71.66
Adversarial attacks w/o Normalizer
BanglaBERT+KF+FGSM 74.12 72.25
MuRIL+KF+FGSM 73.89 72.92
XLM-R-large+KF+FGSM 74.20 73.28
Adversarial attacks w Normalizer
BanglaBERT+KF+FGSM+N 74.64 73.12
MuRIL+KF+FGSM+N 74.56 72.95
XLM-R-large+KF+FGSM+N 74.32 72.17

Table 4: Subtask 1B Results (Micro F1 %)

fusion matrices (Figures 1 and 2) are analyzed.
For Subtask 1A (Figure 1), the model ob-

tains the highest True Positive Rate (TPR) of
83.13% (4781/5751) for None category and 76.24%
(540/709) for Profane category. The model shows
moderate performance for Political Hate with
61.48% (750/1220) TPR and Religious Hate with
53.07% (95/179) TPR. However, it provides the
lowest TPR of 55.17% (16/29) for Sexism cate-
gory.

Our model significantly misclassified Abusive
texts, where only 51.73% (1196/2312) were cor-
rectly identified. A major portion of Abusive texts
were misclassified as None (682 instances) and
Political Hate (229 instances). This suggests the
model struggles to distinguish between general abu-
sive language and other hate categories, likely due
to overlapping linguistic features such as aggres-
sive vocabulary and derogatory terms. Political
Hate texts also showed considerable confusion,
with 216 instances misclassified as Abusive and 201
as None. The class imbalance, with Sexism repre-
senting only 0.34% of training data, contributes to
poor minority class performance.

For Subtask 1B (Figure 2), the model achieves
the highest TPR of 86.72% (5282/6093) for None
category and 64.59% (1016/1571) for Individual
targeting. The model shows moderate performance
for Organization with 56.16% (647/1152) TPR.
However, it provides lower TPR for Community
(41.24%, 313/759) and Society (37.28%, 233/625)

Abu
siv

e

Pol
itic

al 
Hate

Pro
fan

e

Re
ligi

ou
s H

ate
Se

xis
m

Non
e

Predicted Label

Abusive

Political Hate

Profane

Religious Hate

Sexism

None

Tr
ue

 L
ab

el

1196 229 111 43 51 682

201 750 44 7 2 216

100 27 540 2 14 26

27 5 4 95 1 47

5 0 0 0 16 8

557 247 47 44 75 4781 0

1000

2000

3000

4000
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Figure 2: Confusion matrix analysis for Subtask 1B
using MuRiL with K Fold CV

categories.
The confusion between Individual and None

categories shows 426 Individual texts misclassi-
fied as None, indicating difficulty identifying sub-
tle personal attacks lacking explicit hate markers.
Community-targeted hate shows significant con-
fusion with None (266 misclassifications), while
Society-targeted hate is frequently misclassified
as None (234 instances). Organization texts are
often confused with None (288 instances) and Indi-
vidual (111 instances). This pattern suggests that
abstract group-targeted criticism is difficult to dis-
tinguish from neutral text or personal attacks. The
imbalanced dataset, where None represents 59.66%
of training data, biases toward the majority class,
causing systematic misclassification of minority
categories.
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5.4 Computational Analysis
All experiments were conducted on dual NVIDIA
T4 GPUs (T4x2 configuration) which were avail-
able through Kaggle and Google Colab platforms.
Base LLM fine-tuning (e.g., BanglaBERT) re-
quired 2-3 hours per epoch. The full pipeline with
K-fold cross-validation (5 folds) and FGSM for
BanglaBERT took approximately 6-7 hours in total.
For larger models like MuRIL-large and XLM-R-
large with K-fold and FGSM, training exceeded
12 hours, hitting the session limits on these plat-
forms and requiring session restarts. FGSM added
10-15% overhead per epoch due to gradient com-
putations but remained lightweight compared to
iterative attacks like PGD.

6 Conclusion

Our experiments demonstrated the efficacy of
integrating multilingual pre-trained models with
robustness-enhancing techniques, especially in ad-
dressing class imbalances and noisy social media
text from YouTube comments. The use of adver-
sarial perturbations made the model more resilient
to real-world changes like typos and informal lan-
guage. Normalization, on the other hand, fixed
script inconsistencies that are common in Bangla
online content.

Limitations

Our approach has some limitations even though
the results are promising. The dataset has severe
class imbalance, particularly for minority classes
like "Sexism" and "Religious Hate" in subtask 1A,
whereas we observed the same for "Community"
and "Society" in subtask 1B. This might have led to
under-performance on these categories, even with
K-fold cross-validation and adversarial training.
While we experimented with external data augmen-
tation, it did not yield improvements on the test set,
suggesting potential domain mis-matches between
public datasets and the YouTube-specific corpus
for the shared task.

Additionally, we intended to explore more ad-
vanced adversarial techniques, such as Geometry-
Aware Adversarial Training (GAT) (Zhu et al.,
2022) and Adversarial Weight Perturbation
(AWP) (Wu et al., 2020), to further enhance ro-
bustness of the models. However, these were in-
feasible due to computational constraints as fine-
tuning larger models like XLM-RoBERTa-large
and MuRIL-large uncased required approximately

5 hours per epoch. This exceeded the 12-hour ses-
sion limits on platforms like Kaggle and Google
Colab causing frequent restarts and complicating
experimentation.
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Abstract

Content Warning: This paper contains con-
tent that some readers may find inappropriate
or disturbing.

The BLP-2025 Task 1A requires Bengali
hate speech classification into six categories.
Traditional supervised approaches need ex-
tensive labeled datasets that are expensive
for low-resource languages. We developed
PromptGuard, a few-shot framework combin-
ing chi-square statistical analysis for keyword
extraction with adaptive majority voting for
decision-making. We explore statistical key-
word selection versus random approaches and
adaptive voting mechanisms that extend clas-
sification based on consensus quality. Chi-
square keywords provide consistent improve-
ments across categories, while adaptive voting
benefits ambiguous cases requiring extended
classification rounds. PromptGuard achieves
67.61 micro-F1, outperforming n-gram base-
lines (60.75) and random approaches (14.65).
Ablation studies confirm chi-square based key-
words show the most consistent impact across
all categories. 1

1 Introduction

The widespread presence of hate speech on on-
line platforms threatens user safety worldwide.
While Natural Language Processing has advanced
through transformer models (Vaswani et al., 2017),
pre-trained models like BERT (Devlin et al.,
2019), and large language models (Brown et al.,
2020), Bengali faces unique challenges in auto-
mated content moderation due to its rich morphol-
ogy and culturally specific expressions of toxicity.
Additionally, the field suffers from a lack of large-
scale annotated datasets (Romim et al., 2021; Das
and Mukherjee, 2023). The BLP-2025 Task 1A
(Hasan et al., 2025a,b) requires classifying Ben-
gali text into six categories: none, sexism, abusive,

1https://github.com/Rakib911Hossan/PromptGuard

profane, religious hate, and political hate. This
task comes with some significant challenges: se-
vere class imbalance with limited training data for
Bengali hate speech detection (Faria et al., 2024),
the scarcity of comprehensive datasets (Al Maruf
et al., 2024), and resource constraints common
to low-resource language processing (Magueresse
et al., 2020).

Although Bengali hate speech detection has
been explored in prior work, most systems fail
to generalize under data imbalance and overlap-
ping linguistic cues between categories such as
abusive and profane (Romim et al., 2021; Das and
Mukherjee, 2023). We introduce PromptGuard,
a statistically grounded few-shot framework com-
bining: (1) chi-square analysis for discriminative
keyword extraction (Azzahra et al., 2021), (2) sys-
tematic two-phase example selection inspired by
few-shot learning principles (Brown et al., 2020),
and (3) adaptive majority voting (Dietterich, 2000)
that extends decisions when consensus is unclear.
Our approach demonstrates that few-shot methods
combining statistical feature selection and adap-
tive voting can achieve competitive performance
without requiring extensive labeled datasets.

To summarize, our contributions are: (1) novel
integration of chi-square feature selection with
few-shot prompting, (2) adaptive majority voting
with dynamic decision extension, and (3) compre-
hensive ablation studies validating each compo-
nent’s effectiveness.

2 PromptGuard

PromptGuard combines chi-square keyword ex-
traction, adaptive example selection, and major-
ity voting with consensus extension to achieve ro-
bust Bengali hate speech classification without ex-
tensive labeled datasets. PromptGuard combines
chi-square keyword extraction, adaptive example
selection, and majority voting with consensus ex-
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Figure 1: Overall architecture of PromptGuard frame-
work. The system processes Bengali text through bal-
anced dataset construction, extracts discriminative key-
words using chi-square analysis, constructs prompts
with selected examples, performs parallel LLM classi-
fications, and applies adaptive majority voting to pro-
duce the final hate speech category classification.

tension to achieve robust Bengali hate speech clas-
sification without extensive labeled datasets. The
framework operates through an iterative decision-
making process (illustrated in Fig. 1): it begins
by running 3 parallel classification attempts, each
using different example sets. If these initial at-
tempts produce a clear majority vote (>50% agree-
ment), the winning classification is returned im-
mediately. However, when no clear consensus
emerges, the system adaptively extends the voting
process by adding additional classification rounds
with randomly selected examples. This extension
continues iteratively until either a clear majority
is achieved or a maximum of 10 total turns is
reached, at which point the system selects from
among the tied labels. This adaptive mechanism
proves particularly valuable for ambiguous cases
where the initial classification attempts disagree.
The complete method pipeline is illustrated in
Fig. 1.

2.1 Balanced Dataset Construction
The first step creates a balanced training pool by
sampling 120 examples per category, resulting in
720 examples across 6 categories. This size was
constrained by the smallest category (sexism) to
ensure balanced representation without data aug-
mentation. Random sampling with a fixed seed

Category Top-2 Keywords χ2 Score

Profane বাল 2980.27
মািগর 1559.10

Political Hate েভাট 1738.07
িবএনিপ 1534.63

Religious Hate মুসিলম 1378.39
িহনু্দ 1280.53

Sexism নারী 871.51
পরিকয়া 801.57

Table 1: Top-2 discriminative keywords per hate
speech category ranked by chi-square scores. Profane
category shows the highest statistical association (χ2

= 2980.27), while sexism exhibits the lowest scores
among hate categories (χ2 = 871.51).

ensures reproducibility and prevents category bias.

2.2 Statistical Keyword Extraction using
Chi-Square Testing

We have used the chi-square (χ2) to identify words
most statistically associated with each hate speech
category (Forman, 2003), ensuring genuine dis-
criminative power over arbitrary selection. Table 1
presents the highest-scoring keywords for each cat-
egory based on chi-square analysis. The prepro-
cessing pipeline applies Unicode filtering, mini-
mum document frequency of 5, and maximum of
95% to retain discriminative Bengali vocabulary.

Manual Keyword Refinement The statistically
extracted keywords undergo manual filtering for
cultural sensitivity while maintaining balanced
representation across categories. The refined key-
word sets include:

• Abusive: দালাল, িটিভ, ফালতু, েচার, িমথয্া, পাগল,
জুতা, লজ্জা, আিমন

• Profane: বাল, মািগ, খানিক, েবশয্া, দফা, বাচ্চা,
সালা, শালা, মাদারেচাদ, কুত্তা, জারজ, েপালা, শু-
েয়ার

• Religious Hate: মুসিলম, িহনু্দ, ইহুিদ, মুসলমান,
গজব, ধমর্, ইসলাম, কােফর, মসিজদ, ধমীর্য়, েমাল্লা,
আল্লাহ

• Political Hate: েভাট, িবএনিপ, আওয়ামী, লীগ,
সরকার, িনবর্াচন, হািসনা, অৈবধ, জনগণ, পািটর্ , দল,
েচার, রাজনীিত
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Model Random Majority n-gram PromptGuard Rank-1 Rank-2 Rank-3

micro-f1 14.65 57.60 60.75 67.61 73.62 73.45 73.40

Table 2: PromptGuard performance compared to baselines and top-performing systems on 10,000 test instances.
While outperforming simple baselines by 7-53 micro-F1 points, a 6-point gap remains with leading approaches.

• Sexism: নারী, পরিকয়া, মিহলা, পুরুষ, িহজরা, িব-
েয়, িলঙ্গ, েহােটল, েমেয়, েবডা, আবািসক

2.3 Enhanced Prompt Engineering

The method uses a structured prompt (§A.1) tem-
plate that combines statistical keywords with few-
shot examples to improve classification accuracy.
Specifically, the prompt integrates three key com-
ponents: (1) Examples for each category, (2) Key-
words from each category, (3) step-by-step reason-
ing guidelines.

2.4 Dynamic Few-Shot Learning Strategy

The example selection method uses two phases
to balance diversity, as sample selection strate-
gies significantly impact few-shot learning perfor-
mance (Pecher et al., 2024). In the first phase (3
turns), examples are selected sequentially from a
pool of 120 instances without reuse, using 20 ex-
amples per category per turn. For future turns, if
needed, the system extends voting for up to 10 ad-
ditional turns using random selection of examples
to provide fresh perspectives on ambiguous cases.
If consensus remains unclear after maximum itera-
tions, the system selects one random winner from
the tied ones (the label with the highest vote count)
as the final decision.

2.5 Robust Majority Voting with Adaptive
Extension

The voting mechanism operates in two phases
building on self-consistency approaches (Wang
et al., 2022):

Initial Phase: Execute n0 = 3 parallel vot-
ing turns {V1, V2, V3}, each using distinct example
sets Ei where Ei ∩ Ej = ∅ for i ̸= j.

Adaptive Extension: If no clear majority
emerges, iteratively add voting turns V3+k for k =
1, 2, . . . , 10, where each V3+k uses freshly sam-
pled examples E3+k ∼ D. The process terminates
when maxc |Sc| > 1

2 |S| or maximum iterations
are reached, where Sc represents votes for candi-
date c.

3 Results

3.1 Experimental Setup

We use Qwen/Qwen3-32B with temperature=0 and
parallel processing for efficiency. Following the
official shared task, we have used micro-f1 as the
main evaluation. To give more insights into the re-
sult, we have also provided confusion matrix with
fine-grained analysis for each metric. All experi-
ments were conducted on a single NVIDIA L40S
(46 GB) GPU, and the full evaluation on the test
set required approximately four hours.

3.2 Discussion

As a baseline, we have provided the random, ma-
jority and n-gram baseline. To compare with other
participants’ work, we have also reported the 1st,
2nd and 3rd results from the official leaderboard.
We have reported the results on the Table 2. While
PromptGuard achieves better scores than the orig-
inal baselines, still it lags behind compared to the
Rank-{1,2,3} models.

To perform a fine-grained analysis of class-wise
performance, we present the confusion matrix in
Fig. 2. The breakdown reveals that the model ex-
hibits a bias toward labeling instances as non-hate,
more than any other category. The poorest perfor-
mance is observed in the “Abusive” category. One
possible reason for this is that many of the key-
words associated with the Abusive class, i.e., িটিভ,
িমথয্া, পাগল, জুতা, লজ্জা, আিমন – can also appear in
benign, non-hateful contexts. This semantic over-
lap makes the classification of the “Abusive” cate-
gory particularly challenging.

4 Ablation Studies

Due to the high computation and time needed to
run on the whole test set (10k), we sampled a bal-
anced subset from the test set. In the test set, the
sexism category has the lowest number of exam-
ples (29). We therefore sampled a balanced subset
of 174 instances (29 per label).
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Figure 2: Per-category breakdown reveals uneven per-
formance across hate speech types. Non-hate content is
classified most accurately, while abusive language de-
tection proves most challenging.

4.1 Impact of Similar Keywords

As described in §A, our final model utilizes a well-
crafted prompt that includes both in-context exam-
ples and targeted keywords. To assess the contribu-
tion of these keywords, we compare performance
against a baseline using a basic prompt without the
keywords. Both prompt versions are provided in
§A.

On our sampled test dataset, the keyword-
free prompt achieves a micro-F1 score of 57.47,
whereas the prompt with keywords reaches 59.77,
highlighting the effectiveness and importance of
including targeted keywords in the prompt design.

4.2 Impact of Shots & Turns

In our original configuration, we used 20 examples
per label in the prompt and 3 initial turns. To eval-
uate the impact of these two parameters, we con-
ducted a controlled analysis by varying one while
keeping the other fixed. Specifically, we experi-
mented with {3, 7, 10, 16, 20} shots and {3, 7, 10,
16} turns. The results of this ablation are presented
in Fig. 3.

The results indicate that the best performance is
achieved with 3 shots and 3 turns. We hypothesize
that this is due to the “lost-in-the-middle” effect
in LLMs (Liu et al., 2023), where too many in-
context examples can reduce the model’s focus on
relevant inputs. In contrast, varying the number of
turns has minimal impact on performance. This
aligns with our expectations, as the initial turns
are primarily used to identify a clear winner; ad-
ditional turns are also invoked if the earlier ones
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Figure 3: Impact of varying the number of examples
and turns on final evaluation performance. We observe
a negative correlation with the number of examples,
likely attributable to the “lost-in-the-middle” problem
(Liu et al., 2023).

fail to produce a confident outcome.

4.3 Impact of Different Models

In our primary results, we used the Qwen3-32B
model. To evaluate the impact of model architec-
ture and size, we further ran our method on two
families of models: Qwen3 (Yang et al., 2025)
and GPT-OSS (OpenAI et al., 2025), across vary-
ing model sizes. The comparative results are pre-
sented in Fig. 4.

The findings show a clear positive correlation
between model size and micro-F1 score within
the Qwen3 family, indicating that larger mod-
els yield better performance. In contrast, the
GPT-OSS models display relatively smaller perfor-
mance variation across sizes and consistently lag
behind the best-performing Qwen models.

5 Related Works

Bangla Hate Speech Detection. Karim et al.
(2021) achieved F1-scores of 78-91% using trans-
former ensembles, while Jahan et al. (2022) de-
veloped domain-specific BanglaHateBERT with
1.5M Bengali posts. Raihan et al. (2023) ad-
dressed code-mixed content through cross-lingual
transformers for transliterated text.

LLM in Bengali. Hasan et al. (2023);
Roy Dipta and Vallurupalli (2024) showed that
monolingual transformers outperform general-
purpose LLMs (e.g., Flan-T5, GPT-4) on zero/few-
shot Bangla sentiment tasks, while Wang et al.
(2025) improved LLM performance through multi-
lingual prompting enriched with cultural cues. To
address reasoning limitations in LLMs, Colelough
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Figure 4: Performance comparison across model archi-
tectures and sizes. Qwen3 models show clear scaling
benefits with size, while GPT-OSS models exhibit con-
sistent but lower performance across different scales.

and Regli (2025) identified major gaps in explain-
ability and meta-cognition across Neuro-Symbolic
AI literature. In parallel, Kowsher et al. (2022)
introduced Bangla-BERT with language-specific
pretraining, outperforming prior models by up to
5.3%. Gao et al. (2025) tackled prompt design
challenges with MAPS, an automated framework
achieving higher coverage via diversity-guided
search.

Social Media Challenges. Guo et al. (2024)
categorized LLM biases and proposed mitigation
strategies, while Natsir et al. (2023) examined dy-
namic language evolution in social media, identi-
fying shifts in multilingual adaptation.

6 Conclusion

We present PromptGuard, a few-shot classifica-
tion framework that addresses Bengali hate speech
detection through statistical feature selection and
adaptive decision-making. Our approach com-
bines chi-square-based keyword extraction with
majority voting to achieve robust classification.
Our work demonstrates the value of integrating sta-
tistical foundations with few-shot learning for low-
resource language tasks. Future directions include
exploring advanced feature selection methods to
improve few-shot hate speech detection.
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A Prompts

A.1 Prompt with Keywords

Following is the prompt that we have used with
our final method.

You are an AI language model specialized in detecting
hate speech in Bengali. Your task is to classify a given
Bengali sentence into one of six categories: none, sexism,
abusive, profane, religious hate, or political hate.

First, review these examples of sentences for each
category:
<examples>
{{EXAMPLES}}
<examples>

Now, consider these common words associated
with each category. Note that the presence of these words
doesn’t guarantee classification into that category, but
they can be helpful indicators:

<category_keywords>
abusive: দালাল, িটিভ, ফালতু, েচার, িমথয্া, পাগল, জুতা, লজ্জা,
আিমন
profane: বাল, মািগ, খানিক, েবশয্া, দফা, বাচ্চা, সালা, শালা,
মাদারেচাদ, কুত্তা, জারজ, েপালা, শুেয়ার
religious hate: মুসিলম, িহনু্দ, ইহুিদ, মুসলমান, গজব, ধমর্,
ইসলাম, কােফর, মসিজদ, ধমীর্য়, েমাল্লা, আল্লাহ
political hate: েভাট, িবএনিপ, আওয়ামী, লীগ, সরকার, িনবর্াচন,
হািসনা, অৈবধ, জনগণ, পািটর্ , দল, েচার, রাজনীিত
sexism: নারী, পরিকয়া, মিহলা, পুরুষ, িহজরা, িবেয়, িলঙ্গ,
েহােটল, েমেয়, েবডা, আবািসক
<category_keywords>

Here’s the Bengali sentence you need to classify:
<input_sentence>
{{INPUT_SENTENCE}}
<input_sentence>

Before making your final classification, analyze the
sentence in detail. Consider the following:
1. Compare the sentence to the provided examples.
2. Examine the tone, specific words used, and overall
context.
3. Check if any words from the category_keywords are
present and relevant.
4. For each category (none, sexism, abusive, profane,
religious hate, political hate):

- List evidence for classifying the sentence into this
category.

- List evidence against classifying the sentence into
this category.
5. Summarize your findings and explain your final
decision.

Your final output should be the category classifica-
tion. Use only one of these exact category names: none,
sexism, abusive, profane, religious hate, or political hate.

Provide your classification inside <classification>
tags.

A.2 Basic Prompt

Following is the prompt that we used during the
ablation study of similar keywords.

You are an AI language model specialized in detecting
hate speech in Bengali. Your task is to classify a given
Bengali sentence into one of six categories: none, sexism,
abusive, profane, religious hate, or political hate.

First, review these examples of sentences for each
category:
<examples>
{{EXAMPLES}}
<examples>

Here’s the Bengali sentence you need to classify:
<input_sentence>
{{INPUT_SENTENCE}}
</input_sentence>

Before making your final classification, analyze the
sentence in detail. Consider the following:
1. Compare the sentence to the provided examples.
2. Examine the tone, specific words used, and overall
context.
3. For each category (none, sexism, abusive, profane,
religious hate, political hate):

- List evidence for classifying the sentence into this
category.

- List evidence against classifying the sentence into
this category.
4. Summarize your findings and explain your final
decision.
Your final output should be the category classification.
Use only one of these exact category names: none,
sexism, abusive, profane, religious hate, or political hate.

Provide your classification inside <classification>
tags.
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Abstract

The widespread use of the internet has made

sharing information on social media more con­

venient. At the same time, it provides a platform

for individuals with malicious intent to easily

spread hateful content. Since many users prefer

to communicate in their native language, detect­

ing hate speech in Bengali poses a significant

challenge. This study aims to identify Bengali

hate speech on social media platforms. Ashared

task on Bengali hate speech detection is orga­

nized by the Second Bangla Language Process­

ingWorkshop (BLP). To tackle this task, we im­

plement five traditional machine learning mod­

els (LR, SVM, RF, NB, XGB), three deep learn­

ing models (CNN, BiLSTM, CNN+BiLSTM),

and three transformer­based models (Bangla­

BERT, m­BERT, XLM­R). Among all models,

a weighted ensemble of transformer models

achieves the best performance. Our approach

ranks 3rd in Subtask 1Awith a micro­F1 score

of 0.734, 6th in Subtask 1B with 0.7315, and,

after post­competition experiments, 4th in Sub­

task 1C with 0.735.

1 Introduction

The rise of social media has enabled billions to

share opinions but has also fueled online hate

speech, defined as speech inciting hatred against

groups based on ethnicity, religion, disability, or

sexual identity (American Library Association,

2017). With that comes the caveat of manual con­

tent moderation, requiring the development of state­

of­the­art content moderation by leveraging artifi­

cial intelligence and natural language processing

(Amin, 2024).

Most research has focused on high­resource lan­

guages like English, while Bangla, despite being

the sixth most spoken language globally, remains

under­resourced for NLP tasks (Hosain and Morol,

*Equal contribution.
†Corresponding author.

2025; Salam et al., 2016). It poses unique linguistic

sociocultural challenges, especially for hate speech

detection, including code­switching, spelling varia­

tion, and dialect variation. To address this, a shared

task on Bangla hate speech classification is orga­

nized at BLP (Hasan et al., 2025b), providing a

labeled dataset and dividing the task into three sub­

tasks: hate type, severity, and target group, reflect­

ing the complexity of understanding and mitigating

hate speech (Hossan et al., 2025; Islam et al., 2024).

In this work, we develop an ensemble model for

Bangla hate speech classification and conduct thor­

ough experiments across all three subtasks. Our

approach demonstrates improved accuracy com­

pared to baseline methods, addressing the gap in

NLP research in Bangla.

2 Related Works

Early works in hate speech detection introduced

the first annotated dataset, where a GRU with

word2vec embeddings outperformed several ma­

chine learning models, demonstrating deep learn­

ing’s superiority (Ishmam and Sharmin, 2019; Ho­

sain et al., 2025a). Subsequent studies moved to­

ward context­aware neural architectures. A two­

part encoder–decoder framework with 1D CNNs,

BiRNNs, and attention layers was proposed (Das

et al., 2021), showing that attention mechanisms

outperformed standalone traditional deep learning

(Zerine et al., 2020).

Later on, the landscape expanded with BD­SHS,

a large benchmark dataset for binary andmulti­label

classification, which introduced informal fastText

embeddings tailored for noisy social media text,

highlighting the role of domain­specific representa­

tion learning (Romim et al., 2022).

Furthermore, domain­specific embeddings were

shown to capture hateful vocabulary better than

general­purpose embeddings; therefore, even

lighter models were able to rival transformers—an
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important insight for resource­constrained envi­

ronments (Saleh et al., 2023; Tariquzzaman et al.,

2023).

The rise of transformers advanced Bangla hate

detection, with monolingual BanglaBERT often

outperforming multilingual encoders such as XLM­

R and mBERT (Ghosh and Senapati, 2022). Trans­

former models were further tested with Romanized

Bangla compared to standard Bangla, showing that

MuRIL excelled in cross­lingual few­shot settings

(Das et al., 2022).

Domain­specific transformer models such as

BanglaHateBERT (Jahan et al., 2022) yielded con­

sistent gains, while hybrid architectures such as G­

BERT (Keya et al., 2023) combined BanglaBERT

with a GRU classifier, further improving perfor­

mance. DeepHateExplainer (Karim et al., 2021)

was another pioneering effort with an ensemble of

various BERT­based models (Hosain et al., 2025b).

Furthermore, it used layer­wise propagation and

sensitivity analysis to provide explanations and en­

sure that the model’s decisions were made based on

reasonable features; however, it also highlighted the

need for more contextual information, especially

for labels such as political hate speech.

Beyond Bangla, multi­task learning with user

metadata and inter­user or intra­user features im­

proved English hate detection, suggesting that a

similar approach could benefit Bangla (Kapil and

Ekbal, 2024). Recent explorations with large and

small language models (LLMs) also signaled a

paradigm shift. GPT­3.5 Turbo with chain­of­

thought prompting was shown to outperform BERT

baselines on English hate speech; however, perfor­

mance varied across different languages (Guo et al.,

2023; Sakib et al., 2025). TinyLLMs (Phi­2, TinyL­

lama) fine­tuned with LoRA were also shown to

rival large language models in efficiency and accu­

racy (Sen et al., 2024).

Hate speech detection has remained challenging

because datasets vary in annotation quality, domain,

and class distribution. Furthermore, creating reli­

able resources is costly, as it requires strong agree­

ment among annotators to reduce bias (Vasker et al.,

2024; Gupta et al., 2025).

3 Task and Dataset Description

The primary objective of this task is to detect hate

speech in a Bengali corpus by developing systems

capable of accurately classifying text, using the

datasets (Hasan et al., 2025a) provided by the or­

ganizers of the shared task.1 A significant class

imbalance is observed across all three subtasks of

the BLP 2025 dataset, as reflected in Tables 1, 2,

and 3. For Subtask 1A (Hate Type Classification),

shown in Table 1, the None class overwhelmingly

dominates the dataset, while several hate categories

contain very few examples. In particular, Sexism

and Religious Hate account for only a small portion

of the training and evaluation splits, making them

the most underrepresented classes. For Subtask

Classes Train Dev Test

None 19954 1451 5751

Abusive 8212 564 2312

Political Hate 4227 291 1220

Profane 2331 157 709

Religious Hate 676 38 179

Sexism 122 11 29

Total 35522 2512 10200

Table 1: Dataset distribution across classes, splits, and

word counts for Subtask 1A (hate type)

1B (Target Classification: To Whom), as presented

in Table 2, the None category remains the most

frequent, similar to Subtask 1A. In contrast, the

minority classes—especially Community and So­

ciety—have far fewer samples. For Subtask 1C,

Class Train Dev Test

None 21190 1536 6093

Individual 5646 364 1571

Organization 3846 292 1152

Community 2635 179 759

Society 2205 141 625

Total 35522 2512 10200

Table 2: Dataset distribution across classes, splits, and

word counts for Subtask 1B (to whom)

which focuses on multi­task classification, an addi­

tional column representing hate severity is included.

The goal of this subtask is to perform multi­task

classification, assigning each text a hate type, a tar­

get (to whom), and a severity level. The distribution

of hate severity across the dataset is shown in Table

3.The majority of instances fall under the Little

to None severity level, while the Severe category

appears sparsely across all splits.

1https://github.com/AridHasan/blp25_task1
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Hate Severity Train Dev Test

Little to None 23489 1703 6737

Mild 6853 483 2001

Severe 5180 326 1462

Total 35522 2512 10200

Table 3: Dataset distribution across hate severity classes

for train, dev, and test splits.

4 Methods

To evaluate the performance of Bengali hate speech

classification, we implements five machine learn­

ing methods (LR, RF, NB, SVM, and XGB), three

deep learning techniques (CNN, BiLSTM, and

CNN+BiLSTM), and three transformer­based mod­

els (mBERT, Bangla­BERT, XLM­R, along with

an ensemble strategy). An abstract overview of the

system is illustrated in Figure 1.

Figure 1: Abstract process diagram of Bengali hate

speech detection system.

4.1 Preprocessing

As the dataset is relatively clean, only minimal pre­

processing was applied. Text normalization is per­

formed using the Bangla Normalizer tool (Hasan

et al., 2020), which standardizes spacing, punctua­

tion, and character representations for consistency.

4.2 Machine Learning Models

All five ML models use unigram features extracted

via TF­IDF. For instance, Logistic Regression (LR)

employs the liblinear solver with l2 regulariza­
tion (C = 5.0), 500 iterations, and balanced class
weights. Meanwhile, Random Forest (RF) uses

300 trees with the gini criterion, considers all fea­

tures, and requires at least two samples to split a

node. In contrast, Naive Bayes (NB) applies addi­

tive smoothing (α = 0.5) to optimize probability
estimates. Similarly, the Support Vector Machine

(SVM) uses a linear kernel with C = 2, balanced
class weights, and 500 iterations to ensure conver­

gence. Finally, XGBoost (XGB) is configured for

multi­class classification with 500 trees and a learn­

ing rate of 0.1. These settings are carefully chosen

to maximize accuracy and stability across all clas­

sifiers.

4.3 Deep Learning Models

We implement three deep learning models: CNN,

BiLSTM, and hybrid CNN+BiLSTM. All models

use pretrained FastText embeddings (Joulin et al.,

2016) to obtain dense word representations. The

CNN comprises two convolutional blocks, with 128

filters of size 5 and 64 filters of size 3, each followed

by max­pooling layers of sizes 5 and 3, respectively.

The features are then flattened and passed through

a dense layer with 128 ReLU­activated neurons,

followed by a dropout layer with rate 0.5 and a

softmax output layer. The BiLSTM uses a bidirec­

tional LSTM with 200 units and dropout 0.2, fol­

lowed by a dense layer with 128 ReLU­activated

neurons, dropout 0.5, and a softmax output. The

hybrid CNN+BiLSTM first applies the CNN convo­

lutional and pooling layers, then feeds the resulting

features into a bidirectional LSTM with 200 units

and dropout 0.2. The output is flattened, passed

through a dense layer with 128 ReLU neurons, a

dropout layer with rate 0.5, and a softmax layer for

classification.

4.4 Transformer Models

Past studies show that transformer models trained

in monolingual, multilingual, or cross­lingual set­

tings achieve state­of­the­art performance in hate

speech classification (Mazari et al., 2024; Saleh

et al., 2023). In this work, we select Bangla­BERT,

XLM­R, and mBERT for our ensemble because

they represent complementary architectures that

have demonstrated strong performance in Bangla
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NLP tasks. Bangla­BERT (Bhattacharjee et al.,

2022) is a monolingual model that effectively cap­

tures language­specific morphology and culturally

grounded expressions, making it particularly suit­

able for Bangla hate speech detection. XLM­R

(Conneau et al., 2020) is a cross­lingual model that

provides robust representations across multiple lan­

guages and handles noisy or code­mixed social me­

dia text effectively. mBERT (Devlin et al., 2019), al­

though trained on a smaller multilingual corpus, has

shown strong generalization across low­resource

languages, including Bangla. All three models are

pre­trained transformers that we fine­tune on the

shared­task dataset, accessed via the Hugging Face

library2 .

The models are fine­tuned on the dataset using the

Hugging Face Trainer API3 for 3 epochs, with a

batch size of 8 for both training and evaluation. A

learning rate of 2e−5 and a weight decay of 0.01 are

applied. Evaluation and model checkpointing are

performed every 500 steps, and the best­performing

model on the validation set is automatically loaded

at the end of training.

4.5 Proposed Ensemble Model

Figure 2: Proposed ensemble method.

Recent studies (Karim et al., 2021; Singh et al.,

2023) have demonstrated that ensembles of trans­

former models can substantially improve the effec­

tiveness of classification tasks. Ensemble learn­

ing leverages the complementary strengths of in­

dividual models to enhance overall predictive

accuracy. In this work, three pretrained trans­

former models—Bangla­BERT, XLM­R, and m­

BERT—are fine­tuned on their respective datasets

2https://huggingface.co/
3https://huggingface.co/docs/transformers/

main_classes/trainer

and subsequently combined using both averag­

ing (A­ensemble) and weighted (W­ensemble) ap­

proaches. The average ensemble computes the

mean of the softmax probabilities generated by the

participating models and assigns the class with the

highest probability as the final prediction. In con­

trast, weighted ensemble combines the predictions

of multiple models by assigning different impor­

tance (weights) to each model based on their prior

performance. In this experiment, the weighted en­

semble assigns weights based on micro­F1 scores

from the evaluation dataset. These weights are

normalized and combined with the softmax proba­

bilities generated by the fine­tuned BERT models,

thereby allowing models with superior prior per­

formance to exert greater influence on the final

prediction. The overall process of the weighted

ensemble is illustrated in Figure 2.

Let M = {M1,M2, . . . ,ML} represent the set
of fine­tuned models, where L = 3 in our case.

For a given instance, let pi(c) denote the softmax
probability predicted by modelMi for class c, and
let fi be the micro­F1 score of model Mi on the

evaluation dataset.

We first compute normalized weights for each

model based on their micro­F1 scores:

wi =
fi∑L
j=1 fj

, i = 1, 2, . . . , L (1)

The weighted ensemble probability for class c is
then computed as:

P (c) =
L∑

i=1

wi · pi(c) (2)

Finally, the predicted class ŷ is determined as the
class with the highest weighted probability:

ŷ = argmax
c

P (c) (3)

This approach ensures that models with higher

prior performance (as measured by micro­F1) con­

tribute more to the final prediction, while still lever­

aging the complementary strengths of all models in

the ensemble.

5 Experiments and Results

The evaluation results of individual models on the

test set are presented in Table 4. The results indi­

cate that among the machine learning approaches,

XGB with TF­IDF features achieved the highest

micro F1­scores, recording 0.66, 0.67, and 0.68 for
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Subtask 1A Subtask 1B Subtask 1C

Models P R F1 P R F1 P R F1

TF­IDF+LR 0.65 0.66 0.65 0.65 0.65 0.65 0.66 0.67 0.67

TF­IDF+SVM 0.63 0.64 0.64 0.64 0.63 0.63 0.65 0.65 0.65

TF­IDF+RF 0.64 0.65 0.65 0.63 0.66 0.66 0.64 0.67 0.67

TF­IDF+NB 0.60 0.61 0.61 0.57 0.63 0.63 0.60 0.64 0.64

TF­IDF+XGB 0.65 0.67 0.66 0.64 0.67 0.67 0.65 0.68 0.68

FT+CNN 0.65 0.68 0.68 0.63 0.67 0.67 0.65 0.69 0.69

FT+BiLSTM 0.67 0.69 0.69 0.66 0.69 0.69 0.69 0.70 0.70

FT+C+B 0.66 0.68 0.68 0.64 0.68 0.68 0.66 0.69 0.69

m­BERT 0.68 0.70 0.70 0.69 0.70 0.70 0.67 0.69 0.69

XLM­R 0.70 0.69 0.69 0.70 0.71 0.71 0.70 0.71 0.71

Bangla­BERT 0.72 0.72 0.72 0.72 0.72 0.72 0.72 0.74 0.73

W­Ensemble 0.72 0.73 0.734 0.72 0.73 0.731 0.72 0.72 0.735

A­Ensemble 0.71 0.71 0.71 0.70 0.71 0.71 0.70 0.71 0.72

Table 4: Performance of various models on the Subtask 1Aand Subtask 1B test sets where P, R, and F denote precision,

recall, and micro F1­score, respectively. Here, C+B represents the CNN+BiLSTMmodel and FT represents FastText.

Subtasks 1A, 1B, and 1C, respectively. This per­

formance is superior to LR(0.65,0.66,0.65), SVM

(0.64, 0.63, 0.65), RF (0.65, 0.66, 0.67), and NB

(0.61, 0.63, 0.64). Within deep learning based meth­

ods, BiLSTM with FastText embeddings provides

the most consistent results, achieving 0.69, 0.69,

and 0.70 across Subtasks 1A, 1B, and 1C. This

slightly exceeds the performance of CNN (0.68,

0.67, 0.69) and CNN+BiLSTM (0.68, 0.68, 0.69).

Nevertheless, all DL models still fall short com­

pared to transformer­based approaches. Among

transformers, Bangla­BERT delivers the best re­

sults, with micro F1­scores of 0.72, 0.72, and

0.73, outperforming m­BERT (0.70, 0.70, 0.69)

and XLM­R (0.69, 0.70, 0.71). Finally, the ensem­

ble strategies proved most effective overall. The

Weighted Ensemble achieves the highest scores of

0.734, 0.7315, and 0.735, surpassing both individ­

ual models and theAveraging Ensemble (0.71, 0.71,

0.72). A key finding of this study is the effective­

ness of ensemble strategies. These results show

that the weighted ensemble outperforms standalone

ML, DL, and transformer models.

6 ErrorAnalysis

Error analysis is performed using both quantitative

and qualitative approaches. Detailed results are pro­

vided inAppendices A and B. Quantitative analysis

identifies systematic misclassifications via confu­

sion matrices, while qualitative analysis explores

underlying causes such as class imbalance, contex­

tual subtleties, and overlapping linguistic cues.

7 Conclusion

In this paper, we propose a weighted ensemble

approach for multi­task hate speech detection in

a Bengali corpus, leveraging the complementary

strengths of multiple transformer­based models.

By combining fine­tuned Bangla­BERT, m­BERT,

and XLM­R, the ensemble captured both language­

specific nuances and cross­lingual semantic infor­

mation, outperforming individual models across

all subtasks. It achieved micro­F1 scores of 0.734,

0.7315, and 0.735 on Subtask 1A, 1B, and 1C, re­

spectively.

To validate our approach, we conduct extensive

experiments with traditional machine learning and

deep learning models using various feature extrac­

tion and embedding strategies. The results highlight

the effectiveness of the ensemble and its potential

for low­resource languages, where limited anno­

tated data and linguistic complexity pose significant

challenges for automated text classification.

Limitations

Our approach has several potential limitations. No­

tably, the dataset exhibits substantial class imbal­

ance, which can cause models to overfit the ma­
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jority classes while underperforming on underrep­

resented ones. Addressing this limitation requires

effective data augmentation techniques, such as

SMOTE (Chawla et al., 2002), ADASYN (He et al.,

2008), or other strategies to increase the amount

of data, which can help balance the dataset and

improve model generalization.

References

American Library Association. 2017. Hate speech and
hate crime. https://www.ala.org/advocacy/
intfreedom/hate. Accessed September 22, 2025.

MMAmin. 2024. Ai­powered personalized marketing:
Adeep dive into customer segmentation and targeting.
INTERNATIONAL JOURNAL, 11(12).

Abhik Bhattacharjee, Tahmid Hasan, Wasi Ahmad,
Kazi Samin Mubasshir, Md Saiful Islam, Anindya
Iqbal, M Sohel Rahman, and Rifat Shahriyar. 2022.
Banglabert: Language model pretraining and bench­
marks for low­resource language understanding eval­
uation in bangla. In Findings of the Association
for Computational Linguistics: NAACL 2022, pages
1318–1327.

Nitesh V Chawla, Kevin W Bowyer, Lawrence O Hall,
and W Philip Kegelmeyer. 2002. Smote: synthetic
minority over­sampling technique. Journal of artifi­
cial intelligence research, 16:321–357.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmán, Edouard Grave, Myle Ott, Luke Zettle­
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross­lingual representation learning at scale. In Pro­
ceedings of the 58th annual meeting of the association
for computational linguistics, pages 8440–8451.

Amit Kumar Das, Abdullah Al Asif, Anik Paul, and
Md Nur Hossain. 2021. Bangla hate speech de­
tection on social media using attention­based recur­
rent neural network. Journal of Intelligent Systems,
30(1):578–591.

Mithun Das, Somnath Banerjee, Punyajoy Saha, and
Animesh Mukherjee. 2022. Hate speech and offen­
sive language detection in bengali. arXiv preprint
arXiv:2210.03479.

Jacob Devlin, Ming­Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. Bert: Pre­training of deep
bidirectional transformers for language understand­
ing. In Proceedings of the 2019 conference of the
North American chapter of the association for com­
putational linguistics: human language technologies,
volume 1 (long and short papers), pages 4171–4186.

Koyel Ghosh and Apurbalal Senapati. 2022. Hate
speech detection: a comparison of mono and mul­
tilingual transformer model with cross­language eval­
uation. In Proceedings of the 36th Pacific Asia Con­

ference on Language, Information and Computation,
pages 853–865.

Keyan Guo, Alexander Hu, Jaden Mu, Ziheng Shi, Zim­
ing Zhao, Nishant Vishwamitra, and Hongxin Hu.
2023. An investigation of large language models
for real­world hate speech detection. In 2023 In­
ternational Conference on Machine Learning and
Applications (ICMLA), pages 1568–1573.

Rajan Das Gupta, Md Kishor Morol, Nafiz Fahad,
Md Tanzib Hosain, Sumaya Binte Zilani Choya,
and Md Jakir Hossen. 2025. Brains: A retrieval­
augmented system for alzheimer’s detection and mon­
itoring. arXiv preprint arXiv:2511.02490.

Md Arid Hasan, Firoj Alam, Md Fahad Hossain, Us­
man Naseem, and Syed Ishtiaque Ahmed. 2025a.
Llm­based multi­task bangla hate speech detec­
tion: Type, severity, and target. arXiv preprint
arXiv:2510.01995.

Md Arid Hasan, Firoj Alam, Md Fahad Hossain, Us­
man Naseem, and Syed Ishtiaque Ahmed. 2025b.
Overview of blp 2025 task 1: Bangla hate speech
identification. In Proceedings of the Second Inter­
national Workshop on Bangla Language Processing
(BLP­2025), India. Association for Computational
Linguistics.

Tahmid Hasan, Abhik Bhattacharjee, Kazi Samin, Ma­
sum Hasan, Madhusudan Basak, M Sohel Rah­
man, and Rifat Shahriyar. 2020. Not low­resource
anymore: Aligner ensembling, batch filtering, and
new datasets for bengali­english machine translation.
arXiv preprint arXiv:2009.09359.

Haibo He, Yang Bai, Edwardo A Garcia, and Shutao
Li. 2008. Adasyn: Adaptive synthetic sampling ap­
proach for imbalanced learning. In 2008 IEEE inter­
national joint conference on neural networks (IEEE
world congress on computational intelligence), pages
1322–1328. Ieee.

Md Tanzib Hosain, Rajan Das Gupta, and Md Kishor
Morol. 2025a. Multilingual question answer­
ing in low­resource settings: A dzongkha­english
benchmark for foundation models. arXiv preprint
arXiv:2505.18638.

MdTanzib Hosain andMdKishorMorol. 2025. B­reaso:
Amulti­level multi­faceted bengali evaluation suite
for foundation models. In Findings of the Association
for Computational Linguistics: EMNLP 2025, pages
9260–9274.

Md Tanzib Hosain, Md Kishor Morol, and Md Jakir
Hossen. 2025b. A hybrid self attentive linearized
phrase structured transformer based rnn for financial
sentence analysis with sentence level explainability.
Scientific Reports, 15(1):23893.

Tanvir Hossan, BM Taslimul Haque, Md Shihabun
Sakib, Niladry Chowdhury, and Md Minhajul Amin.
2025. Ethical challenges in business analytics: Bal­
ancing data privacy and profit. Open Access Library
Journal, 12(2):1–12.

426

https://www.ala.org/advocacy/intfreedom/hate
https://www.ala.org/advocacy/intfreedom/hate
https://doi.org/10.1109/ICMLA58977.2023.00237
https://doi.org/10.1109/ICMLA58977.2023.00237
https://arxiv.org/abs/2510.01995
https://arxiv.org/abs/2510.01995


Alvi Md Ishmam and Sadia Sharmin. 2019. Hateful
speech detection in public facebook pages for the
bengali language. In 2019 18th IEEE international
conference on machine learning and applications
(ICMLA), pages 555–560. IEEE.

Md Mainul Islam, Ismoth Zerine, Md Arifur Rahman,
Md Saiful Islam, and Md Yousuf Ahmed. 2024.
Ai­driven fraud detection in financial transactions­
using machine learning and deep learning to detect
anomalies and fraudulent activities in banking and e­
commerce transactions. Available at SSRN 5287281.

Md Saroar Jahan, Mainul Haque, Nabil Arhab, and
Mourad Oussalah. 2022. Banglahatebert: Bert for
abusive language detection in bengali. In Proceed­
ings of the second international workshop on re­
sources and techniques for user information in abu­
sive language analysis, pages 8–15.

Armand Joulin, Edouard Grave, Piotr Bojanowski,
Matthijs Douze, Hérve Jégou, and Tomas Mikolov.
2016. Fasttext. zip: Compressing text classification
models. arXiv preprint arXiv:1612.03651.

Prashant Kapil and Asif Ekbal. 2024. A unified
multi­task learning architecture for hate detection
leveraging user­based information. arXiv preprint
arXiv:2411.06855.

Md Rezaul Karim, Sumon Kanti Dey, Tanhim Islam,
Sagor Sarker, Mehadi Hasan Menon, Kabir Hossain,
Md Azam Hossain, and Stefan Decker. 2021. Deep­
hateexplainer: Explainable hate speech detection in
under­resourced bengali language. In 2021 IEEE
8th international conference on data science and ad­
vanced analytics (DSAA), pages 1–10. IEEE.

Ashfia Jannat Keya, Md Mohsin Kabir, Nusrat Jahan
Shammey, Md Rashedul Islam, andYutakaWatanobe.
2023. G­bert: an efficient method for identifying hate
speech in bengali texts on social media. IEEE Access,
11:79697–79709.

Ahmed Cherif Mazari, Nesrine Boudoukhani, and Ab­
delhamid Djeffal. 2024. Bert­based ensemble learn­
ing for multi­aspect hate speech detection. Cluster
Computing, 27(1):325–339.

Nauros Romim, Mosahed Ahmed, Md Saiful Islam,
Arnab Sen Sharma, Hriteshwar Talukder, and Mo­
hammad Ruhul Amin. 2022. Bd­shs: A bench­
mark dataset for learning to detect online bangla hate
speech in different social contexts. arXiv preprint
arXiv:2206.00372.

Tanjil Hasan Sakib, Md Tanzib Hosain, and Md Kishor
Morol. 2025. Small language models: Architectures,
techniques, evaluation, problems and future adapta­
tion. arXiv preprint arXiv:2505.19529.

Abdus Salam, Ishtiaq Mohammed Chowdhury, Moham­
mad Masum Sadeque, and BM Taslimul. 2016. Save
time for public transport users in a developing country.
International Journal of Education and Management
Engineering, 11(8):27–33.

Hind Saleh, Areej Alhothali, and Kawthar Moria. 2023.
Detection of hate speech using bert and hate speech
word embedding with deep model. Applied Artificial
Intelligence, 37(1):2166719.

Tanmay Sen, Ansuman Das, and Mrinmay Sen. 2024.
Hatetinyllm : Hate speech detection using tiny large
language models. Preprint, arXiv:2405.01577.

Kartik Singh, Meenakshi Tripathi, Basant Agarwal, and
Abhay Kumar Sain. 2023. Ensemble of transformer
based approach for hate speech detection on twitter
data. In 2023 10th IEEE Uttar Pradesh Section Inter­
national Conference on Electrical, Electronics and
Computer Engineering (UPCON), volume 10, pages
894–899. IEEE.

Md Tariquzzaman, Md Wasif Kader, Audwit Anam,
Naimul Haque, Mohsinul Kabir, Hasan Mahmud, and
Md Kamrul Hasan. 2023. the_linguists at blp­2023
task 1: A novel informal bangla fasttext embedding
for violence inciting text detection. In Proceedings of
the First Workshop on Bangla Language Processing
(BLP­2023), pages 214–219.

Nishat Vasker, Anika Tabassum Nafisa, MDArifur Rah­
man, and Mahamudul Hasan. 2024. Heart disease
classification with xai and kernel shap. In 2024 IEEE
3rd International Conference on Robotics, Automa­
tion, Artificial­Intelligence and Internet­of­Things
(RAAICON), pages 82–85. IEEE.

Ismoth Zerine, Md Mainul Islam, Md Saiful Islam,
Md Yousuf Ahmad, and Md Arifur Rahman. 2020.
Climate risk analytics for us agriculture sustainability:
Modeling climate impact on crop yields and supply
chain to support federal policies food security and
renewable anergy adoption. Cuestiones de Fisioter­
apia, 49(3):241–258.

A Quantitative analysis

In Subtask 1A (hate type), the confusion matrix 3(a)

shows that the model performed strongly on the

None category, achieving an accuracy of 84.94%.

However, this dominance contributes to frequent

misclassification of the minority hate types. A sig­

nificant portion of Abusive samples are mislabeled

as None (31.49%, 728 instances) or as Profane

(5.06%, 117 instances), while Profane instances are

often predicted as Abusive (12.69%, 90 instances).

This pattern highlights the fine­grained overlap be­

tween abusive language and profanity. Similarly,

Political Hate is frequentlymisclassified asAbusive

(15.90%, 194 instances), reflecting the difficulty

of detecting implicit or coded political language.

The weakest performance is observed in Sexism,

wheremost sexist utterances aremislabeled asNone

(51.72%, 15 instances) or Abusive (44.83%, 13 in­

stances), emphasizing the impact of severe class

imbalance and subtle linguistic cues.
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((a)) Confusion matrix of Subtask 1A (hate type) ((b)) Confusion matrix of Subtask 1B (to whom)

((c)) Confusion matrix of hate severity

Figure 3: Confusion matrix of the proposed ensemble transformer models on task

Text
Hate Type ToWhom Severity

A P A P A P

হামাস আর বোম মার (Hamas, bomb

them)

Abusive None Organization None Severe Mild

সবগুলোই চুর হারামি টাকা খায় (They all

take stolen, illicit money)

Profane Abusive Community Individual Little to None Severe

আমেরিকা নেটো যুদ্ধ অপরাধী (America

and NATO are war criminals)

Political Hate Abusive Organization Society Little to None Mild

আজ কাল পবিত্র সংসদ বড়ে গেছে নর-

তকি আর বেসসা দিয়ে (These days the

sacred parliament has become full with

prostitutes and immoral people)

Profane Abusive Community Organization Severe Mild

শালা মিথ্যুক দালাল ও মুনাফিক (Damn

liar, broker, and hypocrite)

Abusive Profane None Individual Mild Severe

Table 5: Illustrative data samples highlighting the diverse behavior of the ensemble model. Here, A denotes the

ground­truth label, while P denotes the predicted label.

The confusion matrix of Subtask 1B (To Whom)

3(b), non­targeted content (None) is identified with

relatively high accuracy (86.48%, 5,269 instances).

Nevertheless, the majority class again overshad­

ows the minority categories. For example, labels

such as Community, Organization, and Society are
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frequently misclassified, likely due to their overlap­

ping meanings and nuances in the Bengali context.

Overall, all labels exhibit a tendency to be predicted

as None, reflecting the dominance of this category

in the dataset.

Regarding the confusion matrix of hate severity

3(c) ,the model tends to underestimate intensity,

with a large portion of instances being classified as

Little to None. Specifically, 63.42% of Mild cases

and 35.77% of Severe cases are predicted as Little to

None, indicating challenges in distinguishing subtle

variations in hate severity.

B Qualitative analysis

The model shows systematic biases and confusions

that stem primarily from class imbalance, subtle

contextual cues, and overreliance on explicit lexi­

cal signals as shown in Table 5. For hate type, the

model struggles particularly with Sexism, Religious

Hate, often misclassifying them asNone or Abusive.

The dataset does not provide enough representative

examples for the model to learn their patterns. In

contrast, Profane speech is detected more reliably,

since it is usually tied to explicit keywords. Com­

mon misclassifications include Abusive vs. Non­

abusive, Profane vs. Abusive, and Political Hate

vs. Abusive, which arise from overlapping lan­

guage patterns and insufficient contextual repre­

sentation. For hate severity, the model frequently

mispredictsMild, often confusing it with Little to

None because of subtle gradations of severity. For

Target (to whom), the model distinguishes Individ­

uals fairly well but struggles with Community, So­

ciety, and Organization. These categories are often

implicit, underrepresented, or context­dependent,

causing the model to confuse them with one an­

other. The model tends to overpredict majority

classes like None and Little to None, reflecting its

bias toward heavily represented categories, while

underperforming on minority classes. Moreover,

contextual nuance is crucial to separate closely re­

lated categories such as Little to None vs. Mild or

Organization vs. Society.

The ensemble approach helps by boosting con­

fidence and compensating for some data gaps, but

categories like Sexism remain difficult to predict

simply because there is not enough training data to

establish strong patterns.
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Abstract

This paper describes HateSense, our multi-
task learning framework for the BLP 2025
shared task 1 on Bangla hate speech identifi-
cation. The task requires not only detecting
hate speech but also classifying its type,
target, and severity. HateSense integrates
binary and multi-label classifiers using both
encoder- and decoder-based large language
models (LLMs). We experimented with
pre-trained encoder models (Bert based
models), and decoder models like GPT-4.0,
LLaMA 3.1 8B, and Gemma-2 9B. To
address challenges such as class imbalance
and the linguistic complexity of Bangla,
we employed techniques like focal loss and
odds ratio preference optimization (ORPO).
Experimental results demonstrated that the
pre-trained encoders (BanglaBert) achieved
state-of-the-art performance. Among different
prompting strategies, chain-of-thought (CoT)
combined with few-shot prompting proved
most effective. Following the HateSense
framework, our system attained competitive
micro-F1 scores: 0.741 (Task 1A), 0.724 (Task
1B), and 0.7233 (Task 1C). These findings
affirm the effectiveness of transformer-based
architectures for Bangla hate speech detection
and suggest promising avenues for multi-task
learning in low-resource languages.

Warning: this paper contains content that may
be offensive or upsetting

1 Introduction

The ever-expanding digital landscape, while
promising to foster global connectivity and social
cohesion, has simultaneously emerged as a breed-
ing ground for hate speech (Castaño-Pulgarín
et al., 2021). Hate speech is broadly defined as
language that targets, attacks, or incites implicit
or explicit hatred or violence against individuals
or groups based on specific attributes such as

physical appearance, religion, ethnic origin, or
gender identity (Papcunová et al., 2021). Its
pervasive presence poses severe risks, including
the promotion of social division, deterioration of
mental health, and escalation of violence (Sahoo
et al., 2024). Inadequate moderation of such
content further cultivates intolerance, amplifying
its negative societal impacts (Hangartner et al.,
2021). Addressing online hate speech requires
moving beyond a simple “toxic vs. non-toxic”
label toward a nuanced analysis that captures its
type, severity, and target, enabling deeper insights
into motives and potential consequences.

Youtube Comments in
Bangla

Toxic Comments

M1: Binary Classification : 
Toxic Comments Identification 

Toxic  Non-Toxic

Sexism Abusive Political
Hate  Profane Religious

Hate

M2: Multi-label:Classification: hate_type M3: Multi-label Classification: to_whom

Toxic Comments

Little to None Mild  Severe

M4: Multi-label Classification:
 hate_severity 

Individual Organization  Community Society

Figure 1: The proposed HateSense framework. It be-
gins with M1 (binary hate speech detection), followed
by M2 (multi-label classification of hate type, Task 1A)
and M3 (multi-label classification of target, Task 1B).
A separate model, M4, classifies hate speech severity.
The combined outputs of M1–M4 form the results for
Task 1C.

The shared task 1 focuses on Bangla multi-
task hate speech identification. Our team, under
the name Computational StoryLab and username
ttprama, participated in the multi-task hate speech
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identification track. For this task, we proposed
HateSense shows in Figure 1, a multi-task learn-
ing framework designed to classify Bangla texts
into predefined categories of hate type, severity,
and targeted group. Transformer-based architec-
tures (Vaswani et al., 2017), such as BERT (De-
vlin et al., 2019), have revolutionized NLP tasks
and consistently achieved state-of-the-art (SOTA)
performance across benchmarks (Lan et al., 2019).
Meanwhile, the recent surge in LLMs has estab-
lished them as strong candidates for hate speech
detection (Liu et al., 2019), particularly in zero-
shot settings. However, while significant progress
has been made for English and other high-resource
languages, research on Bangla—a low-resource
language—remains limited. Prior studies have ex-
plored Bangla hate speech detection (Jahan et al.,
2019; Prama et al., 2025) and LLM-based meth-
ods (Shibli et al., 2022), but no prior work has ad-
dressed their intersection within a multi-task learn-
ing setting.

To address this research gap, our key contribu-
tions are as follows:

• We propose a multi-task learning framework,
HateSense, which goes beyond binary detec-
tion to jointly predict the type, severity, and
targeted group of hate speech.

• We establish several encoder-based baselines
for each subtask, with encoders further fine-
tuned on Bangla achieving state-of-the-art
performance on our dataset.

• We investigate zero-shot(ZS), few-shot and
COT prompting with state-of-the-art LLMs
and introduce a novel translation-based
prompting strategy, which outperforms
existing methods on our dataset.

2 Task and Data
The dataset consists of Bangla YouTube comments
(Hasan et al., 2025a), which serve as the input for
all subtasks in Task 1 (Hasan et al., 2025b). The
BLP Workshop offers three subtasks: Task 1A: cat-
egorizing the type of hate speech (abusive, sexism,
religious hate, political hate, profane, or none),
Task 1B: identifying the targeted group (individ-
uals, organizations, communities, or society), and
Task 1C: is a multi-task setup classifying the sever-
ity of hate speech (Little to None, Mild, or Severe),
type of hate (Task 1A) and targeted group (Task
1B) in Bangla commentd. The label distributions

for each subtask are presented in Tables 1, 2, and 3
respectively.

Label Train Dev Test Total
None 19954 2898 5751 28603
Abusive 8212 1113 2312 11637
Political Hate 4227 574 1220 6021
Profane 2331 342 709 3382
Religious Hate 676 78 179 933
Sexism 122 19 29 170

Table 1: Label distribution of type of hate speech.

Label Train Dev Test Total
None 21190 3064 6093 30347
Individual 5646 755 1571 7972
Organization 3846 584 1152 5582
Community 2635 338 759 3732
Society 2205 283 625 3113

Table 2: Label distribution of target group of hate
speech.

Label Train Dev Test Total
Little to None 23489 3417 6737 33643
Mild 6853 909 2001 9763
Severe 5180 698 1462 7340

Table 3: Label distribution of severity of hate speech.

3 Methodology
As Task 1 follows a multi-task setup, we adopted
the proposed HateSense framework (Figure 1).
Tasks 1A and 1B were performed in two stages:
first, binary classification of hate speech (M1), fol-
lowed by multi-label classification of the predicted
hate speech instances (M2 for Task 1A and M3 for
Task 1B). Task 1C was addressed using a dedicated
multi-label classification model (M4), combined
with the outputs of M1, M2, and M3. Our base-
lines fall into two categories: (1) fine-tuning pre-
trained language models (LMs) on our dataset, and
(2) prompting LLMs with zero-shot (ZS), few-shot
(FS), and chain-of-thought (COT) strategies. Dur-
ing evaluation, baseline models were trained on the
training set, with the development set used to select
the best-performing models. The selected models

431



were then re-trained on the combined training and
development sets, and their predictions were sub-
mitted for final test set evaluation

3.1 LM Fine-tuning
For fine-tuning, we experiment with several
Transformer encoder-based models, includ-
ing BanglaBERT (Bhattacharjee et al., 2021),
BanglaHateBERT (Jahan et al., 2022) , IndicBERT
(Bhattacharyya et al., 2023), XLM-Roberta (Con-
neau et al., 2019), mDistilBERT (Sanh et al.,
2019), and mBERT (Devlin et al., 2019). Each
subtask is formulated as a multi-label classifica-
tion problem by adding a classification head on
top of the encoder. Given an input sentence

𝑆 = (𝑤1, 𝑤2, … , 𝑤𝑛),

it is tokenized and passed through a Transformer
encoder 𝑓𝜃, producing contextual representations:

𝐻 = {ℎ𝑙
1, ℎ𝑙

2, … , ℎ𝑙
𝑛}, 𝑙 ∈ {1, … , 𝐿}, ℎ𝑙

𝑖 ∈ ℝ𝑑.

From the final layer, the hidden state of the spe-
cial [CLS] token serves as a sentence-level repre-
sentation:

ℎCLS = ℎ𝐿
1 ∈ ℝ𝑑.

A dropout layer is applied:

ℎ̃CLS = Dropout(ℎCLS, 𝑝 = 0.3)

and the result is passed through a linear classifier:

𝑧 = 𝑊ℎ̃CLS + 𝑏, 𝑊 ∈ ℝ𝑘×𝑑, 𝑏 ∈ ℝ𝑘,

where 𝑘 is the number of labels. Probabilities are
obtained via a sigmoid:

̂𝑦 = 𝜎(𝑧) = 1
1 + 𝑒−𝑧 .

The model is trained using Binary Cross-
Entropy loss:

ℒ = −1
𝑘

𝑘
∑
𝑗=1

[𝑦𝑗 log( ̂𝑦𝑗) + (1 − 𝑦𝑗) log(1 − ̂𝑦𝑗)],

where 𝑦𝑗 ∈ {0, 1}. We optimized with AdamW
4×10−5 learning rate) for 5 epochs using weighted
loss to handle class imbalance, selecting the best
checkpoint by validation performance.

3.2 Prompting Strategy
For decoder-only models, each subtask is formu-
lated as a text generation problem, where the model
is prompted to produce exactly one label from the
predefined set of choices. We experiment with
GPT-4.0 (Achiam et al., 2023), LLaMA 3.1 8B
(Dubey et al., 2024), and Gemma-2 9B (Riviere
et al., 2024). We design base prompts separately
for binary classification and multi-label classifi-
cation. We explore several prompting strategies
like Zero-shot prompting (Radford et al., 2019),
Few-shot prompting (Brown et al., 2020), Chain-
of-Thought (CoT) prompting (Wei et al., 2022)(
“Let’s think step by step” is appended to encourage
structured reasoning) and CoT + Few-shot prompt-
ing. Appendix A.1, Table 8 , 9, 10 and 11 shows
the four prompt strategy we used for this analysis.

3.3 Evaluation Metrics
We evaluate models with micro-F1, aggregating
counts over all classes. Let TP𝑐, FP𝑐, and FN𝑐 de-
note true positives, false positives, and false nega-
tives for class 𝑐 ∈ 𝒞. The micro-F1 is their har-
monic mean of micro-precision and micro-recall:

F1𝜇 = 2 ∑𝑐 TP𝑐
2 ∑𝑐 TP𝑐 + ∑𝑐 FP𝑐 + ∑𝑐 FN𝑐

.

It weights each instance equally, providing a
overall score under class imbalance and across het-
erogeneous label frequencies.

4 Results and Discussion
4.1 Evaluation Phase

Model M1 M2 M3 M4
BanglaBERT 0.865 0.741 0.724 0.754
BanglaHate
BERT

0.809 0.724 0.688 0.682

IndicBERT 0.845 0.694 0.705 0.724
XLM-Roberta 0.843 0.728 0.708 0.736
mDistilBERT 0.865 0.709 0.675 0.675
mBERT 0.849 0.704 0.708 0.735
VAC-BERT 0.841 0.687 0.698 0.695

Table 4: Performance (micro F1 scores) of fine-tuned
models across hate speech detection (M1), hate speech
type (M2), target (M3), and severity (M4).

During the evaluation phase on the development
set, we assessed models on Sub-tasks 1A, 1B, and
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Model M1 M2 M3 M4
GPT-4oZS 0.701 0.361 0.489 0.453
LLaMA-3.1ZS 0.568 0.241 0.336 0.281
Gemma-2ZS 0.620 0.226 0.398 0.340
GPT-4oFS 0.713 0.395 0.478 0.453
LLaMA-3.1FS 0.555 0.239 0.319 0.487
Gemma-2FS 0.607 0.250 0.370 0.326
GPT-4oCOT 0.736 0.360 0.501 0.476
LLaMA-3.1COT 0.579 0.256 0.346 0.298
Gemma-2COT 0.628 0.260 0.395 0.357
GPT-4oCOT+FS 0.745 0.365 0.510 0.463
LLaMACOT+FS 0.593 0.284 0.342 0.301
Gemma-2COT+FS 0.638 0.247 0.401 0.349

Table 5: Performance (micro F1 scores) of GPT-4o,
LLaMA-3.1, and Gemma-2 under different prompting
strategies (ZS = Zero-Shot, FS = Few-Shot, COT =
Chain-of-Thought) across hate speech detection (M1),
type (M2), target (M3), and severity (M4) classification.

1C. For Sub-tasks 1A and 1B, we employed a two-
stage pipeline consisting of a binary toxic comment
detector (M1) followed by multi-label classifiers
(M2 for hate type and M3 for target). For Sub-task
1C, a separate multi-label classifier (M4) was used
in combination with the outputs of M1, M2, and
M3.

In toxic comment detection (M1), BanglaBERT
and mBERT were the top performers with identi-
cal F1 scores of 0.865. Other models, including re-
cent LLMs like GPT-4oCOT+FS, also demonstrated
competitive performance, indicating that both fine-
tuned BERT models and large generative models
are effective for this task. For Sub-task 1A, per-
formance varied more due to the task’s complex-
ity. BanglaBERT achieved the highest F1 score
of 0.741, outperforming other fine-tuned models
like BanglaHateBERT (0.724) and XLM-Roberta
(0.728). Decoder-only LLMs generally struggled
with the expanded label space. In Sub-task 1B,
BanglaBERT again secured the best performance
with an F1 score of 0.7247. The difficulty of
this task was evident as only GPT-4o surpassed an
F1 score of 0.6 among LLMs. For severity clas-
sifier(M4), BanglaBERT was the top fine-tuned
model (F1 = 0.7577), while GPT-4oCOT+FS led
among decoder-only models. Across all subtasks,
BanglaBERT consistently delivered the strongest
and most reliable performance. Among LLMs,

CoT with few-shot prompting proved most effec-
tive. Following the HateSense framework, the
combined multi-task evaluation for Task 1C (classi-
fying type of hate, severity, and targeted group) in
the development phase achieved F1 = 0.7233 (accu-
racy = 0.7233, precision = 0.7165, recall = 0.7233).

4.2 Testing Phase

Evaluation
score

M1 M2 M3 M4

F1 score 0.833 0.704 0.703 0.745
precision 0.836 0.701 0.70 0.741
recall 0.832 0.717 0.708 0.765

Table 6: Performance (F1 micro scores) in testing phase
of BanglaBERT across hate speech detection (M1),
type, target (M3) and severity (M4) classification.

During testing, we retrained our best-
performing model from the evaluation phase,
BanglaBERT, using the combined training and
development sets to obtain a more generalizable
classifier. Following the proposed HateSense
framework, we trained separate models for each
subtask. The toxic comment detector (M1),
formulated as a binary classification task (toxic vs.
non-toxic), achieved a micro-F1 score of 0.833.
Using M1’s predictions as an additional input
signal, we then trained a multiclass hate-type
classifier (M2) for Subtask 1A, which attained
a micro-F1 of 0.704. For Subtask 1B, the
target-group multiclass classifier (M3) achieved
a micro-F1 of 0.703, while the hate severity
multiclass classifier (M4) reached a micro-F1 of
0.745. These results are summarized in Table 6.
Aggregating across all subtasks in the test set, our
HateSense framework attains a micro-F1 of 0.717
for Task 1C (accuracy = 0.717, precision = 0.718,
recall = 0.717).

4.3 Error Analysis
Effect of Class Imbalance. Class-wise accura-
cies (Appendix A.2, Figure 2) and confusion ma-
trices (Figure 3) reveal consistent patterns across
subtasks. Due to class imbalance, performance
drops notably for minority and nuanced classes like
Sexism (Task 1A), Society (Task 1B), and Mild
(Task 1C). While the model handles clear cate-
gories well, it struggles with subtle hate. Task 1A
accuracy is high for None (0.89) and Profane (0.68)
but drops to 0.00 for Sexism. Task 1B favors
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Comment Gold Label Model Prediction Subtask
েতামার মতন েমেয় েবঁেচ থাকার েচেয় মের যাওয়া অেনক
ভােলা েতামরা হচ্ছ পাপী অনয্ েছেলর সােথ ফেটা দাও েকন
“For a girl like you, it’s much better to die than to
live. You are sinners – why do you post photos with
other men?”

Sexism Abusive 1A

আেগ ইসরাইল বদ করেত হেব সবাই একসােথ
“We must destroy Israel first, all together.” Abusive Political Hate 1A
ইহুিদর বাচ্চা ইহুদী ই হেব
“A Jew’s child will be a Jew.” Community Society 1B
ভারতীয় দালাল সময় িটিভেক বয়কট করুন
“Boycott Somoy TV, the Indian stooges.” Organization Community 1B
ইজরােয়েলর িবচার হওয়া উিচৎ
“Israel should be brought to justice.” Abusive, Mild,

Society
Abusive, Little-to-
None, Society

1C

আল্লাহ্ এসব জােনায়ারেদর েশষ কের দাও
“Allah, wipe out these animals.” Profane, Severe,

Community
Abusive, Little-to-
None, Community

1C

Table 7: Examples of comments, gold labels, and model predictions under the HateSense framework for subtasks
1A (hate type), 1B (target), and 1C (severity). Incorrect model predictions are highlighted in red.

None (0.85) over Society (0.34), and Task 1C
excels on Little-to-None (0.95) while failing on
Mild (0.36). Confusion matrices confirm these
trends: M1 effectively separates toxic from non-
toxic, whereas M2–M4 bias toward dominant la-
bels (e.g., None/Little-to-None). Consequently,
nuanced hate often misclassifies as neutral; Sex-
ism is never identified (0 correct), and Mild/Severe
cases are frequently predicted as Little-to-None.

Qualitative Error Analysis. Table 7 illustrates
characteristic failures across subtasks. In Subtask
1A (type classification), we observe frequent con-
fusion between Abusive and Profane, alongside
under-predictions of subtle Political Hate, often
stemming from short texts or figurative language.
For Subtask 1B (target identification), the primary
challenge lies in distinguishing Organization ver-
sus Community, particularly when targets are im-
plied or indirect. Despite multitask modeling cap-
turing interdependencies, systematic errors persist,
including specificity loss, target mismatches, and
severity underestimation:

• Sexism → Generic Abuse: Explicit gen-
dered hate (e.g., েতামার মতন েমেয় েবঁেচ..) is
reduced to generic Abusive, missing honor-
policing and sexism.

• Target Granularity Confusion: The model
detects group hate but confuses labels (e.g.,
Jews → Society, TV channels → Community),

failing to distinguish Community / Society /
Organization.

• Severity Underestimation: Violent rhetoric
(e.g., “আল্লাহ্ এসব জােনায়ারেদর..”) is gold-
labeled Severe but predicted as Little-to-None,
showing the model downgrades threat inten-
sity.

5 Conclusion

We introduced HateSense, a multi-task frame-
work for Bangla hate speech detection that jointly
models hate type, target, and severity. Lever-
aging encoder–decoder transformers with focal
loss, Odds Ratio Preference Optimization (ORPO),
and CoT + few-shot prompting, our system
achieved strong performance across all subtasks
in BLP 2025, demonstrating the effectiveness
of transformer-based approaches for low-resource,
morphologically rich languages. At the same time,
our analysis exposed persistent challenges, partic-
ularly class imbalance and the difficulty of mod-
eling underrepresented categories such as Sexism
and Religious Hate. In future work, we plan
to explore data augmentation, cross-lingual trans-
fer, and more robust multitask architectures to im-
prove fine-grained Bangla hate speech detection
and extend these methods to other low-resource
languages. Our code is available for reproducibil-
ity at: https://github.com/HateSense.
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6 Limitations
While our framework achieved strong per-
formance, several limitations remain. First,
fine-tuning decoder-based models such as GPT,
LLaMA, or Gemma on the shared task dataset
could further improve performance; however,
computational resource constraints prevented us
from exploring this option. Second, the dataset
suffers from class imbalance. For example, hate
speech type Sexism, target category Society,
and severity level Severe are underrepresented,
leading to reduced model performance in these
classes. Although we employed focal loss and
Odds Ratio Preference Optimization (ORPO)
to address imbalance, the models still struggle
with fine-grained distinctions in ambiguous or
borderline cases.

Moreover, as Bangla is a low-resource lan-
guage, language models face challenges in cap-
turing cultural-specific hate speech phenomena,
which limits their ability to generalize beyond
surface-level patterns. Fine-tuning on more cul-
turally nuanced datasets could enhance detection
accuracy. Another constraint is the limited avail-
ability of pre-trained models specifically focused
on Bangla, which restricts opportunities for lever-
aging domain-specific linguistic features. Finally,
the overall dataset size for training and evaluation
remains relatively small, which reduces the robust-
ness and generalizability of our models to real-
world applications.
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A Appendix
A.1 Prompts

Task Zero-Shot Prompt
Binary Hate

Speech Detec-
tion

You are an expert at detecting hate speech in Bangla text. Your task is to classify
each input text as either: - true (if it contains hate speech) - false (if it does not
contain hate speech) Text: ”<INSERT_TEXT_HERE>” Answer:

Hate Speech
Type Classifica-
tion

You are an expert at detecting hate speech in Bangla text. Your task is to
classify each input text into one of the following categories: - Abusive -
Sexism - Religious Hate - Political Hate - Profane - Non-hate Text: ”<IN-
SERT_TEXT_HERE>” Answer:

Target of Hate
Speech

You are an expert at analyzing hate speech in Bangla text. Your task is to iden-
tify the primary target of hate speech in each input text. The possible targets
are: - Individuals - Organizations - Communities - Society - Non-hate Text:
”<INSERT_TEXT_HERE>” Answer:

Hate Speech
Severity

You are an expert at detecting hate speech in Bangla text. Your task is to classify
the severity of the text into one of the following categories: - Little to None -
Mild - Severe Text: ”<INSERT_TEXT_HERE>” Answer:

Table 8: Zero-shot prompts for all four hate speech classification subtasks (Hate Speech Detection (M1), Hate
Speech Type Classification (M2), Target of Hate Speech (M3) and Hate Speech Severity (M4).
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Task Few-Shot Prompt
Binary Hate
Speech Detection

You are an expert at detecting hate speech in Bangla text. Classify each
input text as either True (if it contains hate speech) or False (if it does
not).
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” Answer: True
Text: ”১২ বছেরর িভতর েকােনা েভাট িদেত পািরিন” Answer: False
Now classify the following text:
Text: ”<INSERT_TEXT_HERE>”
Answer:

Hate Speech Type
Classification

You are an expert at detecting hate speech in Bangla text. Classify each
input text into one of the following categories: Abusive, Sexism, Reli-
gious Hate, Political Hate, Profane, Non-hate
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” Answer: Abusive
Text: ”শামীম ওসামা িবন হািসনা” Answer: Non-hate
Text: ”ইহুিদর বাচ্চা ইহুদী ই হেব” Answer: Religious Hate
Text: ”েয রাষ্ট্র আেমিরকার সােথ িনেজেদর তুলনা েদয় হঠাৎ েকানও গিরব হেয়
েগেলা এখন ঋণ চায় তার মােন িক চাপাবাজ আওয়ামী লীগ” Answer: Political
Hate
Text: ”সময় িটিভ একটা জাউড়া িমিডয়া িমথয্া তথয্ প্রচার কের েবড়ায়” Answer:
Profane
Text: ”তুই মারা েগেল ভােলা কারণ তার স্ত্রী থাকেত েকন তার সােথ শুইেত েগিল”
Answer: Sexism
Now classify the following text:
Text: ”<INSERT_TEXT_HERE>”
Answer:

Target of Hate
Speech

You are an expert at detecting the target of hate speech in Bangla text.
Classify each input text into one of: Individuals, Organizations, Com-
munities, Society, Non-hate.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” Answer: Society
Text: ”শামীম ওসামা িবন হািসনা” Answer: Non-hate
Text: ”আল্লাহ্ এসব জােনায়ারেদর েশষ কের দাও” Answer: Community
Text: ”আলহামদুিলল্লাহ েদশ এিগেয় যােচ্ছ িবএনিপ জামাতীেদর জুতা েপটা করেত
হেব” Answer: Organization
Text: ”েচার েচার েভাট েচার হািসনা েভাট েচার” Answer: Individual
Now classify the following text:
Text: ”<INSERT_TEXT_HERE>”
Answer:

Hate Speech
Severity

You are an expert at assessing the severity of hate speech in Bangla text.
Classify each input text into one of: Little to None, Mild, Severe.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” Answer: Mild
Text: ”শামীম ওসামা িবন হািসনা” Answer: Little to None
Text: ”আল্লাহ্ এসব জােনায়ারেদর েশষ কের দাও” Answer: Severe
Now classify the following text:
Text: ”<INSERT_TEXT_HERE>”
Answer:

Table 9: Few-shot prompts for the four hate speech classification subtasks (Hate Speech Detection (M1), Hate
Speech Type Classification (M2), Target of Hate Speech (M3) and Hate Speech Severity (M4).
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Task CoT Prompt
Binary Hate
Speech Detection

You are an expert at detecting hate speech in Bangla text. Internally
follow these reasoning steps: 1. Read the full sentence. 2. Identify
offensive or hostile words/phrases. 3. Consider the context to see if the
text expresses hate. 4. If hate elements are present → classify as True.
Otherwise → False.
Important: Do all reasoning internally and return only the final classifi-
cation.
Text: ”<INSERT_TEXT_HERE>”
Answer (True or False):

Hate Speech Type
Classification

You are an expert at detecting hate speech in Bangla text. Internally fol-
low these reasoning steps: 1. Read the sentence carefully. 2. Identify
abusive, gender-related, religious, political, or profane words. 3. Con-
sider the context to determine the type of hate. 4. Map the text into one
of these categories: - Abusive - Sexism - Religious Hate - Political Hate
- Profane - Non-hate
Important: Do all reasoning internally and return only the final category.
Text: ”<INSERT_TEXT_HERE>”
Answer:

Target of Hate
Speech

You are an expert at analyzing the target of hate speech in Bangla text.
Internally follow these reasoning steps: 1. Read the sentence. 2. Identify
who/what is being attacked. 3. Determine if the target is an individual,
organization, community, or society. 4. If no hate is detected, return
Non-hate.
Possible categories: - Individual - Organization - Community - Society
- Non-hate
Important: Do all reasoning internally and return only the final target.
Text: ”<INSERT_TEXT_HERE>”
Answer:

Hate Speech
Severity

You are an expert at detecting the severity of hate speech in Bangla text.
Internally follow these reasoning steps: 1. Read the sentence. 2. Identify
hostile or violent language. 3. Check if the tone is harmless, mildly of-
fensive, or severely hateful/violent. 4. Classify into one of the following
categories: - Little to None - Mild - Severe
Important: Do all reasoning internally and return only the final severity
label.
Text: ”<INSERT_TEXT_HERE>”
Answer:

Table 10: Chain-of-Thought (CoT) prompts for the four hate speech classification subtasks (Hate Speech Detection
(M1), Hate Speech Type Classification (M2), Target of Hate Speech (M3) and Hate Speech Severity (M4).
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Table 11: Chain-of-Thought + Few-shot prompts for the four hate speech classification subtasks (Hate Speech
Detection (M1), Hate Speech Type Classification (M2), Target of Hate Speech (M3) and Hate Speech Severity
(M4)

Task CoT + Few-Shot Prompt
Binary Hate
Speech Detection

You are an expert at detecting hate speech in Bangla text. Internally follow
these steps: 1. Read the sentence fully. 2. Identify offensive or hostile words.
3. Consider the context to see if hate is expressed. 4. Decide: True if hate
speech, False otherwise.
Important: Do all reasoning internally and return only the final classification.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” Answer: True
Text: ”১২ বছেরর িভতর েকােনা েভাট িদেত পািরিন” Answer: False
Now classify the following text: Text: ”<INSERT_TEXT_HERE>” Answer:

Hate Speech Type
Classification

You are an expert at detecting hate speech in Bangla text. Internally follow
these steps: 1. Read the sentence carefully. 2. Identify abusive, gender-related,
religious, political, or profane terms. 3. Map them into one category.
Categories: Abusive, Sexism, Religious Hate, Political Hate, Profane, Non-
hate
Important: Do all reasoning internally and return only the final category.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” → Abusive Text: ”শামীম ওসামা
িবন হািসনা” → Non-hate Text: ”ইহুিদর বাচ্চা ইহুদী ই হেব” → Religious Hate Text:
”েয রাষ্ট্র আেমিরকার সােথ িনেজেদর তুলনা েদয়...” → Political Hate Text: ”সময় িটিভ
একটা জাউড়া িমিডয়া...” → Profane Text: ”তুই মারা েগেল ভােলা...” → Sexism
Now classify the following text: Text: ”<INSERT_TEXT_HERE>” Answer:

Target of Hate
Speech

You are an expert at identifying the target of hate speech in Bangla text. Inter-
nally follow these steps: 1. Read the sentence carefully. 2. Identify who/what
is being attacked. 3. Map the target into one of the given categories.
Categories: Individual, Organization, Community, Society, Non-hate
Important: Do all reasoning internally and return only the final target.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” → Society Text: ”শামীম ওসামা
িবন হািসনা” → Non-hate Text: ”আল্লাহ্ এসব জােনায়ারেদর েশষ কের দাও” → Com-
munity Text: ”আলহামদুিলল্লাহ েদশ এিগেয় যােচ্ছ িবএনিপ জামাতীেদর জুতা েপটা করেত
হেব” → Organization Text: ”েচার েচার েভাট েচার হািসনা েভাট েচার” → Individual
Now classify the following text: Text: ”<INSERT_TEXT_HERE>” Answer:

Hate Speech
Severity

You are an expert at detecting the severity of hate speech in Bangla text. Inter-
nally follow these steps: 1. Read the sentence. 2. Identify hostile or violent
language. 3. Judge whether it is harmless, mildly offensive, or severely hateful.
Categories: Little to None, Mild, Severe
Important: Do all reasoning internally and return only the final severity label.
Examples: Text: ”ইজরােয়েলর িবচার হওয়া উিচৎ” → Mild Text: ”শামীম ওসামা িবন
হািসনা” → Little to None Text: ”আল্লাহ্ এসবজােনায়ারেদর েশষ কের দাও” → Severe
Now classify the following text: Text: ”<INSERT_TEXT_HERE>” Answer:

A.2 Class-wise perfromance analysis
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Figure 2: Class-wise accuracy for Task 1A (type), Task 1B (target), and Task 1C (severity).
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(a) Confusion matrix of hate speech detection (M1) (b) Confusion matrix of hate speech type classification (M2)

(c) Confusion matrix of hate speech target classification (M3)
(d) Confusion matrix of hate speech severity classification
(M4)

Figure 3: Confusion matrices of the HateSense framework across all models: (a) Hate speech detection(M1), (b)
Hate type classification (M2), (c) Hate target classification (M3), (d) Hate severity classification (M4) of the test
phase.
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Abstract

Hate speech on social media platforms, partic-
ularly in low-resource languages like Bengali,
poses a significant challenge due to its nuanced
nature and the need to understand its type,
severity, and targeted group. To address this,
the Bangla Multi-task Hate Speech Identifica-
tion Shared Task at BLP 2025 adopts a multi-
task learning framework that requires systems
to classify Bangla YouTube comments across
three subtasks simultaneously: type of hate,
severity, and targeted group. To tackle these
challenges, this work presents BanTriX, a
transformer ensemble method that leverages
BanglaBERT-I, XLM-R, and BanglaBERT-II.
Evaluation results show that the BanTriX, op-
timized with cross-entropy loss, achieves the
highest weighted micro F1-score of 73.78% in
Subtask 1C, securing our team 2nd place in the
shared task.

1 Introduction

Hate speech identification relies on detecting and
classifying harmful or offensive language in text,
with careful analysis of its type (such as personal
attack or communal hate), severity (ranging from
mild to severe), and targeted group (including
gender and religion); these factors play a critical
role in fostering safe online environments (Fayaz
et al., 2025). Particularly in low-resource lan-
guages (LRLs) like Bengali, the limited availabil-
ity of annotated datasets and the inherent linguistic
complexity present significant challenges. The ne-
cessity for multi-task learning, where models must
classify multiple related objectives at once and re-
flect the interconnectedness of real-world scenar-
ios, further complicates this task. The scarcity
of comprehensive datasets has hindered progress,
the contextual subtlety of Bengali hate speech,
and a lack of previous multi-task learning frame-
works for LRLs like Bengali. In response, the
BLP Workshop@IJCNLP-AACL 2025 organized

a shared task (Hasan et al., 2025b) centering on
multi-task hate speech identification in Bengali
YouTube comments, with classification by type
(abusive, religious, or political), severity (mild or
severe), and targeted group (society or organiza-
tion). This collaborative effort highlights the im-
portance of synergy in advancing robust and in-
terpretable hate speech detection systems. Such
collaboration forms the central motivation for our
work. Our main contributions are summarized as
follows:

• We developed BanTriX, a robust ensem-
ble that merges BanglaBERT-I, XLM-R, and
BanglaBERT-II for multi-task hate speech
classification in Bengali.

• By evaluating diverse deep learning, trans-
former models and their ensembles with com-
prehensive metrics and ablation studies, we
identify the optimal multi-task strategy.

• To enhance interpretability, we employ LIME
to highlight feature importance and illumi-
nate the decision processes of our proposed
architecture.

2 Related Work

In recent years, researchers have explored harm-
ful online behaviors, e.g., cyberbullying and abu-
sive language, often treating them as related to
hate speech. Within this space, automated hate
speech detection has progressed rapidly, initially
focusing on English datasets (Davidson et al.,
2017; Founta et al., 2018), and later expand-
ing to languages such as Arabic (Omar et al.,
2020), Spanish (del Arco et al., 2021), and Ben-
gali (Das et al., 2022). This shift was facili-
tated by shared tasks such as HASOC (Mandl
et al., 2025), CHiPSAL (Sarveswaran et al., 2025),
and DravidianLangTech@NAACL 2025 (G et al.,
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2025). Several studies have provided a compre-
hensive overview of hate speech detection tech-
niques, highlighting key contexts (Maruf et al.,
2024; Nandi et al., 2024).

A study by Acharya et al. (2025) evaluated Fast-
Text and BERT for hate speech detection and tar-
get identification, finding that FastText with data
augmentation performed best for hate speech (F1
score of 0.8552). At the same time, BERT ex-
celled in target identification (F1 score of 0.5785).
Farsi et al. (2024) explored LR, SVM, CNN,
XLM-R, and MuRIL, achieving the best result
with Indic-SBERT (macro F1 of 0.7013). A Fast-
Text model for Hindi offensive text classification
achieved 92.2% accuracy on the DHOT dataset
(Jha et al., 2020). However, several works ad-
dressed aggressive content in Bengali. For in-
stance, Remon et al. (2022) introduced a 10,133-
comment Facebook dataset, where SVM with Fast-
Text embeddings performed best. Fayaz et al.
(2025) proposed BIDWESH, covering regional di-
alects with 9k+ samples for fair detection. Sharif
et al. (2022) presented M-BAD with 15,650 texts
for aggression and target detection, achieving a
weighted F1 of 0.92 and 0.83 using BanglaBERT.
A 30k-comment Bengali dataset from YouTube
and Facebook annotated in 7 categories, with
SVM reaching 87.5% accuracy (Romim et al.,
2020).

Despite significant progress in hate speech and
offensive content detection, including multimodal
approaches (Hossain et al., 2022; Hee et al., 2023),
to the best of our knowledge, no prior studies have
addressed a multi-task setup that simultaneously
predicts hate type, severity, and targeted group in
Bengali. Building on this gap, this study presents
a multi-task learning scenario using Bengali text
from YouTube comments, aiming to develop ro-
bust systems for comprehensive analysis of hate
speech.

3 Task and Dataset Description

This study develops a system to classify Bengali
YouTube comments by hate type (such as Abusive,
Political Hate, or Profane), severity (like Mild or
Severe), and the group targeted (for example, Indi-
vidual, Organization, or Society). This multi-task
approach helps capture how different aspects of
hate speech are connected in Bengali. The dataset
(Hasan et al., 2025a) contains annotated Bengali
comments divided into training, validation, and

test sets. For example, the training set has 8,212
Abusive and 4,227 Political Hate cases, 23,489
with little to no severity, and 5,646 targeting in-
dividuals. These figures show the dataset’s variety,
which supports strong model development. How-
ever, there is an imbalance in the dataset, with
more samples labeled as None hate type (19,954
in training, 1,451 in validation, and 5,751 in test)
compared to other categories, as shown in Table
1. Appendix A provides further exploratory data
analysis.

Subtask Classes Train Valid Test WT

Hate Type

Abusive 8212 564 2312 153869
Political Hate 4227 291 1220 109447
Profane 2331 157 709 43618
Religious Hate 676 38 179 14659
Sexism 122 11 29 2396
None 19954 1451 5751 341607
Total 35522 2512 10200 665596

Hate Severity

Little to None 23489 1703 6737 414639
Mild 6853 483 2001 146920
Severe 5180 326 1462 104037
Total 35522 2512 10200 665596

Targeted Group

Individual 5646 364 1571 102771
Organization 3846 292 1152 84773
Community 2635 179 759 59800
Society 2205 141 625 52132
None 21190 1536 6093 366120
Total 35522 2512 10200 665596

Table 1: Class-wise distribution of datasets used for the
task, where WT denotes total words.

4 System Overview

This section presents the implementation details
of the proposed architecture, encompassing both
deep learning and transformer-based models.

4.1 Problem Formulation
Given a set of Bangla YouTube comments C =
{C1, . . . , C|C|}}, each comment Ci is represented
by a text sequence Xi. The goal is to learn
a mapping f that assigns three labels Yi =
{Y ht

i , Y hs
i , Y tw

i } corresponding to hate type (6
classes), hate severity (3 classes), and targeted
group (5 classes), formulating a multi-task classi-
fication problem: f : Xi → Yi. The models per-
formance is governed by a summed cross-entropy
loss function L = Lht+Lhs+Ltw, which quanti-
fies the divergence between predicted and true la-
bels across tasks. To achieve this, the model solves
the optimization problem as shown in Eq. 1.

min
f

|C|∑

i=1

[
Lht(fht(Xi), Y

ht
i ) + Lhs(fhs(Xi), Y

hs
i )

+ Ltw(ftw(Xi), Y
tw
i )

]
,

(1)

444



Input Raw Text
Traw

BanglaBERT-I
Tokenizer

XLM-RoBERTa
Tokenizer

BanglaBERT-II
Tokenizer

BanglaBERT-I
Encoder

XLM-RoBERTa
Encoder

BanglaBERT-II
Encoder

(input_ids, 
attention mask)

(input_ids, 
attention mask)

(input_ids, 
attention mask)

Classifier Head (HT)

Classifier Head (TW)

Classifier Head (HS)
Ensemble (Averaging

Corresponding
Logits)

Softm
ax

Softm
ax

Softm
ax

Predictions

Data
Preparation

Data Preprocessing Model Training

Tokenizer
[CLS]-

SubWord-[SEP]
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Figure 1: Overview of the proposed architecture for multi-task classification.

where fht, fhs, ftw are task-specific heads on
shared transformer features, and Lht,Lhs,Ltw are
cross-entropy losses for each task.

4.2 Baselines

Several deep learning and transformer-based mod-
els were explored to develop the proposed system.

4.2.1 Deep Learning Models

Deep learning models such as CNN (Kim, 2014),
BiLSTM (Huang et al., 2015), BiLSTM+CNN,
shared a common 128-dimensional word embed-
ding layer trained from scratch on the prepro-
cessed corpus using a Tokenizer with <OOV> han-
dling. Input sequences were standardized to 128
tokens through post-padding and truncation. The
BiLSTM model stacked two bidirectional LSTM
layers (128 units each) with a 10% dropout and
three parallel output heads. The CNN model
applied two Conv1D layers (128 filters, kernel
size 5) with max pooling and global max pool-
ing, followed by dropout and identical output
heads. The hybrid model combined a 64-unit BiL-
STM branch and a 64-filter CNN branch, merged
their outputs, and connected them to the output
heads. All models were optimized with Adam
using task-specific learning rates (2.15 × 10−4,
1.25×10−3, and 1.5×10−4, respectively), trained
with SparseCategoricalCrossentropy loss and
early stopping (patience of 13) over up to 25–31
epochs with a batch size of 32.

4.2.2 Transformer-Based Models
Transformer-based models such as BanglaBERT-
I (SagorSarker1), XLM-R (Conneau et al., 2020),
and BanglaBERT-II (Bhattacharjee et al., 2022)
were fine-tuned for the task using AdamW with
learning rates of 2.25e-5, 2e-5, and 2.35e-5, re-
spectively, over 9 epochs and a batch size of 32.
All models processed inputs with a maximum se-
quence length of 128, applied 10% dropout af-
ter the [CLS] pooled output, and shared three
linear classification heads for hate type, sever-
ity, and target prediction. Training used summed
CrossEntropy loss across tasks, with linear learn-
ing rate warmup (50 steps for BanglaBERT-I, 175
for BanglaBERT-II, 225 for XLM-R) followed
by decay over total training steps. After eval-
uating transformer-based models, BanglaBERT-I,
XLM-RoBERTa, and BanglaBERT-II emerged as
the best performers, significantly outperforming
mBERT. These three models were then ensem-
bled through systematic exploration to identify the
optimal strategy (detailed in Appendix C), using
their complementary strengths in contextual under-
standing to develop BanTriX.

4.3 Proposed Approach

Figure 1 illustrates the proposed architecture
(BanTriX) for Bengali hate speech detection
in YouTube comments, integrating a shared
transformer backbone with task-specific heads
and ensembles of BanglaBERT-I, XLM-R, and
BanglaBERT-II. Full implementation details can

1https://huggingface.co/sagorsarker/
bangla-bert-base
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be found in the GitHub repository2.

4.3.1 Data Preparation and Input Layer

The data preparation began with processing
raw Bengali text sequences from YouTube com-
ments. Using pre-trained tokenizers (e.g., for
BanglaBERT or XLM-R), each text t was con-
verted into input IDs I and attention masks A as
depicted in Eq. 2.

{I,A} = tokenizer(t), (2)

where I,A ∈ RB×L, with batch size B = 32
and maximum sequence length L = 128.

4.3.2 Shared Encoder

The core of the architecture is a pre-trained trans-
former encoder (e.g., BanglaBERT-I, XLM-R, or
BanglaBERT-II), which extracts contextual em-
beddings shared across all tasks as shown in Eq. 3.

H = fbase(I,A), (3)

where H ∈ RB×L×D and D = 768 is the hid-
den dimension. This shared encoder captures the
linguistic nuances critical for the tasks.

4.3.3 Pooling and Dropout

To create a compact representation, the sequence
embeddings were pooled, typically using the
[CLS] token, yielding P ∈ RB×D. Dropout (0.1)
was applied for regularization, as shown in Eq. (4).

D = Dropout(P), (4)

4.3.4 Task-Specific Heads

From the pooled features D, three linear classifiers
were used to produce logits for each task, i.e., hate
type (Cht = 6), hate severity (Chs = 3), and tar-
geted group (Ctw = 5), as shown in Eq. 5.

Lht = WhtD + bht, Lhs = WhsD + bhs,

Ltw = WtwD + btw,
(5)

where Lht ∈ RB×6, Lhs ∈ RB×3, Ltw ∈ RB×5,
and W, b are learnable parameters. During infer-
ence, probabilities were computed via softmax as
Prht = softmax(Lht), and selected predictions as
ŷht = arg max(Prht).

2https://github.com/RJ-Hossan/BLP_T1_2025

4.3.5 Ensemble Mechanism
To enhance performance, three models were en-
semble by averaging their logits as shown in Eq. 6.

L̄ht =
1

3

3∑

m=1

L(m)
ht , (6)

and similarly for L̄hs and L̄tw. Final predictions
are obtained via softmax on L̄.

4.3.6 System Requirements
The proposed architecture was trained on Kag-
gle’s free-tier environment using two NVIDIA T4
GPUs in a distributed setup, requiring approxi-
mately 5 GB of system RAM and ∼15 GB of GPU
memory, with a total training time of around 65
minutes. Table B.1 in Appendix B provides the
tuned hyperparameters used in the proposed archi-
tecture for the tasks.

5 Results and Discussion

Table 2 summarizes the performance of various ap-
proaches for the task, with performance metrics in-
cluding the overall Weighted Micro F1-Score (µ-
F1), True Positive Rate (TPR), and Balanced Er-
ror Rate (BER). The following insights are drawn
from these results.
Which tasks are hard to solve? The three classi-
fication tasks present challenges, particularly due
to class imbalances. The CNN+BiGRU model
shows a high BER for Hate Type (56.06%), indi-
cating difficulty in correctly classifying all classes.
Even transformer-based models like BanglaBERT-
II exhibit elevated BER for Hate Type (47.41%).
The proposed ensemble achieves lower BERs (e.g.,
41.07% for Hate Severity). Still, these values re-
main relatively high, highlighting that Hate Type
and Targeted Group are tough to classify accu-
rately due to their complex class distributions (clar-
ified by error analysis in Appendix E).
Does the ensemble approach improve the re-
sult? The result clarifies that ensemble ap-
proaches significantly improve performance. The
XLM-R+BanglaBERT-II ensemble achieves an
overall µ-F1 of 72.52%, surpassing the sin-
gle BanglaBERT-II model’s µ-F1 of 70.49% by
2.88% and improving Hate Type µ-F1 by 2.33%.
The proposed ensemble further enhances perfor-
mance, achieving an overall µ-F1 score of 73.78%
(+1.74% compared to XLM-R+BanglaBERT-II).
In task-wise, BanTriX excels with Hate Type µ-
F1 of 73.38% (+4.87% than XLM-R), Hate Sever-
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Approaches
Overall Hate Type Hate Severity Targeted Group

Pr(%) Re(%) µ-F1(%) TPR(%) µ-F1(%) BER(%) µ-F1(%) BER(%) µ-F1(%) BER(%)
CNN 64.63 67.77 67.77 41.13 65.39 66.70 71.71 44.68 66.21 65.23

BiLSTM 62.45 66.74 66.74 42.31 64.75 62.82 71.06 45.31 64.40 64.93

BiLSTM+CNN 62.62 64.77 64.77 38.29 61.47 69.17 69.45 46.27 63.39 69.69

BiLSTM+BiGRU 63.95 68.05 68.05 42.93 66.12 62.29 72.00 46.18 66.04 62.75

CNN+BiGRU 67.06 69.50 69.50 47.31 68.30 56.06 72.31 44.30 67.87 57.71

BanglaBERT-I 67.21 67.24 67.24 51.75 65.96 50.50 70.12 43.54 65.63 50.71

BanglaBERT-II 70.70 70.49 70.49 56.52 69.66 47.41 72.54 38.82 69.28 44.22

XLM-R 69.27 70.45 70.45 54.76 69.97 47.65 72.11 40.84 69.27 47.23

mBERT 59.69 66.53 66.53 39.60 63.57 66.02 70.63 50.14 65.40 65.04

(BiLSTM+CNN)+BiLSTM 62.89 69.03 69.03 40.64 67.52 64.11 72.59 48.32 66.97 65.66

BiGRU+(BiLSTM+CNN) 64.79 69.34 69.34 43.33 68.15 62.07 72.59 45.37 67.27 62.57

BanglaBERT-I+XLM-R 69.37 71.49 71.49 51.85 70.84 51.06 73.33 42.14 70.29 51.24

XLM-R+BanglaBERT-II 71.77 72.52 72.52 56.40 71.28 47.35 74.12 39.98 72.17 43.46

Proposed (BanTriX) 71.91 73.78 73.78 54.97 73.38 47.70 74.95 41.07 73.02 46.32

Table 2: Performance comparisons on test data across different approaches, where Pr, Re, µ-F1, TPR, and BER
denote Precision, Recall, Weighted Micro-F1 score, True Positive Rate, and Balanced Error Rate, respectively.

ity µ-F1 of 74.95%, and Targeted Group µ-F1
of 73.02% (+5.41% than XLM-R), demonstrating
that combining Bengali-specific transformers en-
hances robustness and accuracy across all tasks.
Does CCC loss configuration help? Abla-
tion study in Appendix C shows that the CCC
setup (C=Cross-Entropy Loss across three models)
achieves the best overall performance, surpassing
other loss variants. Poor-performing variants, such
as FCW and WFL, indicate heavy overfitting. In a
task-wise comparison, CCC provides a more bal-
anced performance across all tasks, demonstrating
the effectiveness of the proposed CCC loss function
combination in stabilizing training and improving
generalization.

6 Conclusion

The study introduced the BanTriX architecture
tailored for the Bengali multi-task hate speech
identification, achieving an overall weighted mi-
cro F1-Score of 73.78%. An ablation study high-
lighted that the optimal configuration, using a to-
ken length of 128 with the cross-entropy loss com-
bination, excelled in terms of LIME-based inter-
pretability, confirming its focus on hate-indicative
features. Future work will explore the integration
of LLMs and advanced techniques, such as dy-
namic loss optimization, to further enhance rare
class detection across diverse datasets.

Limitations

While the study yields strong results for detecting
Bengali hate speech, it also presents some appar-
ent limitations. Using a fixed token length of 128

means longer posts may lose important context.
The CCC loss setup works well overall; however,
it struggles with rare hate categories. It also tends
to perform better on predicting None cases, which
risks missing more subtle hate expressions. More-
over, the study acknowledges class imbalance but
does not address it, potentially affecting underrep-
resented categories. It emphasizes model integra-
tion and empirical analysis, relying on pretrained
transformers with limited task-specific adaptation
or efficiency optimization. Finally, more advanced
methods, such as large language models, have yet
to be explored.

Ethics Statement

We acknowledge the dataset’s annotation biases,
though mitigated by clear guidelines and schemas.
As it contains only non-identifiable comments, no
privacy risks arise. Our model adds no ethical
concerns, and fairness was ensured by evaluating
across hate types and communities. Overall, the
dataset enables hate speech detection to support
healthier online discourse, with human oversight
mitigating misclassification risks and promoting
equitable outcomes.
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A Exploratory Data Analysis

Figure A.1 shows the word cloud generated from
the train, validation, and test datasets, where fre-
quently occurring words appear larger in size.
This visualization highlights dominant patterns
and recurring terms in the corpus, offering quick
insights into the lexical distribution of the dataset
and serving as an effective tool for understanding
key themes and guiding preprocessing decisions.

(a) Train set (b) Validation set

(c) Test set

Figure A.1: Word clouds (top 200 words) across all
three datasets.

Figure A.2 illustrates the feature correlation
map, which reveals the three subtasks: Hate Type,
Hate Severity, and Targeted Group. They are

Figure A.2: Feature correlation map across three
datasets.

largely independent, with only weak associations.
For example, Hate Type vs. Hate Severity shows
a very low positive correlation of 0.07, Hate Type
vs. Targeted Group is slightly higher at 0.12, while
Hate Severity vs. Targeted Group exhibits a weak
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negative correlation of -0.15. These low values in-
dicate that each label contributes distinct informa-
tion, justifying the multi-task setup and highlight-
ing the datasets richness for modeling diverse as-
pects of hate speech.

B Tuned Hyperparameters

Table B.1 summarizes the key hyperparame-
ters used for training the proposed architecture
(BanTriX), including a dropout rate of 0.1, a token
length of 128, a batch size of 32, model-specific
learning rates (2.5e-5 for BanglaBERT-I, 2e-5 for
XLM-R and BanglaBERT-II), AdamW optimizer,
linear warmup scheduler with 0 warmup steps, and
two training epochs.

Attribute Value
Dropout 0.1
Token Length 128
Batch Size 32

Learning Rate
2.5e-5 (BanglaBERT-I)
2e-5 (XLM-R)
2e-5 (BanglaBERT-II)

Optimizer AdamW
Scheduler Linear Schedule with Warmup
Warmup Steps 0
Epochs 2
Loss Function Cross-Entropy Loss

Table B.1: Hyperparameters used for training of
BanTriX in multi-task hate speech detection.

C Ablation Study

The ablation study (Table C.1) examines the im-
pact of various loss function combinations and
maximum token lengths (TL) on performance, us-
ing an epoch size of 2. The study reveals that
the optimal configuration (TL = 128) achieves
an overall µ-F1 score of 73.78% and a TPR of
54.97% (slightly lower than the best), thereby bal-
ancing context capture and generalization.

C.1 Loss Function Combinations
The proposed architecture uses Cross-Entropy
Loss (C) across three transformer models
(BanglaBERT-I, XLM-R, BanglaBERT-II). Still,
we explored combinations of Cross-Entropy (C),
Focal Loss (F), Weighted Cross-Entropy (W), and
Label-Smoothed Cross-Entropy (L), as defined in
Eq. C.7.

LCE = −
C∑

c=1

yc log(ŷc) (C.7a)

LWCE = −
C∑

c=1

wcyc log(ŷc), (C.7b)

LFL = −
C∑

c=1

(1− ŷc)
γyc log(ŷc) (C.7c)

LLSCE = −(1− ϵ)

C∑

c=1

yc log(ŷc)

− ϵ
C

C∑

c=1

log(ŷc) (C.7d)

where reduction=“mean”, γ = 2.0, α = None,
and ϵ = 0.1 used.

The CFL setup (Cross-Entropy, Focal Loss,
Label-Smoothed) achieves the best results with
73.03% µ-F1 and 53.64% TPR, surpassing FFF
(all Focal Loss) at 72.52% µ-F1 and 55.23%
TPR by +0.70% µ-F1 and -2.96% TPR. Poor-
performing variants FCW, WFL, and LWF yield
only 32.05% µ-F1 and 23.33% TPR, reflecting
heavy overfitting. In task-wise, CFL records
72.40% µ-F1 for Hate Type (vs. 71.57% of FFF),
74.68% for Severity (vs. 74.46%), and 72.00% for
Targeted Group (vs. 71.53%), with slightly higher
BER (+5.87%) on Hate Type but overall more bal-
anced performance after the proposed CCC loss
function combination.

C.2 Maximum Token Length
Varying the maximum token length (TL) impacts
context capture. At TL of 156, the proposed
method achieves the 2nd best (after TL of 128)
overall µ-F1 of 73.72% and TPR of 56.72%, sur-
passing TL of 64 (73.51% µ-F1) by 0.29% in
µ-F1, and TL of 256 (72.91% µ-F1, 59.16%
TPR) by +1.11% in µ-F1 but -4.30% in TPR. In
task-wise, TL of 156 yields Hate Type µ-F1 of
72.94% (0.27% better than TL of 64) with BER
of 47.58%, Hate Severity µ-F1 of 75.21% with
BER of 38.53%, and Targeted Group µ-F1 of
73.01%, indicating optimal performance (except
token length of 128) at token length of 156.

C.3 Batch Size Analysis
Figure C.1 shows that a batch size of 32 yields
the best results, with µ-F1 scores of 73.38% (Hate
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Attributes
Overall Hate Type Hate Severity Targeted Group

Pr(%) Re(%) µ-F1(%) TPR(%) µ-F1(%) BER(%) µ-F1(%) BER(%) µ-F1(%) BER(%)
Loss Function Combinations

CFL 71.01 73.03 73.03 53.64 72.40 49.39 74.68 40.69 72.00 48.99

FCW 16.44 32.05 32.05 23.33 22.67 83.33 66.05 66.67 7.44 80.00

WFL 16.44 32.05 32.05 23.33 22.67 83.33 66.05 66.67 7.44 80.00

FFF 71.35 72.52 72.52 55.23 71.57 46.65 74.46 40.08 71.53 47.58

LWF 16.44 32.05 32.05 23.33 22.67 83.33 66.05 66.67 7.44 80.00

Maximum Token Length, TL

TL = 64 72.40 73.51 73.51 57.32 72.74 46.41 74.87 39.26 72.91 42.37

TL = 128 71.91 73.78 73.78 54.97 73.38 47.70 74.95 41.07 73.02 46.32

TL = 156 72.71 73.72 73.72 56.72 72.94 47.58 75.21 38.53 73.01 43.74

TL = 224 71.89 73.57 73.57 55.17 72.81 47.84 75.20 40.17 72.70 46.48

TL = 256 73.19 72.91 72.91 59.16 72.08 45.14 74.28 36.80 72.37 40.56

Table C.1: Ablation study of BanTriX on test data with loss function combinations and maximum token length.
Here, Pr, Re, µ-F1, TPR, and BER denote Precision, Recall, Weighted Micro-F1 score, True Positive Rate, and
Balanced Error Rate, respectively.

Type), 74.95% (Severity), and 73.02% (Targeted
Group), along with the lowest BERs. Smaller
sizes (8, 16) achieve around 72–74.6% µ-F1,
while larger sizes (64, 96) drop to about 69–74.1%
µ-F1 with higher BERs, confirming batch size 32
as the optimal choice.

Figure C.1: Overview of the batch size impact while
the maximum token length is 128 and cross-entropy
loss is used.

D Performance Comparison

Table D.1 compares teams’ performance with
baselines in the task, with CUET-NLP_Zenith
(our team) achieving a Weighted Micro F1-Score
(µ-F1) of 73.78%, ranking second. It trails
mahim_ju’s performance by 0.16% but beats shi-
fat_islam’s performance by 0.23%. Compared to
the baselines provided by the organizers, the pro-
posed BanTriX outperforms the Majority Base-
line by 21.51% and the n-gram Baseline by
17.02%, demonstrating its superiority over tradi-
tional approaches.

Baseline/Team µ-F1 (%) Rank
mahim_ju 73.92 1
CUET-NLP_Zenith 73.78 2
shifat_islam 73.61 3
reyazul 73.32 4

Random Baseline 23.04 -
Majority Baseline 60.72 -
n-gram Baseline 63.05 -

Table D.1: Performance comparison of the proposed
architecture with other teams’ approaches.

E Error Analysis

A thorough quantitative and qualitative error anal-
ysis was conducted to gain an in-depth understand-
ing of the proposed architecture’s performance in
the task.

E.1 Quantitative Analysis
The confusion matrices presented in Figure E.1
reveal distinct performance patterns across hate
types (Figure E.1a), hate severity (Figure E.1b),
and targeted groups (Figure E.1c).

For hate severity, the model performs well on
Little to None (92.4% accuracy, F1 of 0.86) but
struggles with Mild (F1 of 0.41, often misclassi-
fied as Little to None) and Severe (F1 of 0.56, with
frequent downgrading). For targeted groups, per-
formance is weak due to dataset skew, with Soci-
ety achieving only 0.39 F1 and few instances for
Community. Regarding hate types, strong results
are observed for Profane (F1 of 0.76) and None
(F1 of 0.84). In contrast, Abusive exhibits limited
recall (0.48), and Sexism performs poorly, often

451



(a) Hate Type (b) Hate Severity

(c) Targeted Group

Figure E.1: Confusion matrices for different categories
in the task.

being misclassified as None. Overall, the model
excels at the majority classes but struggles with
minority hate categories (e.g., sexism), reflecting
bias toward predicting None in ambiguous cases.

E.2 Qualitative Analysis

The qualitative analysis of sample classifications
shown in Table E.1 illustrates varied model
performance in detecting hate speech in Ben-
gali YouTube comments. The model demon-
strates strong performance on neutral samples
(IDs 266764 and 653626), both labeled as None,
where the predictions match perfectly. This indi-
cates robustness in handling straightforward non-
hate content. In contrast, it struggles with nuanced
cases, e.g., sample 241030 (Political Hate) was
misclassified as Abusive, likely due to overlapping
sarcastic or abusive tones, while sample 742298
(Abusive) was predicted as None, reflecting diffi-
culties with cultural subtleties and dataset imbal-
ance. Overall, the model reliably detects clear non-
hate instances but faces challenges with context-
dependent hate and minority categories.

Table E.1: Few sample predictions by BanTriX in the
task. The

√
mark indicates the correct predictions, and

X denotes incorrect predictions.

F Model Interpretability

The LIME-based explanation bar plots (see Fig-
ure F.1) for the last sample of Table E.1, labeled
as None across hate type, severity, and targeted
group, provide insights into token contributions to
the model’s predictions. For hate severity, the plot
shows that tokens like “ল (la)” and “ক (ka)” nega-
tively impact (red bars) the prediction of Little to
None severity, reducing its likelihood, while other
tokens positively impact (green bars), supporting
the None prediction. In the hate type plot, “ন (na)”
negatively affects the predictions, whereas some
tokens like “ল (la)”, “ভ (bha)” positively reinforce
the None classification, highlighting these tokens
as key neutral indicators. Overall, the model relies
heavily on neutral tokens to correctly classify this
sample as None across all categories.

(a) LIME: Hate Type (b) LIME: Hate Severity

(c) LIME: Targeted Group

Figure F.1: LIME-based model interpretability for the
last sample of Table E.1.
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Abstract
Detecting hate speech on social media is es-
sential for safeguarding online communities,
yet it remains challenging for low-resource
languages like Bangla due to class imbalance
and subjective annotations. We introduce a
two-stage cascaded framework with k-fold en-
sembling to address the BLP Workshop 2025
Shared Task’s three subtasks: 1A (hate type
classification), 1B (target identification), and
1C (joint classification of type, target, and sever-
ity). Our solution balances precision and recall,
achieving micro-F1 scores of 0.7331 on 1A,
0.7356 on 1B, and 0.7392 on 1C, ranking 4th
on 1A and 1st on both 1B and 1C. It performs
strongly on major classes, although underrepre-
sented labels such as sexism and mild severity
remain challenging. Our method makes the
optimal use of limited data through k-fold en-
sembling and delivers overall balanced perfor-
mance across majority and minority classes by
mitigating class imbalance via cascaded layers.

1 Introduction

Social media’s growth has accelerated the spread
of hate speech, presenting major threats to online
safety and public welfare (Vogels, 2021). Despite
having a large speaker base, Bangla is still not well-
studied, even though automatic detection systems
have advanced in high-resource languages (Fortuna
and Nunes, 2018; Das et al., 2021). Subjectivity
in annotation, overlapping linguistic cues across
categories, and a stark class imbalance make the
task especially challenging (Vidgen and Derczyn-
ski, 2020).

To overcome these obstacles, we introduce a
two-phase cascaded framework with k-fold ensem-
bling in this paper (Tang and Dalzell, 2019). After
distinguishing between hate and non-hate content,
our method gradually improves predictions across
multiple categories. Our approach reduces overfit-
ting and stabilizes performance in imbalanced con-
ditions by using ensembling and cross-validation

(Mozafari et al., 2020). Our framework shows
strong results across all subtasks of the BLP shared
task 1 (Hasan et al., 2025b), demonstrating that
our divide-and-conquer tactics can successfully
maintain a balance between recall and precision
for Bangla hate speech detection.

2 Related Work

Recent studies approach hate speech detection in
low-resource languages using transformer mod-
els, hybrid architectures, and ensemble techniques.
(Saha, 2023) combined IndicBERT with a Naive
Bayes classifier and synthetic upsampling, achiev-
ing macro-F1 scores of 0.73 (Assamese), 0.68 (Ben-
gali), and 0.84 (Bodo). Their approach of data aug-
mentation using back translation tended to smooth
out language-specific features, reducing multi-class
separability in our study. (Ripoll et al., 2022) used
multilingual transformer models trained across k-
fold splits and ensembled via soft voting. Their
system ranked first place in contextual hate speech,
but lacks addressing class imbalance issues. (Das
et al., 2023) proposed a Hierarchical-BERT for
Bangla violence detection, where the first layer
identifies major classes and the second layer re-
fines them. However, misclassifications in the first
layer often propagate errors, whereas our cascading
design allows the second layer to revise initial mis-
predictions. (Veeramani et al., 2023) ensembled
three BERT-based models with distinct optimiza-
tion strategies such as extra classification heads
and masked language model pretraining. Their
system achieved F1 scores of 0.7347 for violence
and 0.7173 for sentiment. (Ababu et al., 2025) ap-
plied BiLSTM with FastText embeddings for bilin-
gual hate speech detection in Amharic and Afaan
Oromo, reaching 78.05% accuracy. While FastText
helped them deal with words that were out of their
vocabulary, its static nature hindered contextual un-
derstanding—a crucial component of multi-class
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hate classification.

3 Task Description

3.1 Task Overview

This shared task focuses on detecting hate speech
in Bangla social media content across three sub-
tasks: 1A - classify the type of hate (e.g., Abusive,
Sexism, Religious, Political, Profane, or None);
1B - identify the target (Individuals, Organizations,
Communities, or Society); 1C - jointly predict hate
type, severity (little to none, mild, severe), and
target in a multi-task setup. Subtasks 1A and 1B
are evaluated using the Micro-F1 score to address
class imbalance. Subtask 1C is evaluated using
the average Micro-F1 across the hate type, severity,
and target predictions.

3.2 Dataset Overview

We used the workshop’s (Hasan et al., 2025a)
YouTube comments dataset (35.5k rows), which
mirrors real-world trends where non-hate content
clearly dominates. Specifically, 56.28% of com-
ments fall under “None” for hate_type, 66.24%
are rated “Little to None” for severity, and
59.75% target no particular group. In contrast, the
rarest labels are Sexism at just 0.35%, Severe at
14.48%, and Society at 6.17%.
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Figure 1: Distribution of classes

4 Methodology

We used a cascading framework to boost confi-
dence and reduce error rates in major classes, rais-
ing the overall F1 score. Each subtask runs in two
stages. Stage 1 separates hate from non-hate con-
tent with a binary classifier. Stage 2 applies multi-
class classification to the samples labeled as hate
in Stage 1. This stage can also reclassify content
flagged as hate back into non-hate classes, giving
any false positives a second chance. This setup

helps the model generalize better across all cat-
egories. Because each level refines the previous
one instead of forming a strict hierarchy, we call it
cascading levels (Figure 2).

We selected evaluation metrics for each stage’s
needs. Stage 1’s binary classifier uses the F2-micro
score, prioritizing recall to reduce false negatives in
non-hate detection. Stage 2’s multi-class classifier
uses the F1-micro score to balance precision and
recall across all classes and ensure fair, accurate
label distribution. These choices align with our cas-
cading framework’s goal of initial high-confidence
filtering of major classes followed by comprehen-
sive classification of all classes.

We used k-fold cross-validation with an ensem-
ble approach (Figure 2) on each stage to improve
generalization and make full use of our data. We
merged the training and validation sets, then split
them into folds. For Subtasks 1A and 1B, we set
k = 7; for Subtask 1C’s severity, k = 9. We
applied StratifiedKFold to keep class ratios bal-
anced across folds, producing k models at each
stage. During inference, we ensembled those mod-
els by majority vote. In multi-class tasks, ties were
broken by choosing the most frequent class in the
training set.

Multi-BertMulti-Bert

Binary-BertBinary-BertText Preprocess Binary-
Classifier 

Ensembler
(Majority
Voting)

Major
Class
(M)

Non-Major
Class(NM)

Multi-Class
Classifier

M

NM(1)

NM(2)

NM(n)

Ensembler
(Majority

Voting & Tie
Breaking)

Cascading Layers

K models

K models

Figure 2: Cascading classification architecture with
level-wise k-fold ensembling

To improve classification performance for Sub-
task 1B, we used an enhanced BanglaBERT archi-
tecture for the 2nd stage of the multi-class classi-
fier (Figure 3). We processed each input by first
encoding it into token IDs and attention masks,
which were then passed through the pretrained
BanglaBERT encoder to obtain contextual embed-
dings. To summarize token-level information, we
applied an attention-pooling mechanism that dy-
namically weighted important tokens, producing a
single pooled vector per instance. This pooled out-
put was regularized using dropout and transformed
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[SEP]
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Figure 3: Enhanced BanglaBERT with Attention Pool-
ing and Classification Head

via a dense layer followed by GELU activation to
introduce non-linearity. A second dropout layer
was applied to further reduce overfitting before fi-
nal classification. The transformed features were
then mapped to class logits using a linear layer.
During training, we computed loss using CrossEn-
tropy with optional label smoothing to improve
stability on imbalanced data.

For Subtask 1C, we developed three indepen-
dent classification pipelines shown in Figure 4,
each trained separately; their outputs were then
aggregated to improve the average micro-F1 score.

Cascaded architecture
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Figure 4: Aggregation of 3 models

5 Results and Findings

We evaluated all tasks using the final test dataset
provided by the workshop organizers. Each subtask
test set contains 10,200 instances.

The overall performance across the three sub-
tasks is shown in Table 1. With F1 scores of 0.7331,
0.7356, and 0.7392 for Subtasks 1A, 1B, and 1C,
our cascaded framework with k-fold ensembling
consistently delivers strong results. The reliability
of our divide-and-conquer strategy is demonstrated
by the improvements, which are not only evident
in terms of F1 but also balanced across precision
and recall.

Subtask Accuracy Precision Recall F1 Score
1A 0.7331 0.7235 0.7331 0.7331
1B 0.7356 0.7276 0.7356 0.7356
1C 0.7392 0.7266 0.7392 0.7392

Table 1: Overall performance metrics across all sub-
tasks.

For hate type classification, our system achieved
an overall F1 of 0.7331 with precision = 0.7439
and recall = 0.7395. As shown in Table 2, the
None class achieved the highest performance (F1 =
0.8361, precision = 0.8221, recall = 0.8506), indi-
cating the effectiveness of the first-stage filtering in
distinguishing non-hate content. Profane language
also scored strongly (F1 = 0.7500). However,
performance was weaker for minority categories,
particularly Religious Hate (F1 = 0.4531) and Sex-
ism (no correct predictions). The challenges with
the Sexism category stem from its extreme under-
representation, with only 9 examples in a training
set of over 35k. In the test set, the first-stage classi-
fier detected just 11 of 29 sexism instances (recall
= 0.38), and none of these were correctly labeled
as Sexism in the second stage, often falling under
broader categories like Abusive.

Class Precision Recall F1 Score
Abusive 0.5761 0.5272 0.5506
None 0.8138 0.8597 0.8361
Political Hate 0.6175 0.5730 0.5944
Profane 0.7309 0.7701 0.7500
Religious Hate 0.5385 0.3911 0.4531
Sexism 0.0000 0.0000 0.0000

Table 2: Per-class performance metrics for Subtask 1A.

In hate target prediction, our system obtained
an overall F1 of 0.7356, with precision = 0.7510
and recall = 0.7394. Similar to Subtask 1A, the
None category was detected with high performance
(F1 = 0.8408, recall = 0.8611), showing the ef-
fectiveness of cascading from the binary stage and
the influence of the training dataset. Among hate-
bearing categories, Individual (F1 = 0.6446) and
Organization (F1 = 0.6040) were captured reason-
ably well. By contrast, Community (F1 = 0.4470)
and Society (F1 = 0.4499) proved harder to detect,
suggesting subtler linguistic markers and limited
representation in the dataset.

The third subtask differs from the previous ones
as it requires predicting hate type, target, and sever-
ity jointly. We reuse outputs from Subtasks 1A
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Figure 5: Confusion matrix for Sub-
task 1A.

Figure 6: Confusion matrix for Sub-
task 1B.

Figure 7: Confusion matrix for Sub-
task 1C.

Class Precision Recall F1 Score
Community 0.4584 0.4361 0.4470
Individual 0.6699 0.6213 0.6446
None 0.8190 0.8638 0.8408
Organization 0.6146 0.5938 0.6040
Society 0.5166 0.3984 0.4499

Table 3: Per-class performance metrics for Subtask 1B.

and 1B, focus solely on severity here, then merge
all three labels, simplifying the workflow and
maintaining consistency. Our system achieved
an overall F1 of 0.7392 (precision = 0.7471, re-
call = 0.7390). It excelled on Little to None
(F1 = 0.8658, recall = 0.9170) but lagged on Se-
vere (F1 = 0.5424) and Mild (F1 = 0.4304). This
reflects the challenge of distinguishing between
mild and severe hate, where subjectivity in annota-
tion and overlapping cues complicate classification.

Class Precision Recall F1 Score
Little to None 0.8200 0.9170 0.8658
Mild 0.4859 0.3863 0.4304
Severe 0.6400 0.4706 0.5424

Table 4: Per-class performance metrics for Subtask 1C -
Hate Severity only.

The confusion matrices (Figures 5, 6, and 7)
show systematic misclassification trends. In Sub-
task 1A, many instances of Abusive, Profane, and
Political Hate are misclassified to the None class,
with additional overlap between Abusive and both
Political Hate and Profane. Subtask 1B shows a
similar pattern, where most categories are misclas-
sified as None, alongside confusions among Com-
munity, Organization, and Society. In Subtask 1C,
errors largely reduce to Little to None, but we also
observe overlap between Mild and Severe, with se-
vere cases often predicted as mild. Together, these

patterns underline both the dominance of neutral la-
bels and the difficulty of separating closely related
categories.

Key findings and overall insights:

• Subtask 1A and 1B results show that the sys-
tem is highly effective at detecting the None
category (non-hate content), which boosts
global performance, but struggles with minor-
ity classes such as Sexism, Religious Hate, and
Community; Subtask 1C reuses hate type and
target labels, focuses on severity, and achieves
an overall F1 of 0.7392.

• Precision and recall remain high for dominant
categories (e.g., None, Little to None), but
recall drops significantly for underrepresented
or ambiguous categories such as Mild severity,
where annotation subjectivity is likely a factor.

• The cascaded framework achieves strong per-
formance across all subtasks with balanced
precision and recall; k-fold ensembling op-
timizes the use of limited low-resource lan-
guage data to enhance overall results.

6 Conclusion

In this work, we proposed a two-stage cascaded
framework for multi-label classification of hate
speech in Bangla using k-fold ensembling. Our
system ranked among the top submissions (4th, 1st,
and 1st) in the shared task, consistently achieving
balanced precision, recall, and F1-score across hate
type, target, and severity. Although there are still
issues with underrepresented and ambiguous labels
like "Sexism" and "Mild severity," the framework
was especially successful at handling dominant cat-
egories and filtering non-hate content. These re-
sults illustrate the potential of cascaded ensembling
for low-resource hate speech detection as well as
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the ongoing requirement for more balanced, richer
datasets to capture subtle types of online abuse.

Limitations

The system lacks the implementation of contrastive
learning. As the proposed problem to be solved
has overlapping classes, contrastive learning could
help. It pulls similar examples together and pushes
dissimilar ones apart. This creates fine-grained
distinctions between close classes like community
and organizations.

The system lacks proper data augmentation. Mi-
nority classes suffer as a result. The model does
well on dominant labels but fails to detect labels
such as Sexism accurately. Per-class F1 scores drop
despite strong global metrics.

Critical Analysis

We experimented with data augmentation through
back-translation, but this strategy did not improve
the performance of the models, most likely due to
overlapping class annotations that limited the value
of augmented samples.

We also explored an enhanced classification
head for Subtasks 1A and 1C. Although initial ex-
periments involved some hyperparameter tuning,
the limited scope of training time and resources
prevented us from fully optimizing the approach,
and the gains remained inconsistent. Consequently,
it was not included in our final system. In contrast,
the same design showed clearer improvements in
Subtask 1B, suggesting that with more extensive
hyperparameter exploration, it could potentially
benefit Subtasks 1A and 1C as well.

Lastly, model generalization was limited by
dataset-specific issues like class imbalance and in-
consistent annotations. Although methods such
as weighted class and over-sampling were tried,
they were unable to completely counteract the test
dataset’s bias toward majority classes.
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A Source Code

To foster reproducibility and future research, we re-
lease all implementation source code and resources
at https://github.com/mahbubislammahim/
Bangla-Hate-Speech-Identification

B Experimental Setup

B.1 Hardware and Runtime
All training experiments were performed using an
NVIDIA GeForce RTX 4090 GPU with 24 GB
memory. Additional experiments were occasion-
ally run on free GPUs: Google Colab (T4, 16 GB)
and Kaggle (P100 or T4, 15 GB). Training times
were around an hour.

B.2 Text Normalization and Tokenization
All inputs are normalized using the BUET NLP nor-
malizer to reduce script-level noise and standardize
punctuation/spacing. Tokenization is performed
with the csebuetnlp/banglabert WordPiece to-
kenizer, with sequences padded or truncated to a
maximum of 256 tokens.

B.3 Cascaded Modeling
Each subtask uses a two-stage cascaded framework:
stage 1 routes an input either to the “none” category
or forwards it to Stage 2 for fine-grained classifica-
tion. Stage 2 predicts the task-specific labels.

For Subtask 1A and 1C, both stages employ the
BanglaBERT base model with standard configura-
tion. For Subtask 1B, Stage 2 uses an enhanced
classification head with attention pooling and a
dense 512-GELU layer.

B.4 Training Protocol
We used the HuggingFace Trainer with AdamW,
linear learning-rate scheduling with warmup, gra-
dient accumulation, mixed precision (FP16), and
weight decay. Stage 1 optimizes micro-F2, while
Stage 2 optimizes micro-F1. Cross-validation is
stratified (random_state=42) and shuffling is en-
abled. Stage 1 models are selected by the best
validation micro-F2. Stage 2 models are selected
by the best validation micro-F1.

B.5 Inference and Ensemble Strategy
• Stage 1: average positive-class probability

across folds.

• Routing: threshold τ decides between “none”
vs. forwarding to Stage 2 (τ = 0.5 for 1A/1B,
τ = 0.3 for 1C).

• Stage 2: per-fold argmax predictions are ag-
gregated via majority vote; ties are broken
deterministically using task-specific priority
orders.

B.6 Hyperparameter Tuning
We adopt a pragmatic tuning strategy:

1. Base learning rate: 3×10−5 for Stage 1; 3–4×
10−5 for Stage 2.

2. Short training (2–3 epochs) with gradient ac-
cumulation.

3. Label smoothing of 0.1 for Subtasks 1A/1B
to stabilize predictions and break ties.

4. Step-based validation for volatile multi-class
heads.

B.7 Subtask Configurations
Subtask 1A (Hate Type; 6 classes) 7-fold CV
(approx. 5074 rows/fold from 35522 total); Stage 1:
{None, Hate}; Stage 2: {None, Religious Hate,
Sexism, Political Hate, Profane, Abusive}.

Subtask 1B (Target; 5 classes) 7-fold CV (ap-
prox. 5074 rows/fold from 35522 total); Stage 1:
{None, Hate}; Stage 2: {None, Society, Organi-
zation, Community, Individual}. Stage 2 uses en-
hanced head with attention pooling.

Subtask 1C (Severity; 3 classes) 9-fold CV (ap-
prox. 3946 rows/fold from 35522 total); Stage 1:
{Little-to-None, Has-Severity}; Stage 2: {Little-
to-None, Mild, Severe}. Stage 2 evaluates every
500 steps with τ = 0.3 for improved recall. In
this subtask, final outputs are merged into a single
submission by joining 1A (hate type), 1B (target),
and severity predictions on id.

B.8 Environment and Reproducibility
We use transformers (≥ 4.21), datasets (≥
2.0), accelerate (≥ 0.20), PyTorch (≥ 1.12),
scikit-learn (0.24), and numpy (1.20). Seeds
are fixed at 42.

B.9 Training Analysis
To better illustrate the training process, we present
example diagrams for Subtask 1B in Figure 8. We
also include attention heatmap visualizations for
1B and 1C in Figure 9 and Figure 10, respectively.
This demonstrates how the model attends to input
tokens and provide insight into its decision-making
process.
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Hyperparameter Stage 1 (Binary) Stage 2 (6-way)
CV folds 7 7
Base model csebuetnlp/banglabert csebuetnlp/banglabert
Max seq. length 256 256
Optimizer / Scheduler AdamW / Linear AdamW / Linear
Learning rate 3× 10−5 3× 10−5

Epochs 2 2
Batch size (train / eval) 16 / 16 8 / 8
Grad. accumulation 2 2
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
Label smoothing 0.1 0.1
FP16 True True
Ensemble Prob. avg. Majority vote + tie-break
Routing threshold τ 0.5 –

Table 5: Subtask 1A: Training setup.

Hyperparameter Stage 1 (Binary) Stage 2 (5-way, Enhanced)
CV folds 7 7
Base model csebuetnlp/banglabert csebuetnlp/banglabert + attention pooling
Head Standard Dense(512)+GELU + Dropout + Linear
Max seq. length 256 256
Optimizer / Scheduler AdamW / Linear AdamW / Linear
Learning rate 3× 10−5 4× 10−5

Epochs 2 3
Batch size (train / eval) 16 / 16 16 / 16
Grad. accumulation 2 2
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
Label smoothing 0.1 0.1
FP16 True True
Ensemble Prob. avg. Majority vote + tie-break
Routing threshold τ 0.5 –

Table 6: Subtask 1B: Training setup.

Hyperparameter Stage 1 (Binary) Stage 2 (3-way)
CV folds 9 9
Base model csebuetnlp/banglabert csebuetnlp/banglabert
Max seq. length 256 256
Optimizer / Scheduler AdamW / Linear AdamW / Linear
Learning rate 3× 10−5 4× 10−5

Epochs 2 3
Batch size (train / eval) 16 / 16 16 / 16
Grad. accumulation 2 2
Warmup ratio 0.1 0.1
Weight decay 0.01 0.01
Label smoothing – –
FP16 True True
Ensemble Prob. avg. Majority vote + tie-break
Routing threshold τ 0.3 –

Table 7: Subtask 1C: Training setup.
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Figure 8: Training analysis.

Figure 9: Attention heatmap for Subtask 1B. Figure 10: Attention heatmap for Subtask 1C.
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Abstract

This paper describes our participation in Task
1A and Task 1B of the BLP Workshop1, fo-
cused on Bangla Multi-task Hatespeech Iden-
tification. Our approach involves system-
atic evaluation of four transformer models:
BanglaBERT, XLM-RoBERTa, IndicBERT,
and Bengali-Abusive-MuRIL. To enhance per-
formance, we implemented an ensemble strat-
egy that averages output probabilities from
these transformer models, which consistently
outperformed individual models across both
tasks. The baseline classical methods demon-
strated limitations in capturing complex lin-
guistic cues, underscoring the superiority of
transformer-based approaches for low-resource
hate speech detection. Our solution initially
achieved F1 scores of 0.7235 (ranked 12th) for
Task 1A and 0.6981 (ranked 17th) for Task
1B among participating teams. Through post-
competition refinements, we improved our Task
1B performance to 0.7331, demonstrating the
effectiveness of ensemble methods in Bangla
hate speech detection.

1 Introduction

In recent years, online communication has become
a primary medium for individuals to express opin-
ions and emotions. With the growing use of digital
platforms, the prevalence of hate speech has also
increased rapidly. Hate speech refers to language
that spreads hostility or discrimination against in-
dividuals or groups based on attributes such as ap-
pearance, religion, ethnicity, or gender (Papcunová
et al., 2023b). Such content not only fuels social
conflict but can also damage international relations
and, in extreme cases, contribute to violent out-
comes, including wars (Sahoo et al., 2024). While
significant progress has been made in detecting
hate speech in high-resource languages such as En-
glish (MacAvaney et al., 2019; Kearns et al., 2023),

1https://multihate.github.io/

the challenge remains particularly acute for under-
represented languages like Bangla, where datasets,
resources, and detection systems are still scarce.

Existing approaches to hate speech detection of-
ten rely on classical machine learning algorithms
(Mullah and Zainon, 2021; Subramanian et al.,
2023), which struggle to capture the linguistic nu-
ances present in hateful texts, especially in low-
resource languages. Moreover, most prior studies
focus on binary classification (Subramanian et al.,
2023), distinguishing hate from non-hate, without
addressing the finer-grained categorization of hate
into types such as abusive, religious, political, or
sexist. Equally overlooked is the identification of
the target of hate, whether directed toward individ-
uals, organizations, communities, or society. These
limitations highlight a major gap in comprehensive
Bangla hate speech identification.

To address these gaps, this study advances be-
yond binary hate speech detection and tackles two
key tasks: (a) fine-grained classification of hate
speech types and (b) identification of the targeted
group. As a baseline, we experimented with classi-
cal machine learning classifiers using sentence em-
beddings from a pretrained sentence transformer,
but their limitations in capturing complex linguis-
tic cues underscored the need for transformer-
based approaches. We therefore employed four
Bangla-specific models, BanglaBERT (Hasan et al.,
2020), XLM-RoBERTa (Conneau et al., 2020),
IndicBERT (Kakwani et al., 2020), and Bengali-
Abusive-MuRIL (Das et al., 2022), and further en-
hanced performance through an ensemble strategy
that averages their output probabilities. The ensem-
ble consistently outperformed individual models
across both tasks, demonstrating its effectiveness
for Bangla hate speech detection.

The main contributions are as follows: (i) Devel-
opment of a Bangla hate speech detection frame-
work that extends beyond binary classification to
perform fine-grained hate categorization and target
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Figure 1: Overview of the proposed Bangla hate speech type identification and Bangla Hate speech target group
identification framework. Bangla text inputs are passed through four transformer-based models (BanglaBERT, XLM-
RoBERTa, IndicBert, and Bengali-Abusive-MuRIL). A focal loss function is applied to address class imbalance,
and the averaged outputs are used for final classification and target group identification.

group identification. (ii) Systematic evaluation of
baseline and advanced approaches, where machine
learning classifiers are compared against Bangla-
specific transformer models, highlighting the limi-
tations of traditional methods. (iii) Introduction of
a transformer model ensemble that achieves supe-
rior performance across both tasks, demonstrating
the effectiveness of ensembling in a low-resource
language setting.

2 Related Works

Hate speech detection has been widely studied in
recent years, with early surveys highlighting chal-
lenges such as linguistic subtlety, implicit hate,
and limited annotated resources (MacAvaney et al.,
2019). While most research has focused on high-
resource languages, recent studies emphasize the
urgent need for progress in low-resource languages,
where annotated corpora and robust models are
scarce (Das et al., 2024). For Bangla, initial re-
sources such as BD-SHS (Romim et al., 2022)
and BanglaHateBERT (Jahan et al., 2022) have
facilitated the development of benchmark systems.
Transformer-based approaches have proven effec-
tive for hate speech detection (Chakravorty et al.,
2024). Monolingual models such as MahaBERT
and BanglaBERT often outperform multilingual
baselines in capturing language-specific nuances,
while multilingual models like MuRIL and XLM-
RoBERTa demonstrate strong cross-lingual transfer
(Ghosh and Senapati, 2022, 2025). Recent studies
further demonstrate that multilingual and multi-

task learning can improve generalization across
domains and targets of hate (Yuan and Rizoiu,
2025). Generative large language models (LLMs)
also show promising results, surpassing traditional
transformer baselines in Bangla hate detection
tasks (Faria et al., 2024). Finally, datasets such as
IndicCONAN (Sahoo et al., 2024) support counter-
narrative generation, broadening the scope of hate
speech research in Indic languages. Together, these
works highlight the evolution from classical meth-
ods (Kearns et al., 2023; Papcunová et al., 2023a)
to transformer and LLM-driven approaches, un-
derscoring the importance of developing robust
systems for Bangla and other low-resource lan-
guages. While prior works highlight individual
model strengths, we show that an ensemble of state-
of-the-art transformers yields more robust and ac-
curate fine-grained Bangla hate speech detection.

3 Methods

Problem Formulation: Given a dataset D =
{(Ti, yi)}Ni=1 of Bangla text samples Ti and their
corresponding labels yi, our objectives are: (i) Hate
speech type identification, where yi ∈ {1, . . . , 6}
denotes one of six predefined hate speech cate-
gories, and (ii) Target group identification, where
yi ∈ {1, . . . , 5} denotes the specific target group
five possible categories.
Solution Strategy: Bangla hate speech detection
is particularly challenging due to limited resources
and significant class imbalance. To address these
issues, we adopt the following strategy: (a) Multi-
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Model Ensemble: Four transformer-based models
are fine-tuned on dataset D to capture diverse lin-
guistic features. (b) Focal Loss Optimization: A
focal loss function is employed during training to
mitigate class imbalance by emphasizing harder,
misclassified samples. (c) Prediction Aggregation:
The output probabilities of the four models are av-
eraged to obtain robust final predictions for both
hate category and target group identification.

3.1 Revisiting Transformer Models
Bangla hate speech detection is challenging due to
linguistic variations, dialect diversity, and code-
mixing. As baselines, we fine-tune four dis-
tinct transformer-based models on the dataset.
BanglaBERT is a monolingual model trained on a
large Bangla corpus. XLM-RoBERTa is a multi-
lingual model that captures cross-lingual represen-
tations. IndicBERT is trained on multiple Indic
languages, including Bangla, and leverages shared
linguistic features. Bengali-Abusive-MuRIL is
pretrained with a focus on abusive content, making
it relevant for hate speech detection.

3.2 Ensemble Approach
As Bangla hate speech detection is a complex task
due to its low-resource nature, individual mod-
els often fail to capture all nuances. Relying on
a single model often fails to capture these nu-
ances. To overcome this, we employ an ensem-
ble of four transformer-based models: Bangla
BERT, XLM-RoBERTa, IndicBERT, and Bengali-
Abusive-MuRIL. Each model is fine-tuned individ-
ually on the dataset to learn task-specific features
while preserving its pretraining knowledge. As il-
lustrated in Figure 1, the input text is processed in
parallel through the four models, and their predic-
tions are later combined. The ensemble strategy
leverages complementary strengths of different pre-
trained models, thereby improving generalization
and robustness compared to any single model.
Focal Loss Optimization: The dataset (Hasan
et al., 2025b) is highly imbalanced shown in Ap-
pendix A.1, with hateful instances being signifi-
cantly underrepresented. Training with standard
cross-entropy loss leads to models biased toward
the majority (non-hateful) class. To mitigate this,
we adopt focal loss, defined as:

Lfocal(pt) = −α(1− pt)
γ log(pt)

where pt is the predicted probability for the true
class, α is a balancing factor, and γ is a focusing pa-

rameter. The modulating term (1−pt)γ reduces the
relative loss for well-classified examples, thus plac-
ing more emphasis on harder, misclassified sam-
ples. This helps the model pay more attention to
minority classes and subtle hate speech instances.
Prediction Aggregation: After training, the out-
puts of each model are combined into a single pre-
diction. We adopt a simple yet effective strategy of
averaging all predicted probabilities:

ŷ =
1

M

M∑

m=1

ŷm

where M is the number of models and ŷm is the
output probability from the m-th model. Averaging
stabilizes predictions, reduces variance, and avoids
overfitting that may arise from a single model.

4 Experiments

4.1 Setup

Dataset: We conducted our experiments on the
BLP Shared Task 1A and Task 1B datasets (Hasan
et al., 2025a,b) for Bangla hate speech. Each
dataset consists of 35,522 training samples, 2,512
validation samples, 2,512 dev-test samples, and
10,200 test samples. Task 1A focuses on classifying
the type of hate speech across six categories: None,
Abusive, Political Hate, Religious Hate, Sexism,
and Profane. Task 1B, on the other hand, involves
identifying the target group with five classes: None,
Individual, Organization, Community, and Soci-
ety. The detailed class-wise distributions across all
dataset splits are provided in Appendix A.1.
Evaluation Metrics: Performance was assessed
using Precision (P), Recall (R), and F1-score, re-
ported on both the dev-test and test datasets for
both Task 1A and Task 1B.

4.2 Main Results

Table 1 presents the performance of individual mod-
els and the ensemble system on both subtasks: Task
1A (Bangla hate Speech Type Identification) and
Task 1B (Bangla hate Speech Target Group Identi-
fication) for the dev-test and test datasets.

For Task 1A, BanglaBERT and Bengali-
Abusive-MuRIL achieved strong results, with F1-
scores of 0.7312 and 0.7075 on the dev-test set,
respectively. IndicBERT performed moderately
with an F1 score of 0.6455, while XLM-RoBERTa
lagged behind, achieving only 0.4211 F1 on the
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Model
Task 1A:Bangla Hate Speech Type Identification Task 1B:Bangla Hate Speech Target Group Identification

Dev-Test Test Dev-Test Test

P R F1 P R F1 P R F1 P R F1

BanglaBERT (Hasan et al., 2020) 0.7385 0.7269 0.7312 0.7178 0.7046 0.7092 0.7399 0.7186 0.7259 0.7320 0.7123 0.7187
XLM-RoBERTa (Conneau et al., 2020) 0.3318 0.5760 0.4211 0.3179 0.5638 0.4066 0.3700 0.6083 0.4601 0.3568 0.5974 0.4468
IndicBERT (Kakwani et al., 2020) 0.6446 0.6525 0.6455 0.6364 0.6481 0.6393 0.6619 0.6712 0.6644 0.6491 0.6612 0.6526
Bengali-Abusive-MuRIL (Das et al., 2022) 0.7058 0.7109 0.7075 0.6978 0.7019 0.6996 0.7288 0.7277 0.7275 0.7068 0.7081 0.7070

Ensemble of All (with focal loss) 0.7358 0.7448 0.7396 0.7211 0.7271 0.7235 0.7447 0.7464 0.7444 0.7320 0.7350 0.7331

Table 1: Performance of individual models and the ensemble on Task 1A and Task 1B. Results are reported on
dev-test and test sets in terms of Precision (P), Recall (R), and F1-score. Best results are in bold, and the second-best
are underlined. More detailed ensembling results are presented in Appendix A.2.

dev-test. The ensemble of the four models with fo-
cal loss outperformed all individual models, achiev-
ing the best F1-scores of 0.7396 on the dev-test
and 0.7235 on the test set. For Task 1B, a similar
trend was observed. BanglaBERT and Bengali-
Abusive-MuRIL were competitive baselines, with
F1-scores of 0.7259 and 0.7275 on the dev-test,
respectively. IndicBERT performed slightly lower,
and XLM-RoBERTa again underperformed com-
pared to monolingual and multilingual models tai-
lored for Indic languages. Our proposed ensemble
achieved the highest overall performance, reaching
an F1 score of 0.7444 on the dev-test and 0.7331
on the test set.

These results demonstrate that while Bangla-
specific and Indic-focused models are strong base-
lines for hate speech detection, the ensemble strat-
egy with focal loss provides consistent gains across
both subtasks, highlighting the benefits of combin-
ing diverse model predictions.

4.3 Error Analysis
Figure 2 shows error patterns across both tasks,
closely tied to the dataset distribution (Table 2 in
Appendix A.1). In Task 1A, most errors occur
in Abusive (1,088 errors) and Political Hate (533
errors), the largest hate-related categories, where
greater lexical diversity makes classification harder.
In contrast, Religious Hate (28 errors) and Sexism
(89 errors) appear better handled, though this is
partly due to their small sample sizes (676 and
122 samples), which limit variability rather than
stronger generalization. Profane shows moderate
difficulty with 163 errors.

For Task 1B, the None class dominates er-
rors (929 errors), reflecting its overwhelming size
(21,190 samples) and the challenge of distinguish-
ing non-targeted from subtly targeted text. Other
categories, including Individual (555 errors), Or-
ganization (470 errors), and Society (359 errors),
show comparable difficulty, while Community (389
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Figure 2: Error distribution across classification tasks.
The bar charts show the number of misclassified samples
for each class in Task 1A (left) and Task 1B (right).

errors) is relatively more stable despite fewer exam-
ples. Overall, class imbalance drives most errors,
with frequent misclassifications in majority classes
and limited coverage for minority ones.

4.4 Discussion

Our findings show that Bangla-specific mod-
els such as BanglaBERT and Bengali-Abusive-
MuRIL outperform general multilingual mod-
els like XLM-RoBERTa, emphasizing the impor-
tance of language-focused pretraining. IndicBERT
achieved moderate results, but its multilingual na-
ture limited its effectiveness compared to Bangla-
focused models. Across both subtasks, the ensem-
ble approach consistently showed the best scores.
These results highlight the value of combining di-
verse models to enhance generalization in Bangla
hate speech detection.

Conclusion

In this study, we presented our proposed method
and results on the BLP Shared Task 1A (Bangla
hate speech type classification) and Task 1B (tar-
get group identification). Our work highlights the
importance of tackling the challenging problem of
hate speech detection in a low-resource language
(Bangla), particularly in identifying both the type
of hate speech and its target group. To this end, we
employed an ensemble of four transformer-based
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models, demonstrating the effectiveness of robust
NLP systems in mitigating harmful online content.

Limitations

Although our ensemble framework achieved com-
petitive rankings in the shared task, it faced no-
table constraints. The reliance on pretrained trans-
former models introduced high computational costs
during fine-tuning, which may not be feasible in
resource-limited environments. Furthermore, class
imbalance in the dataset, particularly for under-
represented categories such as Sexism and Reli-
gious Hate, limited the models ability to generalize
across all classes. These challenges contributed to
misclassifications observed in the error analysis,
highlighting difficulties in handling overlapping or
subtle linguistic cues. Another limitation is that
the ensemble approach, while effective, increases
inference time compared to single-model systems,
which could hinder real-time or large-scale deploy-
ment. Moreover, our ensembling method used uni-
form averaging, which may not optimally capture
the varying strengths of individual models.
Future Works: Building on the competition re-
sults, future work can focus on improving class
balance through techniques such as data augmenta-
tion, resampling strategies, or more adaptive loss
functions. Exploring alternative ensemble strate-
gies beyond simple probability averaging, such
as weighted ensembling or stacking, could fur-
ther enhance performance by leveraging model-
specific strengths. Finally, incorporating more effi-
cient fine-tuning methods (e.g., parameter-efficient
tuning) may reduce computational demands, en-
abling broader participation in similar low-resource
shared tasks while maintaining strong performance.
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A Appendix

A.1 Dataset Distribution Details
Table 2 provides a detailed class-wise breakdown
of the dataset used in our experiments, covering

Task 1A: Hate Speech Type

Class Train Val Dev-Test Test

None 19,954 1,451 1,447 5,751
Abusive 8,212 564 549 2,312
Political Hate 4,227 291 283 1,220
Religious Hate 676 38 40 179
Sexism 122 11 8 29
Profane 2,331 157 185 709

Total 35,522 2,512 2,512 10,200

Task 1B: Target Identification

Class Train Val Dev-Test Test

None 21,190 1,536 1,528 6,093
Individual 5,646 364 391 1,571
Organization 3,846 292 292 1,152
Community 2,635 179 159 759
Society 2,205 141 142 625

Total 35,522 2,512 2,512 10,200

Table 2: Dataset distribution showing class-wise break-
down for Task 1A (Bangla hate speech type classifi-
cation) and Task 1B (Bangla hate speec target group
identification) across all splits.

both Task 1A (hate speech type classification) and
Task 1B (target group identification). The dataset
was split into four partitions: training, validation,
dev-test, and test.

Bangla Hate Speech Type Classification: This
task focuses on categorizing each instance into one
of six classes: None, Abusive, Political Hate, Reli-
gious Hate, Sexism, and Profane. The distribution
is highly imbalanced, with the majority of sam-
ples belonging to the None and Abusive categories.
Specifically, the training set contains 19,954 in-
stances of None and 8,212 instances of Abusive,
compared to only 122 samples of Sexism. Such
imbalance poses challenges for model training, as
minority classes like Sexism and Religious Hate are
be underrepresented.

Bangla Hate Speech Target Group Identifica-
tion: This task aims to identify the target group of
the hateful expression, categorized into five groups:
None, Individual, Organization, Community, and
Society. As shown in Table 2, the distribution is
again skewed, with None being the dominant cat-
egory (21,190 training instances), followed by In-
dividual (5,646 samples) and Organization (3,846
samples). The minority categories, such as Commu-
nity (2,635 samples) and Society (2,205 samples),

466

https://doi.org/10.1089/cyber.2022.0191
https://doi.org/10.1089/cyber.2022.0191
https://doi.org/10.1089/cyber.2022.0191
https://doi.org/10.1089/cyber.2022.0191


Model / Ensemble
Task 1A: Bangla Hate Speech Type Identification Task 1B: Bangla Hate Speech Target Group Identification

Dev-Test Test Dev-Test Test

P R F1 P R F1 P R F1 P R F1

2-Model Ensembles
BanglaBERT + XLM-RoBERTa 0.7202 0.7237 0.7201 0.7049 0.7071 0.7034 0.7464 0.7392 0.7415 0.7005 0.6937 0.6305
BanglaBERT + IndicBERT 0.7022 0.7133 0.7051 0.6874 0.6994 0.6909 0.7334 0.7336 0.7312 0.7203 0.7216 0.7182
BanglaBERT + B-A-MuRIL 0.7166 0.7233 0.7192 0.7054 0.7107 0.7077 0.7417 0.7408 0.7399 0.7210 0.7212 0.7200
XLM-RoBERTa + IndicBERT 0.6318 0.6524 0.6348 0.6310 0.6507 0.6319 0.7259 0.7328 0.7285 0.5786 0.6437 0.5491
XLM-RoBERTa + B-A-MuRIL 0.7065 0.7149 0.7097 0.6958 0.7021 0.6986 0.7391 0.7412 0.7397 0.6795 0.6912 0.6385
IndicBERT + B-A-MuRIL 0.7040 0.7169 0.7082 0.6835 0.6965 0.7088 0.7006 0.7320 0.7261 0.7052 0.7165 0.7087

3-Model Ensembles
BanglaBERT + XLM-RoBERTa + IndicBERT 0.6865 0.7042 0.6868 0.6774 0.6950 0.6768 0.6979 0.7165 0.6832 0.6929 0.7084 0.6734
BanglaBERT + XLM-RoBERTa + B-A-MuRIL 0.7210 0.7336 0.7256 0.7068 0.7186 0.7109 0.7320 0.7452 0.7308 0.7141 0.7301 0.7138
BanglaBERT + IndicBERT + B-A-MuRIL 0.7201 0.7289 0.7237 0.7159 0.7229 0.7190 0.7385 0.7416 0.7382 0.7243 0.7291 0.7248
XLM-RoBERTa + IndicBERT + B-A-MuRIL 0.6950 0.7125 0.6936 0.6770 0.6977 0.6763 0.7029 0.7221 0.6901 0.6855 0.7059 0.6712

Ensemble (with focal loss) 0.7358 0.7448 0.7396 0.7211 0.7271 0.7235 0.7447 0.7464 0.7444 0.7320 0.7350 0.7331

Table 3: Performance comparison of two-model ensembles, three-model ensembles, and the final four-model
ensemble on Task 1A and Task 1B. Results are reported in terms of Precision (P), Recall (R), and F1-score. Best
results are in bold. B-A-MuRIL denotes Bengali-Abusive-MuRIL.

contain relatively fewer examples.

A.2 Detailed Results of Model and Ensemble
Experiments

Table 3 presents the complete experimental results
for both sub-tasks: Task 1A (Bangla Hate Speech
Type Identification) and Task 1B (Bangla Hate
Speech Target Group Identification). We report
Precision (P), Recall (R), and F1-score on both the
dev-test and test splits for all two-model ensem-
bles, three-model ensembles, and the final four-
model ensemble trained with focal loss.

Two-Model Ensembles: Pairwise ensembles
demonstrate varying levels of performance de-
pending on model combinations. For Task
1A, BanglaBERT + Bengali-Abusive-MuRIL
achieves the strongest results among 2-model
ensembles with F1-scores of 0.7192 (dev-test)
and 0.7077 (test). The BanglaBERT + XLM-
RoBERTa combination yields comparable dev-test
performance (0.7201 F1) but slightly lower test
scores (0.7034 F1). In Task 1B, BanglaBERT
+ XLM-RoBERTa shows strong dev-test perfor-
mance with an F1 score of 0.7415, though it expe-
riences a notable drop on the test set (0.6305 F1).
The most stable 2-model ensemble for Task 1B is
BanglaBERT + Bengali-Abusive-MuRIL, achiev-
ing 0.7399 (dev-test) and 0.7200 (test). Ensembles
involving XLM-RoBERTa without BanglaBERT
show weaker performance, particularly XLM-
RoBERTa + IndicBERT, which achieves only
0.6348 F1 (dev-test) and 0.6319 F1 (test) in Task
1A.

Three-Model Ensembles: Three-way ensem-
bles demonstrate improved stability and perfor-

mance over most pairwise combinations. The
BanglaBERT + IndicBERT + Bengali-Abusive-
MuRIL ensemble achieves the highest perfor-
mance among this group, with F1-scores of
0.7237 (dev-test) and 0.7190 (test) in Task 1A,
and 0.7382 (dev-test) and 0.7248 (test) in Task
1B. The BanglaBERT + XLM-RoBERTa +
Bengali-Abusive-MuRIL combination also per-
forms strongly, achieving 0.7256 (dev-test) and
0.7109 (test) in Task 1A, and 0.7308 (dev-test) and
0.7138 (test) in Task 1B. These results indicate that
combining Bangla-specific pretrained models with
multilingual counterparts helps capture diverse lin-
guistic cues while maintaining robustness. Ensem-
bles excluding BanglaBERT consistently under-
perform, with XLM-RoBERTa + IndicBERT +
Bengali-Abusive-MuRIL achieving only 0.6936
F1 (dev-test) in Task 1A.

Final Four-Model Ensemble with Focal Loss:
The strongest performance is obtained with the
final all-model ensemble (BanglaBERT, XLM-
RoBERTa, IndicBERT, and Bengali-Abusive-
MuRIL) trained using focal loss. This configura-
tion achieves 0.7396 F1 (dev-test) and 0.7235 F1
(test) on Task 1A, and 0.7444 F1 (dev-test) and
0.7331 F1 (test) on Task 1B, outperforming all
other ensemble configurations. Notably, this repre-
sents improvements of 0.0159 F1 points (dev-test)
and 0.0045 F1 points (test) over the best 3-model
ensemble in Task 1A, and 0.0062 F1 points (dev-
test) and 0.0083 F1 points (test) in Task 1B. The
final ensemble also demonstrates better generaliza-
tion, with precision of 0.7358 and recall of 0.7448
on the dev-test for Task 1A, indicating a balanced
approach to both false positives and false negatives.
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Abstract

Wepresent a compact, cost-efficient system for
the BLP-2025 Bangla Multi-task Hate Speech
Identification Task 1, which requires fine-
grained predictions across three dimensions:
type, target, and severity. Our method pairs
strong multilingual transformer encoders with
two lightweight strategies: task-appropriate
ensembling to stabilize decisions across seeds
and backbones, and a multi-task head that
shares representations while tailoring outputs
to each subtask. As Catalyst, we ranked 7th on
Subtask 1A with micro-F1 73.05, 8th on Sub-
task 1B with 72.79, and 10th on Subtask 1C
with 72.40. Despite minimal engineering, care-
ful model selection and straightforward combi-
nation rules yield competitive performance and
more reliable behavior on minority labels. Ab-
lations show consistent robustness gains from
ensembling, while the multi-task head reduces
cross-dimension inconsistencies. Error analy-
sis highlights persistent challenges with code-
mixed slang, implicit hate, and target ambi-
guity, motivating domain-adaptive pretraining
and improved normalization.

1 Introduction

The fast increase in the number of social me-
dia platforms has resulted in a growing concern
regarding the harmful online content, especially
hate speech in under-resourced languages such as
Bangla. Informal language, code-mixing, and cul-
turally sensitive hate utterances make it difficult to
detect such content. Although the results of multi-
lingual transformers and domain-adaptive pretrain-
ing are promising, they are vulnerable to major
code-mixing and distributional drift (Sharif et al.,
2021; Caselli et al., 2021).
The Bangla Multi-task Hate Speech Identifica-

tion shared task (Hasan et al., 2025b) attempts
to resolve these issues by proposing a complex
framework that does not just deal in binary clas-
sification. It lays stress on the practical moder-

ation requirements and promotes systems, which
manage delicate phenomena by making organized
forecasts along associated dimensions. Our work
fills the gaps left by traditional hate speech de-
tection which typically uses binary classification
that does not provide the subtlety needed to do
content moderation effectively. The common task
helps develop the field because it involves sys-
tems conducting fine-grained analysis on three di-
mensions: type of hate, target, and level of sever-
ity. In the case of BLP-2025 Task 1, we trained
a system that is a combination of transformer-
based models and ensemble methods and multi-
task learning. We experimented with several mul-
tilingual language models and developed simple
yet efficient strategies for each subtask, leverag-
ing both cross-lingual transfer and effective en-
sembling techniques.. Our method shows that ba-
sic combinations and good models can be highly
effective with simple feature engineering, which
confirms results that well-planned model combi-
nations can be more reliable than multicomponent
models with more advanced feature engineering
designs (Plaza-Del-Arco et al., 2021; Saha et al.,
2021).
The main contributions of our work include:

• An extensive analysis of four multilingual
hate speech transformer models in Bangla.

• Good ensemble strategies that enhance perfor-
mance by means of model combination.

• A multi-task learning system that deals with
several classification goals at once.

• Competitive outcomes in all three subtasks
that included practical and efficient solutions.

Our findings indicate that carefully designed trans-
former architectures, paired with suitable training
strategies, have the ability to deal with the chal-
lenges of hate speech detection in Bangla social
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media whilst retaining enough simplicity to be de-
ployable in practice.

2 Related Work

Transformer-based encoders have now become the
standard method of abusive and hate speech de-
tection, particularly in Indic code-mixed environ-
ments where multilingual models are significantly
more effective than classical ML and RNN mod-
els of abusive speech detection (Sharif et al., 2021).
Ensembling also increases stability and precision,
and genetic-algorithm-weighted mixtures of trans-
former runs achieve the top scores in Dravidian-
LangTech 2021 and similar analogous score in-
creases of similar magnitude are reported for Ara-
bic (Saha et al., 2021; de Paula et al., 2025). Multi-
task learning that simultaneously predicts hate or
aggression and affective cues like sentiment and
emotion has the added advantage of sharing a trans-
former backbone but having task-specific heads
(Plaza-Del-Arco et al., 2021). Domain-adaptive
pretraining is also significant: HateBERT, which
is additionally trained on abuse-rich data on Red-
dit, performs better and has stronger cross dataset
portability than vanilla BERT (Caselli et al., 2021).
Finally, multilingual transformers provide strong
cross-lingual transfer, motivating the use of few-
shot generalization and transfer-aware training to
better handle Bangla and code-mixed text (Ni et al.,
2020).

3 Task Description

This study introduces the Bangla Multi-Task Hate
Speech Identification shared task1, which repre-
sents a substantial step beyond the traditional
binary-classification paradigm toward a more fine-
grained, three-dimensional detection framework.
In this shared task, there are three subtasks.

• Subtask 1A: Given a Bangla text collected
from YouTube comments, classify the text as
abusive, sexism, religious hate, political hate,
profane, or none.

• Subtask 1B: Using a Bangla text gathered
from the YouTube comments, classify the
hate directed towards individuals, organiza-
tions, communities, or society.

• Subtask 1C: It is a multi-task arrangement.
Based on a Bangla text acquired in YouTube

1https://github.com/AridHasan/blp25_task1

Subtask Label Example

1A Political Hate আওয়ামী লীেগর সন্ত্রাসী
কেব দরেবন এই সাহস
আপনােদর নাই

1A Abusive শালায় এক নাম্বার বাটপার
1B Organization খানিকর েপালারা েহডার

িনউজ েদস িনউেজর
মাঝখােন দুইবার েদস এড

1B None আমার মেতা কেমন্ট পরেত
ভােলাবােসা কারা

1C Political Hate, Severe,
Organization

আপনারা জুতা খাওয়া পািট

Table 1: Examples by subtask with labels.

comments, classify it by type of hate, severity,
and targeted group.

3.1 Dataset Description
The dataset (Hasan et al., 2025a) utilized to
carry out this task consists of YouTube comments
about socially sensitive matters within the Bangla-
speaking region. The remarks are in Bangla and
show the informal, noisy nature of user-generated
content, such as spelling variability, code-mixing
and colloquialism. All samples are labeled with
the three classification objectives that are related
to the subtasks. In the real world hate speech is
messy. This is represented in the dataset by its
non-uniform categories and a thin line between ag-
gressive political expression and actual hate, and it
represents a real test of the subtlety and expertise
of a model. Table 1 demonstrates representative
examples from the dataset, while Table 2 provides
statistical overview.

Subtask Train Dev-Test Test

1A: Hate Type 35,522 2,512 10,200
1B: Target 35,522 2,512 10,200
1C: Multi-task 35,522 2,512 10,200

Table 2: Dataset statistics across all three subtasks.

4 System Description

The proposed system of the hate speech identifica-
tion shared task utilizes both single-task classifica-
tion with transformer-based ensembles and multi-
task learningwith joint prediction. Our approach is
a fine-tuning process, in which multilingual trans-
formers trained on general data are fine-tuned to
the specific data and ensembled using ensemble
techniques. Figure 1 shows the overall system ar-
chitecture.
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Figure 1: Overall system architecture showing separate
pipelines for each subtask with ensemble strategies for
1A/1B and multi-task learning for 1C.

4.1 Models

We employed four cross-lingual Transformer en-
coders to take advantage of cross-lingual transfer
to Bangla and with coverage of complementary ar-
chitectural options and pretraining corpora.

• XLM-RoBERTa-large (Conneau et al.,
2020) is chosen due to its pretraining on
100 languages allowing a high cross-lingual
transfer and an adequate coverage of the
subwords in Bangla.

• microsoft/mdeberta-v3-base (He et al.,
2023) is selected because it implements dis-
entangled attention in an efficient backbone,
providing an appropriate trade-off between
accuracy and efficiency in our context.

• google/muril-base-cased (Khanuja et al.,
2021) is included since it is specifically
trained for Indian languages and is therefore
well suited to regional scripts, code-mixing,
and transliteration phenomena.

• ai4bharat/IndicBERTv2-MLM-only (Dod-
dapaneni et al., 2023) is included since its to-
kenizer and vocabulary is optimized to Indic
scripts, aiding in the capturing of South Asian
morphological and orthographic aspects.

All fine-tuning experiments for the subtasks were
conducted on Google Colab using single NVIDIA
T4 GPU. The detailed hyperparameters and train-
ing configurations are provided in Appendix A,
and the complete source code is available in our
public repository2.

2https://github.com/nahid2003131/blp25_task1_
catalyst

4.2 Subtask 1A: Hate Type Classification
Subtask 1A required assigning each Bangla
YouTube comment to one of six categories, abu-
sive, sexism, religious hate, political hate, profane,
or none. We fine-tuned four multilingual encoders,
IndicBERTv2, XLM-RoBERTa-large, mDeBERTa-
v3-base, and MuRIL-base, and aggregated predic-
tions via hard voting to stabilize decisions across
architectures and seeds. For an instance xi with
model setM and label set Y , the ensemble predic-
tion was

ŷi = argmax
y∈Y

∑

m∈M
1
{
y = ŷ

(m)
i

}
.

This rule yielded a consistent improvement over
the strongest single model (Table 3), indicating
complementary inductive biases among encoders
and increased robustness to label ambiguity.

4.3 Subtask 1B: Target Identification
Subtask 1B identified the target of the hate-
ful content.We fine-tuned three encoders, XLM-
RoBERTa-large, mDeBERTa-v3-base, and In-
dicBERTv2, and applied the same hard voting rule
as in Subtask 1A, withM restricted to these three
models. The ensemble outperformed the strongest
individual model (Table 3), improving reliability
on distinctions among individual, organization,
community, and society targets.

4.4 Subtask 1C: Multi-task Classification
Our multi-task architecture used a shared en-
coder with dedicated classification heads for Hate
Type, Severity, and Target prediction.We eval-
uated IndicBERTv2, XLM-RoBERTa-base, and
mDeBERTa-v3-base as the shared backbone. Fig-
ure 2 illustrates the shared-encoder setup and the
three task-specific heads. Each subtask produced
an independent cross-entropy loss L, and the over-
all objective was

Ltotal = Ltype + Lseverity + Ltarget.

During backpropagation, gradients from all sub-
tasks jointly updated the shared encoder, enabling
the model to learn common linguistic and seman-
tic representations across hate-related dimensions.
We formed the sentence representation from the en-
coder’s [CLS] token with dropout before the task
heads. No explicit loss weighting was applied.
Equal contributions from all subtasks yielded sta-
ble convergence without noticeable task interfer-
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ence. The IndicBERTv2 variant performed best
and was selected as the final submission.

Figure 2: Multi-task learning architecture for Sub-
task 1C.

5 Results and Findings

The micro-F1 scores on development-test and of-
ficial test sets are summarized in Table 3 with re-
spect to all three subtasks. We compare individual
transformer model performances with our ensem-
ble approaches for Subtasks 1A and 1B, and evalu-
ate multi-task learning models for Subtask 1C.The
final column displays our official rankings on the
leaderboard which consisted of 37 teams in Sub-
task 1A, 24 teams in Subtask 1B, and 21 teams in
Subtask 1C.

5.1 Key Observations
• Ensemble methods have a systematic posi-
tive effect on single-task performance. Hard-
voting ensemble strategy showed consider-
able improvement on both single-task sub-
tasks. In Subtask 1A, when four models
were combined, the resulting test micro-F1
was 73.05, which is a 1.06-point improve-
ment on the highest-performing single model
(XLM-RoBERTa-large: 71.99). Likewise, in
Subtask 1B, the three-model ensemble scored
72.79micro-F1, which was 0.74 points higher
than the highest single model (IndicBERTv2:
72.05).

• IndicBERTv2 is an efficient multi-task
learner, surpassing peers in a wide variety of
goals. IndicBERTv2 was the top performer
in the multi-task context of Subtask 1C with
72.40 micro-F1, which is significantly higher
than the performance of XLM-RoBERTa-
base(71.14) and mDeBERTa-v3-base(69.09).

• XLM-RoBERTa-large demonstrates good
single-model performance. Although not

System Micro F1 (Dev) Micro F1 (Test) Rank

1A: Hate Type
XLM-R-large 73.77 71.99 —
MuRIL 73.89 71.25 —
mDeBERTa 72.77 71.58 —
IndicBERTv2 72.73 71.11 —
Ensemble above all 75.72 73.05 7/37

1B: Target
IndicBERTv2 73.37 72.05 —
mDeBERTa 73.01 71.89 —
XLM-R-large 73.01 71.75 —
Ensemble above all 74.56 72.79 8/24

1C: Multi-task
XLM-R-base 72.50 71.14 —
mDeBERTa 67.81 69.09 —
IndicBERTv2 74.59 72.40 10/21

Table 3: Performance across subtasks measured using
official evaluation metrics (Micro-F1). Bold indicates
final submission.

explicitly trained on Indic languages, XLM-
RoBERTa-large achieved competitive results
as a general model, with a micro-F1 of 71.99
on Subtask 1A and 71.75 on Subtask 1B.
This illustrates the high cross-lingual transfer
of large-scale multilingual models.

• Transformer-based methods are far better
than their traditional baselines. All the trans-
formermodels significantly surpassed the per-
formance of n-gram baselines across the sub-
tasks, and the usefulness of pre-trained con-
textual representations to detect hate speech
in Bangla.

5.2 Error Analysis
Analysis of IndicBERTv2 multi-task model indi-
cates that there are specific patterns of errors:

• Hate Type Confusion: Severe overlap be-
tween Abusive and Political Hate indicating
the possible overlap of linguistic indicators in
the Bangla social media discourse.

• Severity Calibration Challenges: Most fre-
quent mistake (26.25%) with regular Mild
and Little to None confusionwhich shows that
intensity measurement is subjective.

• Target Ambiguity: Notable confusion be-
tween Organization, Individual, and Commu-
nity targets, reflecting complex entity refer-
ences in informal language.

Figure 3 provides quantitative evidence for
these error patterns, with detailed analysis reveal-
ing specific model weaknesses.
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Type Text Actual Pred.

HT িবদুয্ৎ জ্বালািন খােতআওয়ামী লীেগরআমেল
সবেচেয় েবিশ দুনীর্িত...

Abusive Political Hate

HT ভারতীয় দালাল সময় িটিভেক বয়কট করুন... Political Hate Abusive
HT কত সুন্দর কের বড় ভাই বলেছ শাট টা িকেন

িনছ ভাইয়া হালার পু হাল...
Abusive Profane

SC ইজরােয়েলর িবচার হওয়া উিচৎ... Mild Little to None
SC েহন কাপ পুিলেশর মাের... িবচার হেব িক... Little to None Mild
SC িকছুই হেব না বদমাশ ইসরাইল... Severe Mild
TA হািসনা তাহেল িব এন িপেক ভয় েপেয়েছ... Organization Individual
TA আমিলগরা হেচ্ছ ছুর... িতস্তা নিদর পান... Organization Community
TA আিম হালায় টাকার অভােব িবেয় করেত পার-

েতিছ না...
Individual Community

Table 4: Qualitative error examples with actual vs. pre-
dicted labels. HT = Hate Type, SC = Severity Calibra-
tion, TA = Target Ambiguity.

(a) Hate Type (b) Severity (c) Target

Figure 3: Confusion matrices on the test set.

Hate Type Confusion: The most frequent con-
fusion occurs between Abusive and Political Hate
categories, with 448 total misclassifications (228
Abusive→Political, 220 Political→Abusive). Ad-
ditionally, substantial non-None content is misclas-
sified as None, including 731 Abusive, 220 Politi-
cal Hate, and 30 Profane instances.
Severity Calibration: Errors concentrate at the

low-moderate severity boundary, with 679 Little-
to-None→Mild and 779Mild→Little-to-Nonemis-
classifications, indicating significant threshold un-
certainty.
Target Ambiguity: Notable confusion exists

among Organization, Individual, and Community
targets. Many targeted cases are incorrectly pre-
dicted as None, affecting 407 Individual, 253 Or-
ganization, 222 Community, and 206 Society in-
stances.
These systematic errors highlight key chal-

lenges in fine-grained hate speech analysis for low-
resource languages and outline clear priorities for
future model refinement.

5.3 Cost Analysis

In real-world scenarios, particularly for low-
resource languages, the computational cost and en-
vironmental impact of a model are as critical as its

predictive performance. While billion-parameter
models such as mT5-Large (Xue et al., 2021),
mT5-XL (Xue et al., 2021), and BLOOMZ-1B7
(Muennighoff et al., 2022) achieve strong results,
their prohibitive resource demands limit accessibil-
ity and scalability. Our work instead emphasizes
parameter efficiency, showing that carefully se-
lected compact encoders can offer competitive per-
formance at a fraction of the cost. Table 5 presents
the verified parameter counts of our encoders com-
pared to widely used large multilingual models.

Model Parameters

mT5-Large 1.2B
mT5-XL 3.7B
BLOOMZ-1B7 1.7B

XLM-RoBERTa-large 559M
mDeBERTa-v3-base 276M
MuRIL-base-cased 177M
IndicBERTv2-MLM-only 278M

Table 5: Parameter count comparison highlighting
the large gap between our compact encoders (bottom
group) and billion-scale models (top group).

Our largest encoder, XLM-RoBERTa-large
(559M), is under half the size of the smallest
billion-scale model, while others are an order
smaller (under 280M). Following scaling trends
(Kaplan et al., 2020; Tay et al., 2020), these mod-
els use roughly 3–5x less GPU memory and train
several times faster, offering a strong balance be-
tween accuracy, efficiency, and sustainability for
multilingual hate speech detection.

6 Conclusion

The paper introduces a low-cost method to detect
hate speech in Bangla with transformer ensembles
and multi-task learning. Our findings indicate that
by employing well-crafted ensemble techniques
to multilingual transformers we can achieve com-
petitive results relative to large individual models,
at the same time being computationally efficient.
The multi-task learning paradigm proved to be es-
pecially successful in capitalizing on common rep-
resentations among related classification problems.
We believe that an increase in the size and diversity
of the dataset will result in better performance of
our approach in many respects, thus expanding the
range of potential uses to other text classification
tasks in Bangla.
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Limitations

This study is subject to several limitations. The
primary challenge was the scarcity of high-quality,
diverse Bangla hate speech data, which is exacer-
bated by the sensitive nature of the content and
the limited number of publicly available sources.
While the dataset exhibits class imbalance, pre-
liminary experiments with class weighting and
data sampling techniques did not yield signifi-
cant performance improvements. Consequently,
no explicit imbalance-handling strategy was imple-
mented in the final models, which may adversely
affect performance on minority classes. Addition-
ally, the subjective nature of hate speech annota-
tion, particularly for severity calibration, likely in-
troduced labeling inconsistencies that are not fully
captured by our error analysis.
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A Experimental Setup and
Hyperparameters

All fine-tuning experiments were conducted on
Google Colab using a single NVIDIA T4 GPU (16
GBVRAM). To ensure reproducibility, a fixed ran-
dom seed of 42 was used across all runs. Common
training configurations included mixed-precision
training (fp16), a maximum sequence length of
512, and the AdamW optimizer. Model-specific
hyperparameters, determined through a limited
search on a held-out validation set, are detailed in
the following subsections.

Subtask 1A: Hate Type Classification
For this subtask, all models shared a common base
configuration: they were trained for 4 epochs with
a linear learning rate scheduler, a weight decay
of 0.01, a warmup ratio of 0.01, and a maximum
sequence length of 512. The effective batch size
was standardized to 16, achieved either directly or
through gradient accumulation. The distinct learn-
ing rates and gradient accumulation steps for each
model are provided in Table 6.

Model Learning Rate BS Grad. Ac.
XLM-RoBERTa-large 1.5× 10−5 4 4
mDeBERTa-v3-base 2× 10−5 16 1
IndicBERTv2-MLM-only 2× 10−5 16 1
MuRIL-base 2× 10−5 16 1

Table 6: Hyperparameters for Subtask 1A. Abbrevia-
tions: BS = Batch Size, Grad. Accum. = Gradient Ac-
cumulation Steps.

Subtask 1B: Target Identification
The setup for Subtask 1B was similar, employing
a linear scheduler, weight decay of 0.01, and an ef-
fective batch size of 16. However, the number of
epochs and warmup ratio were tuned specifically
for this task. The model-specific learning rates,
epochs, and warmup ratios are summarized in Ta-
ble 7.

Model LR Epochs WR
XLM-RoBERTa-large 1.5× 10−5 4 0.01
mDeBERTa-v3-base 2× 10−5 3 0.1
IndicBERTv2-MLM-only 2× 10−5 3 0.1

Table 7: Fine-tuning hyperparameters for Subtask 1B
models. Column abbreviations: LR = Learning Rate,
WR = Warmup Ratio.

Model LR Epochs WR Sched.
IndicBERTv2-MLM-only 2× 10−5 4 0.01 Cosine
XLM-RoBERTa-base 2× 10−5 3 — Linear
mDeBERTa-v3-base 2× 10−5 4 0.1 Cosine

Table 8: Fine-tuning hyperparameters for Subtask 1C
models. Column abbreviations: LR = Learning Rate,
WR = Warmup Ratio, Sched. = Scheduler.

Subtask 1C: Multi-task Classification
For the multi-task learning setup (Subtask 1C), we
explored different learning rate schedulers. All
models were trained with an effective batch size of
16 and a fixed random seed of 42. The complete
hyperparameter set for eachmulti-task model is de-
tailed in Table 8.

B Detailed Performance Metrics

This appendix provides complete performance
evaluations for our final models across all subtasks.
We report per class precision, recall, and F1 scores
to supplement the main paper’s Micro F1 results.
The official evaluation metric, Micro F1, is de-

rived from global counts across all classes. Micro
Precision is calculated as

∑
TP∑

TP+
∑

FP
, Micro Re-

call as
∑

TP∑
TP+

∑
FN

, and Micro F1 as their har-
monic mean.
We also provide Macro F1 scores, computed as

the arithmetic mean of per class F1 scores, to en-
sure balanced performance across all categories.
These metrics collectively offer a comprehensive
assessment of model effectiveness for multilingual
hate speech detection.

Label Precision Recall F1

Abusive 57.34 53.24 55.21
Political Hate 58.76 61.31 60.01
Profane 72.76 81.38 76.83
Religious Hate 48.89 49.16 49.03
Sexism 33.33 3.45 6.25
None 82.80 83.57 83.18

Macro Avg 58.98 55.35 55.09
Micro Avg 73.05 73.05 73.05

Table 9: Per-class precision, recall, and F1-scores for
Subtask 1A (Hate Type).

-
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Target Type (per-class) Precision Recall F1
Community 44.29 45.98 45.12
Individual 64.57 64.04 64.30
Organization 61.59 59.29 60.42
Society 48.64 43.04 45.67
None 82.66 84.00 83.32
Macro Avg 60.35 59.27 59.77
Micro Avg 72.79 72.79 72.79

Table 10: Per-class precision, recall, and F1-scores for Subtask 1B (Target Type).

Hate Type (per-class) Precision Recall F1
Abusive 54.19 52.34 53.25
None 81.92 82.51 82.21
Political Hate 58.08 59.51 58.79
Profane 71.88 74.61 73.22
Religious Hate 47.09 49.72 48.37
Sexism 0.00 0.00 0.00
Macro Avg 52.19 53.11 52.64
Micro Avg 71.56 71.56 71.56
Hate Severity (per-class)
Little to None 84.61 87.15 85.86
Mild 44.80 43.03 43.89
Severe 59.07 54.10 56.48
Macro Avg 62.83 61.43 62.08
Micro Avg 73.75 73.75 73.75
To Whom (per-class)
Community 44.54 47.30 45.88
Individual 61.14 63.91 62.50
None 82.33 83.19 82.76
Organization 59.89 57.55 58.70
Society 48.36 37.76 42.41
Macro Avg 59.25 57.94 58.45
Micro Avg 71.87 71.87 71.87
Overall Averages (across tasks)
Micro Avg 72.40 72.40 72.40
Macro Avg 58.09 57.49 57.72

Table 11: Per-class results for Subtask 1C (multi-task model) across Hate Type, Hate Severity, and Target
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Abstract

Detecting hate speech in Bangla is challenging
due to its complex vocabulary, spelling varia-
tions, and region-specific word usage. How-
ever, effective detection is essential to ensure
safer social media spaces and to take appropri-
ate action against perpetrators. In this study,
we report our participation in Subtask A of
Task 1: Bangla Hate Speech Detection (Hasan
et al., 2025b). In addition to the provided 50K
Bangla comments (Hasan et al., 2025a), we
collected approximately 4K Bangla comments
and employed several data augmentation tech-
niques. We evaluated several transformer-
based models (e.g., BanglaBERT, BanglaT5,
BanglaHateBERT), achieving the best perfor-
mance with a micro-F1 score of 71% and se-
curing 18th place in the Evaluation Phase.

1 Introduction

As social media continues to grow in popular-
ity, particularly among children and adolescents
(Lenhart et al., 2010; Li et al., 2021), it is imper-
ative to address hateful content. Therefore, effec-
tive detection and restriction of hate comments on
the internet is necessary.
Identification of hate speech in the English lan-

guage has reached an accuracy of 98.0% (Saleh
et al., 2021), allowing platforms to identify most
of the offensive contents and take appropriate ac-
tion according to the social media platform’s terms
and policies (Schmidt and Wiegand, 2017). Com-
pletely banning hate speech also can be seen as a re-
striction of freedom of speech on the internet. If a
hate comment is not protected by the moral right to
freedom of expression, it falls under a moral duty
to refrain from hate speech, or against the law of
the state, restrictions or banning on the comment
can be applied (Howard, 2019).
With over 173.8 million Bengali speakers in

Bangladesh, of whom approximately 45.0 mil-
lion are active social media users (Sarkar, 2024;

Haque et al., 2023), the development of an effec-
tive hate speech detection system is crucial for en-
suring a safer online environment for this large
community. Advancing research in this domain
not only safeguards users but also contributes to
the broader objective of enhancing large language
models (LLMs) to identify hate speech across di-
verse languages, thereby enabling them to issue
warnings or implement preventive measures when
necessary.
Detecting hate speech in Bangla contains big-

ger challenges due to its morphological rich-
ness with diverse synonyms (Farzana, 2021; Ali
et al., 2008), regional variations, and context-
based meanings. Therefore, hate speech detec-
tion models for Bangla remain less effective with
a small amount of data (Tanvir Alam and Mofi-
jul Islam, 2018). Consequently, children remain
vulnerable to harmful content, while individu-
als spreading hate in Bangla often go undetected
and unpunished. However, recent models, such
as BanglaHateBERT, showed prominent perfor-
mance on the hate speech detection task (Jahan
et al., 2022).
In this study, Several Bangla-specific trans-

former models, including BanglaT5 (Bhattachar-
jee et al., 2023), BanglaBERT (Bhattacharjee et al.,
2021), BanglaHateBERT (Jahan et al., 2022), are
experimented with different types of data augmen-
tation methods.
Our contribution can be summarized as follows:

• Experimented with five transformer-based
models to achieve a micro-F1 score of 71%

• Newly collected 3,874 data-points from
Bangla YouTube comments and added to the
training dataset

• Analyzed the errors in the dataset to find lim-
itations
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2 Related Works

Hate speech detection is a problem that researchers
have been working to improve over the past few
decades (Tontodimamma et al., 2021). However, it
remains a challenging task for many reasons. The
definition of hate speech varies significantly across
regions, time periods, and different political, eco-
nomic, and social contexts (Parekh, 2006).
Overfitting behavior is found to be very frequent

among hate speech detection systems because the
domain is vast, covering areas such as race, reli-
gion, gender, sexuality, etc in any language (Moy
et al., 2021). However, a multilingual online hate
speech detection system has been developed to
identify hate speech in English, Italian, and Ger-
man, demonstrating satisfactory performance in
these languages (Corazza et al., 2020).
In Bangla, various transformer-based models

have been utilized to identify offensive content
from Banglish Facebook comments in a multi-
label setup (Raihan et al., 2023). However, a sur-
vey on textual hate speech detection highlights
that despite the advances of deep learning, par-
ticularly transformer-based models, progress is
limited by weak datasets, inconsistent definitions,
and poor generalization (Alkomah and Ma, 2022).
Hence, these challenges are especially pronounced
for Bangla, where datasets remain scarce (Romim
et al., 2021).
In their work, (Hossain Junaid et al., 2021)

evaluates machine learning and deep learning ap-
proaches for Bangla hate speech detection, report-
ing that logistic regression achieved the highest
accuracy (96.2%) among machine learning meth-
ods, while a GRU-based model outperformed all
approaches. In contrast, applying SVM and Naive
Bayes to 1,339 Bangla samples with Naive Bayes
reached a maximum accuracy of 72% (Ahammed
et al., 2019). These results suggest that deep learn-
ing models are generally more effective than tradi-
tional machine learning methods for this task.
In a study on benchmarking transformer mod-

els for violence detection in Bangla YouTube com-
ments, and showed that data augmentation with
500 samples improved F1 scores, emphasizing the
value of additional context-specific data (Saha and
Nanda, 2023). Another work (Sharif et al., 2022)
introduced a multi-label Bangla dataset of aggres-
sive sentences, where BanglaBERT achieved the
highest weighted F1-scores (92%) in detection.
These findings indicate that expanding the dataset

and using BanglaBERT can increase accuracy in
our task.
Similarly, the research (Romim et al., 2022)

benchmarked multiple models across eight Bangla
datasets by exploring various model–feature com-
binations and reporting variations in F1-scores.
Their frequency-based word cloud analysis of tra-
ditional and non-traditional swear words informed
our data augmentation, where high-frequency
terms were incorporated into the training dataset.
A detailed description of the data collection

strategy has been described in the research (Haider
et al., 2025), which we have followed in our re-
search. Four sequential steps are followed in the
paper to generate the dataset Figure 1. Moreover,
back-translating (Bangla -> English -> Bangla)
dataset approach was performed to add diversity
into the dataset, where theGRU andAttention tech-
niques provided high accuracy up to 98% (Faruqe
et al., 2023). Most of the research shows that the
model BanglaBERT performs best for detecting
Bangla hate speeches, where the data has variation
(Tariquzzaman et al., 2023; Bhattacharjee et al.,
2022; Das et al., 2022). Data Augmentation using
translation and back-translation is discussed as an
effective method to gain better accuracy in some
research with the Bangla dataset (Tariquzzaman
et al., 2024; Aziz and Islam, 2025; Khandaker et al.,
2025).

Figure 1: Data Augmentation Steps

3 System Description

This section describes how the system classifies
Bangla hate content, dataset description, and dif-
ferent augmentation techniques used to achieve
the highest micro-F1 score. All the code1 and
datasets2 used for the task are publicly available.

3.1 Task Description

The goal of the shared task is to recognize Bangla
hate comments. The input is Bangla sentences, and
the output is to detect the type of hate. Both input

1https://github.com/Heisenberg71/blp25_
task1/blob/main/example_scripts/subtask_1A_
DistilBERT_example.ipynb?short_path=3504d21

2https://github.com/Heisenberg71/blp25_
task1/tree/main/data/subtask_1A
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and output is in TSV file format. There are a to-
tal of 6 types of hate classification: Abusive, Sex-
ism, ReligiousHate, Political Hate, Profane, and
None.

3.2 Initial Dataset Description
The initial dataset is provided by the shared task
organizers that contains about 35K labeled Bangla
comments fromYouTube for training (Hasan et al.,
2025a). An example of a training dataset is given
in Table 8. The labels are shown with frequency
and percentages in the training data set, where the
majority of hate types are None Table 1.

Label Frequecy Percentage

Abusive 8,212 23.12%
Sexism 122 0.34%
Religious Hate 676 1.90%
Political Hate 4,227 11.90%
Profane 2,331 6.56%
None 19,954 56.16%

Total 35,522 100%

Table 1: Training data frequency of the provided
Dataset

3.3 Data Collection
We have extracted additional 3,874 Bangla com-
ments from two videos3 from a very popular polit-
ical YouTube channel4 in Bangladesh. We have
used an online tool named5 for collecting com-
ments.
The collected comments contained URLs,

emails, digits, punctuation marks, emojis, letters
from other languages(English, Hindi, Arabic, etc),
and special symbols that are unnecessary and
holds little to no information on hate classification.
Therefore, it was cleaned using BNLP’s CleanText
text cleaning package6 and manual review. A
summary of the collected data set is stated in
Table 6 and Figure 2.
The collected data is used as testing data, and

BanglaBERT is used to label the type of hate. Fi-
nally, the annotated data points are added to the
testing dataset.

3https://www.youtube.com/watch?v=
GvDDgxbfSYk, https://www.youtube.com/watch?
v=Qb0YZc1K_-8

4https://www.youtube.com/c/
pinakibhattacharya

5https://youtubecommentsdownloader.com/
6https://github.com/sagorbrur/bnlp

Figure 2: Distribution of hate percentage across labels

3.4 Data Augmentation: Synonym-based
Synonym-based augmentation was applied to the
collected dataset to increase its variability while
preserving semantic consistency. Specifically, a
set of words frequently used in Bangla hate speech
was identified (Romim et al., 2022), and selected
words in the dataset were randomly replaced with
their synonyms. This ensured that the type of hate
expressed in the comments remained unchanged
while introducing linguistic diversity. An illustra-
tive example of this process is provided in Table 2.

Words Synonyms

শালা শালার েপা
কুত্তা কুত্তার বাচ্চা
খা*িক েবশঁা
হারািম হারামজাদা
জা*জ েব*ন্মা
বাল বালছাল
জেনায়ার পশু
দুঃখ কষ্ট
শত্রু প্রিতপক্ষ
দুগর্ন্ধ দুগর্ন্ধময়
ক্ষমা মাফ
দুগর্ম দুস্তর

Table 2: Some example of words that replace randomly
on the dataset

3.5 Data Augmentation: Back-translation
We augmented the dataset through back-
translation, translating the original Bangla
data into English and then translating it back to
Bangla using the Google Translate API, which
introduced lexical and syntactic variations. A
total of 27,000 data points were processed using
this approach. While back-translation proved

478

https://www.youtube.com/watch?v=GvDDgxbfSYk
https://www.youtube.com/watch?v=GvDDgxbfSYk
https://www.youtube.com/watch?v=Qb0YZc1K_-8
https://www.youtube.com/watch?v=Qb0YZc1K_-8
https://www.youtube.com/c/pinakibhattacharya
https://www.youtube.com/c/pinakibhattacharya
https://youtubecommentsdownloader.com/
https://github.com/sagorbrur/bnlp


effective in increasing diversity within the dataset,
we observed that it frequently altered the type
of hate expressed in certain comments. Such
semantic shifts caused different between the
original and translated labels, making the dataset
unsuitable for training without extensive human
review and relabeling. Given the impracticality
of manually verifying a dataset of this scale, we
ultimately decided not to use the dataset for model
training. Illustrative examples of back-translated
comments are provided in Table 9, and a detailed
summary is presented in Table 7 and Figure 3.

Figure 3: Distribution of hate percentage across labels
in the back-translated dataset

3.6 Methodology
Approaches taken to improve the micro-F1 scores
are described below.

Tokenization We used the Basic Tokenizer from
BNLP7 , which is specifically designed for Bangla
text. This tokenizer provided more effective pre-
processing of Bangla comments, thereby enabling
the models to learn linguistic patterns more accu-
rately and improving their ability to detect hate
speech.

Stopwords Many Bangla words do not con-
tribute significantly to the meaning of a sentence,
and their removal does not alter the underlying se-
mantics. To address this, we employed a stopword
removal tool from the Bangla corpus to eliminate
stopwords and punctuations. This preprocessing
step ensures that the model receives only the mean-
ingful components of a sentence as input. A list of
commonly used Bangla stopwords is provided in
Table 12.

7https://github.com/sagorbrur/bnlp/tree/
main

Models The initial configuration was set to a
single epoch. Through iterative experimentation,
we found that training the model for three epochs
yielded better performance within a shorter train-
ing time. Increasing the number of epochs be-
yond three led to overfitting, resulting in poor gen-
eralization on the test set. For model selection,
we initially experimented with DistilBERT, but
subsequently trained HateBERT, BanglaBERT,
BanglaHateBERT, and BanglaT5 on the prepro-
cessed dataset. Among these, BanglaBERT
achieved the best performance on the provided test
set. The hyperparameter settings for the experi-
ments are summarized in Table 3.

Hyperparameters Details

Dropout rate 0.1
Number of epochs 3
Training, validation, test split ratio 80:5:20
Learning rate 2e−5

Optimizer AdamW

Table 3: Hyperparameters of models (DistillBERT,
HateBERT, BanglaBERT, BanglaT5, and BanglaHate-
BERT)

3.7 Results and Discussion
We experimented with different models to achieve
the best micro-F1 score. Figure 4 presents the
performance of these models, where BanglaBERT
with the augmented dataset achieved the high-
est micro-F1 score of 0.71 on the released test
set during the evaluation phase. Although mod-
els such as BanglaHateBERT and BanglaT5 were
also used, BanglaBERT consistently outperformed
them. The hyperparameters used for fine-tuning
the models are provided in Table 3.
We observed that models specifically trained

for the Bangla language, such as BanglaHate-
BERT and BanglaBERT, outperformed general
hate speech detection models like HateBERT. Fur-
thermore, data augmentation proved to be a crucial
factor in our study, enhancing the performance of
BanglaBERT and achieving the highest micro-F1
score of 71%.
However, due to the limited number of label

samples of Sexism and Religious Hate in the
training set, none of the models were able to iden-
tify comments belonging to this category effec-
tively. A more detailed analysis of this limitation
is provided in the error analysis section.
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Figure 4: Micro-F1 scores of different approaches

4 Error Analysis

The representation of Sexism and Religious Hate
in the dataset are extremely limited. Only 122 in-
stances labeled as Sexism are present in the 35,523
training data points, accounting for merely 0.34%
of the total training set. Consequently, every
model we used fails to identify any occurrences of
sexism in the test set, primarily due to the insuffi-
cient availability of training examples required to
effectively learn and detect this category Table 4.

Data # data # Sexism P.

Train 35,523 122 0.34%
Test 10,200 29 0.28%

Table 4: Dataset description for Sexism. P.: Percentage

Similarly, only 1.90% training data points is on
religious hate making it difficult to detect Table 5.

Data # data # R.H. P.

Train 35,523 676 1.90%
Test 10,200 179 1.75%

Table 5: Dataset description for Religious Hate. R.H.:
Religious Hate, P.: Percentage

Some comments fall within the scope of multi-
ple hate labels. However, assigning only one la-
bel to such comments creates accuracy issues. A
single comment may correspond to two or more
labels, but our model can output only one of the
detected labels. If the test data assigns a different
label than the one predicted, the model’s score de-
creases, even though it has correctly identified the
comment as hateful in Table 10 containing multi-

ple hate type in a comment. Variation of hate detec-
tion between labels in the test set and BanglaBERT-
generated labels.
There are also some data points on the test

set that are not labeled correctly. However,
BanglaBERT was able to label them correctly Ta-
ble 11.

5 Conclusion and Future Scopes

This paper states the experiments we have per-
formed to complete the shared task. Using the
Bangla Tokenizer and the stopword removal tech-
nique is proven to be a very good pre-processing
technique. We have collected comments from
YouTube and labeled them carefully, then add
them to the training set, and that improved the over-
all micro-F1 score. Lastly, we have utilized var-
ious well-known models that have demonstrated
effectiveness in generating good results in Bangla.
Among these, BanglaBERT performed best for our
test and training datasets. Future studies will in-
vestigate the capabilities of LLMs and explainable
hate speech detection for Bangla.

6 Limitations

The synonym-based dataset often make illogical
sentences. The translators that are available are
not good enough to preserve the whole meaning of
a sentence. Moreover, comments are now depen-
dent on recent political or socio-economic events.
Therefore, a comment can be normal, but accord-
ing to context, a normal sentence meaning can
change to a hateful comment.
The model tested here is for specialized for the

Bangla language. But, there are many multilingual
models exists that can be very good to detect hate-
ful comments over the internet, which have not
been experimented with in this research. Similarly,
the Bangla Basic tokenizer has been tried only in
research. But, there are other Bangla tokenizers ex-
ists that can be improve the F1 score of the dataset.
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A Appendix

Label Frequecy

Abusive 1,154
Sexism 0
Religious Hate 30
Political Hate 327
Profane 241
None 2,122

Total 3,874

Table 6: Training data frequency of the collected
Dataset
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Label Frequecy

Abusive 9,366
Sexism 122
Religious Hate 706
Political Hate 4,554
Profane 2,572
None 9,680

Total 27,000

Table 7: Training data frequency after back-translation

Text Label
অিতিরক্ত এ িনেজেক
বাদুর বানাইয়া
েফলেছন ের

Abusive

অেযাগঁ মিহলােদর
হােত ক্ষমতা িদেয়
েদশেক রষাতেল
েফলার আগ্রহ
েদশবাসীর নাই

Sexism

অথচ এরাই ৬০ লক্ষঁ
ইহুিদ হতঁা কেরিছেলা

Religious Hate

সরকােরর নীলনকশা
এখন মানুষ বুেঝ
েগেছ মানুষ এখন আর
লিলপপ খায় না

Political Hate

হালার পাছা িদয়া উত্তর
কুিরয়ার পারমাণিবক
েবামা মারা েহাক

Profane

আমার বাস্তেব জাওয়া
হেলানাআিম ইউিটউেব
েদখেবা৷ ইট আলী

None

Table 8: Sample dataset for each of the categories

Bangla Translated
English

Translated
Bangla

এমন আশ্বাস
আিমও িদেত
পাির

I can also
give such
assurance

আিম এ জাতীয়
আশ্বাসও িদেত
পাির

সালা বাঙািল
েবাকা েচাদা
জািত েবিশ
গাল মােরাছ
তাই হাল
েতােদর

Sala Bengali
fools are
more cheeky

সালা বাঙািল
েবাকা আরও
চটকদার

আেরা আেগ
েকন িনউজ
হেলা না

Why not
before the
news hap-
pened

খবরিট হওয়ার
আেগ েকন নয়

ওেল বাবােল
আমাল পঁান্ট
িভেজ েগেছ
তুিম আেগ দুদু
েখেয় আেসা

Ole Babale
Amal pants
are wet. You
eat dudu first

ওেল বাবেল
অমল পঁান্ট
েভজা।আপিন
প্রথেম দুদু খান

তর গুষ্টি
চুিদ মা*র
েছেল টাকা
পাচারকারী
রাস্তায় আিসস
তর বােপেদর
ছাড়া

Your bunch
of Chudi
Ma*i’s son
is money
smuggled
on the street
without
Father

আপনার চুিদ
মা*র েছেলর
গুচ্ছ আিসস
তারা বাবা ছাড়া
রাস্তায় অথর্
পাচার করা
অথর্

Table 9: Example of back-translation in the dataset
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Text Labels
on Test
set

Label by
Bangla
BERT

ভারতীয় দালাল
সময় িটিভেক
বয়কট করুন

Political
Hate

Abusive

িকছুই হেব
না বদমাশ
ইসরাইল বা
েনতায়াহুআর
িকছুই হেব না

Political
Hate

Abusive

সময় িটিভ
একটা জাউড়া
িমিডয়া িমথঁা
তথঁ প্রচার
কের েবড়ায়

Profane Abusive

ইনুেক েকউ
বুটেদেবনা
নাচিতক সালা

Abusive Profane

েতােদর
বংগবনু্দ েতা
জাহান্নােম
আেছ বেলেছ
েতা েতােদর
আওয়ামী কুত্তা
লীগ এবার
জনগণ সবাই
িমেল বঁােশর
লািঠ িদেয়
িপিটেয় েমের
েফলেবা

Profane Political
Hate

Table 10: Datapoints containing multiple hate type in a
comment. Variation of hate detection between labels in
test set and BanglaBERT generated labels

Text Incorrect
Labels
on Test
set

Correctly
Labeled
by
Bangla
BERT

দাজ্জােলর হােত
থাকেব তাপমাত্রা
িনয়ন্ত্রণ অেনক
এলাকায় গাছ পালা
কাটা শুরু হেয়েছ

Abusive None

িবদুঁৎ জ্বালািন খােত
আওয়ামী লীেগর
আমেল সবেচেয় েবিশ
দুনীর্িত হেয়েছ

Abusive Political
Hate

েকান জায়গায়
িবচার পােব মানুষ
সব জায়গায় দুনীর্িত
সরকার দুনীর্িত কের
সরকােরর প্রশাসন
দুনীর্িত কের এটার জনঁ
খুবই দুঃেখর িবষয় এটা
একটা হাসঁকর কািহনী

None Political
Hate

Table 11: Correctly labeled by BanglaBERT but incor-
rect labels in test set

Bangla Stopwords Meanings

এবং and
ও and
েয that
িক what/that
িকন্তু but
আিম I
েস he/she
ভােলা good
অেনক many/much
আর and/again
আেগ before
এখন now
পের many/much
েথেক from
এবং and

Table 12: Some example of popular Bangla Stopwords
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Abstract

This paper addresses the problem of Bangla
hate speech identification, a socially impact-
ful yet linguistically challenging task. As part
of the “Bangla Multi-task Hate Speech Iden-
tification” shared task at the BLP Workshop,
IJCNLP–AACL 2025, our team “Retriv” par-
ticipated in all three subtasks: (1A) hate type
classification, (1B) target group identification,
and (1C) joint detection of type, severity, and
target. For subtasks 1A and 1B, we employed
a soft-voting ensemble of transformer models
(BanglaBERT, MuRIL, IndicBERTv2). For
subtask 1C, we trained three multitask vari-
ants and aggregated their predictions through
a weighted voting ensemble. Our systems
achieved micro-f1 scores of 72.75% (1A) and
72.69% (1B), and a weighted micro-f1 score
of 72.62% (1C). On the shared task leader-
board, these corresponded to 9th, 10th, and 7th

positions, respectively. These results highlight
the promise of transformer ensembles and
weighted multitask frameworks for advancing
Bangla hate speech detection in low-resource
contexts. We made experimental scripts pub-
licly available for the community.1

1 Introduction

With the rapid growth of social media platforms,
harmful content such as hate speech and offen-
sive language has become a pressing concern, re-
quiring effective strategies to prevent its spread.
Automated detection methods have seen substan-
tial progress in high-resource languages, aided
by large datasets and transformer-based models.
However, in low-resource languages like Bangla,
hate speech detection remains challenging due
to limited annotated resources, dialectal variation,
and frequent code-mixing. Most existing work
has focused on binary classification (hate vs. non-
hate) or coarse multi-class labeling, leaving fine-

1https://github.com/sahasourav17/
Retriv-BLP25-Task-1

grained dimensions such as type, severity, and tar-
get underexplored. To address this gap, the BLP
Workshop2 at IJCNLP-AACL 2025 (Hasan et al.,
2025b) introduced a shared task comprising three
subtasks, including a multitask setup, to advance
fine-grained hate speech modeling in Bangla. This
paper advances current research by presenting our
systems developed for the shared task. The key
contributions of this work are illustrated in the fol-
lowing:

• Proposed efficient yet competitive ensemble
methods of Bangla-capable transformer mod-
els, achieving strong performance for fine-
grained hate speech classification (Subtasks
1A and 1B).

• Introduced a weighted voting ensemble
within a multitask learning (MTL) frame-
work, enabling joint prediction of hate type,
severity, and target group, and demonstrating
the viability of MTL for Bangla hate speech.

• Provided a comprehensive empirical study
of deep learning and transformer-based ap-
proaches, including detailed performance
comparisons and error analyses, offering in-
sights for future research in low-resource hate
speech detection.

2 Related Work

Research on Bangla hate speech detection has ex-
panded in recent years with several new datasets
and modeling approaches. Das et al. (2022)
developed a corpus of Bangla and Romanized
Bangla posts for hate and offensive language de-
tection, demonstrating strong results with multi-
lingual transformers such as XLM-R and MuRIL.
Saha et al. (2023) introduced Vio-lens, a dataset
of social media posts linked to communal vio-
lence. In contrast, Haider et al. (2025) proposed

2https://blp-workshop.github.io/
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BanTH, a multi-label dataset for transliterated
Bangla that captures multiple target categories and
reflects the complexity of real-world hate speech.
Hasan et al. (2025a) further introduced Bangla-
MultiHate, the first multi-task Bangla hate speech
dataset jointly modeling type, severity, and tar-
get, with extensive experiments using LLMs under
zero-shot and LoRA fine-tuning. Beyond datasets,
Raza and Chatrath (2024) presented HarmonyNet,
an ensemble framework that improves robustness
in hate speech identification, and Hossain et al.
(2024) proposed a multimodal approach aligning
visual and textual features for hateful content de-
tection.

Despite these advances, most Bangla work re-
mains focused on binary or coarse multi-class clas-
sification. Multi-task learning (MTL) has been ex-
plored to capture complementary signals in hate
speech detection. For example, Awal et al. (2021)
introduced AngryBERT, which jointly learns tar-
get and emotion alongside hate classification,
while in the Bangla context, Saha et al. (2024)
proposed MulTSeA, a multitask framework for
aspect-based sentiment analysis. These studies
suggest that MTL is well-suited for complex tasks
like hate speech, where dimensions such as type,
severity, and target are interdependent. This work
extends Bangla hate-speech identification to a fine-
grained, multidimensional setting. Unlike prior
studies focused on binary or coarse classification,
we employ transformer-based ensembles and a
multitask framework to jointly model type, sever-
ity, and target group, addressing a key gap in
Bangla hate speech research.

3 Task and Dataset Descriptions

The primary aim of this shared task (Hasan et al.,
2025b) is to conduct fine-grained hate speech iden-
tification in Bangla social media content, moving
beyond binary detection toward multi-dimensional
classification. The task was organized into multi-
ple related subtasks:

• Subtask 1A (Hate Type): Classify a text
as Abusive, Sexism, Religious Hate, Political
Hate, Profane, or None.

• Subtask 1B (Target Group): Identify
whether the hate is targeted at Individuals,
Organizations, Communities, or Society.

• Subtask 1C (Multitask): Jointly predict the

hate type, severity (Little to None, Mild, Se-
vere), and target group.

All three subtasks use the same dataset splits:
35,522 samples for training, 2,512 for develop-
ment, and 10,200 for testing. On average, the texts
contain about 78 tokens across all splits. While the
split sizes are identical, the label distributions dif-
fer across subtasks. Table 1 presents the detailed
label-wise distributions across train, development,
and test sets for all subtasks.

Subtask Label Train Dev Test

1A
(Type)

None 19,954 1,447 5,751
Abusive 8,212 549 2,312
Political Hate 4,227 283 1,220
Profane 2,331 185 709
Religious Hate 676 40 179
Sexism 122 8 29

1B
(Target)

None 21,190 1,528 6,093
Individual 5,646 391 1,571
Organization 3,846 292 1,152
Community 2,635 159 759
Society 2,205 142 625

1C
(Type)

None 19,954 1,447 5,751
Abusive 8,212 549 2,312
Political Hate 4,227 283 1,220
Profane 2,331 185 709
Religious Hate 676 40 179
Sexism 122 8 29

1C
(Severity)

Little to None 23,489 1,714 6,737
Mild 6,853 426 2,001
Severe 5,180 372 1,462

1C
(Target)

None 21,190 1,528 6,093
Individual 5,646 391 1,571
Organization 3,846 292 1,152
Community 2,635 159 759
Society 2,205 142 625

Table 1: Label distributions across Train, Dev, and Test
splits for all subtasks.

These statistics highlight the inherent class im-
balance, such as the small number of Sexism and
Religious Hate instances in Subtask 1A, which
makes the task more challenging.

4 System Description

The proposed approach leverages different archi-
tectures tailored to the specific characteristics of
each subtask. For subtasks 1A and 1B, we employ
a soft ensemble of three pre-trained transformer
models, while for subtask 1C, we adopt a multi-
task learning framework.

4.1 Text Preprocessing

We apply minimal preprocessing to preserve the
authentic nature of social media content. The pre-
processing pipeline consists of: (1) removal of
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Bangla digits, and (2) standard tokenization us-
ing each model’s respective tokenizer. We observe
that the provided dataset appears well curated, re-
quiring minimal additional cleaning. All input se-
quences are truncated or padded to a maximum
length of 128 tokens.

4.2 Baseline Models
We utilize three complementary pre-trained trans-
former models across all subtasks:

• BanglaBERT (csebuetnlp/banglabert):
A monolingual BERT model specifically
pre-trained on Bangla text, providing
strong language-specific representations.
(Bhattacharjee et al., 2022)

• MuRIL (google/muril-base-cased): A
multilingual model covering 17 Indian lan-
guages, including Bangla, offering cross-
lingual contextual understanding. (Khanuja
et al., 2021)

• IndicBERTv2
(ai4bharat/IndicBERTv2-MLM-only):
A model trained on 12 major Indian lan-
guages with enhanced tokenization for Indic
scripts. (Doddapaneni et al., 2023)

4.3 Task-Specific Architectures
Soft Voting Ensemble Approach: For hate-
type classification (1A) and target-group identifi-
cation (1B), each base model is fine-tuned inde-
pendently with task-specific classification heads.
The final prediction is obtained through soft vot-
ing by averaging the prediction probabilities from
all three models:

Pensemble(y|x) =
1

3

3∑

i=1

Pi(y|x) (1)

where Pi(y|x) represents the probability distribu-
tion from model i for input x.

Weighted Voting Multitask Approach For the
joint prediction task, each base model is fine-tuned
independently as a multitask learner with three
classification heads: hate type (6 classes), sever-
ity (3 classes), and target group (4 classes). The
individual multitask objective function combines
cross-entropy losses from all tasks:

Lmtl = αLtype + βLseverity + γLtarget (2)

The final ensemble prediction uses weighted
voting based on individual development set perfor-
mance:

Pfinal(y | x) = 0.5PMuRIL(y | x)
+ 0.3PBanglaBERT(y | x)
+ 0.2PIndicBERTv2(y | x)

(3)

where the weights reflect each model’s individual
performance ranking on the development set.

4.4 Training Configuration
All models are trained using the AdamW optimizer
with identical hyperparameters across all subtasks:
learning rate of 2 × 10−5, batch size of 16, and
3 training epochs. For subtasks 1A and 1B, each
model in the soft voting ensemble is trained inde-
pendently with task-specific objectives. For sub-
task 1C, each model is trained independently as
a multitask learner before combining predictions
through weighted voting. The training configura-
tion used in our experiments is summarized in Ta-
ble 2.

Parameter Value
Optimizer AdamW
Learning rate 2× 10−5

Batch size 16
Epochs 3
Max sequence length 128

Table 2: Training hyperparameters used across all trans-
former models.

5 Results and Analysis

5.1 Performance Against Baselines
Table 3 reports system performance across all
three subtasks, evaluated with the official metrics
(micro-f1 for 1A and 1B, and weighted micro-
f1 for 1C). The organizers also released three
baselines-Random, Majority, and n-gram, which
obtained 16.38, 56.38, and 60.20% on 1A; 20.43,
59.74, and 62.09% on 1B; and 23.04, 60.72, and
63.05% on 1C, respectively.

Our systems substantially outperform these
baselines. For example, BanglaBERT attains
71.00% on subtask 1A, more than 10 points higher
than the n-gram baseline. The best-performing
systems are ensembles: soft voting achieves
75.72% (1A) and 74.96% (1B), while weighted
voting performs best on 1C (75.12%).
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Model Micro-f1 W-Micro-f1
1A 1B 1C

BiLSTM (GV) 69.39 64.49 –
BiLSTM (FT) 68.67 62.74 –
BiGRU (GV) 69.35 68.75 –
BiGRU (FT) 66.92 68.75 –
MRL 74.00 74.60 74.79
BNB 71.00 73.61 73.35
INB 74.00 73.17 71.22
SV (MRL+BNB+INB) 75.72 74.96 74.08
HV (MRL+BNB+INB) 72.53 74.16 73.42
WV (MRL+BNB+INB) 74.16 74.56 75.12

Table 3: Performance of employed models across all
subtasks. A dash (–) denotes that the model was
not evaluated for the corresponding subtask. Ab-
breviations: GV=GloVe, FT=FastText, MRL=MuRIL,
BNB=BanglaBERT, INB=IndicBERTv2, SV=Soft Vot-
ing, HV=Hard Voting, WV=Weighted Voting.

5.2 RNNs vs. Transformers vs. Ensembles
On subtasks 1A and 1B, BiLSTM and BiGRU
models with static embeddings (GloVe, FastText)
yield scores in the mid-60s, significantly lower
than transformer-based models. Based on these re-
sults, we did not extend RNNs to Subtask 1C.

Among transformers, MuRIL and In-
dicBERTv2 perform comparably and generally
surpass BanglaBERT, reflecting their larger mul-
tilingual training. However, ensemble methods
consistently outperform individual models. Soft
voting is most effective in 1A and 1B, whereas
weighted voting excels in 1C, suggesting that
the optimal ensemble strategy depends on task
complexity.

5.3 Error Analysis
Confusion Patterns. In subtask 1A (hate type),
the system frequently confuses Abusive with None,
and Political Hate with Profane. Minority cate-
gories such as Sexism and Religious Hate suffer
from very low recall due to class imbalance. In
subtask 1B (target group), Organization is often
predicted as None, and Society is confused with
Individual. Subtask 1C inherits these trends, with
additional difficulty distinguishing between Mild
and Severe hate severity. Confusion matrices and
error examples are provided in Appendix A.

Qualitative Errors. Representative examples
highlight typical misclassifications. For instance,

• Implicit or sarcastic hate: ভাইয়া আপিন
অিভেনতা হইেয়ন না না হেল সবাই বাচ্চা চাইেব
(Brother, dont act like an actor, otherwise ev-
eryone will demand children from you) was

annotated as Abusive, Individual, but all sys-
tems predicted None.

• Subtask complementarity: এটা ের আওয়ামী
লীগ েভাট িদেব েকনমাথায় আেস না (Why would
anyone vote for Awami League, I cannot
imagine) was misclassified in Subtask 1B
(Organization) but correctly resolved in the
multitask model.

• Trade-offs in multitask learning: হারািম
েমাসােদ্দক েদিখ এইখােন (That bastard Mosad-
dek, I see him here) was correctly identified
as Profane, Individual in single-task models,
but misclassified as Abusive, Individual in
multitask.

Effect of Label Imbalance. The dataset distri-
bution depicted in Table 1 reveals severe class
imbalance across subtasks. In Subtask 1A, cate-
gories such as Sexism (only 122 training instances)
and Religious Hate (676 instances) are underrep-
resented, explaining their very low recall in our
experiments. Similarly, in Subtask 1B, minority
classes like Community and Society are frequently
misclassified as None or Individual. For Sub-
task 1C, the dominance of the Little to None cat-
egory in severity prediction makes it challenging
for models to correctly identify Mild and Severe
hate. These imbalances highlight the need for data
augmentation and re-weighting strategies in future
work.

5.4 Summary of Findings
Our analysis shows that (i) transformer ensembles
consistently outperform single models and RNN
baselines, (ii) multitask learning captures comple-
mentary signals across hate type, severity, and tar-
get group, though sometimes introducing inconsis-
tencies, and (iii) errors stem primarily from subtle
linguistic cues, overlapping class boundaries, and
severe class imbalance. Together, these findings
validate the complementary strengths of ensemble
and multitask strategies for Bangla hate speech
identification.

Official Shared Task Results. On the blind test
set used for leaderboard evaluation, our submis-
sions achieved 72.75% Micro-f1 in Subtask 1A
(9th), 72.69% in Subtask 1B (10th), and 72.62%
Weighted Micro-f1 in Subtask 1C (7th). These re-
sults confirm the competitiveness of our ensemble
and multitask strategies in a challenging shared-
task setting.
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6 Conclusion

In this paper, we presented our systems for the
BLP 2025 Shared Task 1 on Bangla hate speech
identification. We explored transformer-based en-
sembles for subtasks 1A and 1B, and designed an
efficient yet competitive multitask learning frame-
work for subtask 1C. Our models achieved com-
petitive performance across all subtasks, demon-
strating the viability of both ensemble strategies
and multitask learning in a low-resource setting
like Bangla. The analysis further revealed chal-
lenges such as class imbalance and the difficulty of
modeling underrepresented categories (e.g., Sex-
ism, Religious Hate). For future work, we aim
to explore data augmentation, cross-lingual trans-
fer, and more robust multitask architectures to im-
prove fine-grained hate speech detection in Bangla
and extend these approaches to other low-resource
languages.

7 Limitations

While our system demonstrates competitive perfor-
mance on fine-grained hate speech detection, we
acknowledge certain limitations. Our ensemble
approaches require training and inference across
multiple transformer models, increasing compu-
tational overhead compared to single-model so-
lutions. The fixed weighting strategy for sub-
task 1C, while empirically determined from devel-
opment performance, may benefit from more so-
phisticated dynamic weighting mechanisms. Ad-
ditionally, our evaluation focuses on the shared
task dataset, and broader cross-domain validation
would strengthen the generalizability claims of our
ensemble strategies.
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A Detailed Error Analysis

We include confusion matrices for all three sub-
tasks to illustrate misclassification patterns, along
with representative failure cases that highlight
challenges such as class imbalance, and subtle con-
textual cues.

Figure 1: Confusion Matrix for Subtask 1A

Figure 2: Confusion Matrix for Subtask 1B

(a) Hate Type

(b) Hate Severity

(c) To Whom

Figure 3: Confusion matrices for subtask 1C
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Since all three subtasks were derived from the
same dataset, we analyze errors using a shared
set of representative examples. This allows us to
highlight systematic issues across subtasks in a
more consistent manner. Instead of comparing sys-
tems directly against each other, we focus on cases
where each subtask fails, succeeds, or faces sys-
tematic challenges. Wrong predictions are high-
lighted in blue.

A.1 Subtask 1A: Hate Type Classification

Table 4 shows cases where Subtask 1A (type clas-
sification) fails. We observe frequent confusion
between Abusive and Profane, as well as under-
prediction of subtle Political Hate. These errors
often arise from short texts or figurative language.

Text Gold
Annotation

1A
Prediction

সয়তানর খালাম্মা কয়িক
(What did the devils aunt
say?)

Abusive None

িনবর্াচক মণ্ডলীর েদর েক
েখলােনা দরকার হালারা
(The election committee
members should be made
to play, idiots.)

Political Hate Profane

Table 4: Examples where Subtask 1A (type) failed.
Wrong predictions are in blue.

A.2 Subtask 1B: Target Group Classification

Table 5 presents errors from Subtask 1B (target
group identification). The main challenge lies in
distinguishing Organization vs. Community, and
in cases where hate is implied but the target is in-
direct.

Text Gold
Annotation

1B
Prediction

েতামােদর রাজনীিত হাসয্কর
(Your politics is ridicu-
lous.)

Organization Community

ভােলা থাকেল কাপড় খুেল েবর
হস ... জাহান্নােম েগিল
(If you’re fine, strip off your
clothes ... went to hell.)

Community Individual

Table 5: Examples where Subtask 1B (target) failed.
Wrong predictions are in blue.

A.3 Subtask 1C: Multitask Classification

Table 6 highlights errors in Subtask 1C (multitask).
Although multitask modeling captures interdepen-
dencies between type, severity, and target, we ob-
serve systematic errors such as over-predicting Se-
vere, mismatched targets, and type drift.

Text Gold
Annotation

1C
Prediction

েগায়া মারা িদেয় আেছ বাংলােদশ
মাদারেচাদ িনউজ কের সালার
পুত পাম েদস
(Bangladesh is ruined
motherfucker making news
and buttering them up.)

Profane / Mild
/ Organization

Profane / Se-
vere / Individ-
ual

হারািম েমাসােদ্দক েদিখ এইখােন
(That bastard Mosaddek, I
see him here.)

Profane / Lit-
tle to None /
Individual

Abusive / Se-
vere / Individ-
ual

Table 6: Examples where Subtask 1C (multitask) failed.
Wrong predictions are in blue.

A.4 Cases Where All Subtasks Fail
Finally, Table 7 shows difficult examples where all
systems fail. These include sarcasm, implicit hate,
or ambiguous targets, which remain challenging
for current transformer models.

Text Gold
Annotation

System
Predictions

দেনর িনবাচন ফাইজলািম৷
(Todays election is a farce.) Profane / Mild

/ None
None / None /
None

েতামরা শুধু পৰ্িতবােদ জানােত
পারেব ... জনগেণর টাকা িদেয়
খুজেতেছ জনগণেক রক্ষা করার
জনয্
(You will only be able to
protest ... wasting peoples
money pretending to pro-
tect them.)

Abusive / Lit-
tle to None /
Community

Political Hate /
None / None

Table 7: Challenging examples where all subtasks
failed. Wrong predictions are in blue.

B Reproducibility Note

All experiments were conducted on a single
NVIDIA RTX 3090 GPU with 24 GB VRAM.
We used the PyTorch3 deep learning framework
together with the HuggingFace4 Transformers li-
brary. All hyperparameters are listed in Table 2.
Random seeds were fixed across runs for consis-
tency, although minor variations in results may oc-
cur due to non-deterministic GPU operations.

3https://pytorch.org/
4https://huggingface.co/
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Abstract
The upsurge of social media and open source
platforms has created new avenues for the rapid,
global spread of negativity and obscenities tar-
geting individuals and organizations. The pro-
cess to identify hate speech is critical for the
lexical and regional variation as well as the mor-
phological complexity of the texts, especially
in low-resource languages, e.g. Bangla. This
paper presents our participation in the Hate
Speech Detection task at the second workshop
on Bangla Language Processing. The objec-
tive of this task is not only to detect whether
the content is hateful, but also to identify the
type of hate, the target group, and its severity.
We proposed a Transformer-based weighted
probabilistic fusion model to detect the pres-
ence of hate speech in Bangla texts. We inde-
pendently fine-tuned three pre-trained Trans-
former models, BanglaBERT, XLM-RoBERTa,
and MuRIL, to capture diverse linguistic rep-
resentations. The probability distributions ob-
tained from each model were combined using
a weighted fusion strategy, allowing the system
to leverage the strengths of all models simul-
taneously. This fused representation was then
used to predict the final labels for the given in-
stances. The experimental results showed that
our proposed method obtained competitive per-
formance, ranking 10th in subtask 1A and 15th
in subtask 1B among the participants.

1 Introduction

The rapid growth of social networks and online
platforms has facilitated communication and infor-
mation sharing on an unprecedented scale. How-
ever, this has also led to the proliferation of harmful
content, including hate speech, which can incite vi-
olence, discrimination, and social unrest (Roy et al.,
2022; Mahajan et al., 2024). Online abuse and the
spread of negativity are common practices and an
important social problem that is highly correlated
with the emergence of social media platforms (An-
typas and Camacho-Collados, 2023). Detecting

hate speech in Bangla is especially challenging
due to the informal language, spelling variations,
and the use of slang in comment sections. While
most existing hate speech detection systems have
been developed for English or other high-resource
languages (Toraman et al., 2022; Nozza, 2021), re-
search in Bangla hate speech detection, particularly
in YouTube comments, remains limited.

To address this gap, we participated in both Sub-
task 1A and Subtask 1B of the shared task (Hasan
et al., 2025b). Subtask 1A and Subtask 1B are
multiclass text classification problems in which
each comment is categorized into one of the hate
speech classes or labeled as None. We propose
a Transformer-based fusion model where we fine-
tuned XLM-RoBERTa, BanglaBERT (Bhattachar-
jee et al., 2022), and MuRIL (Khanuja et al.), un-
der various hyperparameter settings. To handle
the strong class imbalance inherent in the data,
we integrate a weighted loss function during train-
ing and evaluate performance using the micro f1
metric. Our approach achieves competitive per-
formance across both subtasks, demonstrating its
effectiveness in identifying harmful Bangla con-
tent. These findings highlight the potential of
Transformer-based fusion models for low-resource
languages and contribute to safer online interac-
tions for Bangla-speaking users.

2 Related Work

Hate speech detection is a growing area in research,
particularly with the uprising of social media (Tora-
man et al., 2022; Salles et al., 2025). While existing
work has been done in well-resourced languages
like English (Lee et al., 2022), there remains a
substantial gap in research for low-resource lan-
guages, especially those with complex linguistic
structures and script adaptation challenges (Nozza,
2021), such as Bangla.

Early foundational work in hate speech detection
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Figure 1: Our proposed model for hate speech detection.

on social media platforms like Twitter has been
seen in (Talat and Hovy, 2016). Their research
primarily focused on analyzing the impact of ex-
tralinguistic features, such as gender. They aimed
to enhance the detection of hate speech (Singh and
Thakur, 2024; Lee et al., 2022).

In the context of Bangla text, deep learning meth-
ods such as recurrent neural networks and long-
short-term memory are used to handle hate speech
detection in multilabel texts (Das et al., 2022).
A key contribution was made by (Bhattacharjee
et al., 2022), who developed an annotated dataset of
10,000 Bangla tweets, including both actual Bangla
and Romanized Bangla. They implemented models
like MuRIL and got excellent performance. More
recently, a significant advancement in multiclass
classification was made by (Bhattacharjee et al.,
2022). They fine-tuned BanglaBERT on their train-
ing data. In contrast, we propose a fusion model
leveraging three Transformer-based models, includ-
ing BanglaBERT, XLM-RoBERTa, and MuRIL, to
exploit the diverse contextual dimension of Bengali
hate speech.

3 Methodology

In this section, we describe our proposed approach
for the hate speech detection task. The overview of
our framework is depicted in Figure 1.

Given an input text, we first map and assign

weights to the labels to address class imbalance,
then we employ three transformer models, in-
cluding BanglaBERT (Bhattacharjee et al., 2022),
XLM-RoBERTa (Antypas and Camacho-Collados,
2023), and MuRIL, to detect hate speech. Finally,
for the effective fusion of the scores, we take the
weighted arithmetic mean of the prediction scores
of these models.

3.1 Transformer Models

Transformer models are adept at capturing long-
term dependencies by leveraging multi-head atten-
tion and positioned embedding mechanisms. This
approach facilitates a robust understanding of the
relationships between words, which is essential for
obtaining a richer, contextualized representation
of the argument’s context (Aziz et al., 2023). In
this study on hate speech detection, we select three
state-of-the-art multilingual and language-specific
Transformer models as our foundation (Kim et al.,
2022), including BanglaBERT, XLM-RoBERTa,
and MuRIL. These models were chosen to effec-
tively handle the lexical diversity present in our
dataset, serving as the base architectures upon
which our fine-tuning, Transformer-based approach
is applied.

3.2 Fusion of Transformer Models

In the field of natural language processing (NLP),
combining the strengths of multiple models is a
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standard technique to boost performance beyond
the capability of any single architecture and miti-
gate individual model limitations. Our proposed
framework adopts a fusion strategy to synthesize
the capabilities of BanglaBERT, XLM-RoBERTa,
and MuRIL (Romim et al., 2022).

We achieve this synergy by estimating a sin-
gle, unified probability score for each classification
class. This score is derived from fusing the pre-
diction scores generated independently by each of
the three fine-tuned Transformer models. Specifi-
cally, we employ the weighted probabilistic mean
of these three probability scores for the fusion pro-
cess. By applying weights, we can prioritize the
output of the model that shows the highest reliabil-
ity or relevance for a given prediction. The final
label for the input text is then determined by select-
ing the class associated with the resulting highest
fused probability score.

4 Experiments and Results

4.1 Dataset and Preprocessing
We used the official datasets (Hasan et al., 2025a)
provided by the Bangla Multi-task Hate Speech
Identification Shared Tasks organizers (Hasan et al.,
2025b). As shown in Table 1, the training, devel-
opment, and test sets contain Bangla text instances
annotated with six categories for subtask 1A. On
the other hand, Table 2 shows the data distribution
of subtask 1B that contains 5 categories of labels,
such as None, Individual, Society, Community, and
Organization.

Labels Counts

None 19954
Profane 2331
Abusive 8212
Sexism 122
Political Hate 4227
Religious Hate 676

Table 1: Label counts of training dataset (subtask 1A).

The dataset used in this study exhibited a sig-
nificant class imbalance, where some classes were
underrepresented compared to others. To mitigate
this issue during training, we employed a weighted
cross-entropy loss (Vázquez-Osorio et al., 2024).

Lweighted = −
C∑

i=1

wi yi log ŷi

Labels Counts

None 21190
Individual 5646
Society 2205
Community 2635
Organization 3846

Table 2: Label counts of training dataset (subtask 1B).

In this formulation, C denotes the total number of
classes in the dataset. The term yi represents the
ground-truth label for class i expressed in a one-hot
encoded format, while ŷi corresponds to the pre-
dicted probability assigned by the model to class i.
The coefficient wi is a class-specific weight that de-
termines the relative importance of each class in the
loss calculation, assigning larger penalties to mis-
classifications from minority classes and smaller
penalties to the majority classes. The class weights
wi were derived from the distribution of the train-
ing data using the following expression:

wi =
N

C ni
(1)

Here, N is the total number of training sam-
ples, ni denotes the number of samples belong-
ing to class i, and C again is the total number of
classes. This formulation ensures that classes with
fewer instances are assigned proportionally higher
weights, thereby balancing the contribution of each
class to the overall loss and reducing the bias to-
wards majority classes. (Al Maruf et al., 2024).
We tokenized texts separately for each model using
their respective models’ tokenizers, BanglaBERT,
XLM-RoBERTa, and MuRIL, splitting into sub-
word units, padding or truncating to 256 tokens,
and converting them to PyTorch tensors for train-
ing, validation, and testing.

4.2 Experimental Settings

We now present the details of the experimental
setup, including the specific hyperparameter con-
figurations and fine-tuning strategies utilized to
develop our proposed system. We performed the
fine-tuning process using the following key config-
urations, which were defined within the Training
Arguments class. The models were trained for three
epochs. We utilized a training batch size of 16, and
set the learning rate to the standard pre-trained op-
timization value of 2e-5. Additionally, a weight
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decay of 0.01 was applied to mitigate overfitting.
Training logs were recorded every 50 steps. To
optimize resources, we disabled immediate eval-
uation during training and set the model saving
frequency to zero. In our weighted probabilistic
fusion, we consider weights of 0.5, 0.3, and 0.2
for BanglaBERT, XLM-RoBERTa, and MuRIL, re-
spectively, based on their individual performance.

4.3 Results and Analysis

To evaluate the performance of the participant’s
system at the BLP25 hate speech detection shared
task (Hasan et al., 2025b), the micro f1 score is con-
sidered as the main evaluation matrics for subtask
1A and subtask 1B.

Team Position Score

shifat_islam 1st 0.7362
SyntaxMind 2nd 0.7345
nahidhasan 7th 0.7305
CoU-CU-DSG 10th 0.7273
pritampal98 19th 0.7057
programophile 21st 0.7013
intfloat 33rd 0.6634

Table 3: Comparative results with other selected partici-
pants (Subtask 1A).

Team Position Score

mahim_ju 1st 0.7356
shifat_islam 2nd 0.7335
nahidhasan 8th 0.7279
CoU-CU-DSG 15th 0.7114
pritampal98 19th 0.6974
lamiaa 24th 0.2848

Table 4: Comparative results with other selected partici-
pants (Subtask 1B).

The performance of our proposed system in the
BLP25 hate speech detection shared task is ana-
lyzed across Subtask 1A and Subtask 1B in this
section. Table 3 and Table 4 present the compar-
ative results for Subtask 1A and Subtask 1B, re-
spectively, contrasting our system with other top
entries. At first, we presented the performance of
our proposed system. We also presented the per-
formance of top-ranked participating systems and
the baseline used in subtask 1A and subtask 1B.
Here, we see that our proposed method obtained

Method Dev set Test set

BanglaBERT 0.7356 0.7156
XLM-R 0.6937 0.6735
MuRIL 0.6846 0.6628
BanglaBERT+XLM-R 0.7308 0.7242
BanglaBERT+MuRIL 0.7348 0.7211
XLM-R+MuRIL 0.7225 0.7078

Proposed Fusion Model 0.7456 0.7273

Table 5: Ablation study of our proposed model (Subtask
1A). XLM-R represents the XLM-RoBERTa model.

a good score in terms of the primary evaluation
metric micro f1 score.

In our proposed system, we perform the effective
fusion of three Transformer models. However, to
validate the performance of our fusion strategy, we
conduct evaluate the performance of each model
used in our proposed system. The results of the
ablation study of our proposed model are articu-
lated in Table 5. From the results, it is observed
that BanglaBERT performed better compared to
other models when considering individual model
performances. However, combining the three mod-
els’ prediction scores by using a weighted average
improved the performance. It shows that the fusion
strategy improve the ∼2% performance compared
to the BanglaBERT model and improves the ∼6%
performance compared to the other two models
in terms of the evaluation measure micro f1 score.
This validates the importance of our fusion strategy.

5 Conclusion and Future Directions

In this paper, we present an approach to detect hate
speech from Bangla texts leveraging three BERT
variants, including BanglaBERT, XLM-RoBERTa,
and MuRIL, with an effective weighted fusion strat-
egy. Experimental results demonstrate the effi-
ciency of our fusion model, which helped us to
obtain a competitive position in both subtask 1A
and subtask 1B.

In the future, we intend to explore feature en-
gineering, training strategies, and other pretrained
models for further improvement. We also have a
plan to explore the external knowledge of other
similar domains, as well as the strength of large
language models (LLMs) in this task.
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Limitations

Although our proposed weighted probabilistic fu-
sion approach demonstrates promising improve-
ments for Bangla hate speech detection, some lim-
itations remain. First, the performance of the
fused models is still bounded by the representa-
tional capacity and pretraining data of the individ-
ual language models. For example, BanglaBERT is
trained primarily on curated Bangla corpora, while
XLM-RoBERTa and MuRIL include multilingual
data, which may introduce noise or under-represent
Bangla-specific linguistic phenomena such as code-
mixing, dialectal variations, or colloquial expres-
sions. Second, despite our fusion strategy improv-
ing the performance, more adaptive or robust fusion
mechanisms could potentially yield stronger results.
Finally, although our method reduces variance com-
pared to relying on a single model, it increases
computational cost during inference by requiring
predictions from multiple language models. This
may limit practical deployment in low-resource or
real-time settings.
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Abstract

This paper presents PerceptionLab’s approach
for the BLP-2025 Shared Task 1A on multi-
class Bangla hate speech detection, address-
ing severe class imbalance and informal on-
line discourse. We perform Domain-Adaptive
Pretraining (DAPT) on BERT models using
a curated corpus of over 315,000 social me-
dia comments to capture slang, non-standard
spellings, and contextual nuances of online
discourse. To enrich underrepresented cate-
gories, we align external resources and con-
struct a novel Bangla sexism dataset of over
6,800 comments via weak supervision and
manual verification. Two classification strate-
gies are compared: a single-shot six-way
classifier and a two-stage hierarchical model
that first separates Hate from Non-hate be-
fore fine-grained categorization. Experimen-
tal results show that single-shot classification
with DAPT-enhanced BUET-BERT achieves
the highest micro-F1 score (0.7265), outper-
forming the hierarchical approach and bench-
marked general-purpose Large LanguageMod-
els. Error analysis reveals persistent chal-
lenges in detecting subtle sexism and context-
dependent religious hate. Our findings high-
light the value of domain adaptation, robust
end-to-end modeling, and targeted dataset
construction for improving fine-grained hate
speech detection in low-resource settings.

1 Introduction

This study details our methods and results for the
"Bangla Multi-task Hate Speech Identification"
task (Hasan et al., 2025b), aiming to classify hate
speech (HS) into five fine-grained classes with a
goal to develop a robust system for hate speech de-
tection (HSD) and its classification. The task poses
two main challenges: distinguishing subtle HS cat-
egories in online discourse and coping with severe
class imbalance, with Sexism being especially un-
derrepresented.

In the official shared task evaluation, our sys-
tem ranked 23rd with a micro-F1 score of 0.6941.
Since the evaluation deadline, however, we have
standardized the process and implemented addi-
tional methodological improvements. This paper
therefore reflect our updated approach, which sub-
stantially outperforms our evaluation-time system
and achieves a final micro-F1 score of 0.7265 on
the benchmark.
Our main contributions in this paper can be sum-

marized as follows:

• We perform DAPT on existing BanglaBERT
models using a curated corpus of over
315,000 informal social media comments to
better adapt them to the noisy and nuanced
language of online hate speech.

• We address a critical resource gap by con-
structing a novel Bangla sexism dataset
of over 6,800 comments through a weak-
supervision with Large Language Model
(LLM) and manual verification pipeline.

• We conduct a systematic comparison between
single-shot and hierarchical classification ar-
chitectures to empirically evaluate the most
effective strategy to manage severe class im-
balance present in the HSD task.

Our analysis reveals that a domain-adapted, single-
shot powerful classifier achieves the best perfor-
mance, challenging the common hypothesis that
hierarchical decomposition is superior for imbal-
anced, fine-grained classification tasks.

2 Related Work

The study of Bangla hate speech detection has
gained momentum in recent years, driven by the
rapid rise of social media usage in Bangladesh and
the urgent need to moderate harmful online dis-
course. Early efforts primarily relied on classi-
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cal machine learning and handcrafted feature en-
gineering. For example, Romim et al. (2022) in-
troduced BD-SHS, a benchmark dataset of 50K
Bangla social-media comments, and evaluated TF-
IDF with n-grams, pretrained embeddings, and
informal embeddings with models such as SVM
and Bi-LSTM. Their findings highlighted the im-
portance of informal text embeddings for captur-
ing noisy language patterns. Similarly, Emon
et al. (2022) found that transformer-based mod-
els like XLM-RoBERTa outperformed traditional
methods. Karim et al. (2021) proposed DeepHa-
teExplainer, combining transformer models with
explainability methods, achieving F1-scores near
0.88. Islam et al. (2024) introduced a large-
scale dataset of 150K Bangla posts targeting re-
ligious hate, later used to develop hatebnBERT,
a domain-adapted BanglaBERT variant fine-tuned
with offensive and religious content. Hatebn-
BERT achieved near state-of-the-art results (98–
99% accuracy), demonstrating the value of DAPT
for capturing informal and sensitive discourse.
Sazzed (2020) developed a sentiment lexicon in-
cluding vulgar and slang terms for Bangla, which
has proven useful in enriching profanity-related
classes. However, gaps remain: sexism remains
critically underrepresented, with no large publicly
available dataset in Bangla prior to this work.
Beyond Bangla, multilingual research has

shown similar trends. HateBERT (Caselli et al.,
2021) demonstrated that domain-adaptive pretrain-
ing on abusive content improves English hate
speech detection. XLM-R and multilingual BERT
have been widely applied across low-resource lan-
guages (Chakravarthy et al., 2020; Ranasinghe and
Zampieri, 2020), though their performance often
lags behind monolingual, domain-adapted models.
In essence, prior research highlights three key

issues: (1) persistent resource gaps, especially for
underrepresented categories such as sexism; (2)
the importance of domain-adaptive pretraining for
informal and noisy text; and (3) class imbalance
in multiclass setups. Our study addresses these is-
sues by curating a dedicated sexism dataset, apply-
ing DAPT on monolingual as well as multilingual
models, and evaluating both single-shot and hier-
archical classification strategies.

3 Task Description

We participated in Subtask 1A of the BLP Shared
Task 1 (Hasan et al., 2025b), which requires classi-

fying Bangla social media comments into one of
six categories: Abusive, Sexism, Religious Hate,
Political Hate, Profane, or None. To address class
imbalance, the official evaluation metric is the
Micro-F1 score.

3.1 Dataset Description
The task utilizes the BanglaMultiHate dataset
(Hasan et al., 2025a), which contains manually
annotated public comments from YouTube. For
Subtask 1A, the data includes columns for "id",
"text", and a "label" corresponding to one of the
six hate types. Table 1 shows a short instance of
the dataset.

id text label
837255 একজন ডক্টর হেয়ও মেন এত

রঙ আেস েকাথ েথেক
Abusive

Table 1: Sample data of the dataset for subtask 1A

4 System Description

Our approach explored two strategies for multi-
class Bangla hate speech classification: enhanc-
ing domain-specific knowledge of pretrained mod-
els and evaluating different classification architec-
tures under class imbalance.

4.1 Unsupervised Domain Adaptive
Pretraining

We started with three pretrained models: BUET-
BERT (Bhattacharjee et al., 2022), Sagor-BERT
(Sarker, 2020), and mBERT (Devlin et al., 2018).
These models, trained on formal sources such as
Wikipedia and news corpora, often fail to capture
the noisy, informal nature of online hate speech,
which includes slang, non-standard spellings, and
irregular syntax. To address this, we curated a
DAPT corpus1 of 315,582 Bangla comments from
multiple open sources (Appendix A Table 6). Af-
ter deduplication and normalization (Hasan et al.,
2020), we further pretrained the models using
Masked Language Modeling (MLM) with a mask-
ing probability of 15% to adapt them to the infor-
mal social media discourse.

4.2 Data Augmentation
Severe class imbalance posed a major challenge.
While categories like Abusive and None were well

1https://github.com/heytamjid/
bangla-hate-speech-detection/tree/master/
curated_datasets
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Figure 1: Methodology of the proposed system.

represented, Profane and Sexism were very rare.
To mitigate this, we augmented the dataset by
aligning labels from external hate speech dataset
(Appendix A) with the task categories. For Pro-
fane, we applied a Bengali slang and slur lexi-
con (Sazzed, 2020) with fuzzy matching (thresh-
old: 0.99). As no dedicated Bangla dataset explic-
itly annotated for sexism existed, we employed a
weak supervision pipeline utilizing a LLM (Gem-
ini 2.5 Flash) to generate synthetic samples. To
ensure diversity and cover various facets of on-
line sexist remarks, we prompted the model us-
ing 38 distinct contexts (see Appendix A.3). We
initially generated 8,000 candidate samples. Dur-
ing the verification stage, annotators filtered out
instances that were semantically repetitive, halluci-
nated (non-Bengali script), or lacked explicit sex-
ist sentiment. This process resulted in the rejection
of 1,190 samples (approximately 14.8%), yielding
the final curated corpus of 6,810 high-quality in-
stances.

4.3 Supervised Fine-tuning and
Classification

With the augmented dataset addressing themost se-
vere imbalance issues, we proceeded to evaluate
how different modeling strategies leverage this im-
proved distribution. We then compared two classi-
fication architectures:

1. Single-Shot Classification: A standard six-
way classifier trained end-to-end. The hy-
pothesis was that a sufficiently powerful

model trained on a decent amount of samples
for each class could effectively learn the com-
plex decision boundaries between all classes,
including the large None class.

2. Hierarchical Classification: Our second hy-
pothesis was that a hierarchical structure
could avoid potential confusion between the
overwhelmingly large non-hate class and the
five nuanced hate sub-categories by breaking
the problem down. This approach consisted
of two stages, where Stage 1 distinguishes
Hate vs. Non-hate, and Stage 2 classifies hate
comments into one of five subcategories.

This design allowed us to test whether hierarchi-
cal decomposition mitigates imbalance or if a suf-
ficiently pretrained single model can capture fine-
grained decision boundaries.

4.4 Experimental Setup

Hyperparameters were carefully tuned to ensure
optimal configurations for both DAPT and fine-
tuning of the BERT model with early stopping (pa-
tience = 2) applied during training. Table 2 demon-
strates the hyperparameter configuration for the
setup.

5 Results and Findings

We evaluated all three base models (BUET-
BERT, Sagor-BERT, andmBERT) and their DAPT-
enhanced counterparts. Each model version was
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Hyperparameter DAPT Fine-tuning
Objective MLM Classification
Loss Cross-entropy Cross-entropy
Optimizer AdamW AdamW
Learning Rate 1×10−4 2×10−5

Effective Batch Size 16 32
Max Sequence Length 512 128
Epochs up to 15 up to 3
Warmup 5% of steps 10% ratio
Scheduler Linear decay Linear decay

Table 2: Hyperparameters for DAPT and fine-tuning

fine-tuned using both the single-shot and hierarchi-
cal classification setups. Table 3 summarizes the
micro-F1 scores across all experimental configura-
tions.
The results clearly show that our first hypoth-

esis was validated: the single-shot classification
setup consistently outperformed the hierarchical
approach across all model configurations. The best
overall performance was achieved by the BUET-
BERT enhanced with DAPT and fine-tuned in a
single-shot setting, reaching a micro-F1 of 0.7265
and a macro-F1 of 0.5662. The results also con-
firm that DAPT provides a slight but consistent per-
formance boost over fine-tuning the base models
directly.

5.1 Comparison with Multilingual LLMs
To assess how our fine-tuned BERT models com-
pare against state-of-the-art general-purpose mul-
tilingual models, we evaluated the dataset using
Gemini 2.5 Flash-Lite. We tested the model in two
configurations:

• Zero-Shot: Themodel was provided with the
class definitions and classification rules but
no specific examples (see Listing 2).

• Few-Shot: The model was provided with six
examples per category (36 examples total)
(see Table 8) selected from the training set to
guide its decision-making.

Table 4 presents the comparative results. In the
Zero-Shot setting, the LLM achieved a micro-F1
of 0.5976, struggling notably with the Sexism (F1
= 0.25) and Profane (F1 = 0.26) categories. How-
ever, the Few-Shot approach yielded a substantial
improvement, increasing the micro-F1 to 0.6755.
While the Few-Shot LLM performance is com-

petitive, our proposed single-shot DAPT+BUET-
BERTmodel still outperforms the general-purpose

LLM by approximately 5%. This demonstrates
that general-purpose LLMs, even with few-shot
guidance, cannot fully substitute for models tai-
lored to the linguistic and cultural characteristics
of Bangla social discourse. While LLMs do ex-
hibit strong cross-lingual generalization abilities,
domain-adapted fine-tuning remains crucial for
achieving high-fidelity hate speech detection and
categorization, specially in low-resource settings
such as Bangla.

6 Error Analysis

6.1 Impact of hierarchical classification setup

Single-shot classification consistently outper-
formed the hierarchical setup. We hypothesized
that this is due to the error propagation from
the initial binary (Hate/Non-hate) stage. To
isolate this effect, we evaluated the second-stage
classifier directly on the 4,449 ground-truth hate
samples from the test set. While this eliminated
the first-stage bottleneck and improved F1-scores
for specific categories (See Table 5), the overall
micro-F1 only rose modestly from 0.7194 to
0.7363. This suggests that while the binary classi-
fier is a significant error source, the challenge also
remains in the intrinsic difficulty of distinguishing
between fine-grained hate subcategories.

6.2 Effect of DAPT

Across all experiments, DAPT provided a consis-
tent but modest performance improvement. We
attribute this limited impact to the scale of our
pretraining data (a 9M-token DAPT-Corpus) rela-
tive to the models' large parameter counts (110M-
168M). While DAPT helped align the models with
social media language, the corpus was insuffi-
cient to substantially shift the learned representa-
tions. We expect a larger andmore diverse domain-
specific corpus would yield more substantial gains.

6.3 Category-wise Errors

As shown in Appendix B, our best-performing
model, the single-shot DAPT+BUET-BERT, per-
formed best on the None (F1=0.8327) and Pro-
fane (F1=0.7480) categories. The former bene-
fited from being the largest class, while the latter
contained unambiguous lexical cues (e.g., slurs).
Conversely, Sexism was the most challenging

class (F1=0.2105), suffering from extremely low
recall (0.1379), as it was frequently misclassified
as None or the more generic Abusive class. The
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Base Finetuning DAPT + Finetuning
Single Shot Hierarchical Single Shot Hierarchical

BUET-BERT 0.7218 0.7178 0.7265 0.7194
Sagor-BERT 0.6952 0.6821 0.7045 0.6882
mBERT 0.7063 0.6947 0.7077 0.6918

Table 3: micro-F1 scores for all experimental configurations. Bold denotes the best score among the three models.

Model Setting Micro-F1
Zero-Shot 0.5976
Few-Shot 0.6755

Table 4: Performance of LLM in classification

Class P-I R-I F1-I F1-H
Abusive 0.7807 0.7669 0.7737 0.5627
Political 0.7087 0.6680 0.6878 0.5893
Profane 0.7535 0.7673 0.7603 0.7313
Religious 0.4714 0.7821 0.5882 0.4515
Sexism 0.4444 0.1379 0.2105 0.1474

Table 5: Class-wise performance comparison for
DAPT+BUET-BERT model. P: Precision, R: Recall,
F1: micro-F1, -I: in Isolated second stage setup, -H: in
full Hierarchical setup.

confusion matrix in Figure 2 (Appendix B) pro-
vides a comprehensive visualization of these inter-
class confusions. This suggests that the model
struggles to capture the subtler linguistic cues of-
ten associated with sexism. We also observed
that our curated sexism comments dataset primar-
ily contains stereotypes, dismissive remarks or un-
dersemination, but it lacks sufficient examples of
other forms, such as slurs or more nuanced gender-
targeted insults.
As for the Religious Hate class, it had low pre-

cision (0.3697). We found that the model often
flagged comments as religious hatemerely for con-
taining religious terms, suggesting it relies on key-
word memorization rather than understanding the
underlying meaning.

7 Conclusion

Our study highlights that DAPT provides con-
sistent though modest improvements, showing
that even relatively small social media corpora
help models capture informal and noisy language.
It also empirically proved single-shot classifica-
tion more reliable than hierarchical decomposi-
tion, largely because error propagation in multi-
stage pipelines outweighed their intended benefits.

Category-wise analysis revealed persistent weak-
nesses: sexism remains underdetected due to sub-
tle cues and limited dataset diversity, while reli-
gious hate is prone to false positives from keyword
reliance.
These findings suggest that future progress will

depend less on architectural complexity and more
on strengthening resources and representations.
Expanding domain-specific corpora, enriching un-
derrepresented categories with varied examples,
and designing models that integrate semantic and
contextual knowledge are promising directions.
By addressing these gaps, hate speech detection for
Bangla can move closer to balanced and context-
aware moderation systems.

8 Limitations

While our work advances Bangla hate speech de-
tection, it also has notable limitations. First, the
scale of our domain-adaptive pretraining corpus is
relatively small compared to the parameter size of
the models, which limits the extent of language
adaptation; larger and more diverse corpora are
needed to fully capture the richness of online dis-
course. Second, although we curated a new sexism
dataset, its coverage remains narrow, with over-
representation of stereotypical and dismissive re-
marks but fewer examples of implicit or context-
dependent sexism. This imbalance likely con-
tributed to poor recall in the sexism class. Third,
despite data augmentation, the system still strug-
gles with subtle linguistic cues and tends to rely
on surface-level markers such as keywords in reli-
gious hate. Finally, although we introduced a com-
parative analysis using Gemini 2.5 Flash, our eval-
uation of LLMs was restricted to this single archi-
tecture in zero-shot and few-shot settings. We did
not benchmark against other prominent generative
models or explore advanced prompting strategies,
nor did we investigate multimodal signals, which
remain beyond the scope of this study.
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Appendix

A Curated Datasets for DAPT and
Augmentation

This section provides details on the external
datasets used for Domain-Adaptive Pretraining
(DAPT) and for augmenting the training data to ad-
dress class imbalance.

A.1 DAPT Corpus Construction

To adapt the pre-trained language models to the
informal domain of social media, we compiled
a large corpus of Bangla social media comments
from 12 publicly available sources. The combined
corpus, after deduplication and text normalization,
consists of 315,582 comments.
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Dataset Count
BD-SHS1 50,281
Bengali Cyberbullying Detection Comments Dataset2 44,001
SentNoB3 15,728
Multi Labeled Bengali Toxic Comments4 16,073
Bengali Hate Speech Dataset5 30,000
Bengali-Hate-Speech-Dataset6 5,698
Multimodal-Hate-Bengali7 4,500
Facebook Sentiment Analysis Bangla Language8 50,000
July Revolution Sentiment Analysis Dataset Bangla9 4,200
EmoNoBa10 22,739
Bengali Ekman's Six Basic Emotions Corpus11 36,000
EBLICT12 90,000
BanglaMultiHate (Hasan et al., 2025a) 35,522
Sexism Comments13 6,810

Table 6: List of datasets used for domain-adaptive pretraining and augmentation.

A.2 Data Augmentation for Class Balancing

A major challenge in the shared task dataset was
severe class imbalance, with categories like Sex-
ism (122 samples) being heavily underrepresented
compared to Abusive (over 8,000 samples) and
None (over 19,000 samples). To mitigate this,

1https://www.kaggle.com/datasets/
naurosromim/bdshs

2https://www.kaggle.com/datasets/cypher1337/
dataset-for-cyberbully-detection-bengali-comments

3https://www.kaggle.
com/datasets/cryptexcode/
sentnob-sentiment-analysis-in-noisy-bangla-texts

4https://www.kaggle.com/
datasets/tanveerbelaliut/
multi-labeled-bengali-toxic-comments

5https://www.kaggle.com/datasets/
naurosromim/bengali-hate-speech-dataset

6https://github.com/rezacsedu/
Bengali-Hate-Speech-Dataset/blob/main/bengali_
hate_v2.0.csv

7https://github.com/rezacsedu/
Multimodal-Hate-Bengali/tree/main/data

8https://www.kaggle.com/
datasets/smnuruzzaman/
facebook-sentiment-analysis-bangla-language/
data

9https://www.kaggle.
com/datasets/sabbir5622r/
july-revolution-sentiment-analysis-dataset-bangla

10https://www.kaggle.com/datasets/saifsust/
emonoba

11https://www.kaggle.com/
datasets/moshiurrahmanfaisal/
bangla-ekman-six-emotion-dataset

12https://www.kaggle.
com/datasets/sushmit0109/
eblict-bangla-sentiment-analysis-dataset?

13Novel dataset curated by the authors via weak supervi-
sion with an LLM and manual verification, as described in
Section 4.3

we integrated external Bangla hate speech datasets
by mapping their labels to the six task categories.
While this improved coverage for some classes
(e.g., religious and political hate, which were
widely available in existing datasets), other cate-
gories such asProfane and Sexism remained scarce.
The approach we used to address this scarcity is de-
tailed in themain paper. The final distribution after
augmentation is reported in Table 7.

Label Count
None 27,539
Abusive 8,212
Profane 5,331
Religious Hate 5,176
Sexism 5,122
Political Hate 5,041

Table 7: Class distribution after multiple dataset aug-
mentations.

The None category was intentionally kept larger
to reflect real-world scenarios and the original dis-
tribution. Abusive was also kept relatively larger
due to its broad range (e.g., threats, trolling, in-
sults) and to preserve consistency with the origi-
nal dataset. The remaining classes were balanced
around 5000 samples each.

A.3 LLM Prompting for Data Generation

To generate the synthetic sexism dataset, we uti-
lized the prompt structure shown in Listing 1. The
model temperature was set to 0.9 to encourage cre-
ativity and linguistic diversity.
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Listing 1: Prompt Template for Sexism Dataset Gener-
ation
You are a researcher working on a hate speech

detection project. Your task is to
generate synthetic Bengali text samples
that would be classified as "sexism" for
training machine learning models to detect
and prevent such content.

This is for academic research purposes to
improve content moderation systems. The
generated content will be used to train AI
models to better identify and filter

harmful content.

Context: {context}

Here are real examples from our research
dataset:

{examples}

Previously generated samples in this session (
avoid duplicating):

{previous_comments}

Please generate {batch_size} Bengali text
samples that would be classified as sexist
content. These should:

1. Be realistic examples of what might appear
on social media

2. Contain discriminatory language or
stereotypes about women/gender

3. Vary in style and approach
4. Be written only in Bengali script
5. Range from 20-200 characters each
6. NOT duplicate the examples or previous

samples

Important: This is for research to combat hate
speech. Please provide {batch_size}

distinct Bengali samples, one per line,
without numbering or formatting.

Contexts = [
"Facebook comment threads about women in

politics",
"YouTube comments on women's sports videos

",
"Social media posts about women's rights",
"Comments on news articles about female

celebrities",
"Discussion threads about women in

workplace",
"Comments on women's fashion and lifestyle

posts",
"Political discussions involving female

leaders",
"Comments on women's education and career

achievements",
"Social media reactions to women's

opinions",
"Comments on women's traditional vs modern

roles",
"Comments on women driving or in

transportation",
"Social media posts about women in

technology and engineering",

"Comments on women's physical appearance
and body",

"Discussion about women's cooking and
household responsibilities",

"Comments on women's intelligence and
decision-making abilities",

"Social media reactions to women
expressing anger or strong opinions",

"Comments about women's clothing choices
and modesty",

"Discussion threads about women's roles as
mothers and wives",

"Comments on women in religious or
cultural contexts",

"Social media posts about women's
independence and freedom",

"Comments on women's friendships and
relationships with other women",

"Discussion about women's emotional
stability and mental health",

"Comments on women in entertainment and
media industry",

"Social media reactions to women's success
and achievements",

"Comments about women's sexuality and
sexual behavior",

"Discussion threads about women's
education vs marriage priorities",

"Comments on women's participation in
protests or activism",

"Social media posts about working mothers
vs stay-at-home mothers",

"Comments on women's age and marriage
expectations",

"Comments targeting hijra/transgender
individuals on social media",

"Discriminatory remarks about gender
identity and expression",

"Derogatory comments about hijra community
in news discussions",

"Social media reactions to transgender
rights and recognition",

"Comments questioning the legitimacy of
third gender identity",

"Discriminatory remarks about hijra
individuals in public spaces",

"Comments on transgender people in
entertainment or media",

"General misogynistic remarks that can
appear in any social media context",

]

B Extended Results

This section provides supplementary results and
a detailed quantitative analysis of the errors
made by our best-performing model (Single-Shot
DAPT+BUET-BERT) to complement the high-
level findings in the main paper.
The confusion matrix below (Figure 2) visual-

izes the classification performance across all six
classes on the test set. The diagonal elements rep-
resent correct predictions, while off-diagonal ele-
ments show misclassifications.
Key Observations from the Matrix:
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Sample Label
ধান খায় িকনা এটা জানার ইচ্ছা, দাম ভারেল খুিশ কৃষক আর কমেল খুিশ হয় যারা িকেন খাই সরকার েকান পেথ যােব,
এর বীর ৈসিনকেদর জানাই সয্ালুন এবং তােদর িনস্বাথর্ ভােব কাজ করার জনয্ মন েথেক কৃতজ্ঞতা জানাই, উিচত কথা
বলা মােনই তারা ভােলা না, ভােলাবাসার আেরক নাম হুিথ, েদেশর ভিবষয্ত েয খারােপর িদেক যােচ্ছ তােত েকােনা সেন্দহ
েনই

None

হেয় েগেছ এখন িবিসিবর অিভমানী বউ, এরা আবার অনয্ েক মানবািধকার িনেয় কথা বেল েচােরর মার বেড়া গলা,
বুবিলেক যাত্রার নায়কােদর মেতা লােগ িসেনমায় ওেক মানায় না, সবাই প্রথম আেলা েবশী েবশী কের পড়ুন আর িনলর্জ্জ
দালাল সময় িটিভ েক বয়কট করুন, হায় হায় পািটর্ ও জিঙ্গেদর বাংলােদশেক শ্রীলংকা বানােনার স্বপ্ন তাহেল পূরন হেব
না েসইসব েদশেদ্রাহীেদর েফইেস ওয়াকককক থু, এই সংগীত িশল্পী েতা সালােমর উত্তর িদেতও জােন না ওয়ালাইকুম
সালাম না ওয়ালাইকুমুস সালাম

Abusive

পৃিথবী ধ্বংস হয় তেব তার কারণ হেব মুসিলম, এই হেচ্চ সালা িহনু্দ বােপর িহনু্দ েবটা, মালাউন এর বউ যােচ্ছ, আল্লাহ
পিবত্র ভুিম আল আকসা হেত অপিবত্র েগাষ্ঠী ইসরাইল ঘািট উেচ্ছদ কেরা, কােফরেদর কােছ মানবতা চাওয়া আর ফণা
েতালা কােলা িবষাক্ত সােপর কােছ আশ্রয় চাওয়া একই কথা, চুিন্নয়ত িহনু্দত্ত্ববাদীেদর ওখােন পািঠেয় েদয়া হউক গাউয়া
গয্াং বয্াং

Religious Hate

জামােতর সব মানুষ িক জােনায়ার, ভাল মানুষ হেল রাজাকােরর দেল েকন, জাতীয় পাগল পািটর্ করেছ েফরাউন পািটর্ ,
ইবিলস শয়তান আর েসখ মুিজব শয়তান এই দুইেয়র মেধয্ েকােনা পাথর্কয্ েনই দুইটাই েখাদা েদ্রাহী আর মানবতা িবেরাধী
িমথয্া ছাড় হারামজাদা, ৈসরাচারলীগ ও দলবাজ প্রশাসেনর কােছ েদেশর জনগণআজপরাধীন, ইজরােয়েলরধ্বংস েহাক
আিমন

Political Hate

মােনই সমােজর জনয্ কলঙ্ক, এেদর কারেণই সব পাপ বাড়েছ, েমেয়েদর এত কথা বলার কী দরকার? চুপ কের থাকেল
েতা আর ঝগড়া লােগ না, এই কারেণই ওঁর স্বামী বাধয্ হেয়িছেলন মিনকা িলউেয়নিস্কর সেঙ্গ েযৗনসম্পকর্ স্থাপন করেত,
রােতর খাট কঁাপােনা মিহলা েসানা িবিক্র কের কের েভেবিছল েনৗকা পােব িকন্তু েতামার খঁাট কঁাপােন বৃথা েগল, িছ িছ িছ
িনলর্জ্জ েবহায়া মিহলা বেল িক, িদপু মিনর মুেখ একটু মাল িখেচ িদেত চায়

Sexism

হালারা বানেরর নাচ এই কািলয়ারা হেলা অরিজনাল হারািম, জারজ বলেল েতা বাবা মােক গািল িদয়া হল কুত্তা টােক িক
বলেবা িকছু খুেজ পািচ্ছ না, এক িমিনেট নগেদ মুসিকব বউের ছুিদ েদ, গাছ গুলা েকেট বাংলােদেশর দালাল সাংবািদকেদর
পাছার ভের েদওয়া উিচৎ, িজয়ার েসানায় চুমা িদবােন, বাইেডন খানিকর েপালা কই

Profane

Table 8: Sample with label from our curated dataset sent to LLM during few-shot classification.

Figure 2: Normalized Confusion Matrix for the
DAPT+BUET-BERT (Single-Shot) model.

• None Class: The model is highly accurate,
with the vast majority of None instances cor-
rectly classified (4768). Its main confusions
are with Abusive (549) and Political Hate
(316), which is expected as these classes can
share aggressive language that lacks explicit
hate markers.

• Abusive Class: Has moderate performance
(1210 correct) but struggles with significant
misclassification. Its largest error is labeling
true Abusive comments as None (664). This
suggests the model may be missing contex-
tual or subtle abuse that doesn't use obvious
keywords.

• Sexism Class: This class has the lowest re-
call. A significant number of Sexism in-
stances are misclassified as None (13) or Abu-
sive (11), confirming the model's struggle to
identify its subtle, non-explicit nature.

• Religious Hate Class: This class has low
precision. While 105 instances are cor-
rectly identified, the model also incorrectly
labels 72 Abusive and 10 Political Hate com-
ments as Religious Hate, suggesting an over-
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reliance on religious keywords present in var-
ious contexts.

• Profane Class: Shows strong performance
(527 correct), with most errors being Profane
comments mislabeled as Abusive (100). This
is logical, as profanity is often a component
of abusive language.

Table 9 details per-class performance of our
best-performingmodel, single-shot DAPT+BUET-
BERT.

Label Precision Recall F1-micro Instances
None 0.8363 0.8291 0.8327 5751
Abusive 0.5823 0.5234 0.5513 2312
Political 0.5574 0.6525 0.6012 1220
Profane 0.7529 0.7433 0.7480 709
Religious 0.3697 0.5866 0.4536 179
Sexism 0.4444 0.1379 0.2105 29

Table 9: Class-wise precision, recall, F1-micro score
for the single-shot DAPT+BUET-BERT configuration,
and the number of instances in the test dataset.

The model achieves the highest performance on
the majority None class and also performs well on
Profane. Moderate results are observed for Abu-
sive andPolitical HatewhileReligiousHate shows
weaker precision but better recall. Performance is
lowest for Sexism, a very small amount of test in-
stances also made it difficult to properly evaluate
the model's performance in this class.

C LLM Prompting for Classification
Comparison

To evaluate how our fine-tuned BERT models
perform compared to the multilingual LLMs for
this fine-grained classification task, we used the
prompt structure shown in Listing 2.

Listing 2: Prompt Template for Classification
(Zero/Few-Shot)
You are an expert hate speech classifier for

Bengali social media comments. Classify
each comment into exactly ONE of these
labels considering the context, tone, and
cultural nuances specific to Bengali/
Bangladeshi discourse:

[Abusive, Religious Hate, Political Hate,
Sexism, Profane, None]

Definitions:
None: Benign, unhateful, or neutral

content.
Abusive: A broad category of hate comments

including offensive, derogatory,
threatening, trolling, or insulting
language.

Religious Hate: Hate or demeaning content
targeted at a religion or its
believers.

Political Hate: Hate or demeaning content
targeting political parties or their
supporters.

Sexism: Sexist stereotypes or demeaning
content directed at women or based on
gender.

Profane: Contains profanity, vulgar slurs,
or explicit words.

CLASSIFICATION RULES:
1. Analyze the comment in its original

Bengali form - do NOT translate.
2. Consider the context, tone, and

cultural nuances specific to Bengali/
Bangladeshi discourse.

IF FEWSHOT: {example_block}

OUTPUT FORMAT: Respond with ONLY the exact
label name (case-sensitive, no

punctuation, no explanation).
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Abstract

This paper describes our system used in the
BLP-2025 Task 1: Hate Speech Detection.
We participated in Subtask 1A and Subtask
1B, addressing hate speech classification in
Bangla text. Our approach employs a uni-
fied architecture that integrates BanglaBERT
embeddings with multiple parallel processing
branches based on GRUs and CNNs, followed
by attention and dense layers for final classifi-
cation. The model is designed to capture both
contextual semantics and local linguistic cues,
enabling robust performance across subtasks.
The proposed system demonstrated high com-
petitiveness, obtaining 0.7345 micro F1-Score
(2nd place) in Subtask 1A and 0.7317 micro
F1-Score (5th place) in Subtask 1B.

1 Introduction

Hate speech is any type of statement that aims to
vilify, humiliate, or instigate hatred toward a group
or a class of people based on their nationality, race,
religion, skin color, sexual orientation, gender iden-
tity, ethnicity, or disability (Ward, 1997). With
surge of various social media platforms, people of-
ten express their opinion without hesitation. How-
ever, these opinions are not always appropriate.
This study aims to detect hate speech on BLP-2025
Task 1 (Hasan et al., 2025b) using the provided mul-
ticlass based dataset (Hasan et al., 2025a). BLP-
2025 Task 1 consists of three different subtasks.
These subtasks focus on detecting hate speech, as-
sessing its severity, and identifying the target group
of hate speech in the Bangla language. Our study
participates in Subtask 1A and Subtask 1B.

Our work primarily focuses on attention based
deep learning techniques to enhance representa-
tion and classification performance. As we work
through the task, we notice that language specific
bias in the pretrained model is significant. Due
to that we have utilized BanglaBERT (Bhattachar-
jee et al., 2022) as contextual embedding module.

Then we pass these embeddings in CNN and Bi-
GRU having attention on top classify our data.

2 Related Work

Our work is inspired by RiTUAL-UH’s (Kar et al.,
2017) approach in SemEval-2017 Task 5, which
integrate hand-engineered features with a CNN and
a Bi-GRU to predict sentiment scores. Their sys-
tem utilized Word2Vec for word embeddings and
relied significantly on SenticNet to extract critical
features.

Similar attention based approaches are evident
in the SemEval-2018, NTUA-SLP’s (Baziotis et al.,
2018) work. The system utilized Bi-LSTM with
multiple attention head to classify multi-label emo-
tion in text. They used transfer learning ap-
proach by pretraining Bi-LSTMs on the dataset
of SemEval-2017, Task 4A to address limited data
availability.

3 Dataset

The datasets for BLP-2025 Task 1, covering Sub-
task 1A (hate speech detection) and Subtask 1B
(target group identification), consist of 35,522 in-
stances each. In Subtask 1A, the "None" (non-
hate) category leads with 19,954 samples (56.2%),
trailed by "Abusive" at 8,212 (23.1%), "Political
Hate" at 4,227 (11.9%), "Profane" at 2,331 (6.6%),
"Religious Hate" at 676 (1.9%), and "Sexism" at
122 (0.3%). This distribution suggests a strong
inclination toward non-hate or dominant abusive
content, which could skew model performance. For
Subtask 1B, the "None" (no target) class prevails
with 21,190 samples (59.7%), reflecting a substan-
tial share of non-directed text. The targeted groups
include "Individual" at 5,646 (15.9%), "Organi-
zation" at 3,846 (10.8%), "Community" at 2,635
(7.4%), and "Society" at 2,205 (6.2%), indicating
a decreasing prevalence from specific to broader
entities.
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(a) Subtask 1A (b) Subtask 1B

Figure 1: Class distributions for BLP-2025 Task 1

The observed class imbalances present signifi-
cant challenges for model training and evaluation.
As depicted in Figure 1 for Subtask 1A and Sub-
task 1B, the minority classes such as "Sexism"
and "Religious Hate" in Subtask 1A, and "Society"
and "Community" in Subtask 1B constitute a small
fraction of the dataset. This under-representation
risks poor model generalization for these critical
categories, potentially leading to biased predictions
that favor the majority "None" class.

3.1 Preprocessing

The preprocessing pipeline for the Bangla text
dataset is carefully crafted to optimize model per-
formance by addressing linguistic and structural
variations. Initially, URLs are removed and En-
glish characters are converted to lowercase for uni-
formity. Emojis are transformed into Bangla text
where feasible and numbers separated by com-
mas(,) are merged into a single value. Subse-
quently, the text undergoes normalization through
the Normalization Form Canonical Composition
scheme using the unicodedata module, alongside
the bnunicodenormalizer1 (Ansary et al., 2024),
which decomposes and recomposes characters
while eliminating optional zero-width joiners and
Bangla punctuation to maintain consistency. Addi-
tionally, percentage symbols are substituted with
appropriate Bangla term, resulting in a refined and
standardized dataset ready for further analysis.

4 System Overview

The BanglaBERT model serves as the founda-
tional component for generating contextual em-
beddings in the proposed architecture. It pro-

1https://github.com/mnansary/
bnUnicodeNormalizer

cesses input sequences through transformer lay-
ers. This enables the capture of intricate linguistic
nuances and contextual dependencies inherent in
Bangla text, addressing language-specific biases
observed in general-purpose models. The outputs
are subsequently fed into parallel CNN and Bi-
GRU branches for specialized feature extraction.

4.1 Bi-GRU with Attention
The bidirectional Gated Recurrent Unit(Cho et al.,
2014) is employed to model sequential dependen-
cies within the BERT embeddings, enhancing the
representation of temporal and contextual patterns
in hate speech detection. Configured with two lay-
ers and a hidden dimension of 128, the Bi-GRU
processes the input in both forward and backward
directions. Layer normalization is then applied to
stabilize training. Subsequently, a self-attention
mechanism, with one head is applied to focus on
salient sequential features.

4.2 CNN with Attention
The Convolutional Neural Network (LeCun et al.,
1989) functions as a local feature extractor, captur-
ing n-gram patterns from the BERT embeddings
through parallel convolutions with kernel sizes of
1, 2, and 3 each producing 128 filters. Then ReLU
activation is applied, followed by adaptive max
pooling to aggregate the features. Layer normal-
ization is then used to normalize the concatenated
outputs. A self-attention layer is then utilized on
the expanded CNN outputs to emphasize critical
local patterns, generating attended features that
complement the sequential modeling.

4.3 Feature Fusion Layer
The feature fusion layer integrates the outputs from
the CNN and Bi-GRU branches to create a cohesive
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representation for classification. The CNN features
and Bi-GRU features are concatenated which is
then projected through a linear layer to a hidden
dimension of 128, followed by ReLU activation
and layer normalization.

4.4 Output Layer

The output layer comprises a final linear classifier
that maps the fused features (dimension 128) to the
number of target labels, producing logits for hate
speech categories or target groups.

5 Experimental Setup

Table 1, we illustrate the hyper-parameter setting of
our proposed model. We utilized the Kaggle plat-
form for experimental purposes and implemented
our model using Pytorch.

Parameters Value
Batch size 16
Learning rate 1× 10−5

Loss function CrossEntropyLoss
Optimizer AdamW
Dropout 0.3
Hidden Units 128
Max sequence length 128
Gradient clipping Yes

Table 1: Hyperparameter values

6 Results

In Subtask 1A of BLP-2025 Task 1, we achieved
2nd place with micro F1-Score of 0.7345 (Table 2),
closely trailing the top-ranked team shifat_islam
(0.7362). The performance gap of only 0.0017
indicates high competitiveness and suggests that
the proposed system is effective in handling the
classification challenges presented in this subtask.

Teams Rank Score (F1-Micro)
shifat_islam 1 0.7362
SyntaxMind 2 0.7345
zannatul_007 3 0.734

mahim_ju 4 0.7331
mohaymen 15 0.7133

im_tushu_221 25 0.6901
Organizers 35 0.5638

Table 2: Performance Ranking of Participating Teams
in BLP-2025 Task 1 (Subtask 1A)

In Subtask 1B, our system secured the 5th posi-
tion with a score of 0.7317 (Table 3). Although the
rank is slightly lower compared to Subtask 1A, the
performance remains competitive, with a minimal
margin separating the top five teams. The highest
score in this subtask (0.7356 by mahim_ju) exceeds
our result by only 0.0039, indicating that the sys-
tem maintains consistent performance across both
subtasks.

Teams Rank Score (F1-Micro)
mahim_ju 1 0.7356

shifat_islam 2 0.7335
mohaiminulhoque 3 0.7328

reyazul 4 0.7317
SyntaxMind 5 0.7317
ashraf_989 15 0.7114
Organizers 23 0.5974

Table 3: Performance Ranking of Participating Teams
in BLP-2025 Task 1 (Subtask 1B)

7 Conclusion

In this study, we presented our system developed
for BLP-2025 Task 1, participating in both Subtask
1A and Subtask 1B. A single, unified model archi-
tecture was employed across both subtasks, demon-
strating strong and consistent performance. The
results highlight the effectiveness of our proposed
hybrid ensemble approach in addressing Bangla
hate speech detection. In future work, we aim
to extend and adapt our system to Subtask 1C to
further evaluate the performance on multiple task
specific situation.
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Abstract

Bangla social media contains several types of
hate speech and slurs, but automatic detection
is tough due to linguistic complexity, data im-
balance and limited resources. We address this
challenge in the BLP-2025 shared task by com-
bining Token-Aware Adversarial Contrastive
Training (TACT) with Layer-wise Learning
Rate Decay (LLRD) to fine-tune transformer
models like BanglaBERT, MuRIL, mE5-base
and Twitter XLM-R. To capture the comple-
mentary strengths of each model, we aggre-
gate the model outputs through logits ensem-
bling and get a robust system for multiclass
classification. On the official test set, our
model achieved F1 scores of 0.7362 for hate
type, 0.7335 for severity, and 0.7361 for tar-
get ranking, placing it 1st, 2nd, and 3rd, re-
spectively. The findings indicate that adver-
sarial fine-tuning with logits ensemble learn-
ing is a robust way to detect hate speech in
resource-limited languages and provides valu-
able insights for multilingual and low-resource
NLP research.

1 Introduction

The rapid growth of social content has resulted in
a large amount of user-posted data – particularly
comments, which express public opinion. Because
these platforms are anonymous and have a huge
audience, bad information like hate speech and
slurs has spread quickly. The problem is crucial
for Bengali-language social media since Bangla is
being used largely in both Bangladesh and the In-
dian subcontinent, and still, there aren't any good
methods for finding hate speech (Raihan et al.,
2023; Zampieri et al., 2023). The particular lin-
guistic characteristics and socio-cultural nuances
of Bangla make hate speech analysis challenging
in the context of informal and dynamic social me-
dia language, which they adopt (Saha et al., 2023).

*Equal contribution.

The detection of Bengali hate speech has be-
come a critical need in the current situation. While
existing models for detecting hate speech are ef-
fective in languages like English, they fail to gen-
eralize well to Bangla due to the distinct linguis-
tic structures and lack of vocabulary data and ad-
vanced techniques for domain-specific models. As
a result, there is a pressing demand for different
tailored approaches to the detection of hate speech
in the Bengali language properly, particularly con-
sidering its linguistic peculiarities and cultural con-
text (Raihan et al., 2023; Saha et al., 2023).
To address this gap, we propose a novel ap-

proach for Bengali hate speech detection that com-
bines advanced fine-tuning techniques with state-
of-the-art transformer models and adversarial con-
trastive training to develop a robust system.
Our contributions are given below:

• Fine-tuned BanglaBERT, mE5-base, MuRIL,
and Twitter XLM-R using Layer-wise Learn-
ing Rate Decay (LLRD) for efficient fine-
tuning across model layers to perform better
in specific tasks.

• Proposed a novel approach that combines
fine-tuned Transformer models with LLRD
and Token-level Adversarial Contrastive
Learning (TACT) using the Fast Gradient
Method (FGM).

• Applied logits ensembling for multiclass clas-
sification, combining model outputs' logits to
improve accuracy in detecting diverse hate
speech categories.

• Benchmarked our approach on development
and test datasets, demonstrating superior per-
formance with various model combinations
and evaluation metrics.

Codes are available in the GitHub repository 1.
1https://github.com/ShifatIslam/BLP25-Task-1
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2 Related Work

Hate speech in Bangla has been studied using
transformer-based approaches, deep learning (DL),
and machine learning (ML). Despite using ML
techniques like SVM, Naïve Bayes, Random
Forests with TF–IDF and n-grams along with
lexicon-based approaches, earlier research had dif-
ficulty with contextual richness (Alkomah and
Ma, 2022; Al Maruf et al., 2024). With explain-
able systems like DeepHateExplainer, which inte-
grates BanglaBERT, mBERT, and Twitter XLM-
R for better interpretability, DL models like
CNNs, LSTMs, and hybrid Conv-LSTMs im-
proved sequential modeling and reduced feature
engineering (Karim et al., 2021). The introduc-
tion of transformers led to significant advance-
ments: BanglaBERT achieved state-of-the-art per-
formance on multiclass detection of political, re-
ligious, gender, and personal hate (Islam et al.,
2025), and misogyny-focused detection showed
the effectiveness of BanglaBERT, mBERT, XLM-
R, Electra, and DistilBERT (Mondal et al., 2025).
BanTH created the first multi-label dataset for
transliterated Bangla that included encoder base-
lines and LLM prompts (Haider et al., 2024).
A recent study has emphasized adversarial and
label-aware contrastive training for Bengali mul-
ticlass classification (Swarnali et al., 2024), token-
aware contrastive learning (Su et al., 2021), and
multimodal transformer frameworks that combine
BERT with CLIP and UNITER for meme hate
speech detection (Kapil and Ekbal, 2025). How-
ever, surveys always show that issues with translit-
eration, generalization, and dataset scarcity remain
(Alkomah and Ma, 2022; Al Maruf et al., 2024).

3 System Description

3.1 Task Description
The objective of the Bangla Multi-task Hate
Speech Identification shared task (Hasan et al.,
2025b) is to improve hate speech detection in Ben-
gali through three subtasks. This task uses a multi-
task learning framework to train models to classify
hate speech into type, severity and target group in-
stead of a single task.

3.2 Dataset Description
The dataset utilized in this research was derived
from the BLPWorkshop Task (Hasan et al., 2025a),
focused on Bangla Multi-task Hatespeech Identifi-
cation in Bengali. Each dataset was divided into

three parts: the train set, the dev set, and the test
set, and each set contains 35522, 2512, and 10200
samples, respectively.
Each sample in the dataset has 3 fields: id, text,
and label with the test set excluding the label col-
umn shown in Tables 3, 4, and 5. The id column
was a unique identifier for each sample. The text
column had the Bengali text, which was an exam-
ple of hate speech meant to be classified. The label
column contained the class names representing a
category in the hate speech. The task of the Bangla
Multi-task Hate Speech Identification was divided
into 3 subtasks, and all the tasks had a common
literature, except the label column, which differed
from task to task. The data distribution is given in
Appendix A Figure 3.

4 Method Description

4.1 Token-Aware Adversarial Contrastive
Training (TACT)

At the token-embedding level, TACT (Huang et al.,
2021) is implemented as adversarial training using
a single-step FGM inside a custom TACT Trainer.
It enhancesmodel robustness by introducing adver-
sarial perturbations to input embeddings.
The process begins by calculating the clean loss

Lclean, which is the negative log-likelihood of the
true label y given the predicted probability distri-
bution pθ(y|x) for the input x:

Lclean = − log pθ(y|x) (1)

Next, the gradient G of the clean loss with re-
spect to the input embeddings E(x) is computed:

G = ∇E(x)Lclean (2)

A perturbation R is then calculated by scaling
the gradient, ensuring it is norm-bounded:

R = ϵ
G

∥G∥F
(3)

where ϵ controls the magnitude of the perturba-
tion and ∥G∥F is the Frobenius norm of the gradi-
ent.
The adversarial embeddings Eadv(x) are gen-

erated by adding the perturbation to the original
embeddings:

Eadv(x) = E(x) +R (4)

The adversarial loss Ladv is then computed us-
ing the adversarial embeddings:
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Ladv = − log pθ(y|x;Eadv(x)) (5)

Finally, the total objective function L is a
weighted sum of the clean loss and the adversar-
ial loss, with λ controlling the balance between the
two:

L = Lclean + λLadv (6)

where λ is a hyperparameter that determines
the importance of adversarial training.

Equations 1--6 describe the objective employed
in TACT using FGM. The clean loss Lclean is com-
puted from the standard cross-entropy on clean
data. The gradient of the clean loss is used to gener-
ate adversarial examples, and the adversarial loss
Ladv is computed using the perturbed embeddings.
The total loss L is a weighted sum of the clean and
adversarial losses, with λ controlling the trade-off
between them.

4.2 LLRD
LLRD (Ishii and Sato, 2017) makes transformer
fine-tuning more stable by giving lower layers
smaller learning rates and upper layers larger
rates. Parameters are organized by depth, such
as embeddings, encoder layers, and the classifier
head. Each group is then optimized with its own
learning-rate "bucket."

For an encoder with L layers indexed from bot-
tom to top by l ∈ {0, . . . , L− 1}, the learning rate
ηl for each layer is given by:

ηl = η0α
L−1−l, l = 0, . . . , L− 1 (7)

where η0 is the base learning rate applied to the
top layer, α ∈ (0, 1) is the decay factor, and L
is the total number of layers. Equation 7 ensures
that the learning rate decreases progressively from
the top layers to the bottom layers, with the decay
factor α controlling the rate at which this reduction
occurs.
For the embedding block, the learning rate is cal-

culated separately:

ηemb = η0α
L (8)

This learning rate ηemb applies to the embedding
layer, which is smaller than the learning rates of the
upper layers, as it follows the same decay pattern.

4.2.1 AdamW with group-wise decay and
LLRD

Let {Gl} be parameter groups aligned with depth
l (plus an embedding group), and let 1decay(w) ∈
{0, 1} mask weight decay (e.g., 1decay(w)=0 for
biases and LayerNorm scales). The optimization
objective is

min
θ

E
[
L(θ)

]
+

∑

l

λl

∑

w∈Gl

1decay(w) ∥w∥22 (9)

with per-group step sizes set by the LLRD sched-
ule:

η(Gl) = ηl, η(emb) = ηemb (10)

The Equation 7,8 explain LLRD, where the
learning rate for each encoder layer (l) goes down
based on a decay factor (α) and the total number
of layers (L). The embedding block's learning rate
is set to (ηemb) and is also decreased based on (αL).
The AdamW optimizer only applies weight decay
to some parameters, and the total optimization ob-
jective is the loss function (L(θ)) plus the weight
decay regularization in Equation 9, and 10. The
LLRD schedule sets the step sizes for each group
of parameters.

4.3 Logits Generation and Ensemble
Technique

Logits generation involves getting raw output
scores from each model for each sample in the test
or validation set. For each input xi, each model
m produces logits zm(xi), which are used to make
the final predictions shown in Equation 11.

zm(xi) = fm(Bi), ∀xi ∈ Dtest (11)

where fm represents the function (or model) m
applied to the input batch Bi. The logits from the
models are then aggregated using a weighted sum
to form the ensemble logits:

zens(xi) =
∑

m∈M ′
wmzm(xi) (12)

where M ′ denotes the subset of models used in
the ensemble, and wm is the learned weight for
each model. The final prediction for each subtask
is obtained by applying the argmax function to the
ensembled logits:

ŷi = argmax(zens(xi)) (13)
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Model
Hate-type
without

TACT+LLRD

Hate-type
TACT+LLRD

To-whom
without

TACT+LLRD

To-whom
TACT+LLRD

Hate-severity
without

TACT+LLRD

Hate-severity
TACT+LLRD

BanglaBERT 0.7013 0.7265 0.6914 0.7277 0.7270 0.7431
MuRIL 0.6992 0.7179 0.7087 0.7143 0.7022 0.7305
mE5-base 0.7122 0.7220 0.6961 0.7105 0.7228 0.7303
Twitter XLM-R 0.6986 0.7100 0.7089 0.6917 0.7024 0.7232

Table 1: Performance comparison of our Models on F1 score

Ensembling zens(xi)combines the logits from
different model combinations. To get the final pre-
diction for each subtask, usearg max of the ensem-
bled logits shows in Equation 12, 13.

4.4 Our Approach

Figure 1: Workflow Diagram of our proposed method-
ology

Figure 1 illustrates our framework for multi-
class Bengali hate speech detection. The first step
is preprocessing (cleaning, normalizing, and split-
ting the dataset into groups), and then tokeniza-
tion to ensure uniform input representation. We
add TACT with FGM during training to improve
accuracy and get better results. Furthermore, we
use AdamWwith LLRD to fine-tune BanglaBERT
and other Transformer models (Multilingual-E5,
MuRIL, Twitter XLM-R). In the end, we perform
hyperparameter tuning, and the logits from each
model are standardized and combined through an
ensemble just by adding the logits, which makes
the predictions more accurate and reliable. The
algorithm of our whole process is shown in Ap-
pendix C.

5 Result Analysis

As defined in our methodology 4.4, TACT with
LLRD has performed significantly well, outper-
forming benchmark results of separate models, as
shown in Table 1. Ensembling different models’
logits through aggregation, which were standard-
ised, further improved the performance. This en-
semble technique is showed in equation 12. Us-
ing fixed, uniform ensemble weights (i.e., wm = 1

for all models) further improved our performance
across Subtasks 1A, 1B, and 1C. The results are
presented in Tables 9, 10, and 11, which summa-
rize all ensemble combinations evaluated in our
experiments. The combinations for which we got
the peak scores in each task are shown in Table 2.
However, we also performed other methods.
Instead of aggregating the results, we tried to use a
neural network to learn the weights wm. However,
it could not achieve the peak accuracy as shown
in Table 13. To address the dataset imbalance, we
also experimented with a two-step classification
approach. First, we trained a binary classifier to
distinguish between None and Not None, achiev-
ing an accuracy of 0.7718 for this binary task. In
the second step, only the instances classified as
Not None were further assigned to the remaining
classes. However, this pipeline resulted in an over-
all accuracy of only 0.7127.
Despite these approaches, we also tried to mitigate
the imbalance of the dataset with other methods,
which are shown in Table 12 with accuracy. How-
ever, none of these models could beat the superior
result of our novel approach.

Sub task Class Ensemble Model F1-score

1A Hate-type
BanglaBERT

0.7362MuRIL
mE5-base

1B To-whom
BanglaBERT

0.7335MuRIL
mE5-base

1C
Hate-type
To-whom
Hate-severity

BanglaBERT + MuRIL + mE5-base
0.7361BanglaBERT + mE5-base

BanglaBERT + MuRIL + mE5-base

Table 2: F1-scores of the best-performing ensemble
combinations for all subtasks.

Our initial pool included seven pretrained en-
coder models chosen for their ability to capture
the nuances and intricacies of Bengali. We found
4 models which were consistent among the tasks
shown in Table 8. Although Twitter XLM-R had a
lower accuracy than some of the models, as shown
in the table, it was chosen because of its superior
performance in other tasks.
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Figure 2: ConfusionMatrix for Subtask 1A (Hate Type)
using the Best-Performing Ensemble Model

5.1 Error Analysis

In Figure 2, we can see the classification report
of the ensemble model (BanglaBERT + MuRIL +
mE5-base), which achieved the top performance
score in the leaderboard for the hate-type class.
The ensemble models performed well for the
None (85.06%) and Profane (78.98%) classes, but
not very well for the Political Hate (61.06%)
and Abusive (58.69%) classes. Also, the results
for Religious Hate and Sexism were not consis-
tent; for example, there were no correct predic-
tions for Sexism. This difference is mostly be-
cause the datasets were not balanced, since these
classes had a lot fewer samples. In fact, a di-
rect comparison between class frequency and per-
class F1-score shows that classes with more sam-
ples achieve higher performance, while underrep-
resented classes—such as Religious Hate, and
Sexism—consistently perform worse. Thus, data
imbalance can largely be attributed to this under-
performance. Similar reasoning can be made for
the other classes, and this imbalance of the dataset
will be the reason for the inferior performance for
the other classes.
However, data imbalance is not the sole reason
for poor performance; the dataset contains samples
that may fit multiple classes due to intertwined se-
mantics. Certain Bengali sentences have overlap-
ping meanings, causing ambiguity that remains un-
resolved even through human evaluation, as shown
in Table 14.

6 Conclusion

This research developed a comprehensive frame-
work for detecting Bangla hate speech by em-

ploying TACT with LLRD on transformer mod-
els, which was augmented by logits ensembling.
The approach achieved the highest score, ranking
first in subtask A, second in subtask B, and third
in subtask C. Despite existing challenges such as
imbalanced datasets and linguistic disparities, the
suggested technique represents a commendable ini-
tial step towards enhancing hate speech identifi-
cation in resource-scarce languages. It also pro-
vides valuable insights for other multilingual ini-
tiatives, paving the way for future works, making
languages accessible and communication easier.

Limitations

There were several limitations in our work. The
dataset, which was provided, had a small size and
was highly imbalanced, as shown in the Figure 3.
This imbalance had a lasting effect on our results,
and despite trying a lot of approaches, the imbal-
ance was noteworthy. Secondly, we chose 7 ini-
tial models based on their applicability in Bengali.
These models were carefully curated. However,
there may be further models that can be explored.
Thirdly, the dataset had some mislabeled data, as
shown in the error analysis, which had a detrimen-
tal effect on the accuracy.
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(a) Hate Severity Distribution (b) Hate Type Distribution (c) Target Distribution

Figure 3: Dataset class distributions across severity, type, and target dimensions.

A Dataset Samples

The given dataset is for hate speech in Bangla
across severity, type and target. As shown in
Figure 3, severity is biased towards less harmful
speech, and type is towards abuse and religious
hate. The target is towards individuals more than
organizations or communities.

id text label
432313 আসেল মহান েনতা এটাই তার

পিরচয়
None

359516 ইরান ধ্বংশ হউক Abusive
578332 আলহামদুিলল্লাহ েদশ এিগেয়

যােচ্ছ িবএনিপ জামাতীেদর জুতা
েপটা করেত হেব

Political Hate

404893 সময় িটিভ একটা জাউড়া িমিডয়া
িমথয্া তথয্ প্রচার কের েবড়ায়

Profane

764029 ইহুিদ নাসােদর িশক্ষা
মুসলমানেদর জনয্ হারাম

Religious Hate

639002 েস্লাগােন আিম প্রথেম েযৗন
েনত্রীর আগমন শুনিছ

Sexism

Table 3: Examples of hate type dataset samples.

id text label
165894 েহন কাপ পুিলেশর মাের অনয্রা

তাহেল পিলেশর িক হেব িবচার হেব
িক

None

587800 ওিন আমার বােলর ওিল বােলর
ভান্ডারী কুত্তার বাচ্চারা সব ভন্ড

Individual

241030 ভারতীয় দালাল সময় িটিভেক
বয়কট করুন

Organization

124999 আল্লাহ্ এসব জােনায়ারেদর েশষ
কের দাও

Community

12764 ইজরােয়েলর িবচার হওয়া উিচৎ Society

Table 4: Examples of to whom dataset samples.

id text label
165894 েহন কাপ পুিলেশর মােঝ অনয্রা

থাকেল পুিলেশর িক হেব িবচার
হেব িক

Little to None

814896 হালার এই েদেশ বড় আইেনর
ফুিজিটভেদর বাসা বািড়েত িদেয়
েদয় খালাসন মাজার জনয্

Mild

124999 আল্লাহ এইসব জােনায়ারেদর েশষ
কের দাও

Severe

Table 5: Examples of hate severity dataset samples.

B Baseline & Observations

There were several noteworthy observations. We
found that during validation, the model chosen
with the best validation accuracy resulted in a bet-
ter overall model. In the ensemble method, we
found that logits, when standardized, had a better
impact on the score. Also, all the approaches that
we tried for a single model had a poorer result than
Banglabert, which was consistently the best model
throughout the tasks.
The organisers have also provided baseline results
for this task on both the Dev-Test and Test Datasets.
Three different models were used: the Random
Baseline, Majority Baseline, and the n-gram Base-
line. As shown in the Table 7, our model did much
better than all of the baselines on both the Test and
Dev sets. On the Test set, it got micro-F1 scores
of 0.7362, 0.7335, and 0.7361 across Subtasks 1A,
1B, and 1C. On the Dev set, it got even better
scores of 0.7579, 0.7531, and 0.7558.
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C Algorithm

Algorithm 1: Multitask Bangla Hate
Speech Detection with FGM (TACT) and
LLRD
1

Input: D = {(xi, y(A)
i , y

(B)
i , y

(C)
i )}Ni=1;

model setM; FGM radius ϵ; mix
weight λadv; LLRD decay
α ∈ (0, 1); train ratio r=0.7

Output: Prediction labels for 1A (type),
1B (severity), 1C (target)

2 Preprocess & split: Clean/normalize texts;
Split D → Dtrain,Dval with
|Dtrain|/N ≈ r.;

3 foreach model m ∈M do
4 Tokenize withm’s tokenizer ;
5 Build AdamW with LLRD parameter

groups: for encoder layer
l=0 . . . L−1, set ηl ← η0 α

L−1−l;;
6 embeddings ηemb ← η0 α

L; (no-decay
for biases/LN).;

7 for epoch = 1 . . . E do
8 foreach mini-batch B ⊂ Dtrain do

// Clean forward & loss
9 Get logits z = fθ(B);

Lclean = CE(softmax(z), y).;
// FGM perturbation

(TACT)
10 G = ∇ELclean;;
11 R = ϵG/∥G∥F ;;
12 set Eadv = E +R.;
13 Get zadv = fθ(B;Eadv); Ladv =

CE(softmax(zadv), y).;
// Total loss & update

14 L = Lclean + λadvLadv; update θ
with LLRD rates.;

15 Validate on Dval; keep best
checkpoint.;

16 Generate/store per-subtask logits on
dev/test.;

17 Ensemble: For each sample, combine
logits across chosenM′ ⊆M.

This algorithm depicts the whole approach
where we fine-tune transformer models for Bangla
hate speech detection using TACT and LLRD. In
each epoch tokenized text is perturbed and passed
through the model to compute the clean and ad-
versarial loss, and then the parameters are updated.
Finally logits are generated for each subtask (hate

type, severity, target), and an ensemble is applied
for prediction.

D Experimental Setup and
Hyperparameter

We fine-tuned transformer-based encoders like
BanglaBERT, MuRIL, multilingual E5-base, and
Twitter XLM-R on the Bangla hate speech dataset
for three different tasks. We tokenized the prepro-
cessed text and put it into models that had been
trained with AdamW and Layer-wise Learning
Rate Decay (LLRD). Token-Aware Adversarial
Contrastive Training (TACT) was employed with
minor adjustments at the embedding level to
enhance the system's robustness.

Hyperparameter Value
Number of epochs 5
Train batch size (per device) 16
Eval batch size (per device) 16
Learning rate 2e-5
Weight decay 0.01
Warmup ratio 0.1

Table 6: Selected hyperparameters used for model train-
ing.

We trained for five epochs with a batch size of
16, a learning rate of 2e-5, a weight decay of 0.01,
and a warm-up ratio of 0.1 as shown in Table 6. To
make sure that models were stable, hyperparame-
ters were tuned within small ranges. Final predic-
tions were made by combining the logits of differ-
ent models based on how well they did on the de-
velopment set.
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Subtask 1A Model micro-F1 Subtask 1B Model micro-F1 Subtask 1C Model weighted micro-F1
Random Baseline 0.1638 Random Baseline 0.2043 Random Baseline 0.2304
Majority Baseline 0.5638 Majority Baseline 0.5974 Majority Baseline 0.6072
n-gram Baseline 0.6020 n-gram Baseline 0.6209 n-gram Baseline 0.6305
Our Model (TestSet) 0.7362 Our Model (TestSet) 0.7335 Our Model (TestSet) 0.7361
Our Model (DevSet) 0..7579 Our Model (DevSet) 0.7531 Our Model (DevSet) 0.7558

Table 7: Comparison with the baseline

Model Name Model name (Short) F1-score (Dev Test)
csebuetnlp/banglabert BanglaBERT 0.7389
google/muril-base-cased MuRIL 0.7281
intfloat/multilingual-e5-base mE5-base 0.7253
cardiffnlp/twitter-XLM-R-base-
sentiment

Twitter XLM-R 0.7134

sagorsarker/bangla-bert-base sagorsarker_bert 0.7054
distilbert-base-multilingual-cased distilbert 0.7166
FacebookAI/roberta-base xlm-roberta 0.7209

Table 8: Performance of different pretrained models on the development test set.

Task Name Ensemble Model Combination F1-Score

Subtask 1A (Hate Type)

BanglaBERT 0.7265
MuRIL 0.7179
mE5-base 0.7220
Twitter XLM-R 0.7100
BanglaBERT + MuRIL 0.7336
BanglaBERT + mE5-base 0.7358
BanglaBERT + Twitter XLM-R 0.7299
MuRIL + mE5-base 0.7277
MuRIL + Twitter XLM-R 0.7246
mE5-base + Twitter XLM-R 0.7209
BanglaBERT + MuRIL + mE5-base 0.7361
BanglaBERT + MuRIL + Twitter XLM-R 0.7323
BanglaBERT + mE5-base + Twitter XLM-R 0.7331
MuRIL + mE5-base + Twitter XLM-R 0.7292
BanglaBERT + MuRIL + mE5-base + Twitter XLM-R 0.7327

Table 9: F1-scores of different ensemble model combinations for Subtask 1A (Hate Type). The best-performing
score is highlighted in bold.

Task Name Ensemble Model Combination F1-Score

Subtask 1B (To-whom)

BanglaBERT 0.7277
MuRIL 0.7143
mE5-base 0.7105
Twitter XLM-R 0.6917
BanglaBERT + MuRIL 0.7314
BanglaBERT + mE5-base 0.7319
BanglaBERT + Twitter XLM-R 0.7312
MuRIL + mE5-base 0.7312
MuRIL + Twitter XLM-R 0.7255
mE5-base + Twitter XLM-R 0.7193
BanglaBERT + MuRIL + mE5-base 0.7335
BanglaBERT + MuRIL + Twitter XLM-R 0.7334
BanglaBERT + mE5-base + Twitter XLM-R 0.7299
MuRIL + mE5-base + Twitter XLM-R 0.7268
BanglaBERT + MuRIL + mE5-base + Twitter XLM-R 0.7330

Table 10: F1-scores of different ensemble model combinations for Subtask 1B (To-whom). The best-performing
score is highlighted in bold.
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Task Name Ensemble Model Combination
(Hate Type)

Ensemble Model Combination
(To-Whom)

Ensemble Model Combination
(Hate Severity) F1-Score

Subtask 1C
(Hate-Type,
To-Whom,

Hate-Severity)

BanglaBERT + Multilingual BanglaBERT + MuRIL BanglaBERT + Multilingual 0.7345
BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + Multilingual BanglaBERT + MuRIL + Multilin-

gual 0.7342

BanglaBERT + MuRIL BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + Multilingual 0.7356

BanglaBERT + Multilingual BanglaBERT + Multilingual BanglaBERT + Multilingual 0.7353
BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + Multilingual BanglaBERT + MuRIL + Multilin-

gual 0.7361

BanglaBERT + MuRIL BanglaBERT + MuRIL + Multilin-
gual

BanglaBERT + MuRIL + Multilin-
gual 0.7358

BanglaBERT + Multilingual BanglaBERT + Multilingual BanglaBERT + Multilingual 0.7341
BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + MuRIL BanglaBERT + MuRIL + Multilin-

gual 0.7328

BanglaBERT + MuRIL BanglaBERT + Multilingual BanglaBERT + Multilingual 0.7352

BanglaBERT + Multilingual BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + Multilingual 0.7349

BanglaBERT + MuRIL + Multilin-
gual BanglaBERT + Multilingual BanglaBERT + MuRIL + Multilin-

gual 0.7357

BanglaBERT + Multilingual BanglaBERT + MuRIL BanglaBERT + Multilingual 0.7354

Table 11: F1-scores of different ensemble model combinations for Subtask 1C (Hate-Type, To-Whom, Hate-
Severity). The best-performing score is highlighted in bold.

Serial No Model Validation Accuracy
1 Binary classification 0.7127
2 LSTM with Banglabert logits 0.5820
3 Class-Weighted Loss 0.6644
4 Class-Weighted Loss with TACT 0.6835
5 Random Over-Sampling 0.7026
6 Focal Loss 0.6696
7 Banglabert 0.7229

Table 12: Validation accuracy of other approaches.

Serial No Model F1-score (Validation Test)
1 Linear Neural Network with 3 logits 0.7245
2 Multilayer perceptron with 3 logits 0.7258
3 Linear Neural Network with 2 logits 0.7365
4 Multilayer perceptron with 2 logits 0.7372
5 Our best ensemble model 0.7580

Table 13: F1-scores of different ensemble approaches on validation test.

ID Text Label Correct Label
891820 আওয়ামী লীেগর বাকশালী রাজনীিত ঢুেক েগেছ িক্রেকট িটেম Abusive Political Hate
272543 চািচ তুিম েভাট েচার Political Hate Abusive
269938 িক উন্নয়ন আলু ৭০ েপয়াজ ১৪০ চাল ৭০ েহইেয়া উন্নয়ন Political Hate None
428911 এই সব িবেক্ষাভ আেন্দালন ইসরাইল ভয় পায় না Religious Hate Political Hate
813236 তীব্র গরম জাহান্নােমর িনঃশ্বাস Religious Hate None
165501 েমেয়েদর েকাথাও িনরাপদ েনই Sexism None
514297 এ শলায় েমেয় েলােকর দালাল শািকব খান None Abusive

Table 14: Original and proposed classes for possible misclassified samples in Subtask A (Hate-type).
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Abstract

Detecting hate speech in Bengali social me-
dia content presents considerable challenges,
primarily due to the prevalence of informal
language and the limited availability of anno-
tated datasets. This study investigates the iden-
tification of hate speech in Bengali YouTube
comments, focusing on classifying the type,
severity, and target group. Multiple machine
learning baselines and voting ensemble tech-
niques are evaluated to address these tasks. The
methodology involves text preprocessing, fea-
ture extraction using TF-IDF and Count vectors,
and aggregating predictions from several mod-
els. Hierarchical classification with TF-IDF
features and majority voting improves the de-
tection of less frequent hate speech categories
while maintaining robust overall performance,
resulting in an 18th place ranking and a mi-
cro F1 score of 68.42%. Furthermore, ablation
studies assess the impact of preprocessing steps
and n-gram selection, providing reproducible
baselines for Bengali hate speech detection. All
codes and resources are publicly available at
GitHub1.

1 Introduction

Hate speech detection refers to the automated iden-
tification of language that targets individuals or
groups with hostility or discrimination based on
attributes such as gender, religion, or political affil-
iation. Detecting hate speech is essential for main-
taining safe online environments and is widely used
in content moderation, policy enforcement, and re-
search on social dynamics. Detecting hate speech is
challenging, especially in less-resourced languages
like Bengali, where annotated datasets and robust

1https://github.com/Hasan-Mesbaul-Ali-
Taher/BLP_25_Task_1

methods are limited despite growing online activ-
ity. Recently, several methods have shown promise
for low-resource hate speech detection (Sanoussi
et al., 2022; Alaoui et al., 2022). However, most
of these focused on binary classification of hate
speech, overlooking hate type, severity, or target
group (Chiril et al., 2019; Alam et al., 2024; Hos-
sain et al., 2023). This restricts their ability to cap-
ture the multi-dimensional nature of hate speech in
Bengali (Das et al., 2022). The Bengali multi-task
hate speech identification shared task (Hasan et al.,
2025b) addresses this with three subtasks: (1A)
hate type, (1B) target group, and (1C) multi-task
classification of type, severity, and target.

This study investigates machine learning meth-
ods for multi-task Bengali hate speech detection
in the context of significant data imbalance. Our
approach integrates preprocessing, n-gram vector-
ization, multiple machine learning models, hierar-
chical classification, and ensemble learning. The
main contributions are:

• Developed a framework for Bengali hate
speech detection that uses hierarchical clas-
sification and majority voting within machine
learning ensembles.

• Conducted a systematic evaluation of 16 mod-
els across three subtasks, including compre-
hensive error analysis to assess model effec-
tiveness.

2 Related Work

Hate speech detection has been widely explored
in high-resource languages such as English, Ara-
bic, and other European languages. Early studies
primarily used machine learning (ML) with hand-
crafted features. Sanoussi et al. (2022) reported
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an accuracy of 95.45% using an SVM classifier,
while Alaoui et al. (2022) achieved an accuracy
value of 87.23% in the first dataset, and the sec-
ond dataset attained a value of 93.06%. Al-Hassan
and Al-Dossari (2022) explored various ML and
DL models, and they achieved the maximum F1
score of 73% on Arabic tweets with the ensem-
ble method (CNN+LSTM). Saleh et al. (2023) uti-
lized BiLSTM for hate speech detection in English
and achieved an F1 score of 93%. Khan et al.
(2022a) introduced BiCHAT, which leverages BiL-
STM and deep CNNs, achieving an F1 score of
0.84 on a Twitter dataset and surpassing bench-
marks (Khan et al., 2022b). In contrast, Research
on low-resource languages has received relatively
limited attention in hate speech detection due to
data scarcity and linguistic diversity. Bade et al.
(2024) focused on Dravidian languages, employing
a Random Forest (RF) model with TF-IDF features
and obtained an F1 score of 0.492. (Ibrohim and
Budi, 2019) utilized RF+DT for multi-label hate
speech detection in Indonesian languages, achiev-
ing an accuracy of 77.36%. At the same time, Nasir
et al. (2024) proposed a two-level LR technique
for Roman-Urdu code-mixed data, which gained
87%accuracy. Bilal et al. (2023) further applied the
BERT model to detect hate speech from Roman-
Urdu code-mixed text and achieved 97.89% accu-
racy.

Bengali, as a low-resource language in NLP,
lacks a standard benchmark dataset for this task,
making consistent evaluation difficult. Due to
these constraints, very few research activities have
been carried out in this area of Bangla Language
Processing (BLP), which are mostly related to
hate pr offensive content from social platforms.
Momin and Sarker (2025) explored various ma-
chine learning and deep learning techniques for
hate speech detection and achieved 95% accuracy
using a Bi-LSTM with FastText embeddings, while
Saha et al. (2024) employed a hybrid BERT-CNN
model and achieved an F1 score of 94.44%. Several
transformer-based models and LLMs have been ex-
plored by Haider et al. (2025) for hate speech detec-
tion in transliterated Bengali. This work achieved
the highest F1 score of 77.36 with the mBERT
model. A recent study utilized BanglaBERT and
achieved an accuracy of 74%. Another study em-

ployed a hierarchical BERT model (Das et al.,
2023) and obtained an F1 score of 0.73797. Faruqe
et al. (2023) utilized GRU techniques and gained
the highest accuracy of 98.87%. Most previous
studies on Bengali hate speech detection have re-
lied on small, imbalanced, and domain-specific
datasets, making robust generalization difficult.
These works primarily target hate speech in so-
cial media posts, neglecting other critical contexts,
such as online news comments and discussion fo-
rums. To the best of our knowledge, there is still
no unified approach for Bengali hate speech detec-
tion. This work aims to fill this gap by introducing
a more comprehensive approach to detecting hate
speech in Bengali.

3 Task and Dataset Description

The Bangla Multi-task hate speech identification
shared task (Hasan et al., 2025b) comprises three
interrelated subtasks for comprehensive analysis of
hate speech on Bangla social media.

• Subtask 1A: Classify texts into Abusive (Ab),
Sexism (Sism), Religious Hate (RHate), Polit-
ical Hate (PHate), Profane (Pfane), or None
(Non).

• Subtask 1B: Identify the target as Individual
(In), Organization (Org), Community (Co), So-
ciety (So), or None (Non).

• Subtask 1C: Joint classification of hate type,
severity (Little to None (Non), Mild (Mild),
Severe (Severe)), and target group.

3.1 Datasets
The BanglaMultiHate corpus (Hasan et al., 2025a)
comprises public YouTube comments on politics,
sports, and international topics, preprocessed to
remove non-Bangla literals and punctuation. Ta-
bles 1–3 summarize the distribution of classes
across the training, development, and test splits
for each subtask. These distributions highlight the
imbalance among labels, which poses challenges
for model training and evaluation.

Each of the three datasets exhibits strong class
imbalance. For Subtask 1A, the None class ac-
counts for more than 56% of the training set,
whereas minority labels such as Sexism (0.34%)
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Label Train Dev Test
None 19,954 1,451 5,751
Abusive 8,212 564 2,312
Political Hate 4,227 291 1,220
Profane 2,331 157 709
Religious Hate 676 38 179
Sexism 122 11 29
Total 35,522 2,512 10,200

Table 1: Dataset statistics for hate type.

Label Train Dev Test
None 21,190 1,536 6,093
Individuals 5,646 364 1,571
Organizations 3,846 292 1,152
Communities 2,635 179 759
Society 2,205 141 625
Total 35,522 2,512 10,200

Table 2: Dataset statistics for hate target.

Label Train Dev Test
Little to None 23,489 1,703 6,737
Mild 6,853 483 2,001
Severe 5,180 326 1,462
Total 35,522 2,512 10,200

Table 3: Dataset statistics for hate severity.

and Religious Hate (1.9%) are extremely underrep-
resented. Subtask 1B follows a similar trend, with
None comprising nearly 60% of all instances, while
Community and Society each account for less than
7%. In Subtask 1C, Little to None dominates two-
thirds of the dataset, and the combined proportion
of Mild and Severe remains below 34%.

4 Methodology

This work leverages classical machine learning to
establish strong baselines for Bangla hate speech
detection under resource constraints, using careful
preprocessing, hierarchical classification, and en-
semble learning. Figure 1 illustrates the abstract
process of hate speech detection.

• Preprocessing: To effectively manage noisy
Bangla social media text, we performed num-
ber removal, stopword elimination using a cu-

Figure 1: Abstract process of hate speech classification.

rated Bangla list, and lemmatization to reduce
words to their base forms. The stopword lists
and the lemmatizer used are mentioned in the
GitHub link. The impact of these preprocess-
ing steps is analyzed in the Ablation Study
(Section 5.1).

• Tokenization and Vectorization: Texts were
tokenized using whitespace, and features were
encoded with Unigram–Bigram–Trigram
Count and TF-IDF vectorizers (min_df = 5).
The effect of varying n-gram configurations is
examined in the Ablation Study (Section 5.1).

• Classification Models: Logistic Regression,
Decision Tree, Multinomial Naive Bayes, Sup-
port Vector Classifier (linear, polynomial, ra-
dial), Random Forest, and k-Nearest Neigh-
bors were paired with both vectorizers, form-
ing 16 model–vectorizer combinations.

• Simple vs. Hierarchical Classification: In
standard classification tasks, models directly
predict the target labels. In contrast, hierar-
chical classification (Figure 2) involves an
initial separation between None and Hate
(or Little to None and Hate). Only Hate in-
stances are subsequently processed by a sec-
ond classifier, which determines the specific
hate category. This method facilitates more
detailed identification and categorization of
hate-related content. The first model produces
f1(x) ∈ {None,Hate}, and if f1(x) = Hate,
the second model assigns f2(x) from the hate-
related classes. The final prediction is deter-
mined as follows:

F (x) =





None, if f1(x) = None,

f2(x), if f1(x) = Hate.
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Figure 2: Hierarchical strategy for hate speech classifi-
cation.

• Ensemble: A majority-voting ensemble
was applied using the top three mod-
els (LR-Count-Hierarchical, SVC-lin-Count-
Hierarchical, SVC-rbf-Count-Hierarchical).
For each instance, the label agreed upon by at
least two models was chosen; if all disagreed,
the best-performing model’s prediction was
used (Algorithm 1).

Algorithm 1 Ensemble Voting for Hate Classifica-
tion

1: Input: Predictions P1, P2, P3 from top-3 mod-
els; best-performing model M∗

2: Output: Final predicted label L
3: for each instance x do
4: Collect predictions {p1, p2, p3}
5: if two or more predictions agree then
6: Assign L to the majority label
7: else
8: Assign L to the prediction of M∗

9: end if
10: end for
11: Return all L

4.1 Hyperparameter Settings

Table 4 lists the key hyperparameters used for each
machine learning model in our experiments. These
settings were selected based on preliminary tun-
ing to balance performance and computational effi-
ciency across the three subtasks.

Model Key Hyperparameters
LR C = 1, solver = liblinear
DT criterion = entropy, min_samples_leaf

= 2, random_state = 0
MNB alpha = 0.5
KNN n_neighbors = 7, weights = distance
RF class_weight = balanced, criterion

= entropy, max_features = log2,
min_samples_leaf = 2, n_estimators =
10, random_state = 0

SVC-l C = 0.2, kernel = linear, probability =
True

SVC-p C = 10, kernel = poly, gamma = auto
SVC-r C = 1000, kernel = rbf, gamma =

0.00015, probability = True

Table 4: Hyperparameters used for classification mod-
els.

5 Results

All experiments were implemented in Python using
scikit-learn and executed on Google Colab using a
standard CPU, ensuring reproducibility across all
subtasks. The overall pipeline was designed as a
modular framework that covers preprocessing, fea-
ture extraction, training, and evaluation, enabling
consistent comparisons of models across identical
settings. Table 5 summarizes the performance of all
model-vectorizer combinations under both simple
and hierarchical settings.

Model-Vectorizer F1-micro
(Simple)

F1-micro
(Hierarchical)

LR-Count 68.12 68.29
LR-TF-IDF 67.90 68.10
DT-Count 62.80 63.00

DT-TF-IDF 59.00 59.20
MNB-Count 64.10 64.30

MNB-TF-IDF 66.30 66.50
KNN-Count 63.10 63.30

KNN-TF-IDF 61.60 61.80
RF-Count 56.60 56.80

RF-TF-IDF 55.60 55.80
SVC-lin-Count 68.10 68.32

SVC-lin-TF-IDF 66.20 66.40
SVC-poly-Count 60.60 60.80

SVC-poly-TF-IDF 60.60 60.80
SVC-rbf-Count 68.10 68.30

SVC-rbf-TF-IDF 67.00 67.20
Majority Voting – 68.42

Table 5: Performance of various models.
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The majority voting ensemble achieved the high-
est F1-micro (68.42%), demonstrating robustness
across setups. Logistic Regression and SVM con-
sistently outperformed tree- and distance-based
models, while hierarchical classification improved
detection of minority classes by separating hate
from non-hate content. TF-IDF favored linear mod-
els, whereas CountVectorizer slightly benefited
tree-based methods. Overall, hierarchical classifi-
cation with TF-IDF and ensemble voting provided
the best balance between minority-class sensitivity
and global accuracy.

5.1 Ablation Study
This subsection presents an ablation study analyz-
ing the impact of preprocessing techniques and
n-gram choices on model performance, along with
token statistics at each preprocessing stage.

Impact of Text Preprocessing: We evaluated
different preprocessing pipelines on Task 1C using
Logistic Regression with trigram features (simple
classification). The preprocessing variants are sum-
marized in Table 6.

Preprocessing F1-Micro (%)
text 66.60
nr_text 66.64
l_nr_text 67.31
sr_nr_text 67.12
sr_l_nr_text 67.90

Table 6: Effect of preprocessing on F1-micro. Prepro-
cessing variations: text = raw text, nr_text = numbers
removed, l_nr_text = lemmatized + numbers removed,
sr_nr_text = stopwords removed + numbers removed,
sr_l_nr_text = stopwords removed + lemmatized +
numbers removed.

Impact of N-gram Choice: We tested unigram,
unigram+bigram, and unigram+bigram+trigram
TF-IDF vectorization with the best preprocessing
pipeline on Task 1C (sr_l_nr_text) using Logis-
tic Regression in the simple classification setting.
The effect of n-gram choice on model performance
is shown in Table 7.

Token Counts at Each Preprocessing Stage:
Table 8 summarizes total and unique token counts
for train, dev, and test sets in Task 1C.

N-gram F1-Micro (%)
Unigram 67.82
Unigram+Bigram 67.75
Unigram+Bigram+Trigram 67.90

Table 7: Effect of n-gram choice on F1-micro.

Dataset Preprocessing Total Tokens Unique Tokens
train_1C_df text 488,944 51,719

nr_text 486,001 50,879
l_nr_text 486,005 41,023
sr_nr_text 308,212 50,214
sr_l_nr_text 268,138 40,632

dev_1C_df text 35,975 9,495
nr_text 35,772 9,367
l_nr_text 35,772 6,924
sr_nr_text 22,537 8,851
sr_l_nr_text 19,657 6,607

test_1C_df text 140,677 23,301
nr_text 139,823 22,972
l_nr_text 139,825 17,484
sr_nr_text 89,168 22,356
sr_l_nr_text 77,634 17,124

Table 8: Total and unique token counts for Task 1C at
each preprocessing stage.

6 Conclusion

This work explored various machine learning mod-
els to detect hate speech in Bengali. The experi-
ments demonstrate that LR and SVM perform well
for the downstream task. Hierarchical classifica-
tion combined with TF-IDF vectorization improves
minority-class detection, while majority voting en-
sembles enhance robustness and overall F1-micro,
achieving 68.42%. Error analysis shows that sub-
tle, context-dependent, and overlapping classes re-
main challenging, highlighting the value of hier-
archical and ensemble strategies in handling nu-
anced hate speech. In the future, we plan to investi-
gate deep learning and transformer architectures to
more effectively identify contextual, implicit, and
nuanced hate expressions that traditional methods
often miss. We will also leverage sarcasm-aware,
context-sensitive models to enhance the detection
of subtle and overlapping hate categories.

Limitations

This section summarizes the main limitations of
our study and the steps taken to address them:

• Class Imbalance: Rare classes like Sexism
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and Severe are under-represented, affecting
generalization.

• Contextual and Sarcastic Language: Subtle
or sarcastic expressions are often misclassified
due to reliance on lexical features.

• Domain Limitation: Models trained only
on YouTube comments may not generalize
to other Bangla social media.

• Sparse Vector Dependence: Models trained
on sparse representations (such as TF-IDF)
struggle with complex linguistic variations
and long-range dependencies.
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A Error Analysis

To assess the model’s efficacy in various tasks, a
detailed error analysis is conducted.

• Quantitative Analysis: Confusion matrices
are used to conduct the quantitative analysis
that highlights misclassification patterns. For
hate type, the majority class None was well
predicted (4827), but minority classes like Sex-
ism were often confused with None or Abusive
(Figure 3).

Figure 3: Majority vote ensemble Confusion matrix for
Hate Type.

Hate severity showed reliable detection for
Little to None (6325), while Mild and Severe
were underestimated (Figure 4).

Target group predictions were strong for
None (5293), but overlapping categories (e.g.,
Community vs. Individual) were frequently
misclassified (Figure 5).

These patterns result from several challenges.
Extreme label imbalance leads models to fa-
vor the majority classes, making small but
key categories such as Sexism, Severe, and
Community more likely to be misclassified.
Many comments express hate implicitly, indi-
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Figure 4: Majority vote ensemble Confusion matrix for
Hate Severity

Figure 5: Majority vote ensemble Confusion matrix for
Hate Target

rectly, or through sarcasm, which sparse TF-
IDF features fail to capture, leading to confu-
sion between labels such as Mild, Little, and
None. Target group boundaries often blur in
real user comments, leading to ambiguity and
errors, such as predicting Community as In-
dividual. These insights show the limits of
classical models in handling nuanced, context-
dependent hate speech and reinforce the value
of the hierarchical and ensemble strategies
used in this study.

• Qualitative Analysis: Examining predictions
across HTy, HTa, HS (Figure 6) reveals sys-
tematic patterns.

Figure 6: Sample predictions from the Majority Vote
Ensemble. HTy = Hate Type, HTa = Hate Target, HS =
Hate Severity; suffix p = predicted, suffix t = true label,
SI = Sample Index.

Political and abusive content was occasionally
misclassified (e.g., SI 3: Political Hate pre-
dicted as None). Implicit targets caused errors
(SI 3: Organization predicted as Individual).
Severity distinctions were often missed (SI 3:
Mild predicted as Little to None, SI 5: Little
to None predicted as Severe). Neutral exam-
ples were accurately classified (SI 1, 2, 4), but
subtle, context-dependent hate remained chal-
lenging. These qualitative insights comple-
ment quantitative findings, emphasizing the
utility of hierarchical and ensemble methods
for nuanced class detection.
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Abstract

Hate speech detection in Bangla is challeng-
ing due to complex morphology, frequent code-
mixing, and severe class imbalance across cat-
egories such as abuse, sexism, religious and
political hate, profanity, and neutrality. The
BLP Workshop 2025 Subtask 1A addressed
this by classifying Bangla YouTube comments
into these categories to support online mod-
eration in low-resource settings. We devel-
oped a BanglaBERT-based system with bal-
anced data augmentation and advanced regular-
ization techniques, combined with optimized
training strategies for better generalization. On
the blind test set, our system achieved a mi-
cro F1 score of 0.7013, ranking 21st on the
leaderboard. These results indicate that aug-
mentation, robust loss functions, and model
refinements can enhance Bangla hate speech de-
tection, though implicit and context-dependent
hate speech remains difficult.

1 Introduction

Hate speech detection is the task of automatically
identifying harmful or offensive language directed
towards individuals or groups. Hate speech can
take many forms, including derogatory remarks
based on race, religion, gender, politics, national-
ity, or the use of profanities and abusive expres-
sions. Such content poses risks by reinforcing so-
cial inequalities, deepening divides, and in some
cases fueling real-world hostility. With the rapid
growth of online communication, automated hate
speech detection has become an important area
of research to support moderation and promote
safer digital spaces. Recent work has explored
similar challenges in other languages, such as the
development of a Slovak hate-speech detection
system using a neural-network-based approach ap-
plied to comments on social media (Sokolová et al.,
2022). However, beyond explicit slurs, many in-
stances of hate speech are context-dependent or

subtle. These include sarcastic remarks, coded ex-
pressions such as references to ‘those people’ or
‘your kind’, indirect political or religious insinua-
tions, and statements whose hateful intent becomes
evident only through a conversational or cultural
context (Ocampo et al., 2023).

In the context of Bangla, these challenges are
amplified. Bangla is the seventh most spoken lan-
guage in the world, with over 230 million speakers,
and online content in Bangla is expanding rapidly
(Momin and Sarker, 2025a). However, effective
moderation tools tailored for Bangla are still
limited. The language itself is morphologically
rich (Faridee and Tyers, 2009), frequently mixes
with English in social media, and exhibits severe
class imbalance in hateful expressions across
different categories (Chanda et al., 2016). Re-
search on Bangla hate speech detection began only
recently; earlier work relied on traditional machine
learning methods, followed by deep learning
approaches such as CNNs and LSTMs (Rawal
and Asirvatham, 2025; Kumar et al., 2024). More
recently, transformer-based models like mBERT
(Nozza et al., 2020), XLM-RoBERTa (Singh
et al., 2023), and BanglaBERT (Bhattacharjee
et al., 2021) have demonstrated promising results,
supported by shared tasks such as HASOC (Mandl
et al., 2025) and dedicated hate speech benchmarks.

Building on this foundation, our work con-
tributes in three key ways:

• Balanced data augmentation: combining un-
dersampling of frequent categories with noisy
oversampling of rare ones.

• Model refinements: adding techniques like
mean pooling, multi-sample dropout, and
a linear classifier head, trained with Class-
Balanced Focal Loss and R-Drop regulariza-
tion.
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• Advanced training strategies: including
layer-wise learning rate decay, cosine warmup,
gradient checkpointing, mixed-precision train-
ing, gradient accumulation, and early stop-
ping.

With these improvements, we achieved a micro-
F1 score of 0.7013 on BLP 2025 Subtask 1A. This
suggests that combining balanced data augmen-
tation with targeted model refinements can yield
measurable improvements in hate speech detection
in Bangla, although context-dependent and subtle
cases remain difficult. Our code and experimen-
tal setup are publicly available to facilitate further
research in Bangla hate speech detection1.

2 Related Work

Hate speech detection has been extensively studied
in high-resource languages such as English, Hindi,
Urdu, Arabic, etc.(Usman et al., 2025; Jahnavi and
Chaturvedi, 2025; Ahmad et al., 2024) Early ap-
proaches relied on handcrafted features and tradi-
tional classifiers such as Naive Bayes, SVM, and
Random Forests(Mullah and Zainon, 2021). While
these methods demonstrated the feasibility of au-
tomated detection, their inability to capture deeper
semantics limited generalization (Pruengkarn et al.,
2025). The advent of pre-trained language mod-
els, such as BERT and its multilingual variants
(Nozza et al., 2020), introduced contextual embed-
dings that became the dominant approach, offering
substantial improvements in robustness and cross-
lingual transfer (Papel et al., 2024).

In the Bangla context, systematic research is
comparatively recent. Initial efforts focused on
word embeddings like Word2Vec, FastText (Arif
et al., 2024), and GloVe (Mahmud et al., 2022) in
combination with classifiers, which achieved mod-
erate success but struggled with challenges unique
to Bangla, including morphological richness, fre-
quent code-mixing with English, and severe class
imbalance (Momin and Sarker, 2025b).

Several benchmark data sets have been released
to support progress in detecting hate speech in
Bangla. BanglaBERT (Bhattacharjee et al., 2021)
introduced a dataset covering abusive and offensive
content, while the Hate Speech and Offensive Con-
tent (HASOC) shared tasks (Mandl et al., 2025)
included Bangla as one of the languages, providing

1https://github.com/programophile/Bangla_NLP_
workshop_Subtask1A_Velora

labeled data for multilingual evaluation. More re-
cently, BIDWESH (Fayaz et al., 2025) expanded its
coverage to dialectal and informal Bangla, broaden-
ing the scope of evaluation. The Bangla Language
Processing (BLP) Workshop 2025 (Hasan et al.,
2025b) provided one of the largest curated hate
speech benchmarks to date, standardizing evalu-
ation and encouraging cross-system comparisons.
Despite these advances, challenges such as low-
resource categories (e.g., sexism, religious hate)
and context-dependent expressions remain largely
unresolved, motivating further exploration of bal-
anced augmentation and model refinements.

3 Task & DataSet Overview

3.1 Task Overview

The Bangla Multi-task Hate Speech Identification
shared task (Hasan et al., 2025a), part of the BLP
Workshop 2025, aimed to classify Bangla YouTube
comments into six categories as abuse, sexism, reli-
gious hate, political hate, profanity, and neutral, to
establish a benchmark for developing robust hate
speech detection systems in Bangla, where chal-
lenges such as code-mixing, complex morphology,
and severe class imbalance make moderation partic-
ularly difficult. Subtask 1A evaluated the systems
on this single-label classification task under realis-
tic low-resource conditions.

3.2 Dataset Description

We constructed the training data set by merging the
dataset provided for Subtask 1A of the BLP Work-
shop 2025 (Hasan et al., 2025b) with another pub-
licly available dataset (Karim et al., 2020) which
we selected because its categories align well with
the BLP Workshop dataset, allowing for a seamless
merge and a more comprehensive training set. To
ensure consistency, label categories were normal-
ized using a mapping strategy, where synonymous
or overlapping labels (e.g., Political and Geopolit-
ical) were merged under a unified class (Political
Hate), and ambiguous labels were refined (e.g.,
Personal → Abusive, Gender abusive → Sexism).
After cleaning and harmonization, the final dataset
contains six classes: None (neutral/non-hateful),
Abusive, Political Hate, Profane, Religious Hate,
and Sexism. The class distribution is highly im-
balanced, with 19,955 neutral samples. This im-
balance reflects the real-world prevalence of hate
categories in Bangla social media and motivates the
use of augmentation and loss re-weighting strate-
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gies during training.
The merged training set consists of 38,941 sam-

ples (35,523 from shared & 3,418 from the public
dataset). Meanwhile, the blind development test
set (dev_test) contains 2,512 unlabeled samples
reserved for evaluation. Table 2 presents the final
class distribution of the merged training set.

4 Methodology

4.1 Models & Workflow

All five models were based on BanglaBERT, with
variations introduced in architecture, loss functions,
and data augmentation. The main challenge across
them was severe class imbalance, with categories
such as Sexism and Religious Hate remaining
underrepresented and difficult to classify, consis-
tently limiting performance.

Figure 1 outlines the entire pipeline: the data
set is balanced and augmented, tokenized, and en-
coded with BanglaBERT to produce contextual
embeddings. These embeddings undergo mean
pooling and multi-sample dropout before classifica-
tion through a linear head trained with R-Drop and
class-balanced focal loss to improve robustness.

Figure 1: Workflow of the proposed Bangla hate speech
classifier: Raw Text → Preprocessing (cleaning & nor-
malization) → Data Augmentation (mitigating class
imbalance) → BanglaBERT Encoding (contextual em-
beddings) → Mean Pooling & Multi-Sample Dropout
(generalization) → Classification Head (R-Drop + Class-
Balanced Focal Loss), producing robust and fair predic-
tions across all hate speech categories.

4.1.1 Advanced BanglaBERT Fine-tune with
CB-Focal & R-Drop

Our submitted approach (Advanced BanglaBERT
Fine-tune with CB-Focal & R-Drop) used

BanglaBERT as the backbone, leveraging its
transformer-based contextual embeddings shown
in previous studies to effectively generalize across
various Bangla NLP tasks as a strong foundation
for classification (Kowsher et al., 2022). The input
data was normalized through targeted text clean-
ing to reduce noise from informal YouTube com-
ments. To address class imbalance, we capped the
dominant “None” class via undersampling and du-
plicated minority class samples with light noisy
augmentations. This balanced training exposure
prevented the model from collapsing into majority
predictions. At the architecture level, we applied
mean pooling across token embeddings for effi-
cient sentence-level representation, followed by a
single linear classifier head. Generalization was en-
couraged through multi-sample dropout, which av-
erages predictions across multiple dropout masks,
and R-Drop, which enforces consistency across
perturbed forward passes. Training optimization
combined Class-Balanced Focal Loss, which em-
phasized difficult minority examples, with layer-
wise learning rate decay and cosine scheduling for
stable fine-tuning. Training used gradient check-
pointing, FP16 mixed precision, gradient accumu-
lation, and early stopping to manage memory usage
and stabilize the optimization process.

4.1.2 Balanced Augmented BanglaBERT
Balanced Augmented BanglaBERT introduced two
main changes while following the same overall
setup as Advanced BanglaBERT Fine-tune with
CB-Focal & R-Drop. For data balancing, we re-
placed simple duplication with controlled dupli-
cation combined with word shuffling, which in-
creased sample diversity without redundancy. In-
side the model, we replaced the single linear head
with a lightweight two-layer MLP, improving con-
vergence stability and reducing overfitting. All
other training strategies followed the previous sys-
tem. These modifications yielded a slightly better
result.

4.1.3 BanglaBERT-Hybrid
(CNN-BiLSTM-Attn)

This model used standard BanglaBERT fine-tuning
with cross-entropy loss. The lack of balancing
or augmentation caused a strong bias toward the
dominant None class and low recall in minority
categories. While surface-level hate speech was of-
ten detected, context-dependent instances were fre-
quently missed. It achieved a micro-F1 of 0.6954,
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but without class balancing, it overfit the majority
class and showed poor recall for minority labels,
resulting in many subtle or contextual hate expres-
sions being misclassified.

4.1.4 Conservative BanglaBERT-Hybrid
This variant extended BanglaBERT with a hybrid
CNN-BiLSTM-Attention architecture to capture
both local n-gram patterns and long-range depen-
dencies. Training with Class-Balanced Focal Loss
improved recall for minority classes, but conser-
vative preprocessing and limited augmentation re-
stricted data diversity, causing underfitting in rare
categories. The model achieved a micro-F1 of
0.6793, showing modest but consistent gains over
the base system. While minority-class recall im-
proved slightly, precision remained stable and over-
all recall was still constrained.

4.1.5 Optimized BanglaBERT-Hybrid
This model introduced back-translation, a data aug-
mentation method in which Bangla comments were
translated into English and then back into Bangla to
generate paraphrased variants that preserved mean-
ing while increasing linguistic diversity. It also ap-
plied logit-adjusted cross-entropy to mitigate class
imbalance, R-Drop for regularization, and snapshot
ensembling for stable predictions. These refine-
ments yielded modest gains and better robustness,
though performance remained limited by noisy data
and the long-tail label distribution.

4.2 Types of Augmentations Performed on the
Minority Classes

Across all variants of the model, the augmen-
tation was applied exclusively to minority hate-
speech classes to mitigate the severe class imbal-
ance. The BanglaBERT-Hybrid (CNN-BiLSTM-
Attn) and Conservative BanglaBERT-Hybrid
models used light oversampling through direct
duplication and controlled word-order shuffling
to introduce limited lexical variation. The
Balanced Augmented BanglaBERT and Opti-
mized BanglaBERT-Hybrid systems incorporated
stronger augmentation, including targeted oversam-
pling, local word shuffling, and back-translation,
particularly for underrepresented categories such
as religious hate and sexism, to create semantically
diverse paraphrases. The Advanced BanglaBERT
Fine-tune submitted with CB-Focal & R-Drop
applied only light noise-based duplication while
capping the dominant None class to maintain bal-

ance. Overall, augmentation evolved from simple
duplication to richer semantic transformations, con-
sistently targeting minority labels.

5 Results & Findings

The task was evaluated using micro-F1, which
balances performance across all classes. As
shown in Table 1, our primary model Ad-
vanced BanglaBERT with CB-Focal & R-Drop
achieved 0.7013. The best-performing system, Bal-
anced Augmented BanglaBERT, improved this
to 0.7025 through controlled augmentation and a
lightweight classifier, showing that careful balanc-
ing strategies provide more benefit than architec-
tural complexity.

Hybrid models such as BanglaBERT-Hybrid
and the Optimized Hybrid underperformed com-
pared to simpler transformer-based setups, while
the Conservative Hybrid was lowest. Overall, re-
sults highlight that balanced augmentation yields
modest but consistent improvements, while rare-
class scarcity remains the main bottleneck.

Models F1-Score
Balanced Augmented BanglaBERT 0.7025
Advanced BanglaBERT 0.7013
BanglaBERT-Hybrid 0.6954
Optimized BanglaBERT-Hybrid 0.6886
Conservative BanglaBERT-Hybrid 0.6793

Table 1: micro-F1 scores of different systems

5.1 Category-wise Performance

To understand model behavior across individual
classes, we present a comprehensive performance
table (Table 3) for the best model Balanced Aug-
mented BanglaBERT. These metrics are com-
puted on the validation set used for model selection,
and serve to illustrate strengths and weaknesses per
category. Final evaluation results reported in Ta-
ble 1 are based on the test set.

5.2 Error Analysis

Although Advanced BanglaBERT Fine-tune
with CB-Focal & R-Drop, incorporated strong
embeddings, tailored loss functions, and advanced
optimization, its effectiveness was limited.
Oversampling by simple duplication reduced
training diversity and encouraged overfitting. Most
critically, categories such as sexism and religious
hate remained severely underrepresented, causing
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low recall despite reweighted loss functions. These
factors constrained generalization, leaving implicit
or context-dependent hate speech difficult to detect.

In Balanced Augmented BanglaBERT, im-
provements over the submitted system were small.
The more balanced augmentation and simplified
architecture increased diversity modestly, but rare
classes still lacked sufficient coverage. As a result,
recall for underrepresented categories improved
slightly, yet overall performance remained limited
by data scarcity and linguistic complexity.

We also examined weaker variants to understand
performance limitations. The BanglaBERT-
Hybrid (CNN-BiLSTM-Attn) with micro-F1
0.6954, employed a complex hybrid architecture
combining CNN, BiLSTM, multi-head attention,
and a deep classifier on top of BanglaBERT. While
intended to capture richer representations, the
added complexity caused overfitting and unstable
training. Aggressive focal loss penalized majority
classes excessively, further reducing generalization.
Consequently, this model failed to surpass simpler
model despite higher model capacity.

The Conservative BanglaBERT-Hybrid
with micro-F1 0.6793 was under-engineered. Its
minimal data augmentation left minority categories
underrepresented. The class weighting was limited
in range, insufficient to address imbalance, and
the shallow CNN–LSTM layers lacked expressive
power for nuanced hate speech. This led to
underfitting on rare classes, making it the least
performing system.

Optimized BanglaBERT-Hybrid (micro-F1
0.6886) added back-translation augmentation, logit-
adjusted loss, and snapshot ensembling. Despite
these improvements, performance gains were just
adequate. Back-translation often produced seman-
tically similar sentences rather than truly diverse
ones, limiting benefits for rare categories such as
sexism and religious hate. Logit-adjusted loss
and ensembling stabilized training and slightly
improved recall, but severe underrepresentation
remained, causing low class-wise F1 for rare la-
bels. Implicit, context-dependent, or subtle hate
speech continued to be misclassified, reflecting
the reliance on shallow augmentations and surface-
level lexical cues. These results indicate that in-
cremental improvements from loss adjustment and

ensembling are insufficient without richer data and
stronger coverage of minority classes.

6 Conclusion

In this work, we presented multiple Bangla
hate speech detection systems for the BLP 2025
shared task 1A. Our best model, Balanced Aug-
mented BanglaBERT, achieved a micro-F1 of
0.7025, demonstrating that careful augmentation
and lightweight architectures can outperform more
complex hybrids. Persistent imbalance in rare
classes continues to cap performance, highlight-
ing the need for richer datasets and context-aware
augmentation in future work.

Limitations

Our experiments were conducted under compute
and time constraints, which restricted exhaustive
hyperparameter tuning and limited the exploration
of more advanced augmentation strategies. The
dataset, while harmonized from existing resources,
remained highly imbalanced, with rare categories
such as sexism and religious hate severely under-
represented. Augmentation methods like duplica-
tion and back-translation produced limited diver-
sity, constraining generalization. Furthermore, the
informal nature of Bangla YouTube comments in-
troduced noise and inconsistencies in preprocess-
ing, which may have affected model robustness. Fi-
nally, all systems were trained and evaluated on the
shared task dataset; broader validation across larger,
more diverse Bangla corpora would strengthen the
generalizability of our findings.
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A Appendix

Category Count
None 19955
Abusive 8841
Political Hate 6198
Profane 2331
Religious Hate 1178
Sexism 438
Total 38941

Table 2: Class distribution of the merged Bangla hate
speech training dataset.

Figure 2: Sample entries from the Bangla hate-speech
dataset introduced by (Karim et al., 2020). The “text”
field represents original Bangla social-media posts, and
the “label” field provides the manually assigned classifi-
cation category used for supervised learning tasks.

Category Precision Recall F1-Score
None 0.8356 0.7919 0.8132
Religious Hate 0.2900 0.7632 0.4203
Sexism 0.2000 0.1818 0.1905
Political Hate 0.5895 0.5773 0.5833
Profane 0.7258 0.8599 0.7872
Abusive 0.5809 0.5727 0.5768
Accuracy – – 0.7189
Macro Avg 0.5370 0.6245 0.5619
Weighted Avg 0.7320 0.7189 0.7232

Table 3: Comprehensive Performance Metrics for Ad-
vanced BanglaBERT Fine-tune with CB-Focal & R-
Drop model per Category on the Validation Set.
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Abstract

This paper presents our approach for the BLP
Shared Task 1, where we implemented Lin-
ear Probing of Pre-trained Transformer-based
Models for Bangla Hate Speech Detection. The
goal of the task was to customize the existing
models so that they’re capable of automatically
identifying hate speech in Bangla social me-
dia text, with a focus on YouTube comments.
Our approach relied on fine-tuning several pre-
trained BERT models, adapting them to the
shared task dataset for improved classification
accuracy. To further enhance performance, we
applied linear probing on three of the fine-tuned
models, enabling more effective utilization of
the learned representations. The combination
of these strategies resulted in a consistent top-
15 ranking across all subtasks of the competi-
tion. Our findings highlight the effectiveness
of linear probing as a lightweight yet impactful
technique for enhancing hate speech detection
in low-resource languages like Bangla.

1 Introduction

The rapid growth of numerous online platforms has
amplified the prevalence of offensive and harmful
content, making automatic hate speech detection a
pressing challenge in Natural Language Processing
(NLP). For low-resource languages like Bangla, the
problem is further complicated by the limited avail-
ability of large, high-quality annotated datasets.

To advance research in this direction, the orga-
nizers of the BLP Shared Task 1 (Hasan et al.,
2025a) curated one of the largest annotated cor-
pora for Bangla hate speech detection. Within this
framework, transformer-based architectures such
as BanglaBERT (Bhattacharjee et al., 2022) have
shown considerable promise, owing to their abil-
ity to capture nuanced contextual information in
Bangla text.

Our work builds upon these advancements by
leveraging fine-tuned transformer models alongside

Subtask Train Dev Test Task & Num of Classes

1A
35,522 2,512 10,200

Single-label (6)
1B Single-label (5)
1C Multi-label: (6, 3, 5)

Table 1: Dataset Statistics Across Subtasks

linear probing, a lightweight yet effective technique
to exploit learned representations for classification.
Through systematic experimentation, we demon-
strate that this hybrid approach not only improves
generalization but also achieves competitive results,
securing consistent top-15 rankings across all sub-
tasks of the competition. This paper details our
methodology, experimental setup, and key findings,
offering insights into the role of linear probing in
enhancing hate speech detection in Bangla.

2 Dataset Details

2.1 Task and Dataset Description
The primary objective of this shared task (Hasan
et al., 2025a,b) is to advance robust Bangla hate
speech detection through multitask learning. This
benchmark aims to capture the deeper linguistic
and social dimensions of hateful content in Bangla
by requiring models to predict not just the presence
of hate, but also its type, intensity, and target group.

The shared task consists of three subtasks:
Among the three subtasks both 1A and 1B
follow a TSV format with columns id, text, and
label. The subtask 1C is annotated with three
attributes—hate_type, hate_severity, and
to_whom. The severity dimension is categorized
into Little to None, Mild, and Severe.

Subtask 1A: Given a Bangla text, the model must
identify the type of hate expressed in it. The possi-
ble categories include Abusive, Sexism, Religious
Hate, Political Hate, Profane, and None.

Subtask 1B: This subtask focuses on identifying
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the target group of hate speech. The label space
includes Individuals, Organizations, Communities,
and Society.

Subtask 1C: The final subtask integrates all previ-
ous dimensions in a joint learning setup where hate
severity is the new addition to the classification
task.
Such a multi-dimensional design encourages the
development of systems capable of deeper contex-
tual reasoning rather than keyword-based detection.
The data were split into training, validation, and test
subsets, maintaining balanced class distributions
across all subtasks to support fair and meaningful
evaluation.

3 Methodology

3.1 Linear Probing Fine-Tuning

Kumar et al. (Kumar et al., 2022) introduced Lin-
ear Probing Fine-Tuning (LP-FT), a hybrid train-
ing method that combines the benefits of linear
probing and full fine-tuning. Their work showed
that while full fine-tuning of a model—where
both the backbone ϕM and classifier head ϕC are
jointly trained—performs well on in-distribution
(ID) tasks, it often fails to generalize to out-of-
distribution (OOD) settings. In contrast, linear
probing freezes the backbone ϕM and trains only
the classifier ϕC , offering better OOD performance
but limited adaptability. LP-FT addresses this by
first training only the classifier ϕC with the frozen
backbone ϕM , and then fine-tuning both ϕM and
the pre-trained ϕC jointly on the downstream task.
This two-step process improves performance across
both ID and OOD scenarios.

3.2 FPT based Linear Probing-Fine Tuning

To adapt the model more effectively to our dataset,
we leverage the Linear Probing Fine-Tuning (LP-
FT) method (Kumar et al., 2022). Since the
pre-trained backbone ϕM may not fully capture
domain-specific knowledge, we first apply a Fur-
ther Pre-Training (FPT) step using a Masked Lan-
guage Modeling (MLM) objective. This step is
motivated by insights from BanglaTLit (Fahim
et al., 2024) and prior ITPT-based winning strate-
gies (Fahim, 2023).

In MLM, a portion (m%) of the input tokens
are randomly masked and replaced with a special
token [MASK]. The model is then trained to predict
the original tokens using contextual cues from the

unmasked tokens. This procedure yields a domain-
adapted backbone, denoted as ϕFPT

M .
Following FPT, we apply LP-FT using ϕFPT

M

and a classification head ϕC . We consider two-
stage training for FPT-based LP-FT. In the first
stage, ϕFPT

M is frozen and only ϕC is trained on
the downstream task. Once the classifier has been
optimized, in the second stage, we jointly fine-tune
both ϕFPT

M and ϕC , allowing the entire model (ex-
cluding any frozen parameters) to adapt to task-
specific features.

4 Experiment Setup

Experimented Models We experimented with
multiple transformer architectures, including
BanglaBERT (Bhattacharjee et al., 2022),
VACBERT (Bhattacharyya et al., 2023), XLM-
RoBERTa (Conneau et al., 2020), and IndicBERT
(Dabre et al., 2021). For comparison, we also
implemented non-transformer baselines using
LSTM and Bi-LSTM architectures with attention
mechanisms.

Model Configuration Models were trained for
6 epochs using the AdamW optimizer with be-
tas=(0.9, 0.999), epsilon=1e-6, and weight decay
regularization. We set learning rate for the encoder
to 2e-5. The batch size was set to 4 for larger
transformer models to accommodate memory con-
straints, while smaller models used a batch size of
16. All inputs were truncated/padded to 256 tokens
maximum length.
For all the subtasks, we implemented a cosine learn-
ing rate scheduler with warmup steps, gradually de-
creasing from the initial learning rate to a minimum
of 1e-6. For Sub-Task 1C specifically, the training
loop utilized BCEWithLogitsLoss for multi-label
classification and saved the best-performing model
based on validation score. Our code implementa-
tion featured differentiated parameter optimization,
applying layer-specific learning rates and excluding
bias/LayerNorm parameters from weight decay.

Linear Probing Model Configuration For the lin-
ear probing setup, we employed an MLM archi-
tecture where approximately 13% of the input to-
kens were randomly masked. The cross-entropy
loss between the predicted and true tokens was
used as the optimization objective. For all coding
and model training processes, the PyTorch frame-
work has been used. All experiments were con-
ducted on Kaggle’s P100 GPU infrastructure. We
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Models Sub-Task 1A Sub-Task 1B Sub-Task 1C

Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score

Deep Learning Models

Non Transformer based
LSTM 26.19 21.58 18.17 21.02 20.99 18.31 45.68 44.21 44.18
Bi-LSTM 36.97 28.45 28.77 47.21 28.13 29.32 49.43 46.47 46.13
LSTM + Attention 35.83 38.63 36.08 43.07 44.73 43.79 48.79 46.98 47.55
Bi-LSTM + Attention 31.70 33.21 30.10 47.75 45.03 45.57 51.19 47.39 48.44

Transformer based LMs
IndicBERT 48.46 41.99 64.86 52.24 46.78 65.08 48.39 45.30 46.78
VACBERT 61.07 36.93 62.06 47.53 46.40 63.02 50.26 43.22 45.45
XLM-RoBERTa 54.23 50.64 70.95 56.45 57.22 70.09 52.29 50.38 51.68
BanglaBERT 55.41 51.82 70.23 61.70 52.54 71.06 54.29 51.54 52.67

Linear Probing Models

VACBERT-MLM
+ Linear Probing 45.34 35.87 61.82 50.13 41.39 61.26 47.38 42.71 44.93
+ Linear Probing-FT 46.58 37.90 63.35 51.10 42.72 63.79 49.43 44.46 46.21

IndicBERT-MLM
+ Linear Probing 48.56 46.38 64.81 51.35 49.27 65.43 52.36 50.17 50.24
+ Linear Probing-FT 50.54 48.65 66.77 53.60 50.97 67.60 54.29 51.54 52.67

BanglaBERT-MLM
+ Linear Probing 61.37 53.76 70.58 59.24 53.26 70.03 56.41 51.68 53.62
+ Linear Probing-FT 62.32 55.31 70.88 60.70 54.35 71.23 57.59 52.17 54.22

Table 2: Model benchmarking results on the Test split of the SHARED TASK 1 dataset are reported. Blue highlights
the highest-performing model and submitted during the competition, while Cyan marks the best-performing models
for each metric across the model types.

employed a training approach consisting of Fur-
ther Pre-Training (FPT) using Linear Probing Fine-
Tuning (LP-FT).

5 Result and Analysis

Non-Transformer based DL Models. For the non-
transformer-based deep learning models, we con-
sider both LSTM and Bi-LSTM architectures. We
observe that the Bi-LSTM consistently outperforms
the standard LSTM across all subtasks, achieving
approximately a 10% improvement in F1 score for
Subtask 1A, 11% for Subtask 1B, and 2% for Sub-
task 1C.

Following the approach proposed by (Yu et al.,
2020), we incorporate an attention mechanism on
top of both LSTM and Bi-LSTM models for text
classification. The addition of attention leads to
further performance gains. For the LSTM-based
model, F1 scores nearly double for Subtask 1A,
and improve by approximately 10% for Subtask 1B
and 2% for Subtask 1C. Similarly, the Bi-LSTM
model with attention shows improvements of 2%
for Subtask 1A, around 15% for Subtask 1B, and
2% for Subtask 1C.

Pretrained LMs Performance We also present
a comparative analysis of various transformer-

based pretrained language models across all three
subtasks. Among the models evaluated, XLM-
RoBERTa achieves the highest F1 score for Sub-
task 1A (70.95), showing a balanced performance
in both precision and recall. BanglaBERT also per-
forms competitively, particularly in Subtask 1B and
Subtask 1C, where it achieves the highest F1 scores
(71.06 and 52.67, respectively), along with strong
precision and recall values. VACBERT and In-
dicBERT show competitive results in precision for
Subtask 1A but comparatively lower recall, leading
to a moderate F1 score. IndicBERT, while show-
ing consistent performance across subtasks, lags
behind in terms of overall F1 scores.

These results demonstrate the effectiveness
of multilingual transformer models like XLM-
RoBERTa and domain-specific models like
BanglaBERT in tackling nuanced classification
tasks in Bangla.

Impact of Linear Probing For the linear probing
experiments, we first further pretrained the mod-
els using MLM, as described in Section 3.2. The
models evaluated were VACBERT, IndicBERT, and
BanglaBERT. We then applied two training strate-
gies: linear probing alone, and linear probing fol-
lowed by fine-tuning (FT).
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আলহামদুলিল্লাহ দেশ এগিয়ে যাচ্ছে বিএনপি 
জামাতীদের জতুা পেটা করতে হবে

Text:
আলহামদুলিল্লাহ দেশ এগিয়ে যাচ্ছে বিএনপি 
জামাতীদের জতুা পেটা করতে হবে

Text:

A. None      B. Individuals    C. Society

D.    E. CommunitiesOrganizations

আলহামদুলিল্লাহ দেশ এগিয়ে যাচ্ছে বিএনপি 
জামাতীদের জতুা পেটা করতে হবে

Text:

A. None      B. Individuals    C. Society

D.    E. CommunitiesOrganizations

A. None     B. Abusive   C. Religious Hate

   E. Profane   F. SexismD. Political Hate

A. Little to None   C. SevereB. Mild 

A. None     B. Abusive   C. Religious Hate

   E. Profane   F. SexismD. Political Hate

Hate Type To Whom

Hate Severity

To WhomHate Type

Base LP LP-FT Base LPLP Base LP-FTLP-FT

B D D E E D B E  , , B D B, , E  D  D B, ,

Figure 1: Error analysis of BanglaBERT variants for hate speech classification, comparing base model, linear
probing (LP), and linear probing with full fine tuning (LP-FT) across hate type categories and target demographics.

The results show that linear probing by itself gen-
erally underperforms compared to the standard fine-
tuning approach presented earlier. However, when
linear probing is combined with fine-tuning, the
models achieve substantial performance improve-
ments, often surpassing the standard fine-tuning
baseline across most models.

Notably, BanglaBERT-MLM with linear prob-
ing followed by fine-tuning achieved the highest
F1 scores across all subtasks—70.88 for Subtask
1A, 71.23 for Subtask 1B, and 54.22 for Sub-
task 1C—alongside superior precision and recall in
most cases. IndicBERT-MLM also showed notable
gains with this combined strategy, consistently out-
performing both linear probing alone and standard
fine-tuning. Although VACBERT-MLM improved
with the combined approach, it still lagged behind
the other two models in overall performance.

Therefore, our benchmarking highlights
two optimal models tailored to the subtasks:
XLM-RoBERTa excels in Subtask 1A, while
BanglaBERT-MLM with linear probing followed
by fine-tuning (LP-FT) outperforms others in
Subtasks 1B and 1C. This suggests that although
a powerful multilingual transformer like XLM-
RoBERTa is effective for certain tasks, leveraging
a monolingual, language-specific model with
targeted training strategies such as LP-FT can yield
superior results for nuanced tasks in low-resource
languages like Bangla. We also provide the result
for the validation set in SHARED TASK 1 in Table
3 in the Appendix A.

6 Error Analysis

Figure 1 highlights model confusions across hate
type, target, and severity using a representative
example. The errors mainly arise from overlap-
ping categories—such as political and abusive
hate—and ambiguous phrasing that blurs target

boundaries between individuals and communities.
The base model often misinterprets these subtleties,
while LP improves class awareness through better
feature separation. LP-FT further refines contextual
understanding, reducing cross-category confusion
and capturing implicit hate cues more effectively,
thereby aligning predictions closer to human inter-
pretation.

7 Conclusion

In this work, we systematically evaluated Lin-
ear Probing followed by Full Fine-Tuning (LP-
FT) combined with Further Pre-Training (FPT)
for Bengali hate speech classification. Our results
demonstrate that BanglaBERT-MLM with LP-FT
achieves notable performance gains, highlighting
the effectiveness of this two-stage adaptation strat-
egy. This finding establishes that progressive fine-
tuning, beginning with a stabilized feature space,
is a powerful paradigm for enhancing model ro-
bustness in low-resource language contexts, paving
the way for more effective and responsible content
moderation.
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A Result on Validation Set

Table 2 presents a comprehensive comparison
of model performances on the validation split
of the SHARED TASK 1 dataset, spanning non-
transformer deep learning models, transformer-
based language models, and linear probing vari-
ants.

Among the non-transformer models, the addition
of an attention mechanism significantly improves
performance. Specifically, Bi-LSTM with attention
achieves the highest F1 scores within this group
across all subtasks, demonstrating the value of in-
corporating attention for sequence modeling.

Transformer-based models outperform all non-
transformer counterparts, with XLM-RoBERTa
achieving the best F1 score in Subtask 1B (57.24),
and strong performance across the other subtasks.
BanglaBERT shows competitive results as well,
particularly excelling in recall metrics, which sug-
gests effective representation learning for Bangla
text.

The linear probing experiments further highlight
the benefits of task-specific adaptation. While lin-
ear probing alone improves over some baseline
transformer models, the combination of linear prob-
ing with fine-tuning (LP-FT) yields the best results
overall. BanglaBERT-MLM with LP-FT achieves
the highest F1 scores for Subtasks 1A (56.75) and
1C (55.23), and remains highly competitive in Sub-
task 1B. IndicBERT-MLM also benefits from this
training strategy, consistently improving across
metrics.

Highlighted cells denote the best-performing
models within each experimental category, as well
as the top scores overall. These findings under-
score the effectiveness of combining pretrained
transformer architectures with targeted fine-tuning
approaches, especially for challenging tasks in low-
resource languages like Bangla.
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Models Sub-Task 1A Sub-Task 1B Sub-Task 1C

Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score

Deep Learning Models

Non Transformer based
LSTM 9.62 16.66 12.20 12.22 20 15.17 13.50 17.80 15.10
Bi-LSTM 41.85 18.13 15.24 36.94 22.15 19.20 38.24 28.50 29.81
LSTM + Attention 35.28 34.12 32.44 40.71 41.04 40.63 45.29 43.93 44.79
Bi-LSTM + Attention 43.62 40.28 42.45 44.19 46.38 47.74 43.51 42.49 43.17

Transformer based LMs
IndicBERT 46.04 40.86 43.00 51.53 47.16 49.02 47.92 44.31 45.69
VACBERT 43.42 40.46 41.66 46.97 46.38 46.55 47.62 45.07 45.74
XLM-RoBERTa 60.44 54.28 56.58 57.03 57.65 57.24 53.74 51.62 52.67
BanglaBERT 56.59 54.90 54.44 59.66 52.81 54.77 54.14 54.60 54.25

Linear Probing Models

VACBERT-MLM
+ Linear Probing 47.35 38.73 41.57 51.68 43.54 45.18 47.43 43.89 45.74
+ Linear Probing-FT 48.55 39.42 42.65 52.29 44.20 47.19 49.75 44.79 46.67

IndicBERT-MLM
+ Linear Probing 53.47 47.39 51.78 52.19 49.63 51.27 53.72 50.16 51.47
+ Linear Probing-FT 54.16 50.98 52.37 53.41 50.83 52.00 55.15 51.00 52.11

BanglaBERT-MLM
+ Linear Probing 56.78 55.49 55.87 60.17 53.98 56.24 52.87 57.61 54.97
+ Linear Probing-FT 57.50 56.89 56.75 60.55 54.27 56.72 53.98 58.21 55.23

Table 3: Model benchmarking results on the Validation split of the SHARED TASK 1 dataset are reported. Blue
highlights the highest-performing model and submitted during the competition, while Cyan marks the best-
performing models for each metric across the model types.
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Abstract
The rise of social media in Bangladesh has
increased abusive and hateful content, which
is difficult to detect due to the informal na-
ture of Bangla and limited resources. The
BLP 2025 shared task addressed this challenge
with subtask 1A (multi-label abuse categories)
and subtask 1B (target identification). We pro-
pose a parameter-efficient model using a frozen
BanglaBERT backbone with hierarchical atten-
tion to capture token level importance across
hidden layers. Context vectors are aggregated
for classification, combining syntactic and se-
mantic features. On subtask 1A, our frozen
model with hierarchical attention achieved a
micro-F1 of 0.7178, surpassing the baseline of
0.71, while the unfrozen variant scored 0.7149.
Our submissions ranked 15th (Subtask 1A) and
12th (Subtask 1B), showing that layer-wise at-
tention with a frozen backbone can effectively
detect abusive Bangla text. Our code can be
found here https://github.com/MOSHIIUR/
BLP_Subtask1A

1 Introduction

Hate speech detection has become an important
research problem in Natural Language Processing
(NLP) due to its social impact and the increasing
spread of harmful content online. Many studies
have focused on detecting hate speech, toxic lan-
guage, and abusive text. While most of these stud-
ies have concentrated on high-resource languages
like English (Lee et al., 2018; Albladi et al., 2025),
low-resource languages such as Bangla have re-
ceived far less attention (Romim et al., 2022; Das
et al., 2022). The Bangla language presents unique
challenges due to its complex vocabulary, lack of
clear word separation, and regional language vari-
ations, making hate speech detection particularly
difficult.

The primary objective of this paper is to detect
hate speech in Bangla on social media using a
layer-wise hierarchical transformer. The Second

Bangla Language Processing Workshop (BLP), co-
located with IJCNLP-AACL, organized a shared
task (Hasan et al., 2025b) and provided a novel
dataset for this purpose (Hasan et al., 2025a). The
dataset is annotated for multiple subtasks, includ-
ing subtask 1A, which identifies the type of hate
with six classes comprising Abusive, Sexism, Reli-
gious Hate, Political Hate, Profane, and None, and
subtask 1B, which identifies the target of hate with
five classes consisting of Individual, Organization,
Community, Society, and None.

To achieve this objective, we have experi-
mented with two transformer-based models: XLM-
RoBERTa, and BanglaBERT. Our three main con-
tributions are:

• A parameter-efficient hierarchical attention
model built on frozen BanglaBERT, reducing
trainable parameters by nearly 89%.

• Improved results on subtask 1A (Micro-F1 =
0.7178), outperforming standard fine-tuning
and other baselines.

• An ablation study showing that freezing the
backbone improves both performance and ef-
ficiency.

2 Related Work

Early studies on Bangla hate speech detection
mainly relied on classical machine learning models.
For instance, (Alvi and Sharmin, 2019) collected
5,126 Bangla social media comments and achieved
70% accuracy using GRU-based models, outper-
forming traditional ML approaches. (Romim et al.,
2022) created a larger dataset with over 50,000 of-
fensive comments and demonstrated the limitations
of standard LSTM and Bi-LSTM models on highly
diverse and informal text.

Recently, transformer-based models have shown
better performance for Bangla hate speech detec-
tion. (Alam et al., 2020) fine-tuned multilingual
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Figure 1: Micro-F1 vs. number of trainable model
parameters for subtask 1A on test set. Our proposed
BanglaBERT-attn model, using a frozen backbone,
achieves the highest accuracy (Micro-F1) while reduc-
ing the trainable parameter count by 89% compared to
the fully fine-tuned BanglaBERT.

transformers on Bangla text, achieving a 5–29%
improvement over previous methods. (Das et al.,
2022) developed datasets including both actual and
Romanized Bangla posts, where XLM-RoBERTa
achieved the best results. Similarly, (Keya et al.,
2023) explored BERT-GRU models on Bangla so-
cial media comments, showing strong performance.

Recent work has also focused on informal,
transliterated, and multi-modal Bangla data. (Is-
lam et al., 2021) collected controversial Bangla so-
cial media posts and achieved up to 88% accuracy
using SVM. (Karim et al., 2022) explored multi-
modal hate speech detection with Conv-LSTM and
XLM-RoBERTa achieving Micro-F1 scores up to
83%. (Haider et al., 2024) introduced a multi-label
Bangla hate speech dataset using translation-based
LLM prompting.

3 Methodology

3.1 Dataset Description & Preprocessing

We utilized the dataset offered by the BLP-2025
Shared Task 1 (Hasan et al., 2025a), which con-
sists of manually annotated YouTube comments
covering diverse topics such as politics, sports, in-
ternational news, and major violent incidents. The
dataset is structured in a multi-task setup with three
subtasks: hate type, hate target, and hate severity.
For subtask 1A (hate type), the data include six
classes: Abusive, Sexism, Religious Hate, Politi-
cal Hate, Profane, or None. For subtask 1B (hate
target), the classes are: Individual, Organization,
Community, Society, or None. Table 1 summarizes
the class-wise distribution across training, develop-

ment, and test splits for both subtasks.

Class Train Dev Test

Subtask 1A

Abusive 8212 564 2312
Sexism 122 11 29
Religious Hate 676 38 179
Political Hate 4227 291 1220
Profane 2331 157 709
None 19954 1451 5751
Total 35422 2512 10200

Subtask 1B

Individual 5646 364 1571
Organization 3846 292 1152
Community 2635 179 759
Society 2205 141 625
None 21190 1536 6093
Total 35522 2512 10200

Table 1: Overview of the Data and Splitting Procedure
for subtask 1A and subtask 1B

For preprocessing, we cleaned the text by re-
moving all non-Bangla characters and punctuation,
retaining only Bangla Unicode ranges. This de-
cision was made to reduce input noise and focus
the monolingual BanglaBERT model on the lexical
features of the Bangla language.

3.2 Method

We propose a hierarchical attention model that
leverages multi-level representations learned by
pre-trained transformer-based language models.
Our model, depicted in Figure 2, introduces a layer-
wise attention mechanism to dynamically weigh
the importance of hidden representations from each
layer of the transformer backbone. The core of our
methodology consists of three main stages: (1) a
layer-wise attention module, (2) a feature aggrega-
tion and projection module, and (3) a final classifi-
cation head. Hyperparameters for training can be
found in Appendix A.1

Problem Formulation: Formally, given a so-
cial media comment S = {t1, t2, ..., tn} as a
sequence of n tokens, the objective is to learn
a function f(S) → ŷ. For subtask 1A, ŷ
is a vector of K = 6 binary labels Y =
{Abusive, Sexism, . . . , None}. For subtask 1B
(target identification), ŷ represents one of K = 5
classes Y = {Individual, . . . , None}. The model
is trained to minimize a loss function (e.g., cross-
entropy) between the predicted labels ŷ and the
ground-truth labels y.

Standard fine-tuning of BERT-based models typi-
cally addresses this task by feeding the final hidden-
state representation of the [CLS] token into a clas-
sification head. Other common approaches involve
pooling the hidden states of all tokens in the final
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Figure 2: Architecture of the proposed Hierarchical attention model. For each of the L layers in the Trans-
formerBlock, the corresponding hidden states, H are processed by a dedicated attention network, A to compute
a layer-specific context vector, C. These context vectors are subsequently aggregated and projected into a single
feature vector for the final Classifier.

layer. In contrast, our HateNet-BN model hypoth-
esizes that valuable information for hate speech
detection is distributed across all layers of the trans-
former. We posit that intermediate layers capture
crucial syntactic and semantic cues that are di-
luted or lost in the final layer’s representation. Our
model, therefore, introduces a hierarchical atten-
tion mechanism to explicitly weigh and aggregate
representations from each layer, creating a richer,
multi-level feature vector for classification

Layer-wise Attention Mechanism: Instead of
relying solely on the final layer’s, our model attends
to the representations from all intermediate layers.
Let the set of hidden state matrices from the L lay-
ers of the transformer be {H(1),H(2), . . . ,H(L)},
where each H(l) ∈ Rn×dh contains the hidden
states for a sequence of length n, and dh is the
hidden dimension.

We introduce a set of L distinct attention net-
works, {A1,A2, . . . ,AL}, one for each trans-
former layer. Each attention network, Al, is a feed-
forward network that learns to assign an importance
weight to each token’s representation within its cor-
responding hidden state matrix H(l).

For a given hidden state h
(l)
i (the i-th token at

layer l), the attention networkAl computes a scalar
weight w(l)

i :

w
(l)
i = Al(h

(l)
i ) (1)

These learned weights are then applied to their cor-
responding hidden states to produce a weighted
representation for that layer. This allows the model

to emphasize tokens that are more relevant to the
classification task at that specific level of abstrac-
tion. A layer-specific context vector, c(l) ∈ Rdh , is
then generated by computing the weighted sum of
the token hidden states:

c(l) =
n∑

i=1

w
(l)
i h

(l)
i (2)

This process is repeated for all L layers, yielding a
set of context vectors {c(1), c(2), . . . , c(L)}, where
each vector encapsulates the most salient informa-
tion from its respective layer. This layer-wise ap-
proach is particularly advantageous for short social
media posts. In such condensed texts, meaning
is often implicit, and subtle cues (e.g., a single
profane word, a sarcastic tone) are critical. By at-
tending to all layers, our model can simultaneously
leverage low-level features (like token-level pro-
fanity from early layers) and high-level semantic
context (like sentence-level sarcasm from deeper
layers), which might be overly smoothed in a final-
layer-only representation.

Feature Aggregation and Projection: The set
of layer-wise context vectors must be aggregated
into a single feature vector for the final classifica-
tion. In this configuration, all layer-wise context
vectors are concatenated to form a single, high-
dimensional vector, preserving the distinct infor-
mation from each layer.

cconcat = [c(1); c(2); . . . ; c(L)] (3)

where cconcat ∈ RL·dh . This vector is subsequently
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Subtask 1A

Model Attn. Net. Freeze Abusive Sexism Religious Hate Political Hate Profane None Micro-F1

BanglaBERT × × 0.4743 0 0.4225 0.5371 0.6641 0.8246 0.71
BanglaBERT ✓ ✓ 0.5227 0 0.4677 0.5794 0.6885 0.8283 0.7178
BanglaBERT ✓ × 0.4708 0 0.3643 0.5687 0.7202 0.8246 0.7149

XLM-RoBERTa × × 0.5172 0 0.4730 0.5743 0.7440 0.8179 0.7114
XLM-RoBERTa ✓ ✓ 0.4282 0 0.3547 0.5669 0.5938 0.8010 0.6817
XLM-RoBERTa ✓ × 0.5180 0.0606 0.4777 0.5859 0.7478 0.8212 0.7143

Subtask 1B

Model Attn. Net. Freeze Individual Organization Community Society None Micro-F1

BanglaBERT × × 0.6269 0.5757 0.4375 0.4151 0.8299 0.7187
BanglaBERT ✓ ✓ 0.5973 0.5675 0.4068 0.3843 0.8271 0.7148
BanglaBERT ✓ × 0.6315 0.5755 0.4384 0.4173 0.8256 0.7142

XLM-RoBERTa × × 0.5976 0.5738 0.4062 0.4201 0.8231 0.7137
XLM-RoBERTa ✓ ✓ 0.5163 0.5527 0.3341 0.3179 0.8045 0.6857
XLM-RoBERTa ✓ × 0.6084 0.5915 0.4410 0.4204 0.8246 0.7149

Table 2: Comparison of Micro-F1 scores between baseline models and our proposed attention network (Attn. Net.)
on both subtasks. Results are shown for the attention network with unfrozen(×) and frozen(✓) backbone.

passed through a linear projector layer to reduce
its dimensionality back to the model’s hidden size,
dh.

f = Wpcconcat + bp (4)

Here, Wp ∈ Rdh×(L·dh) and bp ∈ Rdh are the
learnable parameters of the projector.

Classification and Training: The final feature
vector f is fed into a linear classification head,
which maps it to the logits for the K target classes.

z = Wcf + bc (5)

where Wc ∈ RK×dh and bc ∈ RK are the weight
and bias parameters of the classifier. The final
class probabilities are then obtained by applying
the softmax function to the logits:

P (y|S) = softmax(z) (6)

The entire model is trained end-to-end by minimiz-
ing the cross-entropy loss L between the predicted
probabilities and the ground-truth labels. For a
single training instance, the loss is given by:

L = −
K∑

k=1

yk log(P (yk|S)) (7)

where yk is a one-hot encoded vector represent-
ing the true class label. During training, we can
optionally freeze the parameters of the underlying
transformer backbone.

4 Results Analysis & Discussion

To evaluate the efficacy of our proposed layer-
wise attention mechanism, we conducted a series
of experiments on two distinct tasks: subtask 1A

and subtask 1B. We benchmarked two transformer-
based models, the monolingual BanglaBERT (Bhat-
tacharjee et al., 2022) and the multilingual XLM-
RoBERTa (Conneau et al., 2019). For each model,
we evaluated three primary configurations: (1) A
baseline model using standard fine-tuning without
our attention network. (2) Our proposed model
with the attention network applied to a fully fine-
tuned (unfrozen) backbone. (3) Our proposed
model with the attention network applied to a
frozen backbone, where only trainable parame-
ters are in our lightweight attention networks (Al)
and the final classification layer (Wc, bc) which
resulting in 89% parameter reduction. For a 12-
layer BERT-base model (L = 12, dh = 768), this
amounts to only 11.86M parameters. The perfor-
mance of each configuration, measured by Micro-
F1 score, is detailed in Table 2.

Performance on Subtask 1A: our proposed at-
tention mechanism demonstrated a clear positive
impact, particularly for the monolingual model.
BanglaBERT equipped with the attention network
and a frozen backbone achieved the highest score
of all configurations, with a Micro-F1 of 0.7178.

This represents a notable improvement over its
baseline counterpart (0.71). When the backbone
was fully trained, the performance of BanglaBERT
with our attention network remained strong at
0.7149, still outperforming the baseline. On
the other hand, the multilingual XLM-RoBERTa
model with standard fine-tuning baseline achieved
a competitive score of 0.7114. In contrast to
BanglaBERT, adding the attention network while
keeping the model frozen led to a significant per-
formance degradation (0.6817). However, with
the fully finetuned version it does outperform the
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(a) Subtask 1A (b) Subtask 1B

Figure 3: Confusion matrix for BanglaBERT with hierarchical attention and frozen backbone.

baseline (0.7143).
Performance on Subtask 1B:The results for

Subtask 1B reveal a more complex interaction
between the models and our proposed method.
For BanglaBERT, the standard fine-tuning base-
line achieved the highest score of 0.7187. In this
case, the introduction of the layer-wise attention
network, in both frozen and unfrozen configura-
tions, resulted in a minor decrease in performance.
For XLM-RoBERTa, we observe a similar pattern
to Subtask 1A. While the baseline result was com-
petitive, adding the attention network to a frozen
model again resulted in a comparatively low score
of 0.6857. However, the synergy between our at-
tention mechanism and a fully finetuned backbone
was once again evident. This variant achieved the
highest score among all XLM-RoBERTa config-
urations for this subtask, reaching a Micro-F1 of
0.7149.

Error Analysis: The confusion matrix for our
best-performing model for subtask 1A(Figure 3a)
reveals specific strengths and weaknesses. The
model excels at identifying the None (4919 cor-
rect) and Abusive (1121 correct) classes. However,
significant confusion exists between semantically
similar categories. For instance, 126 Profane in-
stances were misclassified as Abusive, and 199 Po-
litical Hate instances were also misclassified as
Abusive. Furthermore, 812 Abusive instances were
incorrectly labeled None, highlighting the difficulty
in distinguishing low-severity abusive content from
neutral text

Similarly, the confusion matrix for subtask

1B(Figure 3b) shows strong performance on the
None (5196 correct) and Individual (904 correct)
target classes. The primary sources of confusion
are between Organization and None (284 misclassi-
fications), and between Community and None (269
misclassifications), suggesting the model struggles
to identify targets when the hateful content is not
explicit.

5 Conclusion

In this paper, we introduced HateNet-BN, a
parameter-efficient, hierarchical attention model
designed to navigate the complexities of Bangla
hate speech detection. Our experiments, conducted
for the BLP-2025 Shared Task 1, demonstrated
that a lightweight attention mechanism can effec-
tively extract and weigh features from the different
layers of a large, pre-trained transformer model.
Our most significant finding was that the proposed
model, when paired with a frozen BanglaBERT
backbone, achieved a Micro-F1 score of 0.7178
on Subtask 1A. This result not only surpassed the
standard, fully fine-tuned BanglaBERT baseline
(0.7104 Micro-F1) but did so while reducing the
number of trainable parameters by approximately
89%. This work successfully shows that a surpris-
ingly small set of attention networks can effectively
leverage the rich, multi-level representations of a
large, frozen language model, offering a solution
that is simultaneously high-performing and compu-
tationally efficient.
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Limitations

Despite its effectiveness, this very efficiency raises
critical questions about the scalability of our ap-
proach. While effective on the 12-layer architec-
ture of BERT-base models, it is uncertain how this
method would scale to significantly deeper models
with 24, 48, or more layers. The linear increase in
attention networks one for each layer could intro-
duce its own optimization challenges and diminish
the parameter-efficiency gains observed here. Fu-
ture work should therefore investigate strategies
for selective or shared attention mechanisms that
can maintain this efficiency as model architectures
continue to grow in scale.

References
Tanvirul Alam, Akib Khan, and Firoj Alam. 2020.

Bangla text classification using transformers. arXiv
preprint arXiv:2011.04446.

Aish Albladi, Minarul Islam, Amit Das, Maryam Bigo-
nah, Zheng Zhang, Fatemeh Jamshidi, Mostafa Rah-
gouy, Nilanjana Raychawdhary, Daniela Marghitu,
and Cheryl Seals. 2025. Hate speech detection us-
ing large language models: A comprehensive review.
IEEE Access.

Md Ishmam Alvi and Sadia Sharmin. 2019. Hateful
speech detection in public facebook pages for the
bengali language. In 2019 18th IEEE International
Conference on Machine Learning and Applications
(ICMLA), pages 555–560. IEEE.

Abhik Bhattacharjee, Tahmid Hasan, Kazi Mubasshir,
Md. Saiful Islam, Wasi Ahmad Uddin, Anindya
Iqbal, M. Sohel Rahman, and Rifat Shahriyar. 2022.
Banglabert: Language model pretraining and bench-
marks for low-resource language understanding eval-
uation in bangla. In Findings of the North American
Chapter of the Association for Computational Lin-
guistics: NAACL 2022.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmán, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2019. Unsupervised
cross-lingual representation learning at scale. CoRR,
abs/1911.02116.

Mithun Das, Somnath Banerjee, Punyajoy Saha, and
Animesh Mukherjee. 2022. Hate speech and offen-
sive language detection in bengali. In Proceedings
of the 2nd Conference of the Asia-Pacific Chapter of
the Association for Computational Linguistics and
the 12th International Joint Conference on Natu-
ral Language Processing (Volume 1: Long Papers),
pages 286–296, Online only. Association for Compu-
tational Linguistics.

Fabiha Haider, Fariha Tanjim Shifat, Md Farhan Ish-
mam, Deeparghya Dutta Barua, Md Sakib Ul Rah-
man Sourove, Md Fahim, and Md Farhad Alam.
2024. Banth: A multi-label hate speech detection
dataset for transliterated bangla. arXiv preprint
arXiv:2410.13281.

Md Arid Hasan, Firoj Alam, Md Fahad Hossain, Us-
man Naseem, and Syed Ishtiaque Ahmed. 2025a.
Llm-based multi-task bangla hate speech detec-
tion: Type, severity, and target. arXiv preprint
arXiv:2510.01995.

Md Arid Hasan, Firoj Alam, Md Fahad Hossain, Us-
man Naseem, and Syed Ishtiaque Ahmed. 2025b.
Overview of blp 2025 task 1: Bangla hate speech
identification. In Proceedings of the Second Inter-
national Workshop on Bangla Language Processing
(BLP-2025), India. Association for Computational
Linguistics.

Tanvirul Islam, Nadim Ahmed, and Subhenur Latif.
2021. An evolutionary approach to comparative anal-
ysis of detecting bangla abusive text. Bulletin of
Electrical Engineering and Informatics, 10(4):2163–
2169.

Md Rezaul Karim, Sumon Kanti Dey, Tanhim Is-
lam, Md Shajalal, and Bharathi Raja Chakravarthi.
2022. Multimodal hate speech detection from ben-
gali memes and texts. In International Conference on
Speech and Language Technologies for Low-resource
Languages, pages 293–308. Springer.

A. J. Keya, M. M. Kabir, N. J. Shammey, M. F. Mridha,
M. R. Islam, and Y. Watanobe. 2023. G-bert: An
efficient method for identifying hate speech in ben-
gali texts on social media. IEEE Access, 11:79697–
79709.

Ho-Suk Lee, Hong-Rae Lee, Jun-U Park, and Yo-Sub
Han. 2018. An abusive text detection system based
on enhanced abusive and non-abusive word lists. De-
cision Support Systems, 113:22–31.

Nauros Romim, Mosahed Ahmed, Md Saiful Islam,
Arnab Sen Sharma, Hriteshwar Talukder, and Mo-
hammad Ruhul Amin. 2022. Bd-shs: A bench-
mark dataset for learning to detect online bangla hate
speech in different social contexts. In Proceedings of
the Thirteenth Language Resources and Evaluation
Conference, pages 5153–5162, Marseille, France. Eu-
ropean Language Resources Association.

A Appendix

A.1 Hyperparameters

We employed two transformer-based models:
XLM-RoBERTa base,BanglaBERT. Our approach
involved fine-tuning these models on the pre-
processed dataset. Each model was trained for
three epochs, a duration sufficient for convergence
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on the dataset and avoid model overfitting and un-
derfitting. In order to enhance the model’s perfor-
mance, a batch size of 16 was utilized to accelerate
the training procedure. The selection of a learning
rate of 2e-5 was based on the principle that this
rate facilitates more efficient learning of parameter
estimates by the algorithm. Table 3 presents the
hyperparameter used for this task.

Hyperparameter Value
Learning rate 2e-5
Optimizer Adam
Batch size 16
Number of epochs 3
Warmup ratio 0.1
Weight decay 0.01
LR scheduler Cosine
Metric for best model Micro-F1

Table 3: Hyperparameters used for fine-tuning trans-
former models
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Abstract

We present a hybrid approach for Bangla hate
speech detection that combines linguistic anal-
ysis with neural fine tuning. Our method first
identifies category specific keywords using TF-
IDF analysis on 35,522 training samples. These
keywords then inform prompt engineering for
Llama 3.1 8B model fine tuned with LoRA
adapters. We incorporate distinctive Bangla
terms directly into classification prompts to
guide the model understanding of hate speech
patterns. Our system achieved top 5 rankings
across all three BLP 2025 Task 1 subtasks in-
cluding hate type classification, target identifi-
cation, and multi task prediction. The approach
proved particularly effective for culturally spe-
cific hate speech patterns unique to Bangla so-
cial media discourse.

1 Introduction

Hate speech detection in Bangla social media
presents unique challenges due to the language’s
complex morphology and culturally specific expres-
sions of hate. The BLP 2025 Task 1 (Hasan et al.,
2025b) addresses this critical need by providing a
comprehensive dataset of YouTube comments la-
beled across multiple dimensions of hate speech.
This shared task includes three subtasks that pro-
gressively increase in complexity. Subtask 1A re-
quires categorizing text into six hate types includ-
ing Abusive, Sexism, Religious Hate, Political Hate,
Profane, or None. Subtask 1B focuses on identify-
ing the target of hate as Individuals, Organizations,
Communities, or Society. Subtask 1C combines
both tasks in a multi task learning setup.

Figure 1: Overview of the Hate Speech Classification
Pipeline

We approach these challenges through a unique
combination of statistical text analysis and modern
language modeling (see Figure 1). Our method-
ology begins with extensive TF-IDF analysis to
identify the most distinctive vocabulary for each
hate category. This analysis revealed strong lin-
guistic markers such as religious terms like মুসিলম
(muslim), আল্লাহ (allah), and িহন্দ

ু (hindu) for Reli-
gious Hate, political party names like লীগ (league)
and িবএনিপ (BNP) along with েভাট (vote) for Polit-
ical Hate, and explicit profanity like বাল, শালা for
the Profane category. We discovered that certain
categories exhibit significantly higher lexical dis-
tinctiveness than others. Political and Religious
Hate showed average TF-IDF scores above 0.015
for their top keywords, while Abusive and None
categories demonstrated more lexical overlap with
other classes.

Building on these linguistic insights, we designed
category specific prompts that incorporate the iden-
tified keywords as examples. This prompt engineer-
ing strategy helps the model recognize culturally
specific hate patterns that might not be apparent
from the text alone. We then fine tuned Llama 3.1
8B using Low Rank Adaptation with rank 64 and
alpha 128, training on the full dataset while main-
taining computational efficiency through 4 bit quan-
tization. The model processes instructions rather
than performing traditional token classification, al-
lowing it to leverage its pretrained knowledge while
adapting to Bangla specific hate speech patterns.

Our unified approach achieved competitive per-
formance across all three subtasks, securing top 5
positions in each. The system demonstrated particu-
lar strength in identifying explicit profanity with 95
percent recall, though minority classes like Sexism
remained challenging due to severe class imbalance.
This work contributes both a effective methodology
for Bangla hate speech detection and valuable in-
sights into the linguistic patterns of online hate in
South Asian social media contexts.
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2 Related Work

Recent advances in Bangla hate speech detection
have explored various neural architectures and mul-
tilingual models. Faruqe et al. (2023) employed
transformer based models including BERT for hate
speech classification, achieving high accuracy on
social media texts. Mim et al. (2024) investigated
ensemble methods combining CNN with traditional
machine learning classifiers for multimodal hate
detection from videos. There are works that high-
lighted the challenge of class imbalance in Bangla
datasets.

Cross lingual approaches have shown promise for
low resource scenarios. Ghosh and Senapati (2025)
demonstrated that XLM-RoBERTa fine tuned on
Hindi hate speech transfers reasonably to Bangla.
Sharma et al. (2025) emphasized the importance of
cultural context in South Asian hate speech, show-
ing that generic multilingual models miss region
specific slurs and references.

Recent work on prompt engineering for hate
detection includes Prome et al. (2025) who used
Llama2-7B with carefully crafted prompts for zero
shot classification. However, their approach lacked
language specific adaptations. Saha et al. (2024)
combined lexicon based features with BERT embed-
dings, achieving improvements on hate detection.
Our work differs by systematically extracting cat-
egory specific keywords through TF-IDF analysis
and incorporating them directly into prompts for in-
struction tuned models, bridging statistical analysis
with modern LLM capabilities.

3 Methodology

3.1 Dataset Processing and Class Distribution

The BLP 2025 dataset (Hasan et al., 2025a) con-
sists of YouTube comments exhibiting natural lan-
guage variations including code mixing, translit-
eration, and informal spellings common in social
media discourse. The training set contains 35,522
samples with severe class imbalance. The None
category dominates with 19,954 samples (56.2%),
followed by Abusive with 8,212 (23.1%), Politi-
cal Hate with 4,227 (11.9%), Profane with 2,331
(6.6%), Religious Hate with 676 (1.9%), and Sex-
ism with merely 122 samples (0.3%). This imbal-
ance posed significant challenges for minority class
detection. We maintained original distributions dur-
ing training rather than synthetic balancing to pre-
serve authentic hate speech patterns.

3.2 Keyword Extraction and Analysis

We begin by extracting category specific keywords
from the training corpus D = {(xi, yi)}Ni=1 where
xi represents the text and yi ∈ C denotes the hate
category. For each category c ∈ C, we compute the
TF-IDF scores to identify distinctive vocabulary.

The term frequency for word w in document (a
full comment here) d is calculated as:

TF(w, d) =
fw,d∑

w′∈d fw′,d
(1)

where fw,d represents the frequency of word w
in document d. The inverse document frequency is:

IDF(w,D) = log
|D|

|{d ∈ D : w ∈ d}| (2)

For category specific analysis, we aggregate TF-
IDF scores across all documents belonging to cate-
gory c:

Score(w, c) =
1

|Dc|
∑

d∈Dc

TF-IDF(w, d) (3)

We filter keywords appearing in multiple cate-
gories using a cross category threshold τ = 2. A
word w is retained for category c only if:

|{c′ ∈ C : w ∈ Topk(c
′)}| ≤ τ (4)

where Topk(c) denotes the top k words for cat-
egory c. Our analysis identified 316 Bangla stop-
words which were removed during preprocessing.

3.3 Prompt Engineering with Keywords

For each hate category c, we construct prompts
incorporating the extracted keywords Kc =
{w1, w2, ..., wm}. The prompt template P (x,Kc)
is formulated as:

P (x,Kc) = Inst⊕
⋃

c∈C
Desc(c,Kc)⊕ x⊕ Label

(5)
where Inst represents task instructions,

Desc(c,Kc) provides category description with
example keywords, and ⊕ denotes concatenation.
Each category description includes the top scoring
keywords from our TF-IDF analysis.
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3.4 Low Rank Adaptation Fine Tuning
We employ LoRA to efficiently fine tune the Llama
3.1 8B model while preserving its general capa-
bilities. The adaptation modifies weight matrices
through low rank decomposition:

W ′ = W0 +∆W = W0 +BA (6)

where W0 ∈ Rd×k represents frozen pretrained
weights, B ∈ Rd×r and A ∈ Rr×k are trainable
matrices with rank r � min(d, k). We set r = 64
and scaling factor α = 128.

The training objective minimizes the cross en-
tropy loss over instruction response pairs:

L = − 1

N

N∑

i=1

T∑

t=1

logP (yti |xi, y<t
i ; θ +∆θ) (7)

where ∆θ = {BA} represents the LoRA param-
eters. We apply adapters to query, key, value, and
output projections in attention layers, as well as the
feed forward components.

Training employed gradient accumulation with
effective batch size beff = b× g = 32 where b = 8
is the per device batch size and g = 4 is the accu-
mulation steps. We used AdamW optimizer with
learning rate η = 2×10−4 and linear warmup over
10 percent of training steps. The model was quan-
tized to 4 bits using QLoRA for memory efficiency,
enabling training on a single Tesla V100 GPU with
32GB VRAM.

3.5 Inference and Prediction
During inference, we generate predictions using
greedy decoding with temperature T = 0 for de-
terministic outputs. The predicted category ŷ is
extracted from the generated text through pattern
matching on the instruction following response. For
multi task scenarios in Subtask 1C, we parse multi-
ple labels from the structured output format.

4 Results

4.1 Keyword Analysis Findings
Table 1 presents the top distinctive keywords identi-
fied through TF-IDF analysis for each hate category
on train set. The analysis reveals culturally specific
linguistic markers that traditional multilingual mod-
els often overlook.

The keyword analysis demonstrates clear lexi-
cal separation between categories. Religious and
Political Hate exhibit the strongest distinctive vocab-
ularies with average scores exceeding 0.017, while

Category Top Keywords (Bangla) Avg Score
Religious
Hate

ম

ু

সিলম (0.045), আল্লাহ

(0.037), িহন্দু (0.023), ইহু িদ
(0.022), ইসলাম (0.015)

0.0234

Political
Hate

েভাট (0.028), সরকার (0.022),
লীগ (0.020), িবএনিপ (0.019),
আওয

়

ামী (0.018)

0.0178

Profane বাল (0.040), শালা (0.015),
ক

ু

ত

্

তার (0.011), খানিকর

(0.015), মাদার (0.007)

0.0171

Sexism নারী (0.042), মিহলা (0.030),
েমেয

় (0.021), পু রুষ (0.019),
িহজরা (0.017)

0.0221

Abusive িমথ্যা (0.007), পাগল (0.006),
লজ্জা (0.005), েচার (0.008),
দালাল (0.013)

0.0080

None ভাই (0.011), খুব (0.006), দাম
(0.005), িঠক (0.005), সময

়

(0.007)

0.0069

Table 1: Category-specific keywords with TF-IDF scores

Abusive and None categories show significant over-
lap with other classes, scoring below 0.008.

4.2 Classification Performance

able 2 shows the classification results across all
three subtasks. Our unified approach achieved com-
petitive performance with consistent results across
different hate detection challenges. For Subtask 1C
(multi-class classification), we employed a pattern-
matching approach where the model directly pre-
dicts the next word as the label instead of relying
on logits. This method proved more effective, as
logits often introduce calibration issues and class
imbalance bias, whereas direct next-word predic-
tion aligns better with the generative nature of the
model for discrete class outputs.

Subtask Micro F1 Macro F1 Accuracy
1A: Hate Type 73.28 55.6 72.5
1B: Target 73.17 55.4 72.3
1C: Multi-task 73.32 55.3 72.2

Table 2: Overall performance metrics across subtasks
on final test set

4.3 Per-Category Analysis

Detailed classification performance varies signifi-
cantly across hate categories as shown in Table 3.
The model excels at detecting explicit profanity but
struggles with minority classes. In the multi-class
setting of task 1C, the class imbalances along with
multiple output prediction introduce slight confu-
sions between different categories, raising the dif-
ficulty for the LLM to disentangle multiple hate
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indicators within a single utterance but performs
better for easier cases.

Category Precision Recall F1 Support
None 81.3 85.2 83.2 1,451
Profane 78.4 94.9 85.9 157
Political Hate 58.2 53.3 55.6 291
Abusive 59.1 52.8 55.8 564
Religious Hate 28.6 21.5 24.6 38
Sexism 50.0 18.2 26.7 11
Weighted Avg 71.8 73.2 72.3 2,512

Table 3: Per-category classification performance on val-
idation set (task 1A)

4.4 Ablation Study
We conducted ablation experiments to assess the
contribution of each component in our pipeline.
Table 4 demonstrates the importance of keyword-
informed prompts.

Configuration Micro F1 ∆

Full Model 73.2 –
w/o Keyword Prompts 70.4 -2.8
w/o TF-IDF Filtering 71.1 -2.1
w/o Stopword Removal 71.6 -1.6
Base Llama (Zero-shot) 42.3 -30.9
LoRA r=32 (vs r=64) 72.8 -0.4

Table 4: Ablation study showing component contribu-
tions on validation set (task 1A)

The ablation results highlight that keyword-
informed prompts contribute 2.8 points to the fi-
nal performance. Removing TF-IDF filtering de-
grades performance by 2.1 points, indicating the
importance of category-specific vocabulary selec-
tion. The base model without fine-tuning achieves
only 42.3% accuracy, primarily predicting the ma-
jority None class.

4.5 Discussion
Our results reveal several insights about Bangla
hate speech patterns. The high recall for Profane
content (94.9%) suggests that explicit profanity fol-
lows consistent linguistic patterns easily captured
through keyword matching. Political Hate category
benefits substantially from domain-specific vocab-
ulary, explaining their strong TF-IDF scores and
reasonable detection rates despite class imbalance.

The poor performance on Sexism and Relgious
Hate stems from both data scarcity and subtler
linguistic expressions. Unlike explicit profanity,
gender-based hate often manifests through context-
dependent statements requiring deeper semantic

understanding. The model struggles to differentiate
between legitimate gender discussions and sexist
content, frequently misclassifying them as None.

Error analysis reveals that code-mixed content
poses particular challenges. Comments mixing
Bangla with English or romanized Bangla often
escape detection, as our keyword extraction primar-
ily focused on native script. Additionally, sarcastic
or indirect hate speech remains problematic, as the
model relies heavily on surface-level keyword indi-
cators rather than contextual interpretation.

The consistent performance across subtasks sug-
gests our approach successfully captures general
hate patterns applicable to both type classification
and target identification. The performance consis-
tency from Subtask 1A to 1C indicates that multi-
task prediction did not introduce additional com-
plexity here.

5 Conclusion

This study presents a comprehensive pipeline for
Bangla hate speech classification, integrating lin-
guistic analysis with LLM fine-tuning to address
the difficulties of multi-class detection. By identi-
fying category-specific keywords via TF-IDF and
incorporating them into structured prompts, our
Unsloth-optimized Llama 3.1 8B model achieves a
micro F1-score of 72.3% on the validation set. This
approach not only enhances model interpretability
but also bridges gaps in low-resource language NLP.
Future work could extend to real-time deployment
and cross-lingual transfer, fostering safer online
spaces in Bangla-speaking communities. Our con-
tributions underscore the value of hybrid methods
for culturally sensitive moderation.

Limitations

Despite promising results, our model faces chal-
lenges from severe class imbalance, leading to
confusions with broader content. The reliance
on keyword-based prompting may overlook sub-
tle evolving slang, potentially introducing biases
from the training corpus. Computational demands
of fine-tuning large LLMs limit scalability on
resource-constrained devices, and evaluation on a
single dataset may not generalize to diverse dialects.
Addressing these through balanced augmentation
and ensemble methods remains essential for robust,
equitable hate speech mitigation.
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Abstract

This paper presents our submission for Task
2 of the Bangla Language Processing (BLP)
Workshop, which focuses on generating Python
code from Bangla programming prompts in a
low-resource setting. We address this challenge
by fine-tuning the gemma-2-9b instruction-
tuned model using parameter-efficient fine-
tuning (PEFT) with QLoRA. We propose an
iterative self-improvement strategy that aug-
ments the extremely limited training data (74
examples) by reusing verified correct predic-
tions from the development set, alongside
LoRA rank experiments (8, 16, 32), observ-
ing a clear correlation between rank and accu-
racy, with rank 32 delivering the best results.
Compared to translation-based and retrieval-
augmented baselines, our approach achieves
significantly higher accuracy, with a pass rate
of 47% on the development set and 37% on the
hidden test set. These results highlight the ef-
fectiveness of combining iterative data augmen-
tation with rank optimisation for specialised,
low-resource code generation tasks.

1 Introduction

The ability of large language models (LLMs)
to generate code has significantly advanced soft-
ware development and computer science education.
However, most progress has been concentrated on
high-resource languages like English. The BLP
Task 2 (Raihan et al., 2025c) presents a valuable
challenge: extending these capabilities to Bangla, a
language spoken by more than 230 million people
yet underrepresented in mainstream NLP research.
The task requires a system to take a programming
prompt written in Bangla and generate a Python
script that passes a set of hidden unit tests.

This task is particularly challenging due to two
factors: the need for models to comprehend nu-
anced, procedural instructions in a non-English
language, and the extremely limited size of the ini-
tial training dataset (74 examples). Our work aims

to tackle this by adapting a powerful, pre-trained
LLM and introducing a novel training strategy to
overcome data scarcity.

Our primary contributions are as follows:

• We introduce an iterative self-improvement
pipeline that uses the model’s own correct
generations on the development set to aug-
ment the training data, progressively boosting
performance without external data.

• We provide a comparative analysis of different
base models (Gemma-2, Code Llama, Star-
Coder) and LoRA configurations, identifying
Gemma-2-9b-it model with a rank of 32 as
the most effective combination.

• Our approach achieves a final pass rate of 37%
on the official test set and 47% on the devel-
opment set, showcasing a viable method for
low-resource code generation.

2 Related Work

2.1 Large Language Models for Code
Generation

Large Language Models (LLMs) have transformed
automated code generation. Codex (Chen et al.,
2021), powering GitHub Copilot, showcased the
potential of training on large-scale code corpora,
followed by open-source models like StarCoder
(Li et al., 2023) and Code Llama (Touvron et al.,
2023). While highly effective in languages such as
Python and JavaScript, their performance on low-
resource natural languages like Bangla remains un-
derexplored.

Recent efforts target multilingual code genera-
tion. Benchmarks such as HumanEval-XL (Peng
et al., 2024) and CRUXEval-X (Xu et al., 2025)
evaluate cross-lingual generalization and reason-
ing, while works like Li et al. (2025) and Liu
et al. (2025) study zero-shot transfer and retrieval-
augmented generation. However, most approaches
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rely on translation or parallel resources, leaving
open challenges for direct adaptation in severely
low-resource settings. Our work addresses this
through iterative fine-tuning on Bangla-specific
prompts.

2.2 Parameter-Efficient Fine-Tuning (PEFT)

Fully fine-tuning multi-billion parameter models is
computationally prohibitive for most researchers.
PEFT methods have emerged as a solution. Low-
Rank Adaptation, or LoRA, was introduced by Hu
et al. (2021), who proposed freezing the pre-trained
model weights and injecting small, trainable low-
rank matrices into the transformer layers. This
reduces the number of trainable parameters by or-
ders of magnitude. Dettmers et al. (2023) later
proposed QLoRA, which applies LoRA on top of
a quantized base model, such as 4-bit, making it
possible to fine-tune massive models on a single
GPU.

2.3 Low-Resource NLP

NLP for low-resource languages like Bangla faces
persistent data scarcity, which is even more acute
for specialised tasks such as code generation. We
address this with an iterative self-improvement ap-
proach related to pseudo-labeling, where a model’s
own predictions are reused as training data. Tra-
ditional pseudo-labeling assigns high-confidence
predictions to unlabeled data and retrains with
thresholds to limit errors (Lee, 2013), while self-
training incorporates pseudo-labels without verifi-
cation (Yarowsky, 1995). In contrast, our method
augments training data only with verified predic-
tions from the development set—confirmed via
pass rates against hidden unit tests—thereby re-
ducing error propagation in procedural tasks like
Bangla-to-Python generation. Unlike general self-
training, which risks amplifying noisy labels, our
approach establishes a targeted feedback loop that
curates high-quality, in-domain pairs without exter-
nal data, emphasizing execution-based validation
over probabilistic confidence for syntactic and se-
mantic accuracy.

3 Dataset and Data Augmentation
Strategy

The dataset provided for the task consists of a
small training split with 74 samples and a develop-
ment split with 400 samples (Raihan et al., 2025a),
whereas the test dataset consisted of 500 samples

(Raihan et al., 2025b). Each sample is a JSON ob-
ject that contains a Bangla instruction (instruction),
a corresponding Python solution (response), and
other metadata.

Given the extremely small size of the ini-
tial training set, we designed an iterative self-
improvement strategy to augment our data using
the model’s own predictions on the development
set. This process was executed in the following
stages:

• Initial Training: The base model was first
fine-tuned on the original 74 training samples.
This initial model achieved a pass rate of 38%
in the 400-sample development set.

• Data Augmentation: We identified the 152
correct predictions (38% of 400) from the
development set. These high-quality, model-
verified instruction-response pairs were then
added to the original training data, creating an
augmented set of 226 samples.

• Iterative Re-training: The model was re-
trained from its original checkpoint using this
new, larger dataset. This step, combined with
training at a higher LoRA rank, improved the
development set pass rate from 38% to 42%.
A final re-training with an optimised LoRA
rank further boosted this score to 47%.

This iterative data curation strategy was central
to our ability to improve performance despite the
initial data scarcity.

4 Methodology

Our approach is centered around the supervised
fine-tuning of a pre-trained LLM using an itera-
tive data augmentation strategy. All training was
conducted on a single NVIDIA A6000 GPU, with
each run completing in under five minutes due to
the small dataset and an early stopping callback
monitoring validation loss.

4.1 Base Model Selection
We conducted preliminary experiments with sev-
eral open-source models to select the best foun-
dation for our task. Using the development
set for evaluation, we found that StarCoder (Li
et al., 2023) achieved a pass rate of only 13%,
while CodeLlama-3.1-8B-it (Touvron et al., 2023)
reached 32%. The Gemma-2-9b-it model demon-
strated a superior baseline performance, reaching
an accuracy of 38%, justifying its selection.

557



Model Configuration Dev Set Pass Rate
Translation-based (mBART + Gemma-2) 6%
RAG (Retrieval-Augmented) 11%
StarCoder (Base) 13%
CodeLlama-3.1-8B-it 32%
Gemma-2-9B-it (r=8) 38%
Gemma-2-9B-it (r=16) 42%
Gemma-2-9B-it (r=32) 47%

Table 1: Performance comparison between different
models.

We hypothesise that its strong performance
stems from a robust instruction-following capabil-
ity derived from its pre-training, providing a better
foundation for interpreting Bangla prompts. We
also attempted to use larger 30B+ parameter mod-
els, but they overfit rapidly on the small dataset.

In addition to evaluating specialised code gen-
eration models, we explored simpler baseline ap-
proaches to establish the necessity of our itera-
tive fine-tuning strategy in this low-resource set-
ting. First, we implemented a translation-based
method, where Bangla prompts were translated
to English using a pre-trained translation model
like mBART (Tang et al., 2020) before feeding
them into the base gemma-2-9b-it model for code
generation. This approach yielded a pass rate
of only 6% on the development set, highlighting
the challenges of cross-lingual transfer without
targeted adaptation. Second, we tested a RAG
pipeline using SentenceTransformer (’paraphrase-
multilingual-MiniLM-L12-v2’) and a FAISS index.
Using CodeLlama-7b as the generator, this k=3
few-shot approach achieved only an 11% pass rate,
limited by the scarcity of relevant Bangla-aligned
retrieval data. These results underscore the inade-
quacy of off-the-shelf methods for Bangla-specific
code generation, justifying our parameter-efficient
fine-tuning method with iterative self-improvement,
which significantly outperforms these baselines by
achieving up to 47% on the development set.

4.2 Fine-Tuning with QLoRA
We applied QLoRA (Dettmers et al., 2023) to
enable efficient fine-tuning of the selected base
model.

Quantization. The base model was loaded in 4-
bit precision using NF4 quantization from bitsand-
bytes, with computation performed in bfloat16.

LoRA Configuration. Following the LoRA
framework (Hu et al., 2021), we experimented with
ranks of 8, 16, and 32, observing pass rates of 38%,

Figure 1: Convergence Graph

42%, and 47% respectively. Our final model used a
rank (r) of 32 and a lora_alpha value of 64, applied
to all attention and feed-forward layers.

4.3 Training
We used the SFTTrainer for finetuning the model.
Key parameters included:

• Optimizer: Adam (paged_adamw_8bit)

• Learning Rate: 5×10−5 with a cosine sched-
uler

• Effective Batch Size: 8 (2 per device × 4
gradient accumulation steps)

• Precision: bfloat16 with flash attention for
faster training

Training was configured with early stopping on
validation loss (patience=3), which consistently
triggered after a short period, indicating rapid con-
vergence on the small dataset.

5 Results

Our final model achieved a pass rate of 47% on
the development set and 37% on the final hidden
test set. The iterative data augmentation strategy
and experimenting with LoRA rank was critical to
our performance, improving the development set
pass rate from an initial 38% to 47%—a relative
improvement of 24%.

The training and validation loss curve for our
final training run in Figure 1 shows that the model
began to overfit after approximately 60 steps, and
our early stopping mechanism correctly identified
the optimal checkpoint, preventing performance
degradation.

5.1 Qualitative Analysis
The success of our final model over other configu-
rations can be attributed to two synergistic factors:
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• Superior Base Model Foundation: The
gemma-2-9b-it model’s superior performance
compared to code-specific models like Code
Llama and StarCoder suggests that its ro-
bust general instruction-following capabili-
ties, honed during pre-training, provided a
better foundation for interpreting the nuanced
Bangla prompts. It was more adaptable to the
cross-lingual, instructional nature of the task.

• Targeted Data Strategy: The iterative self-
improvement method was highly effective be-
cause it directly addressed the core problem: a
lack of training data. Instead of relying on syn-
thetic data from another model, we used our
own model’s evolving capabilities to curate a
high-quality, in-domain dataset. This created
a positive feedback loop where each training
iteration made the model a better data cura-
tor for the next, leading to significant perfor-
mance gains that would have been impossible
with the original 74 samples alone.

5.2 LoRA Rank Experimentation
A key part of our experimentation was finding the
optimal LoRA rank (r). We observed a clear cor-
relation between the rank and performance on this
dataset:

• A rank of 8 yielded a 38% pass rate.

• A rank of 16 combined with the augmented
dataset yielded a 42% pass rate.

• A rank of 32 on this same augmented dataset
yielded a 47% pass rate.

Our final and best-performing model used the
iterative data augmentation strategy combined with
a LoRA rank of 32. This submission achieved a
47% pass rate on the development set and a 37%
pass rate on the final hidden test set.

5.3 Successful Generations
Analysis of our model’s 400 predictions on the
development set reveals distinct patterns of success
and failure.

The model demonstrated a strong capability for
generating complex, multi-part algorithms that re-
quire more than just pattern matching. For instance,
in problem ID 35, the model was tasked with im-
plementing heap sort. It correctly generated the
full algorithm, including a logically sound nested
heapify helper function.

def heap_sort(lst):
def heapify(arr , n, i):

# ... (correct heapify logic)

# ... (correct main sort logic)
heap_sort_util(lst , len(lst))
return lst

This suggests that the fine-tuning process suc-
cessfully elicited the base model’s underlying algo-
rithmic reasoning capabilities.

5.4 Error Analysis
The 213 failed test cases on the development set
can be categorized into several groups. The most
common failure mode was the omission of neces-
sary dependencies. For example, in problem ID 26
(calculating a triangle’s area), the model generated
the mathematically correct formula (n*n*sqrt(3))/4
but failed with a NameError because it did not in-
clude the required from math import sqrt statement.
Similar NameError failures occurred for other li-
braries like itertools (ID 91) and re (ID 222). Other
frequent errors included TypeError (e.g., trying to
perform tuple arithmetic), IndexError, and logical
flaws leading to AssertionError. These errors in-
dicate that while the model is adept at generating
the core logic, it struggles to consistently produce
complete, self-contained, and executable scripts.

6 Conclusion

In this paper, we presented an efficient approach to
Bangla-to-Python code generation by fine-tuning
Gemma-2-9B with QLoRA and an iterative self-
improvement strategy that augments scarce train-
ing data using the model’s verified outputs. LoRA
rank experiments revealed higher ranks improve
performance, outperforming translation-based and
retrieval-augmented baselines. Our findings high-
light iterative fine-tuning and hyperparameter opti-
misation as practical for low-resource code genera-
tion tasks.

For future work, we propose two main directions.
First, generating a larger, higher-quality augmented
dataset could provide a stronger foundation for
training. Second, exploring alternative model archi-
tectures, such as dedicated encoder-decoder mod-
els, may yield better results for this cross-lingual
translation-like task.

Limitations

While our approach demonstrates a viable method
for this low-resource task, we acknowledge several
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key limitations that constrained performance and
highlight directions for future work.

Our iterative strategy is fundamentally depen-
dent on the quality and diversity of the small initial
dataset (74 samples), which risks amplifying initial
data biases. This data scarcity also constrained our
model choice to a 9B model, as larger 30B+ pa-
rameter models quickly overfit. Furthermore, our
study is limited in its baseline comparisons. We
did not compare our approach to methods using
synthetic data distilled from stronger models, nor
did we perform an ablation study to isolate the per-
formance impact of QLoRA quantization against
full-precision fine-tuning.

A final limitation, evident from error analysis, is
the model’s tendency to generate logically correct
but syntactically incomplete code, most often caus-
ing NameError from missing imports (e.g., failing
to include import math). This highlights a gap be-
tween learning core algorithms and the scaffolding
(imports, class definitions, etc.) needed for exe-
cutable scripts.
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Abstract

We present a formally grounded description of
a reward-selective fine-tuning (RSFT) pipeline
for code generation from Bangla natural-
language prompts. The implemented system
mines candidate programs via temperature and
nucleus sampling, executes candidates in a
sandbox and retains programs that pass all unit
tests, performs supervised fine-tuning (SFT)
on winners using parameter-efficient Low rank
adaptation (LoRA) adapters, and augments ro-
bustness through fuzzed asserts. We specify the
exact objectives and estimators used, provide a
Bangla-aware preprocessing recipe, prove sim-
ple properties of the sampling budget, and re-
port an ablation showing the effect of inference
sample budget K on accuracy. We also include
a threat model for safe execution. Our codes
are available on GitHub.1

1 Introduction

We investigate reward-selective fine-tuning (RSFT)
of Bangla-to-Python code, a light-weight gen-
erate–execute–select–SFT loop that only keeps
execution-checked contenders and fine-tunes with
maximum likelihood. Unlike RLHF-style pol-
icy optimization, RSFT avoids reward modeling
and on-policy credit assignment, avoiding instabil-
ity and engineering overhead. Our system com-
bines stochastic discovery with sandboxed unit
tests and fuzzed asserts for safety, and uses LoRA
for parameter-efficient adaptation. We then ana-
lyze the sample budget K, showing why returns
saturate, and see PASS@1/PASS@k ablations as
predicted by the theory. Our main contributions in
this instance are an industrial RSFT pipeline for
Bangla code, fuzzed asserts hardening execution
harness, and a slim theory–experiment bridge for
the sample budget role.

1https://github.com/Musa-Tur-Farazi/
BLP-Code-Genenation-Task.git

2 Related Work

Policy-gradient methods and RLHF optimize non-
differentiable or preference rewards but are com-
plex and unstable (Ranzato et al., 2016; Paulus
et al., 2018; Stiennon et al., 2020; Ouyang et al.,
2022).Generate–filter–finetune schemes avoid pol-
icy gradients by selecting high-quality samples
(RAFT/RSFT; STaR) or by converting preferences
into supervised loss (DPO) (Dong et al., 2023; Ze-
likman et al., 2022; Rafailov et al., 2023). LoRA
updates a tiny fraction of weights and pairs natu-
rally with RSFT (Hu et al., 2021). For code mod-
els, large-scale supervised/instruction tuning and
verification-guided training underpin systems such
as Codex, AlphaCode, Code Llama, and CodeRL
(Chen et al., 2021; Li et al., 2022; Rozière et al.,
2023; Le et al., 2022).We adopt the RSFT recipe
with execution correctness as the filter and LoRA
for efficient updates.

3 Problem Statement

Let P be the set of Bangla prompts and Y the
set of syntactically valid Python programs (token
sequences). With parameters θ,

Pθ(y | p) =
L∏

t=1

Pθ

(
yt | p, y<t

)
, (1)

where y = (y1, . . . , yL).
Each prompt p has a unit-test suite Tp. We use a

binary reward

r(y;Tp) = 1{y passes all tests in Tp}, (2)

and optionally a fractional reward rfrac(y;Tp) ∈
[0, 1].

4 Bangla-aware Preprocessing

Unicode normalization. Prompts are normalized
to NFC following the Unicode standard to harmo-
nize visually identical but canonically distinct se-
quences (The Unicode Consortium, 2024).
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Script and punctuation. We preserve Bangla dig-
its and punctuation; ASCII punctuation present in
prompts is retained (no transliteration) to avoid
corrupting code-like tokens in the target.
Tokenization. Subword tokenization jointly covers
Bangla prompts and Python targets using Sentence-
Piece/BPE (Kudo and Richardson, 2018), a choice
consistent with recent Bangla language modeling
work(Bhattacharjee et al., 2022; Sennrich et al.,
2016). We refrain from code-specific token surg-
erto avoid introducing off-policy artifacts.

5 Mining by Sampling and Sandboxed
Execution

Candidates are sampled stochastically and executed
under isolation.

Decoding. Let zt be logits at step t. Temperature
T > 0 rescales logits to zt/T . Nucleus (top-p)
sampling restricts sampling to the smallest token
set with cumulative probability at least p. The
miner distribution is πold(· | p).
Discovery statistics. Under πold,

psucc(p) = Pr
y∼πold(·|p)

[
r(y;Tp) = 1

]
. (3)

With K independent draws, E[winners] =
K psucc(p) and

Pr(at least one winner) = 1−
(
1− psucc(p)

)K
.

(4)

Threat model and sandboxing. Execution oc-
curs in a restricted environment with no network,
including CPU, memory, time limits, constrained
file-system and without modules and system calls.
Unit tests run solely within this enclave to evaluate
r(y;Tp).

6 RSFT Dataset and Supervised
Fine-tuning

From the sampled candidates, winners are retained.
Let Sp be the multiset of winners for p. The in-
duced empirical RSFT distribution is

Q(y | p) = πold(y | p) r(y;Tp)

Z(p)
,

Z(p) = Ey∼πold(·|p)
[
r(y;Tp)

]
.

(5)

Supervised fine-tuning minimizes the negative log-
likelihood on Drsft = {(p, y)}:

LMLE(θ) = −
∑

(p,y)∈Drsft

logPθ(y | p). (6)

Training on samples from Q corresponds to mini-
mizing

Ep[KL(Q(· | p) ∥Pθ(· | p))] .

7 Parameter-efficient Fine-tuning

We use LoRA adapters to reduce trainable parame-
ters. For weight matrix W ∈ Rdo×di ,

W ′ = W +∆W, ∆W = BA, (7)

with A ∈ Rr×di , B ∈ Rdo×r, r ≪ min(di, do).
Only A and B are updated.

8 Robustness using Fuzzed Asserts

To discourage brittle solutions, some test suites
are augmented with perturbed inputs and mutated
asserts. If T ′

p denotes the augmented set,

r′(y; T ′
p ) = 1{y passes all tests in T ′

p},

which tightens the correctness predicate and im-
proves selection precision.

9 Evaluation Metrics

We report PASS@1 with greedy decoding and
PASS@k with stochastic sampling following the
HumanEval/Codex protocol (Chen et al., 2021).
Given n samples with c correct,

̂pass@k = 1−
(
n−c
k

)
(
n
k

) , n ≥ k, (8)

the standard unbiased estimator under sampling
without replacement. For uncertainty we use exact
Clopper–Pearson or Wilson score intervals (Clop-
per and Pearson, 1934; Wilson, 1927).

10 Formal Properties of the Sampling
Budget K

Let p = psucc(p) for brevity. The function f(K) =
1− (1− p)K (Eq. 4) is:

• Monotone in K for any p ∈ (0, 1].

• Concave in K (diminishing marginal returns),
since f ′′(K) = −(1− p)K ln2(1− p) ≤ 0.

• To attain Pr(≥ 1 winner) ≥ 1 − δ, it suffices
that

K ≥ ln δ

ln(1− p)
≈ 1

p
ln
1

δ
for small p.

These properties explain the empirical concavity
with the change in K.
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Figure 1: RSFT pipeline: sampling→ sandboxed execution→ winner selection→ SFT with LoRA→ evaluation.

11 Pseudocode (RSFT Mining & SFT)

Algorithm 1: RSFT Mining
Input: Prompt set P; generator πold(· | p);

sandboxed executor Tp; optional
scorer s(p, y);

Output: Mined supervision pairs Drsft
Drsft ← ∅
foreach p ∈ P do

Sample y(1:K) ∼ πold(· | p)
S ← { y(j) : PASS(Tp(y

(j))) }
if s is provided then

choose W ⊆ S of size m
maximizing s(p, y)

else
choose W ⊆ S of size m

end
Drsft ← Drsft ∪ {(p, y) : y ∈W}

end
return Drsft

Algorithm 2: Fine-tuning
Input: Base model fθ with LoRA adapters;

dataset Drsft; optimizer O; batch
size B; epochs E

Output: Adapted parameters θ⋆

for e← 1 to E do
for mini-batch B ⊂ Drsft of size B do

compute LMLE(θ;B) =
−

∑

(p,y)∈B
log pθ(y | p)

backpropagate∇θLMLE; update
LoRA parameters using O

end
end
return θ⋆

12 Datasets

We follow the BLP-2025 Task 2 split (Raihan et al.,
2025c) with an organizer-provided trial set for for-
mat checks, mHumanEval-Bangla for development
(Raihan et al., 2025a), and MBPP-Bangla for held-
out evaluation (Raihan et al., 2025b). All prompts
are Bangla (instruction); unit tests are Python
snippets stored in test_list and executed in a
sandbox. The test split contains hidden tests avail-
able only at scoring time.
Each row contains an id, a Bangla prompt
instruction, optional response (trial), and
Python tests in test_list.

Datasets Row Count Columns
Trial 74 id, instruction, response, testlist
Dev 400 id, instruction, testlist
Test 500 id, instruction, testlist

Table 1: Dataset splits and schema.

13 Experimental Findings

We varied the inference sampling budget K and
evaluated PASS@1 locally:

Sample Budget K Passes Total PASS@1 (%)

10 176 500 35.20
20 192 500 38.40
50 227 500 45.40
100 245 500 49.00

Table 2: Ablation on inference sampling budget K
(higher is better). Results reported as number of tasks
passed out of 500 and PASS@1 (%).
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Figure 2: Ablation: accuracy vs. inference sampling
budget K.

However, we could achieve a maximum PASS
@ 1 score of 31. 6 % (with K = 100) in the online
hidden test environment, suggesting that our gen-
erated codes were vulnerable to many other edge
cases to execute properly.

All experiments ran on an NVIDIA GeForce
RTX 3050 GPU with limited capacity. Unless
otherwise stated, we kept mining temperature/top-
p, number of mining samples per prompt, LoRA
rank and target modules, learning rate, batch size,
and epochs constant across the ablation.

Parameter Value

Max Sequence Length 1024
Batch Size (Train/Eval) 16
Gradient Accumulation Steps 4
Max Steps 60
Learning Rate 5× 10−5

Weight Decay 0.04
Warmup Steps 10%
Optimizer AdamW (8-bit)
LR Scheduler Cosine
Precision BF16
Seed 3407

Table 3: Hyperparameters used for training, RSFT, and
inference.

We observe four recurring classes of failures dur-
ing development inference for several runs locally:

• Type-1. Specification misinterpretation: par-
tial or incorrect adherence to the Bangla prompt
(e.g., missing edge conditions, misread con-
straints).

• Type-2. I/O contract violations: mismatch be-
tween required and produced interfaces (return
vs. print, extra prompts, stray debug output).

• Type-3. Numerical/algorithmic edge cases:
brittle handling of boundary values (integer vs.

Figure 3: Observed failure modes (Types 1–4) across
400 samples. Labels show percentage and counts.

float semantics, off-by-one loops, corner-case
arithmetic).

• Type-4. Resource/pathological behavior: non-
terminating or superlinear routines that exceed
time/memory limits under hidden tests.

14 Conclusion

We introduced a compact RSFT pipeline for
Bangla-to-Python code generation that integrates
sampling, sandboxed execution, winner-only super-
vision, and LoRA-based adaptation. On this task,
we observed diminishing returns with larger sam-
pling budgets and identified recurrent failure modes
that motivate tighter verification. The approach is
simple, reproducible, and safety-conscious via unit-
test gating and fuzzed asserts. Future work includes
stronger test generation, adaptive mining of K by
prompt difficulty, and richer program-analysis sig-
nals to improve generalization.

15 Limitations and Ethics

Model quality is bounded by the coverage and rigor
of unit tests hence behaviors outside the test distri-
bution may persist, and mining can overfit to arti-
facts of a particular decoding configuration (e.g.,
temperature/top-p), favoring shorter or more ver-
bose programs. The generate–execute–select loop
also induces selection bias toward easily verifiable
solutions and may under-represent semantically
correct but slow or non-deterministic code. Al-
though execution occurs in a hardened sandbox,
residual risks remain (e.g., resource exhaustion).
We therefore adopt defense-in-depth and strict
time/memory limits. Due to our limited compute
resources, results are further constrained, which re-
stricts hyperparameter sweeps and ablation breadth
and may increase variance.
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Abstract

LLMs excel at code generation from English
prompts, but this progress has not extended to
low-resource languages. This paper addresses
the challenge of Bangla-to-Python code
generation by introducing BanglaCodeAct,
an agent-based framework that leverages
multi-agent prompting and iterative self-
correction. Unlike prior approaches that rely
on task-specific fine-tuning, BanglaCodeAct
employs an open-source multilingual LLM
within a Thought–Code–Observation loop,
enabling the system to dynamically generate,
test, and refine code from Bangla instructions.
We benchmark several prominent small-
parameter open-source LLMs and evaluate
their effectiveness on the mHumanEval
dataset for Bangla NL2Code. Our results
show that Qwen3-8B, when deployed
with BanglaCodeAct, achieves the best
performance, with a pass@1 accuracy of
94.0% on the development set and 71.6% on
the blind test set. These findings establish
a new benchmark for Bangla-to-Python
translation and highlight the potential of agent-
based reasoning for reliable code generation in
low-resource languages.. Experimental
scripts made publicly available at
github.com/jahidulzaid/PyBanglaCodeActAgent

1 Introduction
Large Language Models (LLMs) has created
a paradigm shift in software engineering,
automating complex coding tasks, and
democratizing programming for a larger audience
(Chen et al., 2021). Natural Language-to-Code
(NL-to-Code) generation (Yin et al., 2022), once a
distant goal, is now a tangible reality, with systems
capable of producing functional code from simple
English descriptions. The vast majority of
these advances remain linguistically monolithic,
centered almost exclusively on English, leaving
other languages behind.. This linguistic bias

creates a significant accessibility gap for millions
of learners worldwide whose primary language
is not English. For speakers of low-resource
languages like Bangla, the seventh most spoken
language globally.

To address this critical issue, we introduce the
BanglaCodeAct Agent, a ReAct agent framework
designed for cross-lingual code generation from
Bangla instructions into executable Python.
Instead of relying on task-specific fine-tuning,
our approach leverages the emergent multilingual
reasoning capabilities of a general-purpose open-
source LLMs within an iterative, self-correcting
loop.

We address 3 research questions:

1. RQ1: How can an agent-based framework
be designed to generate Python code from
natural language instructions in Bangla?

2. RQ2: Can a general-purpose, multilingual
LLMs be effectively prompted to perform
cross-lingual code generation in a zero-shot
setting, without the need for task-specific
datasets?

3. RQ3: How does incorporating an iterative
Thought-Code-Observation loop within a
robust execution environment affect the
reliability and correctness of the generated
code?

2 Related Work

This research is positioned at the confluence of
several rapidly advancing domains: automated
code generation, the development of specialized
large language models for programming, and
the specific challenges within Natural Language
Processing (NLP) for low-resource languages like
Bangla. Our work synthesizes insights from these
areas to address a novel problem: agent-driven,
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cross-lingual code generation from a low-resource
language.

The introduction of the Transformer architecture
(Vaswani et al., 2017) created major progress in
this field. This led to the development of Large
Language Models (LLMs) trained on vast web-
scale corpora. Models like OpenAI’s Codex,
the engine behind GitHub Copilot (Chen et al.,
2021), and DeepMind’s AlphaCode (Li et al.,
2022a), which achieved competitive performance
in programming contests. However, a significant
limitation of this era has been a reliance on English-
centric data and evaluation benchmarks.

Building on the success of general-purpose
LLMs, a new wave of models has been specifically
trained or fine-tuned for programming tasks.
Notable examples include CodeLlama (Roziere
et al., 2023); StarCoder (Li et al., 2023); and
DeepSeek Coder (Guo et al., 2024).

To reduce hallucination and improve factual
grounding, Retrieval-Augmented Generation
(RAG) retrieves relevant documents from an
external knowledge base and supplies them as
context to the LLMs(Lewis et al.). Corrective
RAG (CRAG) introduces a lightweight retrieval
evaluator to augment retrieved documents,
improving the correctness of the generation
process (Yan et al., 2024).

Bangla NLP faces persistent gaps that make
NL2Code especially challenging. First, data
scarcity: large-scale parallel corpora of Bangla
programming instructions and code are virtually
absent (Zhong et al., 2024; Raihan et al., 2025a).
Second, morphological complexity: Bangla’s
rich inflectional system makes natural language
instructions harder to parse into precise logical
forms compared to English (Bhattacharjee et al.,
2023). Prior LLM-based approaches, trained or
fine-tuned primarily on English or multilingual
data, often fail to capture these nuances, resulting
in low accuracy and unstable performance in
Bangla NL2Code tasks (Chen et al., 2021; Li et al.,
2022b).

Our work addresses these gaps by introducing
BanglaCodeAct, which directly leverages the
multilingual reasoning abilities of general-purpose
LLMs in a self-correcting loop, without requiring
costly Bangla-specific fine-tuning or large
annotated datasets.

3 Dataset and Evaluation Metrics
The task involves translating Bangla natural
language programming instructions into Python
code, ensuring functional correctness by passing
associated test cases. This setup mirrors typical
NL2Code challenges but places a specific
emphasis on low-resource language understanding
and algorithmic reasoning in Bangla (Raihan
et al., 2025c). To evaluate this translation process,
we employ the mHumanEval dataset (Raihan
et al., 2025a), which is tailored for Bangla-to-
Python code generation. The dataset consists
of natural language programming problems in
Bangla, each paired with a corresponding Python
implementation and unit test cases that serve as an
objective correctness signal. It covers a wide range
of fundamental programming concepts, including
algorithmic reasoning, control structures, data
manipulation, and function design. The sample
structure of the dataset is presented in Table 1.

3.1 Evaluation Metric
The primary metric for our evaluation is pass@1
on the HumanEval benchmark (Raihan et al.,
2025a). A generated code snippet is considered
a “pass” if it executes without error and satisfies
all provided assertions in the ‘test_list‘ for that
problem.

pass@k := Eproblems

[
1−

(
n−c
k

)
(
n
k

)
]

4 Methodology
In this work we introduce an agent framework,
BanglaCodeAct Agent, for cross-lingual code
generation. The primary objective is to translate
natural language programming instructions
articulated in a low-resource language, Bangla
(Bengali), into executable Python code. The
methodology hinges on a powerful multilingual
Large Language Models (LLMs) integrated into
an iterative reasoning and self-correction loop,
enabling it to bridge the semantic gap between
Bangla prose and Python’s formal syntax.

4.1 Models and Baselines
We compare the performance of our proposed
BanglaCodeAct Agent against several baselines
to evaluate the contribution of its components
and to situate its performance relative to other
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ID Instruction (Bengali) Test Cases

1 একিট ফাংশন Ǭলখুন যা পরীক্ষা করেব àদত্ত িƻং পয্াǬলন-
েØাম িকনা। খাǬল িƻংক পয্াǬলনেØাম িহেসেব গণয্ হেব।
Example: is_palindrome(s)

assert is_palindrome(“TENET”) == True
assert is_palindrome(“Bangla”) == False
assert is_palindrome(“ ”) == True

2 একিট ফাংশন Ǭলখুন যা একিট িƻং-এর মেধয্ থাকা শƁগ‍ু-
েলােক উেƕা কের সাজােব।
Example: reverse_words(string)

assert reverse_words(“hello”)==“hello”
assert reverse_words(“ a b ”) == “b a”
assert reverse_words(“hello world”) ==“world hello”

3 একিট পাইথন ফাংশন Ǭলখুন যা িদেয় দইুিট পূণর্সংখয্ার িব-
পরীত িচহ্নআেছ িকনা তা পরীক্ষা করা যায়।
Example: opposite_Signs(n1, n2)

assert opposite_Signs(1,-2) == True
assert opposite_Signs(3,2) == False
assert opposite_Signs(-10,-10) == False

Table 1: The dataset for Shared Task 2 (Code Generation) includes Bengali programming instructions, the
corresponding Python code implementations, and test cases designed for validation.

approaches. First, Zero-Shot Prompting serves
as a direct baseline where the model is given
only the system prompt and the user task (Bangla
instruction plus test cases) and is asked to
generate the solution in a single turn. This
approach achieves varying results across models:
Qwen/Qwen3-8B obtains 36%, Qwen-Coder-7B
reaches 51%, TigerLLM-1B-it (Raihan et al.,
2025b) it achieves 11%, and Llama-3.1-8B
performs the best at 77%. Next, Few-Shot
Prompting provides the model with a small
number of solved examples in the prompt to
help it generalize to new problems. Performance
here also varies, with Qwen3-8B achieving 46%,
Qwen2.5-Coder-7B reaching 51%, and Llama-3.1-
8B again performing strongly at 77%. DeepSeek-
Coder-V2-Lite shows competitive results with a
pass@1 of 73.0%. The Self-Consistency method
leverages Qwen/Qwen3-8B to generate multiple
independent solutions for the same problem and
selects the final answer through majority voting,
without using any iterative feedback loop. Finally,
our full proposed framework, the BanglaCodeAct
Agent, based on Qwen/Qwen3-8B, significantly
outperforms these baselines with a 94% success
rate. This agent employs an iterative Thought-
Code-Observation loop, allowing it to self-correct
based on execution feedback until all test cases are
satisfied.

The experiments were executed with inference
controlled by the hyperparameters presented in
Table 2.

The agent’s core is the Qwen/Qwen3-8B model,
a multilingual LLM capable of zero-shot Bangla-
to-logic translation and reasoning. To enable
efficient multi-turn reasoning, we deploy it with
the vLLM inference engine, leveraging tensor
parallelism and prefix caching for reduced
latency and high throughput (Kwon et al., 2023).

Parameters Value
Max tokens 8192
Temperature 0.7
Top-p 0.9
Best-of 1
Repetition penalty 1.05 (CoT)
Decoding Self-consistency (n = 5)
Num paths 16 / 5 (SC)
Seed 42
Timeout 5 Seconds
Retries 25

Table 2: Inference hyperparameters. These decoding
and sampling parameters control output length,
diversity, reproducibility, and error handling.

4.2 Cross-Lingual BanglaCodeAct Agent
Framework

We employ the Code Acting (CodeAct) paradigm
to structure the agent’s problem-solving process.
This approach transforms code generation
from a single-shot task into a dynamic, multi-
step dialogue between the agent and a code
interpreter. The agent operates on a Thought-
Code-Observation cycle (as illustrated in Fig.
1):

1. Thought: The agent generates an internal
monologue, outlining its understanding and
plan for the task in <thought>, showcasing
reasoning in Bangla before code generation.

2. Code Generation: The agent produces
Python code based on the plan, enclosed in
<code> with test assertions for immediate
self-verification.

3. Execution and Feedback: The code runs in
a sandboxed PythonREPL with a timeout.
Errors, like TypeError, provide feedback
for iterative self-correction, refining the
solution until valid or a max iteration is
reached, with the result in <answer>.
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Figure 1: Thought-Code-Observation Cycle in the
BanglaCodeAct Agent Framework. This diagram
illustrates the iterative process of generating code,
executing it, providing feedback, and refining the
solution based on self-correction, facilitating cross-
lingual code generation in Bangla.

To enhance reliability, we implement a retry
handler (safe_run) that re-initiates the reasoning
process if the agent produces an invalid or
empty response. The retry mechanism permits a
user-defined number of task attempts, improving
success rates by reducing sporadic failures.

Instruction (Bengali) Test Cases

িƻং েথেক àদত্ত অক্ষেরর
àথম এবং েশষ উপসগর্
মুেছ েফলুন। Example:
remove_Occ(s, ch)

remove_Occ(”hello”,”l”) == ”heo”
remove_Occ(”banana”,”a”) == ”bann”
remove_Occ(”abc”,”x”) == ”abc”

একিট àদত্ত ময্াȊĥেক
তার সািরগ‍ুǬলর েযাগফল
অনুযায়ী সাজান। Example:
sort_matrix(M)

sort_matrix([[1,2,3],[2,4,5],[0,1,1]])
== [[0,1,1],[1,2,3],[2,4,5]]

sort_matrix([[5,5],[2,2],[3,3]])
== [[2,2],[3,3],[5,5]]

Table 3: Illustrating error recovery in ambiguous and
complex cases.

For instance, “িƻং েথেক àদত্ত অক্ষেরর àথম
এবং েশষ উপসগর্ মুেছ েফলুন” (remove the first
and last occurrence of a given character from a
string). Initial attempts produced incomplete logic
(removing only one occurrence). (see Table 3).

5 Results and Analysis
Different models and experiments were conducted
during the development phase, which are reported
in 4.1. The experiment setup and hyperparameter

details are described in table 2.
The ‘pass@1‘ scores for all evaluated methods

on the mHumanEval dataset are summarized in
Table 4. Our proposed BanglaCodeAct Agent
achieves a ‘pass@1’ score of 94.0%, significantly
outperforming all other methods.

LLM Model Method pass@1
Qwen3-8B BanglaCodeAct 94.0
Qwen3-8B Self-Consistency 88.0
Qwen3-8B Majority Voting 66.0
Qwen3-8B Few-Shot 46.0
Qwen3-8B Zero-Shot 36.0
Qwen2.5-Coder-7B Few-Shot 51.0
Qwen2.5-Coder-7B Zero-Shot 44.0
Llama-3.1-8B Zero-Shot 39.0
Llama-3.1-8B Few-Shot 77.0
DeepSeek-Coder-V2-Lite BanglaCodeAct 73.8
DeepSeek-Coder-V2-Lite Few-Shot 73.0
DeepSeek-Coder-V2-Lite Zero-Shot 71.4
TigerLLM-1B-it Zero-Shot 11.0

Table 4: Comparison of pass@1 accuracy (%) for
different models and prompting strategies on the
mHumanEval dataset. Our proposed BanglaCodeAct
Agent (Qwen3-8B) achieves the highest score,
demonstrating the effectiveness of iterative self-
correction.

The results in Table 4, clearly demonstrate the
efficacy of our agent-based framework.

The experimental results demonstrate the
effectiveness of the proposed BanglaCodeAct
Agent in leveraging an iterative self-correction
mechanism for Bangla-to-Python code generation.
With the Qwen3-8B model, the agent achieves
a 94.0% pass@1 accuracy, significantly
outperforming Zero-Shot (36.0%), Few-Shot
(46.0%), and Majority Voting (66.0%) strategies
(Table 4). It ranked 17th on the test set (71.6%)
and 8th on the development set (94%).

These results underscore the agent’s ability
to correct common code generation errors using
REPL feedback, which distinguishes it from static
prompting approaches. The Qwen3-8B model
outperforms specialized models like Qwen2.5-
Coder-7B, highlighting the importance of
multilingual reasoning over code-specific training.
Primary failure cases occur with semantically
ambiguous or complex instructions, where the
agent may not converge within 10 iterations.

6 Limitations
Despite strong performance, BanglaCodeAct has
several limitations. The model’s effectiveness is
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limited by its size, and experiments with larger
LLMs (e.g., 32B parameters or more) were not
conducted due to GPU resource constraints. Such
models could potentially improve code generation
accuracy for more complex tasks.

Additionally, the current evaluation primarily
focuses on algorithmic and syntactic correctness.
The system’s ability to understand semantics and
handle ambiguous or context-dependent Bangla
instructions remains an open challenge. Moreover,
the system relies on high-quality test cases for
feedback, which may not always be available in
real-world scenarios. The performance could be
further limited by the absence of such reliable test
cases in practice.
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Abstract

Over the past few years, improving LLM code
generation capabilities has been a key focus
in NLP research. Despite Bengali having 242
million native speakers worldwide, it receives
little attention when it comes to training LLMs.
More recently, various fine-tuning and aug-
mented generation techniques have been em-
ployed to significantly enhance code generation
performance. However, they require consider-
able expertise and resources to utilize effec-
tively as an end user. The goal of our work is
to democratize access to powerful code gener-
ation tools in resource-constrained emerging
markets, enabling users to leverage them in
their native language.

We introduce a novel approach that com-
bines Test-Driven Development (TDD) and
Code Interpreter (CI), utilizing open-weight
models, which improves the baseline accuracy
for code generation with Bengali prompts and
achieves an overall accuracy of 85%. Our ap-
proach requires no finetuning and proves that
even the smallest models in the same family
can attain up to 98% accuracy compared to
the largest models. All of our results 1 are
publicly shared in GitHub for validation and
reproducibility.

1 Introduction

Large Language Models (LLMs) have gained sig-
nificant attention across various research commu-
nities since the release of ChatGPT in 2022 2. Ini-
tially known as generalized text completion models,
LLMs quickly found their way into more special-
ized tasks such as code, image, and audio genera-
tion. Specifically, the impact is visible in the code
generation domain. There has been a significant
transformation in the daily workflow of the soft-
ware engineers with these models (Jalil, 2025).

1https://github.com/sajedjalil/BLP25-Task-2/
2https://chatgpt.com/

Despite being the 5th most spoken language
worldwide, Bengali is not included in most of
the top models as a primary language for training
data (Raihan et al., 2025b). Even in cross-lingual
settings, most models tend to reflect Western per-
spectives (Myung et al., 2024). Additionally, prior
studies have demonstrated that multilingual tok-
enizers are often inefficient and require additional
resources during training (Ali et al., 2024).

With these constraints in mind, we propose our
work on enhancing existing open-weight LLMs of
various sizes by combining Test-Driven Develop-
ment (TDD) and Code Interpreter (CI) without the
need for fine-tuning. In this shared task with Ben-
gali prompts, we investigate the following research
questions that are crucial for advancing the field of
multilingual code generation -

RQ1: How far can performance improve without
fine-tuning or external data augmentation?

RQ2: Can smaller models approach larger
model performance?

RQ3: What approach is most effective in improv-
ing vanilla (baseline) LLM accuracy?

RQ4: To what extent do these approaches reduce
compilation errors?

2 Background

Although there have been significant prior studies
in NLG and benchmarks for Bengali (Bhattachar-
jee et al., 2022; Ekram et al., 2022; Raihan et al.,
2025a), the number of code generation studies us-
ing LLM is quite negligible. The only substantial
study we could find is a family of finetuned mod-
els named TigerCoder, which was evaluated for
its machine translation capabilities (Raihan et al.,
2025b). These findings underscore the need for
further exploration using alternative techniques to
improve code generation capabilities.

Test-Driven Development (TDD) has been a
widely researched methodology in the agile soft-
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ID Instruction (Bengali) English (Translated for reader’s convenience) Test List

1 একটি পাইথন ফাংশন িলখুন nth �বল 
নম্বর খুেঁজ �পেত।

Example: bell_Number(n)

Write a python function to find nth Bell number.

Example: bell_Number(n)

assert bell_Number(2)==2
… 
… other tests …
… 

2 একটি জটিল সংখ্যার �দঘর্ঘ্য �পেত একটি 
ফাংশন িলখুন।

Example: len_complex(n, n2)

Write a function to find the magnitude of a 
complex number.

Example: len_complex(n, n2)

assert len_complex(3,4)==5.0
… 
… other tests …
… 

Figure 1: Example of dataset rows used in our study (English instruction is added here for readers’ convenience.)

ware engineering domain (Shull et al., 2010;
Rafique and Mišić, 2012). It is the practice of
writing unit tests before starting implementation to
ensure software verification. This methodology has
been proven to reduce code defects (Williams et al.,
2003). To the best of our knowledge, no other prior
studies have explored the effects of TDD in code
generation with Bengali prompts.

Code Interpreter (CI) can act as an external
tool to help LLM improve itself as a coding
agent (Wang et al., 2024). Humans interact with
LLM multiple times if the desired output is not
reached (Lin et al., 2025). This inspired us to uti-
lize CI to enhance accuracy and minimize compila-
tion errors in our study. Additionally, we employed
a combined approach that incorporates TDD and
CI to improve accuracy further and reduce compi-
lation errors.

3 Task Dataset

The primary aim of this task was to generate Python
code from Bengali instructions using LLM (Raihan
et al., 2025a,c,b). All of our code and experimental
results are publicly available on GitHub. 3

In Figure 1, a sample of the dataset is shown.
The test cases evaluate the generated code. Only
one test case was publicly available during the com-
petition. The rest were hidden and could only be
accessed after the submission phase had ended.

Model family Used variants
Meta Llama 3.2 3B, 11B, 90B
Meta Llama 4 Scout 17B, Maverick 17B
OpenAI gpt-oss 20B, 120B

Table 1: Distribution of LLM models and variants in
our experiment.

3https://github.com/sajedjalil/BLP25-Task-2/

4 Experiments

Our LLM responses were generated with the AWS
Bedrock platform 4. Therefore, our selection of
various models was dependent upon the availability
in Bedrock. Specifically, we experimented with the
following models in Table 1.

Our initiative focused on improving the accuracy
of generalized LLM code generation without fine-
tuning. To achieve this, we have experimented with
the following five approaches -

4.1 Vanilla (Baseline) Model

To establish baseline accuracy with the Bengali
instruction, we conducted this experiment with
plain (vanilla) LLM API to determine how different
LLMs perform.

Bengali 
Instruction

NLLB-200 translate

Google Translate

LLM API Python Code
English 

Instruction

Figure 2: Two variants of Bengali to English machine
translation.

4.2 Bengali to English Machine Translation

Since the primary language for most LLMs is En-
glish, our initial intuition was to translate the Ben-
gali instructions into English. For this experiment,
we have used two different translators - Google
Translate 5 & NLLB-200 (Costa-Jussà et al., 2022).
The overall workflow of this approach is displayed
in Figure 2.

4https://aws.amazon.com/bedrock/
5https://translate.google.com/
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Bengali 
Instruction

LLM API Python Code

Given Test

Generated Test

Given Test Generated Test

Figure 3: Variants of Test-Driven Development (TDD)
approaches in our experiments.

4.3 Test-Driven Development (TDD)
We experimented with three different variations of
TDD in this experiment. The detailed diagram is
shown in Figure 3.

1. Generated Tests - We started with an API
call to an LLM to generate up to five test cases
from the given prompt. We then input these
test cases, along with the given prompt, to
generate our final response.

2. Given Test - We injected only the publicly
available assert statement (test case) from the
dataset into the LLM prompt during code gen-
eration.

3. Combined - This approach combined the
above two methods. Here, we used the given
test case from the dataset, along with five
more LLM-generated test cases. And then,
all of these test cases were used in LLM for
response generation.

Bengali 
Instruction

LLM API Proposed 
Code

With Given 
Test

Code 
Interpreter

Vanilla

Compilation / runtime / assertion error (retry upto 5 times)

Python Code

Success

Figure 4: Code Interpreter with Test-Driven Develop-
ment (TDD) approach.

4.4 Code Interpreter (CI)
We drew inspiration for this method from how de-
velopers interact with LLMs in real life. Devel-
opers generate code from LLM and then test the
code in their respective IDE or environment. If
any problem is encountered, they continue the chat

Figure 5: Overall accuracy heatmap of models in dif-
ferent approaches.

and share error messages with the LLM until the
desired output is achieved.

We utilized AWS Code Interpreter as a simulated
Python environment 6. Given a Python code, it
compiled and executed it. For any errors, a detailed
error message was obtained. We also set a retry
limit of five to fix the generated Python code that
did not compile. The error message received from
the earlier execution was used as additional input
for subsequent code generation. A workflow model
is displayed in Figure 4 with the vanilla path.

4.5 CI+TDD

We combined the TDD approach with the dataset
provided single test case with the CI. This test case
was also executed in the interpreter to verify its suc-
cess. The mechanism is demonstrated in Figure 4
with the given test path.

5 Results & Analysis

The results of our experiments are provided in Ta-
ble 2 and Table 3. We group the data by model
family and model parameters. The best outcome
for each model is represented by bold text.

RQ1: How far can performance improve with-
out fine-tuning or external data augmentation?

In our investigation, we obtained several inter-
esting findings. Figure 5 demonstrates the overall
accuracy score on the test phase. It is distinctly
evident from the heatmap that vanilla (baseline)
accuracy can be improved significantly with TDD
and CI. Except for the Llama 4 models, machine
translation from Bengali to English did not provide

6https://docs.aws.amazon.com/bedrock/latest/
userguide/agents-code-interpretation.html
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Model Vanilla Translated Test-Driven Development Code Interpreter
Google NLLB Generated Given Combined Vanilla Given Test

Llama 3.2 models
3B 19.6 12.4 16.0 39.6 33.4 48.2 22.6 42.2
11B 9.8 9.6 12.4 40.6 42.8 51.8 30.4 54.8
90B 35.0 32.8 34.2 44.8 62.8 63.4 42.6 69.6
Llama 4 models
Scout 16.8 45.8 45.4 51.6 67.6 69.6 45.8 72.0
Maverick 42.0 54.0 54.6 54.6 74.4 76.4 54.4 80.6
GPT-OSS models
20B 51.0 47.0 41.4 50.8 75.4 72.6 48.6 82.8
120B 54.4 54.6 46.8 52.2 79.0 75.6 54.0 85.0

Table 2: Overall accuracy (%) on varying model family and parameter size over different approaches.

Model Vanilla Translated Test-Driven Development Code Interpreter
Google NLLB Generated Given Combined Vanilla Given Test

Llama 3.2 models
3B 21.4 61.8 38.4 8.4 7.6 5.8 0.2 0.8
11B 67.8 71.2 61.0 5.2 0.2 2.0 0.0 0.2
90B 8.8 15.4 9.4 0.2 0.2 0.4 0.4 0.2
Llama 4 models
Scout 66.4 1.2 1.4 3.6 0.8 0.8 0.2 2.6
Maverick 19.2 0.2 0.2 1.2 0.0 0.2 0.2 0.0
GPT-OSS models
20B 1.0 1.8 1.8 1.8 1.2 1.2 0.2 0.2
120B 0.2 0.4 0.2 0.4 0.8 1.2 0.0 0.2

Table 3: Overall compilation errors occurrence (%) on varying model family and parameter size.

significant improvement. Instead, it harmed the
overall accuracy compared to the non-translation
approach.

On the other hand, we observed an impressive in-
crease in accuracy compared to the baseline in Fig-
ure 6. The CI+TDD approach improved the accu-
racy across all models by +57% to +450%. The
TDD approach improves the baseline by +47% to
+420%. Bengali to English machine translation
has a change factor from -20% to +171%.

Compared to baseline (54%), overall accuracy can
be improved up to 85% using our proposed tech-
niques.

RQ2: Can smaller models approach larger
model performance?

In the Llama 3.2 model family, using the TDD
3B variant (48%) exceeds the baseline accuracy
of the 90B variant (35%). Comparing the best

outcome for each variant, we observed that 3B
could reach 67% of the performance of 90B and
87% of the performance of 11B.

For the Llama 4 model family, Scout can ex-
ceed the Maverick baseline by 71% using CI+TDD.
When comparing best outcomes, Scout can achieve
up to 89% of Maverick’s performance.

Lastly, in the gpt-oss variants, the 20B variant us-
ing CI+TDD surpasses the 120B baseline by 54%.
In best-case scenarios for both, 20B can reach up
to 98% of the performance of 120B. Our results
further confirm the claims made by another prior
study (Belcak et al., 2025).

In the same model family, the smallest model can
attain up to 98% accuracy of the largest model.

RQ3: What approach is most effective in im-
proving vanilla (baseline) LLM accuracy?

As Figure 6 indicates that the best outcome is
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Figure 6: Model accuracy comparisons of baseline vs. our approaches (with increase/decrease in percentage).

always from CI+TDD except for the Llama 3.2
3B model. It should be noted that both TDD and
CI+TDD performed significantly better than base-
line in all models.

Combination of Test-Driven Development (TDD)
and Code Interpreter (CI) yields the largest jump
in accuracy.

Figure 7: Compilation error rate heatmap of models in
different approaches.

RQ4: To what extent do these approaches re-
duce compilation errors?

In terms of total compilation errors in the gener-
ated code, a similar trend is visible as the accuracy
rate. Figure 7 demonstrates both TDD and CI ap-
proaches have nearly eliminated all compilation er-
rors with rates approaching 0%. Translation helped
reduce compilation errors only in the Scout model
families. An interesting trend is observed in the
gpt-oss model family, whose baseline compilation
errors are nearly zero, suggesting it may contain
inherent mechanisms to address compilation issues.

Both TDD and CI reduce compilation errors,
whereas Bengali to English machine translation
increases the error count in most cases.

Conclusion

This study successfully introduced a novel ap-
proach that combines Test-Driven Development
(TDD) and Code Interpreter (CI) to improve
code generation accuracy for Bengali prompts uti-
lizing open-weight LLMs. Our findings demon-
strate that this strategy yields significant improve-
ments without requiring resource-intensive fine-
tuning or the use of external data for augmentation.
The CI+TDD methodology was the most effec-
tive, increasing overall baseline accuracy by up
to 450% and virtually eliminating compilation er-
rors across all models tested. Furthermore, our
research suggests that using these strategies, even
the smallest models in the same family can achieve
up to 98% accuracy when compared to the largest
models of the same family. We strongly believe
the exact mechanism can be applied to other un-
derrepresented languages, similar to Bengali, and
increase access to high-performing code generation
tools in resource-constrained emerging markets.

6 Limitations

Our study is limited in context, as we only checked
a subset of open-weight models available on the
AWS Bedrock API. This restricted us from using
several other popular models not available on that
platform, such as Qwen3 and Gemma3. More-
over, we did not explore how our approach would
perform in larger and complex coding tasks, as
opposed to the single method-based problems pro-
vided in the shared-task dataset.
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Abstract

This paper presents our approach for the
BLP25 Task 2: Code Generation in Bangla.
To address the scarcity of Bangla–code train-
ing data, we adopt a two-stage pipeline. First,
Bangla problem statements are translated into
English using a neural translation model op-
timized for preserving technical semantics.
Then, the translated text is passed to a Qwen-
based code generation model to produce exe-
cutable solutions. This translation–generation
strategy leverages the strengths of English-
centric code models while ensuring fidelity
to the original Bangla instructions. Our sys-
tem achieved competitive performance on the
leaderboard, achieving the 3rd place with
a score of 91.8% while demonstrating that
translation-augmented pipelines are effective
for low-resource code generation tasks.
Keywords: Large Language Model, Qwen,
Unit Test.

1 Introduction

Natural language to code generation aims to trans-
late human-readable descriptions into syntactically
correct and semantically meaningful code. While
notable advances have been achieved in English
with large datasets and pretrained models, low-
resource languages like Bangla remain underex-
plored. This limitation prevents native Bangla
speakers from fully benefiting, as most exist-
ing code generation systems are not designed for
Bangla instructions.
Bangla holds immense potential for broader ac-

cessibility in computational tasks. (Nahin et al.,
2025) introduce TituLLMs, a family of Bangla
LLMs with extensive benchmarking across di-
verse tasks. (Bhattacharjee et al., 2022) pro-
pose BanglaBERT, a pretrained language model
and benchmark suite for low-resource Bangla un-
derstanding. (Kowsher et al., 2022) develop
a transformer-based Bangla-BERT optimized for

transfer learning and efficient Bangla language un-
derstanding. However, the lack of large, parallel
Bangla–code datasets hinders the direct training
and evaluation of Bangla code generation models.
This gap shows the need for new strategies to adapt
code generation systems to Bangla without large
language-specific resources.
In this work, we propose a two-stage pipeline to

address Bangla-to-code generation. First, Bangla
problem descriptions are translated into English,
enabling the use of pretrained English-centric code
models. The translated instructions are then pro-
cessed by a Qwen-based code generation model
to produce executable solutions. This translation–
generation framework mitigates the scarcity of
Bangla–code data while leveraging multilingual
modeling advances. Our system shows competi-
tive performance, demonstrating translation as an
effective bridge for low-resource code generation.

2 Related Work

Bangla is the seventh most spoken language in
the world, yet it remains underrepresented in LLM
research, particularly in code generation. The
lack of Bangla–code parallel data has hindered
systems that can natively process Bangla instruc-
tions. This gap has led to several recent initiatives
to create Bangla-specific benchmarks and LLMs.
(Yang et al., 2024) introduce Qwen2, the next-
generation models in the Qwen family, ranging
from 0.5B to 72B parameters in both dense and
Mixture-of-Experts (MoE) variants. The report
highlights improvements in multilingual coverage,
reasoning ability, and training efficiency, with
strong benchmark results across general language
understanding, coding, and instruction-following
tasks. Earlier, (Bai et al., 2023) presented the
first Qwen technical report, outlining the develop-
ment of large-scale multilingual models with spe-
cialized variants for chat, coding, andmathematics.
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Their work established Qwen as a versatile family
of open-source LLMs, demonstrating competitive
performance against contemporaneous models and
paving the way for subsequent expansions such as
Qwen2.
(Raihan et al., 2025a) and BLP-2025 Task 2

(Raihan et al., 2025c) provide systematic bench-
marks for evaluating Bangla code generation, re-
vealing that existing multilingual models perform
poorly on Bangla. Complementing these ef-
forts, TigerCoder (Raihan et al., 2025b) intro-
duces Bangla-specialized LLMs fine-tuned for
code generation using a large instruction–code
dataset built through translation and synthetic gen-
eration. Trained on the MBPP-Bangla bench-
mark, TigerCoder models outperform multilin-
gual baselines, achieving state-of-the-art results
in Bangla code generation. Our approach intro-
duces a two-stage translation–generation pipeline
where Bangla problem statements are translated
into English and processed by a Qwen-based
code model to generate Python solutions. Unlike
TituLLMs and TigerCoder which trains Bangla-
specialized LLMs on instruction–code datasets,
our method leverages powerful English-centric
models through translation to overcome data
scarcity. Based on these benchmarks and models,
we built our overall pipeline, shown in Figure 1, to
effectively tackle Bangla-to-code generation.

3 Methodology

3.1 Dataset Description

Table 1: Dataset distribution across phases

Phase No. of Samples in Dataset
Development phase 400
Testing phase 500

Each entry includes: Bangla natural language
programming task and a set of assert statements
or unit test cases used for designing, testing, and
iteratively refining the pipeline.

3.2 Bangla to English Translation
The process for generating code from non-English
instructions is illustrated in the accompanying fig-
ure 3. It begins with a Bangla Instruction, which
is the input prompt. This instruction is pro-
cessed by the Model Preparation stage, utilizing
the gemma-3-12bit-unsloth-bnb model. In our ap-
proach, gemma-3-12bit-unsloth-bnb was used in
a zero-shot inference setup with a custom prompt

template, not fine-tuned. It served as a translation
model to convert Bangla instructions into English
while preserving technical semantics. Crucially,
the model is provided with a Prompt Template to
enforce the desired function structure and signa-
ture. Finally, the model’s raw output is passed
through the Translation stage, which decodes the
model’s output to produce the final, executable
Python function. In short, the methodology shows
how a language-specific prompt is combined with
a structural template and processed by the Gemma
model to perform a focused code generation task.

Table 2: Comparison of Bangla and English transla-
tions with verdicts.

Bangla Transla-
tion

English Trans-
lation

Verdict

একিট িত্রভুেজর
পিরসীমা েবর করার
েপ্রাগ্রাম িলখ

Write a program
to find perimeter
of a triangle

Correct

একিট িস্ট্রং এর
দীঘর্তম পরবতীর্
সাধারণ ক্রম েবর
করার েপ্রাগ্রাম িলখ

Write a program
to find longest
common string

Incorrect

3.3 LLM Inference & Code Generation
The translated English instruction, along with a
specified code Prompt Template (defining the func-
tion signature), is fed into the Qwen 2.5-14B-
Instruct model. This 14.7-billion-parameter LLM
then performs the final, zero-shot code inference,
producing the required Python function.

3.4 Unit Testing
The unit testing framework follows a structured

workflow to ensure the correctness and reliabil-
ity of generated code. As illustrated in Figure 4,
the process begins with the Input stage, where pre-
defined test cases are supplied as benchmarks for
evaluating the code. These test cases are designed
to cover a range of scenarios and edge cases, en-
suring comprehensive assessment. In the Execu-
tion phase, the code is run within a dedicated, iso-
lated environment, which guarantees secure and in-
dependent execution without interference from ex-
ternal processes. During the Testing stage, the out-
puts are parsed, validated, and compared against
the expected results. The Evaluation phase further
assesses consistency, correctness, and adherence
to functional requirements, highlighting any devi-
ations or unexpected behavior. Finally, the Deci-
sion stage categorizes each result as pass or fail, in-
dicating whether the code satisfies the predefined
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Figure 1: The overall pipeline describing thewholemethodology covering the translation process to code generation
with unit testing and model evaluation.

Table 3: Bangla and English prompts with corresponding code examples.

Bangla Instruction English Instruction Code Result
একিট প্রদত্ত ময্াট্রিক্সেক তার
সািরগুিলর েযাগফল অনুযায়ী
ক্রমবধর্মান ক্রেম সাজােনার জনয্
একিট ফাংশন িলখুন।

Write a function to sort a given
matrix in ascending order based
on the sum of its rows.

def sort_matrix(M):
return sorted(M, key=sum)

Pass

একিট িত্রভুজাকার িপ্রজেমর আয়তন
খঁুেজ েবর করার জনয্ একিট পাইথন
ফাংশন িলখুন।

Write a Python function to
find the volume of a triangular
prism.

def find_Volume(l, b, h):
base_area = (l * b) / 2
volume = base_area * h
return volume

Pass

প্রদত্ত সংখয্ািট কােঠর বল িকনা তা
পরীক্ষা করার জনয্ একিট ফাংশন
িলখুন।

Write a function to check if a
given number is aWoodall num-
ber.

def is_woodall(x):
if x < 1:

return False
n = 1
while (2 ** n - 1) * n <= x:

if (2 ** n - 1) * n == x:
return True

n += 1
return False

Fail

Figure 2: Dataset Used in Development Phase

requirements. Passing outcomes confirm that the
solution meets the expected behavior, while fail-
ures reveal discrepancies that require correction.
This structured approach provides a robust mecha-

Figure 3: Bangla to English translation using gemma-3-
12bit-unsloth-bnb model to generate the prompt in En-
glish.

nism for automated verification, enabling reliable
benchmarking of generated code in low-resource
language scenarios.

4 Experiment & Analysis

There are two evaluation metrics for the task:

1. Pass@1 (Passing rate)- Number of hidden
test cases that pass.

2. Tie-breaker- Shorter mean solution length.
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Table 4: Comparison of Pass@1 on different prompting methods between some Open-Source LLMs and our pro-
posed solution.

Model Zero-Shot Few-Shot Instruction-Tuned
Qwen2.5-Coder-14B-Instruct 82.7% 79.2% 81.4%
codegemma-7bit 76.8% 75.1% 75.7%
gpt-oss-20b 78.4% 76.9% 77.8%
Phi-4-reasoning 71.7% 67.8% 70.6%
CodeLlama-13b-Python 74.8% 72.3% 73.7%
Qwen2.5-14B + codegemma-7bit + gpt-oss-20B + phi-4-14B 91.5% 88.5% 90.4%

Table 5: Comparative Analysis of LLM Models: With vs Without Translation.

Model With Translation (%) Without Translation (%)
Combined 91.5 87.5
Qwen2.5-Coder-14B-Instruct 82.7 80.0
codegemma-7bit 78.4 75.0
Phi-4-reasoning 76.8 73.0

Figure 4: Unit testing framework to ensure the correct-
ness and reliability of the code.

Figure 5: Comparative analysis on different prompting
methods across models.

The table 4 compares the pass@1 of different
models across three configurations: Zero-Shot,
Few-Shot, and Instruction-Tuned. Among them
Qwen2.5-14B, codegemma-7b, gpt-oss-20B, and
phi-4-14B, achieves the highest performance, with
an impressive 91.5% in Zero-Shot, 88.5% in Few-
Shot, and 90.4% in Instruction-Tuned, demonstrat-
ing the effectiveness of the multi-model approach.

Figure 6: Comparative Analysis on Basis of Translation
across Models.

The table 5 presents a comparative analysis of var-
ious LLM models with and without translation.
The Combined model achieves the highest perfor-
mance with 91.5% using translation, compared to
87.5% without it, showcasing benefits of transla-
tion. The results are also graphically represented
in figure 5 & 6.

5 Conclusion

The paper presents an effective two-stage
translation-generation pipeline to address the
challenge of low-resource code generation in
Bangla for the BLP25 Task 2. By first translating
Bangla problem statements into English using a
model optimized for technical semantics , and then
passing the translated text to an English-centric
Qwen-based code generation model , the approach
successfully leverages the strengths of existing,
powerful models designed for English. This
strategy mitigates the scarcity of large, parallel
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Bangla-code datasets and demonstrates that a
translation-augmented framework is competitive
for these tasks, achieving 3rd place with a score
of 91.8% on the leaderboard.

Limitations

The proposed two-stage translation–generation
pipeline shows promise for Bangla code gener-
ation but has limitations. It relies on English-
centric models, which may miss technical nuances
in Bangla prompts, and translation errors can af-
fect output quality. Evaluation is limited to spe-
cific tasks, so testing on more diverse, real-world
problems is needed to assess generalizability.

1

References
Jinze Bai, Shuai Bai, Yunfei Chu, Zeyu Cui, Kai Dang,
Xiaodong Deng, Yang Fan, Wenbin Ge, Yu Han, Fei
Huang, and 1 others. 2023. Qwen technical report.
arXiv preprint arXiv:2309.16609.

Abhik Bhattacharjee, Tahmid Hasan, Wasi Uddin Ah-
mad, Kazi Samin Mubasshir, Md Saiful Islam,
Anindya Iqbal, M. Sohel Rahman, and Rifat Shahri-
yar. 2022. Banglabert: Language model pretraining
and benchmarks for low�resource language under-
standing in bangla. In Findings of the Association
for Computational Linguistics: NAACL 2022, pages
1318–1327.

M. Kowsher, Abdullah As Sami, Nusrat Jahan Prot-
tasha, Mohammad Shamsul Arefin, Pranab Kumar
Dhar, and Takeshi Koshiba. 2022. Bangla-bert:
Transformer-based efficient model for transfer learn-
ing and language understanding. IEEE Access,
10:91855–91870.

Shahriar Kabir Nahin, Rabindra Nath Nandi, Sagor
Sarker, Quazi Sarwar Muhtaseem, Md Kowsher,
Apu Chandraw Shill, Md Ibrahim, Mehadi Hasan
Menon, Tareq Al Muntasir, and Firoj Alam. 2025.
Titullms: A family of bangla llms with comprehen-
sive benchmarking. In Findings of the Association
for Computational Linguistics: ACL 2025, pages
24922–24940, Vienna, Austria.

Nishat Raihan, Antonios Anastasopoulos, and Marcos
Zampieri. 2025a. mHumanEval - a multilingual
benchmark to evaluate large language models for
code generation. In Proceedings of the 2025 Con-
ference of the Nations of the Americas Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies (Volume 1: Long Pa-
pers), pages 11432–11461, Albuquerque, New Mex-
ico. Association for Computational Linguistics.

1Code is available here

Nishat Raihan, Antonios Anastasopoulos, and Marcos
Zampieri. 2025b. Tigercoder: A novel suite of
llms for code generation in bangla. arXiv preprint
arXiv:2509.09101.

Nishat Raihan, Mohammad Anas Jawad, Md Mezbaur
Rahman, Noshin Ulfat, Pranav Gupta,
Mehrab Mustafy Rahman, Shubhra Kanti Kar-
makar, and Marcos Zampieri. 2025c. Overview of
BLP-2025 task 2: Code generation in bangla. In
Proceedings of the Second Workshop on Bangla
Language Processing (BLP-2025). Association for
Computational Linguistics (ACL).

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng,
Bowen Yu, Chang Zhou, Chengpeng Li, Chengyuan
Li, Dayiheng Liu, Fei Huang, and 1 others.
2024. Qwen2 technical report. arXiv preprint
arXiv:2407.10671.

581

https://doi.org/10.18653/v1/2022.findings-naacl.98
https://doi.org/10.18653/v1/2022.findings-naacl.98
https://doi.org/10.18653/v1/2022.findings-naacl.98
https://doi.org/10.1109/ACCESS.2022.3197662
https://doi.org/10.1109/ACCESS.2022.3197662
https://doi.org/10.1109/ACCESS.2022.3197662
https://doi.org/10.18653/v1/2025.findings-acl.1279
https://doi.org/10.18653/v1/2025.findings-acl.1279
https://doi.org/10.18653/v1/2025.naacl-long.570
https://doi.org/10.18653/v1/2025.naacl-long.570
https://doi.org/10.18653/v1/2025.naacl-long.570
https://github.com/Sakib-2004043/BLP_25_Task_2


Proceedings of the Second Workshop on Bangla Language Processing (BLP-2025), pages 582–586
December 23, 2025 ©2025 Association for Computational Linguistics

JU_NLP at BLP-2025 Task 2: Leveraging Zero-Shot Prompting for Bangla
Natural Language to Python Code Generation

Pritam Pal and Dipankar Das
Jadavpur University, Kolkata, India

{pritampal522, dipankar.dipnil2005}@gmail.com

Abstract

Code synthesis from natural language problem
statements has recently gained popularity with
the use of large language models (LLMs). Most
of the available systems and benchmarks, how-
ever, are developed for English or other high-
resource languages, and a gap exists for low-
resource languages such as Bangla. Addressing
the gap, the Bangla Language Processing (BLP)
Workshop at AACL-IJCNLP 2025 featured a
shared task on Bangla-to-Python code genera-
tion. Participants were asked to design systems
that consume Bangla problem statements and
generate executable Python programs. A bench-
mark data set of training, development, and
test splits was provided, and evaluation utilized
the Pass@1 metric through hidden test cases.
We present here a system we developed, using
the state-of-the-art LLMs through a zero-shot
prompting setup. We report outcomes on sev-
eral models, including variants of GPT-4 and
Llama-4, and specify their relative strengths
and weaknesses. Our best-performing system,
based on GPT-4.1, achieved a Pass@1 score
of 78.6% over the test dataset. We address the
challenges of Bangla code generation, morpho-
logical richness, cross-lingual understanding,
and functional correctness, and outline the po-
tential for future work in multilingual program
synthesis.

1 Introduction

The intersection of program synthesis and natu-
ral language processing has witnessed significant
progress over recent years, with much of the work
being done by large language models (LLMs).
Code generation tasks, where a natural language
expression of a problem is automatically converted
into executable source code, have been explored
extensively in English and specific high-resource
languages (Lu et al., 2021; Chen et al., 2021; Austin
et al., 2021). Very little work has been conducted
on this task in low-resource languages, such as

South Asian languages like Bangla (Raihan et al.,
2025b), despite Bangla being one of the world’s
10 most widely spoken languages and the national
language in Bangladesh and second most widely
spoken language in the Indian subcontinent.

To bridge this gap, a Shared Task on Code Gen-
eration for Bangla was organized as a task at the
Bangla Language Processing (BLP) workshop at
AACL-IJCNLP 2025 (Raihan et al., 2025c). The
shared task entailed developing automatic systems
to generate Python source code from Bangla prob-
lem statements. The organizers released a bench-
mark dataset with Bangla problem descriptions and
corresponding Python solutions. The participants
were asked to develop models/pipelines with the
capacity to, upon being given a problem statement
in Bangla, generate correct and executable Python
programs.

This task is particularly challenging for several
reasons. First, Bangla is a resource-scarce and mor-
phologically dense language; thus, there are limited
large-scale annotated data resources available for
training. Second, we aim to bridge cross-lingual se-
mantic understanding (natural language in Bangla)
and code generation at its formal level (in Python),
which can result in translation errors leading to
syntactic or logical execution failures. Third, creat-
ing measures that capture more than surface-level
textual similarity and move towards the functional
correctness of code generation presents an addi-
tional level of challenge.

The shared task provides to the community a
standardized dataset, evaluation framework, and
collection of baseline results to promote orderly
progress in this new field. Beyond benchmarking,
it is desirable to stimulate the development of mul-
tilingual and cross-lingual code generation models
and to support broader efforts to make program-
ming more inclusive for speakers of Bangla and
other learners and programmers.
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2 Dataset

The datasets provided by the BLP-2025 Task 2
shared task organizers were used to develop the
code generation framework. The organizers first
provided a trial dataset to help understand the task
and the input/output formats. Next, a development
dataset (Raihan et al., 2025a) was provided by the
organizers for the code generation framework, and
a test dataset to evaluate its performance. The
trial dataset comprises 74 problem statements in
the Bengali language, each accompanied by corre-
sponding Python source code and three executable
test cases.

In the development dataset, there are a total of
400 problem statements in Bengali, with three test
cases provided for each statement. The test dataset
comprises 500 distinct problem statements in Ben-
gali, which are entirely separate from those in the
development dataset. This dataset is used to assess
the performance of the code generation framework.
To increase the challenge, the organizers only pro-
vided one test case for each problem statement in
the test dataset, as opposed to the three provided
in the development dataset. An example of the
data from both the development and test datasets is
shown in Figure 1.

Problem Statement: প্রথম n টি প্রাকৃ তিক সংখ্যার ঘনক্ষেত্রের
যোগফল খুঁজে বের করার জন্য একটি পাইথন ফাংশন লিখুন।
(T: Write a Python function to find the sum of the cubes of the first n
natural numbers.)
Exammple:
sum_Of_Series(n)

Test Cases: ['assert sum_Of_Series(5) == 225',
'assert sum_Of_Series(2) == 9', 'assert
sum_Of_Series(3) == 36']

Problem Statement: একটি প্রদত্ত ম্যাট্রিক্সকে তার সারিগুলির
যোগফল অনুযায়ী ক্রমবর্ধ মান ক্রমে সাজানোর জন্য একটি
ফাংশন লিখুন। (T: Write a function to sort a given matrix in
ascending order according to the sum of its rows.)
Example:
def sort_matrix(M):
    # your code
    return M

Test Case: ['assert sort_matrix([[1, 2, 3], [2, 4,
5], [1, 1, 1]])==[[1, 1, 1], [1, 2, 3], [2, 4,
5]]']

Ex - 1

Ex - 2

Figure 1: Example of development data (Ex-1) and test
data (Ex-2). The development data contains three test
cases, while the test data contains only one test case.

3 Methodology

This section provides a brief overview of the overall
methodology for code generation in the Bengali

language. To develop the framework, we utilized
state-of-the-art LLMs with a zero-shot setting.

Input problem statement (P)

একটি প্রদত্ত স্ট্রিং-এ প্রথম পুনরাবৃত্ত অক্ষর খুঁজে
পেতে একটি পাইথন ফাংশন লিখুন।

\nExammple:\nfirst_repeated_char(s)

Process Input Problem

txt = একটি প্রদত্ত স্ট্রিং-এ প্রথম পুনরাবৃত্ত অক্ষর
খুঁজে পেতে একটি পাইথন ফাংশন লিখুন।
func_def = first_repeated_char(s)

Prompt Design (Provide txt, func_def, and
test cases into the prompt)

You are a senior Python developer ...
....
...

... generate the exact python code only.

LLM Model (GPT/ Llama)

Process LLM output in proper format

def first_repeated_char(s):
    seen = set()
    for char in s:
        if char in seen:
            return char
        seen.add(char)
    return None

Figure 2: Overall framework of our code generation
system. The pipeline begins with processing the Bangla
problem statement and function definition, followed by
carefully designed prompts. These prompts are then
passed to an LLM, and the generated output is post-
processed into valid Python code.

Task Definition: Given a problem statement
P in the Bengali language, and test cases T =
{t1, t2, ..., tk}, where k is the number of test cases.
Our primary objective is to develop a pipeline or
framework that can accurately understand the Ben-
gali problem statement and generate Python code
that satisfies the test cases T .

Framework Description: The overall flow di-
agram of the framework is illustrated in Figure 2.
Given its state-of-the-art performance across vari-
ous tasks, such as machine translation, text summa-
rization, sentiment analysis, and many others, we
utilized LLMs, including GPT-4.x (OpenAI et al.,
2024) and Llama-4 (Touvron et al., 2023), as the
core of the framework.

In Figure 2, the first step involves processing
the input data provided by the organizers, which
consists of two components. The first component is
the problem statement, written in Bengali, followed
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by the text "\nExample\n", and then the function
definition, which includes the function name and
parameter list. This process is detailed in the ’Input
Problem Statement’ section of Figure 2.

We begin by processing the input data and stor-
ing it in two separate variables: one for the actual
problem statement and the other for the function
definition, along with its corresponding parame-
ter list. This will facilitate further processing and
prompt design.

The next phase involves designing the prompt.
Since LLMs are trained on a vast amount of data
and are capable of performing many complex NLP
tasks, we employed the zero-shot prompting strat-
egy (Brown et al., 2020; Kojima et al., 2022), where
no proper example of the input-output structure is
provided in the prompt. Each prompt was designed
to include the problem statement (in the original
Bengali text), the function definition, and parame-
ter list, allowing for the development of the desired
function. Along with the problem statement and
function definition, the test cases were provided in
the prompt so that the LLM could evaluate them
to check whether it correctly generated the desired
code. The prompt that was provided to the LLM
models to generate the Python source code is pro-
vided in Figure 3.

Each LLM model was accessed with its cor-
responding API keys. During the generation
of Python codes, the temperature value, top_p
value, and maximum token limit were set to 0.2, 1,
and 1024, respectively, across all LLM models.

Next, the generated Python code outputs were
further processed to remove common code-block
markdown markers ( eg, “``` Python” or “```”).
An example of generated Python code from a given
problem statement is provided in Figure 2.

4 Experiment and Result

4.1 Experimental Setup

All experiments were conducted in the Google Co-
laboratory environment using a non-GPU virtual
system with 12.7 GB of RAM. The GPT mod-
els were accessed via OpenAI’s official website
1, while the Llama-4 model was obtained from a
third-party provider, ‘Together.AI’ 2, utilizing
the appropriate API keys. The experiments were
set up in two configurations: one in which the LLM
models were instructed to translate the provided

1https://openai.com/
2https://www.together.ai/

You are a senior Python developer. Your task is to
write a single, well-structured Python function that
solves the user's problem.

Your output must contain only the code, with no
conversational text. Only generate the proper
executable code.

It is to be noted that the problem statement is
given in the Bengali language. You can translate the
problem statement into English before writing the
code.

Problem: {txt}.

The function definition, return type, and structure
of code should be as follows: {func_def}

There are test cases given in the program. Note
that the generated code should pass the given test
cases.

Test Cases: {test_cases}

Note that there might be other test cases also,
along with the given test cases. Your solution
should also be robust enough to handle other
hidden test cases.

Don't print the test cases. Only generate the
exact Python code.

Figure 3: Prompt that was provided to LLMs for gener-
ating Python source code from Bengali problem state-
ments. In this prompt, we instructed LLMs to translate
the Bengali problem statement to English.

Bengali problem statement into English (Figure 3),
and another in which the problem statements were
left in their original Bengali form 3.

In order to evaluate the framework’s perfor-
mance, the Pass@1 metric was used, which is the
percentage of hidden test cases that the generated
Python code passes. The experiments were per-
formed using different versions of GPT models,
including GPT-4-mini, GPT-4.1-mini, GPT-4.1,
and the Llama-44 model. To ensure a fair com-
parison, all the LLM models in both experimental
setups were executed with the same temperature,
top_p, and maximum token value as described in
Section 3.

4.2 Result
The results for the test dataset are presented in Ta-
ble 1 for both the translated and original Bengali

3Prompt for this experimental setup is provided in Ap-
pendix A

4Exact name is: Llama-4-Maverick-17B-128E-
Instruct-FP8
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LLM Model Pass@1 (%) Is translated
to English

GPT 4o-mini 72.0 ✓

GPT 4.1-mini 76.0 ✓

GPT-4.1 76.6 ✓

Llama-4 76.4 ✓

GPT 4o-mini 65.6 ✗

GPT-4.1-mini 74.0 ✗

GPT-4.1 78.6 ✗

Llama-4 75.6 ✗

Table 1: Performance of different LLMs on the shared
task test dataset, measured using the Pass@1 metric.
The result highlighted with Blue colour represents the
best performance when translating the Bengali problem
statement into English (Official shared task submission).
The result highlighted in Green colour represents the
best performance when using original Bengali problem
statements.

problem statement forms. From the table, it is evi-
dent that the GPT-4.1 model performs best across
both schemes, achieving Pass@1 scores of 76.6%
with the translated problem statement and 78.6%
with the original Bengali problem statement. The
Llama-4 model follows closely behind, obtaining
a Pass@1 score of 76.4% for the translated form
and 78.6% for the original form.

Notably, the GPT-4.1 model demonstrates supe-
rior performance with the original Bengali prob-
lem statement compared to the translated ver-
sion. This indicates a strong understanding of
the Bengali language for code generation by the
GPT-4.1 model. In contrast, other models such as
GPT-4o-mini, GPT-4.1-mini, and Llama-4 per-
formed better with the translated problem statement
and showed decreased performance when using the
original Bengali problem statement.

5 Conclusion and Future Work

This paper presents an LLM-based framework for
Python code generation from Bengali problem
statements. We used a zero-shot prompting strategy
with three variants of GPT models and the Llama 4
model across two experimental setups: one trans-
lating the Bengali problem to English and another
keeping the Bengali problem statement in its origi-
nal form. All experiments were conducted on the
development and testing datasets provided by the
BLP Task 2 organizers. Our experimental results
demonstrate that the GPT-4.1 model-based frame-

work outperforms all other frameworks in both ex-
perimental setups, particularly when using the Ben-
gali original problem statements, which achieved
the best result with a 78.6% pass@1 score.

Future directions would include experimenting
with other prompting strategies, such as few-shot or
chain-of-thought prompting, and making a compar-
ative analysis between different prompting strate-
gies. Additionally, we will also experiment with
other LLM models, such as DeepSeek (DeepSeek-
AI et al., 2025) or Gemini (Team et al., 2025), in
our future work.

Limitations

Our proposed work does have some potential lim-
itations. First, we only experimented with a zero-
shot prompting strategy and did not explore other
prompting techniques, such as few-shot learning
or chain-of-thought prompting. The performance
of our approach may be enhanced by using these
advanced strategies.

Second, our experiments were limited to only the
GPT and Llama-4 models. We chose these models
due to their relatively strong performance across
various NLP tasks. However, we have not explored
other LLMs, such as DeepSeek, Qwen, or Claude.
Financial constraints have prevented us from doing
so, as each model incurs costs for API calls.

Third, we did not conduct any explicit training
or fine-tuning due to resource limitations. The per-
formance could potentially improve if we fine-tune
an LLM model, especially for the code generation
task. We plan to attempt fine-tuning an LLM model
for code generation in our future work.
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A Appendix A: Prompt where no
translation was performed

You are a senior Python developer. Your task is to
write a single, well-structured Python function that
solves the user's problem.

Your output must contain only the code, with no
conversational text. Only generate the proper
executable code.

It is to be noted that the problem statement is
given in the Bengali language.

Problem: {txt}.

The function definition, return type, and structure
of code should be as follows: {func_def}

There are test cases given in the program. Note
that the generated code should pass the given test
cases.

Test Cases: {test_cases}

Note that there might be other test cases also,
along with the given test cases. Your solution
should also be robust enough to handle other
hidden test cases.

Don't print the test cases. Only generate the
exact Python code.

Figure A.1: Prompt to Bengali-to-Python code genera-
tion where the problem statement was kept in its original
Bengali form. No translation was conducted.
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Abstract

Large Language Models (LLMs) have ad-
vanced the automated generation of code from
natural language prompts. However, low-
resource languages (LRLs) like Bangla remain
underrepresented due to the limited availabil-
ity of instruction-to-code datasets and evalu-
ation benchmarks. To address this, the BLP
Workshop at IJCNLP-AACL 2025 introduced
a shared task on “Code Generation in Bangla”.
In this work, we propose a method that com-
bines instruction prompting with a test-driven,
feedback-guided iterative refinement process
using a fine-tuned Qwen2.5-14B model. The
model generates code from Bangla instruc-
tions, tests it against unit tests, and iteratively
refines any failing outputs through three evalu-
ation passes, using test feedback to guide each
step. This approach helped our team “Retriv”
to secure 2nd place in the shared task with a
Pass@1 score of 0.934. The analysis high-
lights challenges in Bangla instruction under-
standing and Python code generation, empha-
sizing the need for targeted methods in LRLs.
We made experimental scripts publicly avail-
able for the community.1

1 Introduction

Automated code generation from natural language
has made significant progress with Large Lan-
guage Models (LLMs), which generate code snip-
pets tailored to meet user needs. These models,
trained on millions of open-source code reposi-
tories, perform best in high-resource languages
such as English, where large, aligned datasets
and benchmarks are available. In contrast, low-
resource languages such as Bangla have received
less attention due to the lack of high-quality
instruction-to-code datasets (Raihan et al., 2025a).
Recent work, including the TigerCoder mod-
els (Raihan et al., 2025b) and benchmarks such as

1https://github.com/NafiAsib/
Retriv-BLP25-Task-2

mHumanEval (Raihan et al., 2025a) and MBPP-
Bangla (Raihan et al., 2025b), has begun to ad-
dress this gap by providing standardized datasets
and evaluation protocols. Automated code gener-
ation in Bengali is important because it enables
more people to access programming tools and re-
sources in their native language, thereby support-
ing education and local software development.

To advance research, the BLP Workshop2 at
IJCNLP-AACL 2025 introduced a shared task
on “Code Generation in Bangla” (Raihan et al.,
2025c), providing a benchmark for evaluating
models on Bangla instruction-to-Python code gen-
eration. This paper contributes to ongoing re-
search, and the key contributions are as follows:

• Proposed a lightweight and effective sys-
tem for Bangla-to-Python code generation
that combines QLoRA fine-tuning with a
feedback-guided inference loop and includes
a test-case-aware translation step to ensure se-
mantic alignment with expected input-output
behavior.

• Conducted a systematic evaluation
of several open-weight models, in-
cluding (ReasonFlux-Coder-14B,
phi-4, Llama-3.1-8B, Qwen3-14B,
Qwen2.5-Coder-14B) on Bangla-to-Python
code generation.

2 Related Work

Recent studies have sought to enhance the robust-
ness of code generation. Python Code Genera-
tion by Asking Clarification Questions (Li et al.,
2023) allows models to query ambiguous prompts,
improving correctness through interactive clarifi-
cation. Self-Debugging (Chen et al., 2023) pro-
poses a general framework where LLMs itera-
tively refine their own outputs by leveraging ex-
ecution feedback, showing improvements across

2https://blp-workshop.github.io/
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text-to-SQL, code translation, and text-to-Python
tasks. Similarly, the Large Language Model De-
bugger (LDB) (Zhong et al., 2024) incorporates
runtime execution signals and block-level debug-
ging, yielding gains on HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021). Build-
ing upon recent work in enhancing code genera-
tion, efforts to assess LLM capabilities in Bangla
have led to the introduction of several benchmarks
and resources. For example, the mHumanEval-
Bangla dataset (Raihan et al., 2025a) extends Hu-
manEval (Chen et al., 2021) to Bangla, while the
MBPP-Bangla benchmark (Raihan et al., 2025b)
adapts MBPP with crowd-sourced Bangla instruc-
tions paired with Python solutions. In parallel,
modeling advances include TigerLLM (Raihan
and Zampieri, 2025), a family of Bangla LLMs
outperforming previous open alternatives, and Tit-
uLLMs (Nahin et al., 2025), which release pre-
trained Bangla models at 1B and 3B scales with
comprehensive benchmarking.

Despite the availability of these benchmarks
and improvements, code generation in Bangla re-
mains relatively underexplored. The TigerCoder
suite (Raihan et al., 2025b) is an early response to
this gap, introducing Bangla-focused multilingual
models and benchmarks. This work specifically
addresses the task of Bangla-to-Python code gener-
ation by proposing a test-driven, feedback-guided
refinement approach.

3 Task and Dataset Descriptions

The BLP Shared Task-2 tackled the challenge
of developing robust Bangla code generation sys-
tems. Organizers provided instruction-to-Python
code datasets for training (74 samples), develop-
ment (400 samples), and testing (500 samples). Ta-
ble 1 summarizes the structure and fields of each
sample.

Field Description
id A unique task identifier.
instruction A Bangla description of the program-

ming task.
response A Python code snippet implementing

the task (available only in the training
set).

test_list A list of Python assert statements used
for verifying functional correctness dur-
ing development.

Table 1: Structure of each dataset sample.

4 System Description

Figure 1 illustrates the overview of our proposed
framework.

Figure 1: Overview of the proposed framework

4.1 Base Model Benchmarking
We began by comparing a diverse set of
open-weight large language models (LLMs),
chosen for their strong performance in code
generation and multilingual understanding:
ReasonFlux-Coder-14B (Wang et al., 2025),
phi-4 (Abdin et al., 2024), Llama-3.1-8B
(Dubey et al., 2024), codegemma-7b (Team
et al., 2024), Qwen3-14B (Yang et al., 2025), and
Qwen2.5-Coder-14B (Hui et al., 2024). Each
model was tested in a two-shot setting, where
we prompted with two Bangla instructions and
their reference solutions. To evaluate robustness,
we repeated the same experiments using trans-
lated English instructions. Across both setups,
Qwen2.5-Coder-14B consistently produced
the most reliable and executable Python code,
making it the natural choice for our subsequent
fine-tuning.

4.2 Instruction Translation Strategy
Since the development dataset contained Bangla
instructions paired with English test cases, we in-
troduced an LLM-based translation step to better
leverage English-centric code models. For each
instruction, the full test suite was included in the
prompt, allowing the translator to align the natural
language description with the intended input/out-
put behavior. This design helped preserve seman-
tic fidelity, especially in tasks where the Bangla
phrasing might otherwise be ambiguous. We used
Qwen2.5-Coder-14B as the translator for the full
dataset.

4.3 Fine-tuning with QLoRA
Given GPU memory constraints, we fine-tuned
the base model using Quantized Low-Rank Adap-
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tation (QLoRA) (Dettmers et al., 2023), which
combines 4-bit weight quantization with low-rank
adapters. This approach enabled us to adapt a 14B-
parameter model within our compute budget while
still leveraging its rich pretraining. For fine-tuning,
we additionally used the DeepMind MBPP dataset
(Austin et al., 2021) to supplement our training
data. We settled on a configuration with rank
r = 128, scaling factor α = 128, a learning rate of
2× 10−4, and a batch size of 1 with gradient accu-
mulation steps of 4. The training was performed
for 4 epochs with weight decay of 0.

4.4 Feedback-guided Inference

Finally, we introduced a feedback mechanism to
improve inference robustness. After the model
generated a candidate solution, we executed it
against all the test cases provided with a 30-second
timeout. If any test failed, we re-prompted the
model with the error trace, allowing it to itera-
tively refine its output. This loop was repeated up
to three times, gradually increasing the sampling
temperature (0.1 → 0.3 → 0.5) to encourage di-
verse candidate solutions. We found prompt de-
sign to be crucial here, and iteratively refined the
error-handling prompt over multiple development
runs.

5 Experiments

All experiments were conducted on a single
NVIDIA RTX 3090 Ti GPU with 24 GB of mem-
ory. We used the HuggingFace3 transformers
library together with the PEFT framework and the
Unsloth4 package for efficient training. Unless
otherwise stated, decoding was performed with a
maximum of 768 tokens and an initial temperature
of 0.1. This setup reflects a modest compute bud-
get, which influenced the design of our training
and inference strategies.

6 Results and Analysis

System performance was measured using the
Pass@1 metric, defined as the proportion of top-1
generated solutions that pass all hidden unit tests.
Leaderboard ranking was determined by Pass@1.

6.1 Few-shot on Bangla Instructions

We first evaluated all candidate models in a two-
shot setting using the original Bangla instructions.

3https://huggingface.co/
4https://unsloth.ai/

As shown in Table 2, Qwen2.5-Coder-14B and
Qwen3-14B emerged as the strongest models, re-
flecting their multilingual pretraining. In con-
trast, models with weaker multilingual ground-
ing (phi-4, codegemma-7b) struggled to interpret
Bangla instructions reliably.

Model Pass@1 (Bangla)
ReasonFlux-Coder-14B 0.64
phi-4 0.20
Llama-3.1-8B 0.51
codegemma-7b 0.37
Qwen3-14B 0.67
Qwen2.5-Coder-14B 0.74

Table 2: Few-shot performance on Bangla instructions.

6.2 Few-shot on Translated Instructions
Next, we repeated the evaluation after translating
Bangla instructions into English using our LLM-
based pipeline. Table 4 shows that translation sub-
stantially boosted performance for most models,
with Qwen2.5-Coder-14B again leading at 0.81
Pass@1. This demonstrates that while multilin-
gual ability helps, aligning with English-centric
pretraining remains advantageous for code gener-
ation. Table 3 illustrates representative Bangla in-
structions from the dataset alongside their English
translations used for code generation.

6.3 Effect of Fine-tuning
Fine-tuning Qwen2.5-Coder-14B with QLoRA
yielded a notable improvement, raising Pass@1
from 0.81 to 0.90. The best configuration was ob-
tained with rank r = 128, scaling factor α = 128,
and 0 dropout. We found that any added dropout
degraded performance, suggesting that preserving
the full training signal was more important than
regularization under the limited dataset size. This
highlights the value of higher adapter ranks in cap-
turing nuanced mappings from translated instruc-
tions to executable logic.

6.4 Feedback-guided Inference
Incorporating the feedback mechanism further im-
proved performance to 0.94 Pass@1 (Table 5).
Relative to the few-shot baseline, this represents
a +16.05% absolute improvement, and a +4.44%
gain over fine-tuning alone.

Most recoveries came from correcting off-by-
one errors, handling edge cases, or aligning out-
puts with expected formats. However, failures
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Bangla Instruction English Translation
পৰ্দত্ত পযর্ায়কৰ্িমক
ফাংশেনর জনয্ সবর্িনম্ন
সম্ভাবয্ মান খুঁেজ েপেত
একিট পাইথন ফাংশন
িলখুন।

Write a Python func-
tion to find the min-
imum possible value
for a given arithmetic
sequence.

পৰ্দত্ত তািলকায় টুপল
ৈবিশষ্টয্ িহসােব েরকডর্
তািলকার সবর্ািধক মান
খুঁেজ েপেত একিট ফাংশন
িলখুন।

Write a function to
find the maximum
value in each tuple’s
list within a given list
and return the tuples
with their respective
maximum values.

মানিচতৰ্ এবং লয্ামব্দা
ফাংশন বয্বহার কের দুিট
তািলকা ভাগ করার জনয্
একিট ফাংশন িলখুন।

Write a function to di-
vide two lists element-
wise using map and
lambda functions.

পৰ্দত্ত িস্টৰ্ং-এর সমস্ত
েস্পসেক অক্ষর * তািলকা
আইেটম * তািলকা
আইেটম * তািলকা
আইেটম * তািলকা
আইেটম '%20' িদেয়
পৰ্িতস্থাপেনর জনয্ একিট
ফাংশন িলখুন।

Write a function to
replace all spaces in
a given string with
’%20’.

একিট িমশৰ্ তািলকা েথেক
এমনিক সংখয্া খুঁেজ েপেত
একিট পাইথন ফাংশন
িলখুন।

Write a Python func-
tion to extract num-
bers from a mixed list.

Table 3: Examples of Bangla instructions and their En-
glish translations.

caused by mistranslations or deeper reasoning
gaps were rarely resolved, underscoring the lim-
its of inference-time self-correction. The prompt
used for this task is provided in Appendix A.

6.5 Translation Error Analysis
Although the LLM-based translation pipeline pre-
served semantics in most cases, some instructions
suffered from semantic drift. A representative ex-
ample is shown below:

Original Bangla: “একিট চতুভুর্জ
সমীকরেণর মূলগুিল এেক অপেরর পৰ্িতদব্িন্দব্তা
িকনা তা পরীক্ষা করার জনয্ একিট পাইথন
ফাংশন িলখুন”
LLM Translation: Write a Python
function to check whether the roots
of two quadratic equations are in

Model Pass@1 (English)
ReasonFlux-Coder-14B 0.73
phi-4 0.74
Llama-3.1-8B 0.59
codegemma-7b 0.42
Qwen3-14B 0.75
Qwen2.5-Coder-14B 0.81

Table 4: Few-shot performance on translated English
instructions.

Method Pass@1
QLoRA 0.90
QLoRA + Feedback mechanism 0.94

Table 5: Impact of feedback-guided inference.

competition with each other.

Here, “পৰ্িতদব্িন্দব্তা” (literally competition) was
mistranslated as in competition, while the in-
tended mathematical meaning was reciprocal.
This caused the generated code to implement in-
correct logic. Such cases highlight that while test-
case-aware prompting improves translation, bridg-
ing natural Bangla phrasing with precise program-
ming semantics remains challenging.

6.6 Shared Task Outcome

Our final system Qwen2.5-Coder-14B with
QLoRA fine-tuning and feedback-guided infer-
ence achieved Pass@1 score of 0.934 on the
blind evaluation set, ranking second overall in
the shared task leaderboard. This demonstrates
that with careful translation, parameter-efficient
fine-tuning, and inference-time self-correction,
open-weight LLMs can achieve state-of-the-art
performance on Bangla-to-Python code genera-
tion.

7 Conclusion

This work presents an LLM-based system for
generating Bangla-to-Python code. The sug-
gested approach integrates an LLM-based transla-
tion pipeline, parameter-efficient fine-tuning with
QLoRA, and a feedback-guided inference loop.
These components enabled the model to achieve
Pass@1 accuracies of 0.94 on the development
set and 0.934 on the blind test set. These re-
sults demonstrate that, with careful translation, ef-
ficient adaptation, and test-case-aware inference,
LLMs can match the performance of much larger
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or closed-source systems. The future aim is to
utilize fine-tuned, larger-parameter models, such
as those employing LoRA and other advanced
techniques, to capture more nuanced, task-specific
representations. We also aim to evaluate closed-
source LLMs available through APIs that bene-
fit from stronger hardware and training pipelines.
Improving translation fidelity, particularly for id-
iomatic Bengali expressions, remains a key chal-
lenge and a crucial step toward more robust multi-
lingual code generation.

8 Limitations

The system achieved competitive results, but sev-
eral limitations persist. Methodological chal-
lenges such as translation fidelity and error-driven
code correction, along with resource constraints
in training and deployment, remain. Addressing
these issues is essential to enhancing the robust-
ness and scalability of Bangla-to-Python code gen-
eration systems. Key limitations include:

• Hardware constraints restricted us to QLoRA
fine-tuning on a single GPU, which prevented
exploration of full-precision LoRA or larger
models that could offer additional improve-
ments.

• Although generally effective, the translation
pipeline occasionally introduced semantic
drift, particularly with idiomatic Bangla ex-
pressions and loanwords. These errors af-
fected code generation and were only par-
tially addressed by the feedback mechanism.

• The feedback-guided inference loop de-
pended on the quality of error traces. When
tracebacks did not identify issues, retries sel-
dom led to meaningful corrections.

• The experiments were limited to open-weight
LLMs, which excluded evaluation of poten-
tially stronger closed-source models that ben-
efit from larger-scale pretraining and infer-
ence resources.
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A Prompts

This appendix contains the prompts employed in
system development and testing, offering addi-
tional insight into our framework.

A.1 Translation Prompt

messages = [
{

"role": "system",
"content": """You are a professional

translator specializing in technical and
programming content...

Translation Guidelines:
- Preserve Technical Accuracy: Maintain exact

meaning of programming concepts
- Keep Code Elements Intact: Preserve English

technical terms in standard form
- Maintain Instructional Clarity: Ensure natural

English coding instructions
- Precision Over Literal Translation: Focus on

exact intended meaning

Example:

Input: একিট িস্টৰ্ং-এ একিট আক্ষিরক িস্টৰ্ং অনুসন্ধান করার জনয্
একিট ফাংশন িলখুন এবং েরেজক্স বয্বহার কের মূল িস্টৰ্ং-এর
মেধয্ অবস্থানিট খুঁেজ েবর করুন েযখােন পয্াটানর্িট ঘেট।

Output: Write a function to search for a literal
string within a main string and find the
position within the main string where the
pattern occurs using regex."""
},
{

"role": "user",
"content": f"Translate this Bangla

coding instruction to English: {
bangla_instruction}"
}

]

A.2 Few-shot Prompt (Bangla Instructions)

Listing 1: Few-shot prompt with translated English ex-
amples

system_message = """You are an expert Python
programmer. Your task is to generate clean,
efficient, and correct Python functions that
pass all given test cases.

CRITICAL RULES:
1. ALWAYS wrap your code in ```python ``` blocks
2. Write ONLY the function implementation, no

extra explanations
3. Use the EXACT function name from the example
4. Ensure the function passes ALL test cases
5. Handle edge cases and invalid inputs

appropriately
6. Use appropriate data types based on test case

patterns

Here are examples of how to solve different
types of problems:

EXAMPLE 1 - String Processing:

Task: একিট পৰ্দত্ত িস্টৰ্ং-এ পৰ্থম পুনরাবৃত্ত অক্ষর খুঁেজ েপেত একিট
পাইথন ফাংশন িলখুন।

Test Cases:
assert first_repeated_char("abcabc") == "a"
assert first_repeated_char("abc") == "None"
assert first_repeated_char("123123") == "1"

Expected Solution:
```python
def first_repeated_char(s):

seen = set()
for char in s:

if char in seen:
return char

seen.add(char)
return "None"

```
EXAMPLE 2 - Mathematical Function:

Task: পৰ্দত্ত পূণর্সংখয্ািট একিট েমৗিলক সংখয্া িকনা তা পরীক্ষা
করার জনয্ একিট ফাংশন িলখুন।

Test Cases:
assert prime_num(13) == True
assert prime_num(7) == True
assert prime_num(-1010) == False

Expected Solution:
```python
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def prime_num(n):
if n < 2:

return False
if n == 2:

return True
if n % 2 == 0:

return False
for i in range(3, int(n**0.5) + 1, 2):

if n % i == 0:
return False

return True
```
Code Quality Standards:

- Write code with proper indentation
- Optimize for correctness first, then

efficiency
- Handle common edge cases (empty inputs, None

values, negative numbers, etc.)

Return the exact data type shown in test cases""
"

user_prompt = f"""Generate a Python function for
this problem:

Task: {instruction}

Test Cases:
{test_list}

Expected Function Name: {function_name}

Requirements:

- Follow the examples shown in the system
message

- Analyze the test cases carefully to understand
input/output patterns

- Implement the function to pass ALL test cases
exactly

- Return the appropriate data type as shown in
test cases

- Handle edge cases gracefully (empty inputs,
invalid values, etc.)

- Use efficient algorithms where applicable

Generate ONLY the Python function wrapped in
python blocks. No explanations needed."""

A.3 Few-shot Prompt (Translated
Instructions)

Listing 2: Few-shot prompt with translated English ex-
amples

system_message = """You are an expert Python
programmer. Your task is to generate clean,
efficient, and correct Python functions that
pass all given test cases.

CRITICAL RULES:
1. ALWAYS wrap your code in ```python ``` blocks
2. Write ONLY the function implementation, no

extra explanations
3. Use the EXACT function name from the example
4. Ensure the function passes ALL test cases
5. Handle edge cases and invalid inputs

appropriately

6. Use appropriate data types based on test case
patterns

Here are examples of how to solve different
types of problems:

EXAMPLE 1 - String Processing:
Task: Write a Python function to find the first

repeated character in a given string.
Test Cases:
assert first_repeated_char("abcabc") == "a"
assert first_repeated_char("abc") == "None"
assert first_repeated_char("123123") == "1"

Expected Solution:
```python
def first_repeated_char(s):

seen = set()
for char in s:

if char in seen:
return char

seen.add(char)
return "None"

```
EXAMPLE 2 - Mathematical Function:
Task: Write a function to check if a given

integer is a prime number.
Test Cases:
assert prime_num(13) == True
assert prime_num(7) == True
assert prime_num(-1010) == False

Expected Solution:
```python
def prime_num(n):

if n < 2:
return False

if n == 2:
return True

if n % 2 == 0:
return False

for i in range(3, int(n**0.5) + 1, 2):
if n % i == 0:

return False
return True

```
Code Quality Standards:

- Write code with proper indentation
- Optimize for correctness first, then

efficiency
- Handle common edge cases (empty inputs, None

values, negative numbers, etc.)

Return the exact data type shown in test cases""
"

user_prompt = f"""Generate a Python function for
this problem:

Task: {instruction}

Test Cases:
{test_list}

Expected Function Name: {function_name}

Requirements:

- Follow the examples shown in the system
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message
- Analyze the test cases carefully to understand

input/output patterns
- Implement the function to pass ALL test cases

exactly
- Return the appropriate data type as shown in

test cases
- Handle edge cases gracefully (empty inputs,

invalid values, etc.)
- Use efficient algorithms where applicable

Generate ONLY the Python function wrapped in
python blocks. No explanations needed."""

A.4 Feedback/Retry Prompt

Listing 3: Few-shot prompt with translated English ex-
amples

attempt_analysis = f"""

# PATTERN ANALYSIS FROM {len(previous_attempts)}
ATTEMPTS:

- Attempt 1: {len(previous_attempts[0])}
characters

- Latest: {len(previous_attempts[-1])}
characters

- Different approaches tried: {len(set(attempt
[:50] for attempt in previous_attempts))}

# AVOID REPEATING: The same logic pattern has
failed multiple times. Try a fundamentally
different approach."""

# Enhanced error analysis based on error
type
specific_guidance = ""
if failed_test['status'] == '
ASSERTION_FAILED':

specific_guidance = """
## ASSERTION FAILURE GUIDANCE:
- Check return data type (int, str, list, tuple,

bool)
- Verify exact return format matches expected

output
- Consider sorting if order doesn't matter
- Handle empty cases explicitly"""

elif failed_test['status'] == 'RUNTIME_ERROR
':

error_msg = failed_test['error'].lower()
if 'index' in error_msg or 'list' in

error_msg:
specific_guidance = """

## INDEX/LIST ERROR GUIDANCE:
- Check for empty list/string handling
- Verify array bounds (0 to len-1)
- Handle edge case when input is empty"""

elif 'key' in error_msg or 'dict' in
error_msg:

specific_guidance = """
## DICTIONARY ERROR GUIDANCE:
- Check if key exists before accessing
- Use .get() method with default values
- Initialize dictionaries properly"""

elif 'attribute' in error_msg:
specific_guidance = """

## ATTRIBUTE ERROR GUIDANCE:
- Check object types before method calls
- Verify variable is initialized

- Import necessary modules"""

# Create comprehensive error feedback
feedback = f"""

## PREVIOUS ATTEMPT FAILED - ADVANCED DEBUGGING:

- Error Type: {failed_test['status']}
- Error Message: {failed_test['error']}
- Failing Test Case: {failed_test['test_case']}
- Failed at Test #{failed_test['index']} out of

{len([r for r in test_results if 'index' in
r])}

{specific_guidance}

{attempt_analysis}

# SYSTEMATIC DEBUGGING APPROACH:
1. ANALYZE INPUT/OUTPUT: What data types and

patterns do test cases show?
2. EDGE CASE CHECK: Empty inputs, single

elements, boundary values
3. ALGORITHM CHOICE: Is this DP, greedy, two-

pointer, sliding window, etc.?
4. IMPLEMENTATION: Step through the failing test

case manually
5. IMPORTS: Add math, re, collections, itertools

if needed

# Original Task: {instruction}

# CRITICAL SUCCESS FACTORS:
- Function signature must match test case

exactly
- Return type must match expected output

precisely
- Handle ALL edge cases shown in test patterns
- Use efficient algorithm for the problem type

GENERATE A COMPLETELY NEW APPROACH - Previous
attempts failed for a reason."""
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Abstract

Code generation from natural language instruc-
tions in Bangla is a fundamental task in pro-
gramming automation, as explored in BLP-
2025 Shared Task 2: Code Generation in
Bangla. Current code generation models are
designed primarily for high-resource languages
such as English, which creates major limita-
tions when applied to Bangla. The key chal-
lenges are limited training data and difficulty
in correctly interpreting Bangla programming
instructions. In this paper, to accommodate
Bangla instructions, we present a chain of
thought (CoT) based prompting approach with
Qwen2.5-Coder-14B model. We further intro-
duce few-shot example in the prompt template
to improve the accuracy. During competition,
an accuracy of 93% is achieved in the shared
test set (test_v1.csv) and 82.6% is achieved on
the public and private test sets (hidden). After
the competition is closed, we implement a de-
bugger prompt technique which refines answers
with 3 iterative fixing attempts. Applying this
new technique on the public shared test set, our
system outperforms by 7% and achieves 100%
accuracy on the public test set, highlighting
the effectiveness of combining CoT prompting
with iterative debugging.

1 Introduction

With the rapid advancement of Large Language
Models (LLMs) and their success in automated
code generation (Roziere et al., 2024), there has
been increasing interest in extending these capabili-
ties beyond English to serve the whole world. Code
generation from natural language instructions (Li
et al., 2025; Yang et al., 2025) has become a fun-
damental task in programming automation which
enables developers to express algorithmic thoughts
in human language and receive executable code
solutions (Roziere et al., 2024). However, despite

* Equal contribution.

significant progress in English-based code gener-
ation systems, the development of programming
tools for low-resource languages is significantly
low (Luo et al., 2024).

Bangla, spoken by over 300 million people
globally and serving as the official language of
Bangladesh and the second most spoken language
in India (Eberhard et al., 2024), represents a crit-
ical case study for multilingual code generation.
The semantic complexity of Bangla, including its
unique script system and syntactic structures that
differ from English, makes it challenging for exist-
ing code generation models that are mainly trained
on English datasets (Raihan and Zampieri, 2025a;
Wang et al., 2024). Also, since there are not many
parallel Bangla-code datasets and Bangla is hardly
present in programming-related data, the problem
becomes even bigger (Luo et al., 2024).

Current code generation models, while achiev-
ing impressive performance on English bench-
marks (Roziere et al., 2024), show excessive perfor-
mance degradation when directly applied to non-
English instructions like Bangla (Cassano et al.,
2023). This limitation stems from several factors:
(1) insufficient multilingual understanding capabil-
ities; (2) insufficient training on multilingual pro-
gramming datasets; and (3) the lack of specialized
techniques to handle the semantic and syntactic
structures of low-resource languages in program-
ming contexts. Moreover, existing approaches typ-
ically treat code generation as a direct translation
task without considering the multi-step reasoning
often required for complex algorithmic problems
expressed in natural language.

To address these challenges and bridge the gap
in multilingual code generation, we present a com-
prehensive approach for generating Python code
from Bangla natural language instructions. Our
method leverages the Qwen2.5-Coder-14B-Instruct
model (Team et al., 2024) enhanced with Chain-of-
Thought reasoning (Zhou et al., 2024) and incor-
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porates a novel iterative debugging system specifi-
cally designed to handle the unique challenges of
cross-lingual code generation (Chen et al., 2023;
Liu et al., 2024). Unlike previous approaches that
rely solely on direct generation, our system imple-
ments a multi-stage process that includes careful
prompt engineering with Bangla instruction pro-
cessing, automatic test case generation, and system-
atic error correction through iterative refinement.

The main contributions of our work can be sum-
marized as follows:

1. We introduce a chain-of-thought strategy
(CoT) for multilingual code generation that
helps the model reason step by step across
languages.

2. Furthermore, we combine it with an iterative
debugging system that can automatically de-
tect and fix errors up to three times, making
the generated code from Bangla instructions
more accurate and reliable.

3. During the competition, our system scored
93% accuracy on the shared public test set
(test_v1.csv) and 82.6% on the combined pub-
lic and private hidden sets. After the compe-
tition ended, we experimented with a simple
debugger-style prompt that lets the model re-
view and fix its own answers up to three times.
With this added refinement step, our perfor-
mance on the public test set improved by 7%,
allowing the system to reach 100% accuracy
on the publicly shared test set. This shows the
significance of our step-by-step approach with
debugging, and it also gives some clear ideas
about the problems and solutions in multilin-
gual code generation.

2 Related Work

In our search, we found several code generation
models capable of outputting precise and usable
code. The efforts of (Yin and Neubig, 2017) pro-
vided a foundational approach by using an Abstract
Syntax Tree (AST) to capture the syntax of a spe-
cific programming language, enabling the gener-
ation of grammatically correct code from natural
language input. This surpassed the performance
of sequence-to-sequence models which often made
syntactical mistakes. Building on this, more re-
cent work by (Yin et al., 2023) addresses the chal-
lenges of modern, interactive programming envi-
ronments like data science notebooks. They intro-

duced the ARCADE benchmark and the large-scale
PACHINCO model, demonstrating the importance
of understanding rich, multi-turn context to gen-
erate functionally correct and relevant code for
complex data analysis tasks. We have also seen
efforts by (Bhattacharjee et al., 2023) to tackle
the lack of unified resources in Bangla by creat-
ing BanglaNLG, which creates a comprehensive
benchmark for evaluating various natural language
generation tasks, and also pre-trained BanglaT5,
which is a strong baseline model for the Bangla
language. Addressing the performance issues of
previous Bangla models, (Raihan and Zampieri,
2025b) created the TigerLLM family, where they
used the NCTB textbooks and the Bangla-Instruct
dataset to pretrain and finetune their model respec-
tively. Our work improves upon these by incorpo-
rating Program-of-Thought and Chain-of-Thought
reasoning as well as an iterative debugging sys-
tem to output precise Python code from a Bangla
Natural Language input.

3 Method

LLM as a code 
generator 

Dataset

Chain-of-Thought (CoT) prompting 

Generated code

Generated Code LLM as a Debugger 

Debugger Prompting 

Code Refinement 

3x 

(a) BLP-shared Task 2 solution 
(b) Code Refinement with Debugger LLM 

Figure 1: The proposed framework. (a) The initial
CoT-based prompt technique we consider during initial
submission. (b) A debugging prompt technique on the
generated code is applied with maximum 3 trials to
refine the code.

In this section, we discuss the Chain-of-Thought
(CoT) prompt driven approach with iterative
debugging.

Figure 1 refers to the two proposed approaches.
(a) We first employ Chain-of-Thought prompting
with the Qwen2.5-Coder-14B-Instruct model to
generate Python code directly from Bangla natural-
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language instructions. The system and user prompt
templates are shown in Figure 2 and Figure 3.

(b) To further enhance correctness, we apply
a code refinement stage, where the same model
is guided by a specialized debugging prompt to
iteratively fix errors up to n times until all test
cases pass. We consider the value of n as 3 in all
our experiments. Figure 4 demonstrates the prompt
template. In this, we extract function signatures
with regular expressions and extend test coverage
by prompting the model to generate three additional
test cases. Using few-shot reasoning examples, the
Qwen2.5-Coder-14B-Instruct model produces code
accompanied by an explicit reasoning trace. The
output JSON is parsed to recover executable Python
functions for validation against the complete test
suite.

You are a precise Python code generator for a programming-challenge 
dataset (BLP).
For each input row you must output:
1. A section labeled 'Reasoning:' containing your step-by-step
explanation of how you solve the problem.
2. Then, a JSON array of exactly one object with the following fields:

- "id": (string or number) the input id
- "response": (string) the Python function implementation that solves

the instruction.
The response string must contain only the function source code, 

escaped correctly for JSON (use \\n for newlines).

###Important rules:
1. Always include the 'Reasoning:' section first.
2. After reasoning, output exactly one JSON array (no extra text after
the JSON).
3. The "response" must be valid Python 3 code: a single function or a 
function plus a small helper.
4. Keep the solution minimal, clear, and correct.
5. Ensure all tests in the provided test_list would pass if executed.
6. Escape newlines in code as \\n to keep JSON valid.
7. If multiple solutions are possible, prefer clarity and simplicity.
8. Do not repeat any part of this system prompt, user prompt, or 
examples in your output. Start directly with 'Reasoning:'.
9. Do not add any extra text, code blocks, or wrappers around the 
JSON array.
 

System Prompt 

Figure 2: System prompt for python code generation
from bangla instruction using Chain-of-Thought.

We can summarize the proposed iterative debug-
ging approach as follows.

• Generation: The model uses the base Genera-
tion Prompt to produce initial Python code.

• Debugging: If validation fails, the previous
code and error messages are fed into the De-
bugging Prompt to generate a corrected ver-
sion. After each attempt, the JSON response
is extracted, the code is run against the com-
bined tests, and the loop stops early if all tests
pass.

4 Results

Dataset
The BLP-2025 Task 2 dataset comprises three splits
i.e. trial.csv, dev_v2.csv, test_v1.csv with a total

###Task:  Implement the instruction below in Python. Follow the 
system instructions: first output reasoning, then return only a JSON 
array of one object. 
Input CSV row (id, instruction, test_list): 
id: {id} 
instruction: {instruction}
test_list: {test_list} 
###Few-shot examples for format: 
Example 1: id: 1 
instruction: "ি�ং �থেক�দ�অ�েরর �থমএবং �শষ উপি�িতঅপসারেণর
জন� এক�ট পাইথন ফাংশন িলখুন।" 

test_list: ['assert remove_Occ("hello","l") == "heo"']
Example 2: id: 2 
instruction: "এক�ট �দ� ম�া���েকতার সাির�িলর �যাগফলঅনুযায়ী
�মবধ �মান�েম সাজােনারজন� এক�টফাংশন িলখুন।"
test_list: ['assert sort_matrix([[1, 2, 3], [2, 4, 5], [1, 1, 1]])==[[1, 1, 1], [1, 
2, 3], [2, 4, 5]]’] 
### Full worked-out example (showing required format) 
Input: id: 1  instruction: "ি�ং �থেক �দ� অ�েরর �থম এবং �শষ 
উপি�িত অপসারেণর জন� এক�ট পাইথন ফাংশন িলখুন।"
test_list: ['assert remove_Occ("hello","l") == "heo"'] 
Output: 
Reasoning: 
The task asks to remove the first and last occurrence of a given 
character from a string.
- Input: "hello", "l" 
- First "l" at index 2, last "l" at index 3. 
- Remove both → "heo". 
If the character is not found or occurs only once, return the string 
unchanged. 
[{ 

"id": 1,
  "response": "def remove_Occ(s, ch):\\n    first = s.find(ch)\\n    last = 
s.rfind(ch)\\n    if first == -1 or first == last:\\n        return s\\n    
return s[:first] + s[first+1:last] + s[last+1:]" 
}] 
###Output format reminder: 
- Always begin with 'Reasoning:' followed by your step-by-step
explanation.
- Then output exactly one JSON array with keys 'id' and 'response'.  
- Escape all newlines in the Python code with \\n.
 

User Prompt 

Figure 3: User prompt for python code generation from
bangla instruction using Chain-of-Thought.

Figure 4: A snippet of iterative generation and debug-
ging prompt approach.
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of 974 programming problems. Each example in-
cludes an id, a Bangla natural language description-
based instruction of the required function and test
cases that include a list of input and output pairs
for automatic evaluation. But only in trial we get
another row called response which has the solution
of the problem. Problems cover a diverse range of
tasks, including string operations, numerical com-
putations, data structure manipulation, and algo-
rithmic challenges. Instruction lengths range from
approximately 25 to 50 Bangla words, and task
difficulty varies from simple to complex multi-step
problems. A sample of dataset is shown in Table 1.

Table 1: Sample rows of test_v1.csv test set

For each CSV row with an id, instruction, and
original test assertions, we first parse the existing
tests. Then, we use a test-generation prompt to cre-
ate three additional edge-case tests. The original
and generated tests are combined to improve cov-
erage and catch tricky scenarios during validation
and debugging.

Implementation Details

We consider Qwen2.5-Coder-14B as our primary
model and the debugger model. For comparison,
we also consider Qwen2.5-7B model. The maxi-
mum new token generation is set to 512, tempera-
ture 0.15, top-p is set to 1. We set the maximum
number of tries with the debugger to 3. We use
NVIDIA RTX 5070 GPU to run the experiments
locally.

Experimental Results and Performance Metrics

Our method improved code generation a lot by us-
ing chain-of-thought (CoT) prompting combined
with iterative debugging. We tested this on both
test_v1.csv public test set and test_v1.csv with ad-
ditional private test set. During the challenge, we
used test_v1.csv with additional private test set to
create CoT-only solutions. As shown in Table 2,
for the Qwen2.5-Coder-14B-Instruct model, we got
82.6% accuracy on the test_v1.csv with additional
private test set and 93% on the test_v1.csv public
test set. The smaller Qwen2.5-7B model reached
81% accuracy on the test_v1.csv public test set.

After the challenge, we improved the system
with CoT + Debugger. Since we no longer had
access to test_v1.csv with additional private test
set, we evaluated only on test_v1.csv shared test set.
With this enhanced method, Qwen2.5-7B improved
to 88% accuracy (7% higher) and Qwen2.5-Coder-
14B-Instruct reached a perfect score of 100% (also
7% improvement).

Model Accuracy (CoT) (%) Accuracy (CoT + Debug) (%)
(test_v1.csv) test_v1.csv test_v1.csv

+ private test set

Qwen2.5-7B — 81 88
Qwen2.5-Coder-14B-Instruct 82.6 93 100

Table 2: Accuracy comparison table using CoT and
CoT+Debugger approach.

5 Ablation Study

The biggest improvement was on test_v1.csv
shared test set. Debugging fixed runtime errors
and handled tricky edge cases, which made the
larger model perfect on test_v1.csv shared test set
evaluations. This shows that our multi-stage ap-
proach is very effective at improving code quality
and making sure the code passes tests.

Evaluation and Error Analysis with GPT-5:
We save the raw outputs from every attempt to
disk, and partial results are stored along the way so
we can resume if something interrupts the process.
When the pipeline finishes, we create two JSON
files: one with full explanations and one with only
the ID and response fields for submission. This log-
ging helps us track each iteration, see what types
of errors occurred, which errors were fixed, and
which ones persisted. It allows us to understand
how failures were resolved over time in the debug-
ging workflow.

To measure the impact of debugging, error anal-
ysis is administered using GPT-5 model as a judge
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Figure 5: Examples of solved problems by CoT and CoT+Debugger. An example of unsolved problems are also
shown.

0% 10% 20% 30% 40% 50%

Logic Errors

Edge Cases

Type Errors

Runtime Errors

Syntax Errors

45.0%

30.0%

10.0%

7.0%

8.0%

5.0%

2.0%

1.0%

1.0%

0.9%

w/o Debugging with Debugging

Figure 6: Using GPT-5 as a judge to analyze and track
error reduction

that reveals a sharp drop in failure rates after de-
bugging as shown in Figure 6. It shows the logic
errors fall from 45% to 5%, edge-case issues from
30% to 2%, type errors from 10% to 1%, runtime
errors from 7% to 1%, and syntax errors from 8%
to 0.9%. These results clearly show that our debug-
ging approach significantly improved the overall
quality of the output.

6 Qualitative Analysis

We demonstrate a qualitative analysis of our ap-
proach. Examples of problems successfully solved
using CoT and CoT + Debugger are shown in Fig-

ure 5. The first example is solved by CoT. In the
second one, our approach correctly indents the
code, hence return the correct python code. We
further show a case that remains unsolved in the
thrid example.

7 Conclusion

This paper addresses Bangla code generation from
natural language instructions. By employing Chain-
of-Thought prompting and iterative debugging, we
achieved 100% on the test_v1.csv test set through
systematic error correction. Future research direc-
tions include fine-tuning models on Bangla-specific
programming datasets and developing larger in-
struction datasets tailored to Bangla programming.
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Abstract

This paper presents the winning system for the
BLP-2025 Shared Task on Code Generation
from Bangla Instructions, which consists of a
multi-agent pipeline. First, a code-generation
agent produces an initial solution from the in-
put instruction. The candidate program is then
executed against the provided unit tests (pytest-
style, assert-based). Only the failing cases are
forwarded to a debugger agent, which reruns
the tests, extracts error traces, and, condition-
ing on the error messages, the current program,
and the relevant test cases, generates a revised
solution. Using this approach, our submission
achieves first place in the shared task with a
Pass@1 score of 95.4. We make our code pub-
licly available.1

1 Introduction

In recent years, the quality of automatically gener-
ated code based on natural language instructions
has increased rapidly, and a plethora of work ex-
ists in this domain (Yang et al., 2025; Hui et al.,
2024; Li et al., 2023; Huynh and Lin, 2025). How-
ever, most benchmarks and systems remain vastly
English-centric (Jiang et al., 2024). This imbal-
ance narrows access to program-synthesis tools for
non-English speakers and limits our understand-
ing of how linguistic factors – such as morphology,
script variation, and code-mixing – impact the path
from instructions to executable programs. Addi-
tionally, it makes it harder for developers with lim-
ited English proficiency to use these tools (Wang
et al., 2023). Bangla – spoken by over 270 mil-
lion people worldwide – is an example of an in-
adequately supported language in this area. Al-
though NLP resources are expanding (Raihan et al.,
2025a,b), there are still few high-quality evalua-
tions and systems for Bangla instruction-to-code
generation (Raihan et al., 2025b).

1https://github.com/shaikhsaadi999/blp25_code_
genneration

This paper presents the winning system for the
BLP-2025 Code Generation Shared Task (Raihan
et al., 2025c). Our system adopts a targeted two-
agent pipeline. First, a code-generation agent pro-
duces an initial Python solution from the Bangla
instruction. We then execute the generated code
against a set of pytest-style unit tests from the pro-
vided dataset and an external dataset (Austin et al.,
2021) to obtain concrete failure signals. Rather
than re-prompting every data sample, only the fail-
ing samples together with the error traces, the cur-
rent code, and the corresponding unit tests are
passed to a debugger agent that proposes minimal,
correctness-oriented edits. By localizing debug-
ging to the right spots, we concentrate our infer-
ence effort and avoid needless code changes. We
evaluate multiple proprietary APIs for this multi-
agent approach. Empirically, this approach delivers
strong results on the shared task data.

Our contributions are two-fold: (i) a simple but
effective agent architecture that couples generation
with test-driven refinement; (ii) a selective feed-
back mechanism that exposes the debugger only
to failing cases and distilled execution traces.On
the official leaderboard, our system achieves the
best performance among all participating teams
(Pass@1: 95.4%). We complement the results with
a small ablation study and analysis. An overview
of our proposed system is provided in Figure 1.

2 Related Work

Code generation with large language models
(LLMs) is a well-established area of study (Jiang
et al., 2024; Dong et al., 2025; Qi et al., 2021), with
interest and capability surging in recent years (Yang
et al., 2025; Hui et al., 2024; Li et al., 2023).
Despite this momentum, there remains relatively
little work on Bangla instruction-to-code genera-
tion (Raihan et al., 2025b). Test-driven develop-
ment (TDD) is a well-established methodology in
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Figure 1: Multi-agent Bangla→Python code generation pipeline with selective debugging via unit test feedback.

which developers write tests before implementing
the functional code, ensuring that the resulting so-
lution directly aligns with the initial problem state-
ments (Mathews and Nagappan, 2024). In TDD,
test cases are the central artifact, and there is a
growing body of research on automated test-case
generation (Takerngsaksiri et al., 2024; He et al.,
2025b; Wang et al., 2025; He et al., 2025a). For
evaluating code generation systems, unit test-based
evaluation has become the de facto standard (Chen
et al., 2021). Rather than relying on text-only met-
rics used in machine translation (e.g., BLEU), run-
ning generated programs against hidden tests di-
rectly measures functional correctness (Huynh and
Lin, 2025).

3 Task Definition

The goal of the shared task is to generate Python
code from a given Bangla instruction. The instruc-
tion itself contains the given Bangla instruction,
function name, and argument names. Furthermore,
assert-based pytest-style unit tests (Raihan et al.,
2025c) are provided for each instruction. For each
instance i, we are given a Bangla natural-language
instruction xi ∈ X which includes a function name
and its argument names, and a pytest test suite Ti.
No type signature is provided for the arguments
of the given function; required behavior is deter-
mined solely by the instructions xi and test suites
Ti. A candidate program must define the function
precisely as provided by the function name since
pytest is designed with the same function names.
For example, if a function’s name is min_cost,
for this function, one given assert-based unit test
will be like this, assertmin_cost([[1,2,3],[
4,8,2],[1,5,3]],2,2)==8. A program passes
if all tests in Ti succeed, and the goal is to gener-
ate a program p̂i for an instruction xi that passes
all tests. For this task, the evaluation metric is
Pass@1 (Chen et al., 2021). This is a standard
metric for code generation tasks that measures the

proportion of instructions for which a single gener-
ated code passes all the provided unit tests. So, in
short, given one attempt, how often does the model
produce an entirely correct solution. In the most
common setting, for a given instruction, one solu-
tion per problem is generated, and then the fraction
of the generated solutions that pass all the unit tests
is reported as a Pass@1 score.

4 Data

Development dataset Our development set con-
sists of 400 Bangla instructions paired with func-
tion names, each accompanied by three unit tests.
The organizers provide this dataset (Raihan et al.,
2025a).

Test dataset The test set contains 500 Bangla in-
structions with function names, each accompanied
by a single unit test, so that we gain some under-
standing of the behavior of the input and output of
the function we need to generate. Final submitted
codes are tested on hidden unit tests for the sake of
fair and robust evaluation.

External dataset The task permits the use of
external models and datasets. To augment the avail-
able tests for code generation, we search for a re-
source with matching function formats and existing
unit tests. We identify Austin et al. (2021), which
directly covers unit tests for 480 relevant samples.
In this external dataset, the number of unit tests per
instance varies: some instances are provided with
three tests, while others are provided with four. For
each instruction in the provided data, we match its
function name against those in Austin et al. (2021),
retrieve the corresponding 480 functions, and ex-
tract all associated unit tests. Any tests that do not
overlap with the original test set are appended to
the single provided unit test.
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5 Pipeline Overview

We employ two agents: a code generation agent
Gθ : X ×T → P that takes an instruction xi ∈
X together with a test suite Ti ∈ T and returns
a generated program. The provided test suite is
not included in the prompt for the code generation
agent; it is only used for testing. Function names
and argument names are also provided inside the
instruction. A debugger agent Dϕ : X×T × P→
P ′ then takes an instruction xi ∈ X , a test suite
Ti ∈ T , and a buggy program p ∈ P and returns
an improved program.

Stage 1 (Code generation agent) For each
Bangla instruction xi, this agent generates a Python
code p and executes each unit test from the pro-
vided pytest test suite Ti. If it fails for any of
the tests, it generates again by mentioning in the
prompt that it has failed. After this second step,
the code generation agent saves the generated code
for each instruction xi. If a generated code fails
even after the second attempt, it is saved as failed.
Otherwise, it is saved as passed.

Stage 2 (Debugger agent) In this stage, the de-
bugger agent processes only those codes that fail
in Stage 1. We call this set of failed codes F . For
each failed code p ∈F , we re-execute the provided
test suites to consolidate the error trace. After that,
the debugger conditions on its corresponding in-
struction xp, test suite Tp, and the error traces T̃ (p)
for the test suite to produce repaired code p′, which
is saved as the final generated code. Our detailed
algorithm is provided in Algorithm 1.

Test case generation Apart from these two
agents, we employ another agent for test case
generation from the given Bangla instruction xi,
and a pytest test suite Ti. For each instruction,
we generate five extra test cases. We employ an
abstract syntax tree-based syntax evaluation tech-
nique, which guarantees that the selected unit tests
are syntactically correct. This agent is not part of
our primary system.

Proprietary APIs For our proposed pipeline, we
use proprietary APIs from OpenAI, Google,
and Anthropic. From Google, we use
Gemini-2.5-Flash, from OpenAI, we use
GPT-5 and GPT-4.1, and from Anthropic,
Claude-Sonnet-4. For our primary submission,
we use GPT-5 since it is the best-performing model
in the dev set. For the code generation agent, we

Model Pass@1 Error rate

GPT-5 64.60 35.40
Gemini-2.5 Flash 52.60 47.40
Claude sonnet 4 58.20 41.80
GPT-4.1 58.00 42.00

Table 1: Stage-1 (code generation only; Pass@1 on Test
Set). Error rate is 100− Pass@1.

set the reasoning effort to low and for the debugger
agent, we set it to high.

All detailed prompts for our agents are provided
in the Appendix A.

Algorithm 1 Multi-agent Code Generation

Require: X , T , Gθ, Dϕ

Ensure: Final code p′

1: function RunTests(p, T )
2: Run pytest suite T on p (exact

name/args).
3: return (PASS,∅) if all pass; else (FAIL,

aggregated trace T̃ (p)).
4: function end
5: for i = 1 to N do
6: ▷ Stage 1: Code Generation (max 2 attempts)
7: xi ← Instruction for instance i
8: Ti ← Test suite for instance i
9: p← Gθ(xi);

10: (r, _)← RunTests(p, Ti)
11: if r = FAIL then
12: p← Gθ(xi);
13: (r, _)← RunTests(p, Ti)

14: SAVE(p)
15: for each p ∈ F do ▷ Stage 2: Debugger

on failures only, here F is the set of all failed
codes from the Stage 1

16: xp ← Corresponding Instruction for p
17: Tp ← Corresponding Test suite for p
18: (r, T̃ (p))← RunTests(p, Tp)
19: if r = FAIL then
20: p′ ← Dϕ(xp, Tp, T̃ (p))
21: SAVE(p′)

6 Results & Discussion

We separately report our scores for Stage 1 (coding
agent) and Stage 2 (debugger agent) in Table 1 and
Table 2, respectively. We find that without the unit
tests, any prompt we give to the model fails to pro-
vide the correct code almost 40% of the time. Only
GPT-5 can go above 60% in Pass@1 score; even
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Model Pass@1 Error rate

GPT-5 95.4 4.6
Gemini-2.5 Flash 59.80 40.20
Claude sonnet 4 79.00 21.00
GPT-4.1 82.60 17.40

Table 2: Stage-2 (debugging with error traces and unit
tests; Pass@1 on Test Set). Error rate is 100− Pass@1.

CLAUDE SONNET 4 can not go over 60%. When
the test cases are presented to the model within the
prompt during the debugging process in the second
stage, the model’s performance improves signif-
icantly, except for Gemini-2.5-Flash. For this
model, the Pass@1 score improves only 13.68%,
which is very low compared to the other three
models. GPT-5 attains the top Stage-1 Pass@1
of 64.6, outperforming GPT-4.1 by 6.6 points,
Claude Sonnet 4 by 6.4, and Gemini-2.5 Pro
by 12.0. Full Stage-1 results are shown in Table 1.

In stage two, we run the test cases first, then pro-
vide the debugger with the corresponding code and
its related instructions, which fail at one of the unit
tests. We give the error trace and all the unit tests.
We observe that when unit tests are provided, the
increase in Pass@1 scores is significantly higher
than when the code is generated without the test
cases in the prompt. We observe that for GPT-5,
the increment is 47.67% for Gemini-2.5-Flash,
Calude Sonnet 4, GPT-4.1, 13.68%, 35.73%,
and 41.37%, respectively. So the biggest gain is
from GPT-5. In stage 1, we only provide the Ben-
gali instruction and the function name, which is not
enough context for the model. That’s why, when
we add the unit test, the model’s performance im-
proves significantly. From this, it’s clear that more
information about the problem context helps the
model by providing the structure it needs to reason,
cover edge cases, and self-debug.

Overfitting to the unit tests The scores indicate
the effectiveness of incorporating the two-stage
approach and augmenting test cases within the
prompt. Also, there is a possibility that the models
are being overfit to the provided test cases. Dur-
ing the development phase, we are provided with
all the test cases that are used during the system’s
evaluation in Codabench.2 Our two-stage system
achieve a 99.8 Pass@1 score during the evaluation
of the development phase. We use all the provided
unit tests in the prompt, which are used during the

2https://www.codabench.org/

evaluation. However, during the test phase, we
observe that when we submit our system for eval-
uation, there is a significant error rate compared
to the development phase due to the presence of
hidden unit tests. Using the available unit tests, we
can achieve a 99.2 Pass@1 score using GPT-5
and the evaluation script provided by the organiz-
ers locally; however, when we submit our system
to Codabench to run on hidden unit tests, we ob-
tain 95.4, which indicates that the generated codes
sometimes can not handle edge cases, or they are
not generalizing well, and are over-fitted to the
provided unit tests.

Effect of external data In the provided test set,
there is only one unit test for each instruction. We
collect external test cases for 480 instructions out of
500 instructions, which we describe in Section 4.3

We observe that without the external unit test for
GPT-5, our proposed pipeline achieves an 86.00
Pass@1 score, which is significantly lower than
the 95.4 Pass@1 score achieved by augmenting
unit tests from the external dataset. This indicates
the effectiveness of the more unit tests, which helps
the model to generate more generalized code.

Effect of generated unit tests As we mentioned
in Section 5, we also try generating test cases from
the single provided test cases. We use the pro-
vided Bengali instruction, and a single test case
to generate five test cases using GPT-5 with a high
reasoning effort. Out of 500 instructions, the model
was able to generate at least 3 test cases for 461
instructions. Then we create the code in the same
process. First, we generate without the test cases.
Then we debug the code using the original and the
augmented generated test cases. With the artifi-
cial test cases, we achieve an 84.00 Pass@1 score.
Which is a lot higher than the stage 1 score (64.60)
but lower than the stage 2 score (95.4) for GPT-5.

Effect of translation We translate the Bengali in-
structions into English using the GOOGLETRANS4

library, replacing the original Bengali instructions
with the translated ones. Then we follow the
same two-stage pipeline. In Figure 2, we report
Pass@1 for four models (GPT-5, GPT-4.1, Claude-
Sonnet-4, and Gemini-2.5-Flash) across two eval-
uation stages, with and without translation. Over-
all, GPT-5 achieves the highest Pass@1 in all

3We used this external dataset after consulting with the
organizers.

4https://pypi.org/project/googletrans/
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Figure 2: Pass@1 of different models across both stages,
with and without translation.

conditions, followed by GPT-4.1, while Claude-
Sonnet-4 and Gemini-2.5-Flash lag behind. For
Gemini-2.5-Flash, we observe no change in ei-
ther stage. In contrast, for GPT-4.1, the Pass@1
score for the Stage-1 coding agent decreases from
58.00 to 53.00, while for Stage-2, it increases from
82.60 to 82.80. We see the same phenomenon for
Claude-Sonnet-4 as well. For Stage 1 Pass@1
decrease from 58.20 to 54.60 and for Stage 2 it in-
creased from 79.00 to 82.20. However, for GPT-5
in both stages, the translation decreases perfor-
mance. The decrease is much higher for stage 1.
In Stage 1 the Pass@1 decreases from 64.60 to
60.80, and for Stage 2, it decreases from 95.80 to
94.80. These results suggest that during transla-
tion, some task-specific information is lost, which
in turn hinders the Stage-1 coding agent—but can
also clarify particular instructions. When test cases
are presented alongside the English instructions in
Stage 2, this additional signal slightly improves
scores despite the decline in Stage 1. Overall, dif-
ferent models react differently to translation, with
varying sensitivity.

7 Conclusion

This paper presents our system for the BLP-25
Shared Task on Code Generation from Bangla In-
structions: a straightforward and effective multi-
agent pipeline. It couples an initial coder with a
selective debugger driven by unit tests and their
error traces. Based on GPT-5, our system achieves
a Pass@1 score of 95.4% and secures first place
for the BLP-2025 Task 2. Our study highlights
how structured feedback (error traces + tests) con-
sistently boosts model performance over using only
the instruction. Overall, the system demonstrates
that targeted, test-driven refinement substantially
improves code synthesis in an underserved lan-
guage.
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Limitations

Our study focuses exclusively on proprietary mod-
els for this task and does not evaluate any open-
source models, which limits the reproducibility
and generalizability of our findings. In addition,
to enriching the number of unit tests supporting
our test case-driven solution, we rely on an ex-
ternal dataset. Without this enrichment, models
achieve approximately 10 percentage points lower
scores than the reported ones. Finally, we observe
substantial differences in performance across the
proprietary models; however, we lack transparency
into their training data and procedures, making it
difficult to attribute these differences to specific
factors. We utilize AI assistants, specifically Chat-
GPT (GPT-5), to assist with editing sentences in
our paper writing.
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A Prompts

Coding Agent User Prompt

You are a strict Python coding assistant.
Write ONLY a valid Python implementation for
the function below. Do not include tests,
imports that are not used, main guards,
comments, or explanations. Only provide the
function definition and helper code inside
the same file as needed.

{status}

Constraints:
Use the exact function name and signature.
Prefer clear, deterministic algorithms. No
randomization.
Avoid printing and input() usage.
You may define additional helper functions
and classes inside the same file if needed.
Please do not start the code with ‘‘‘python

Function signature:
def {spec.name}({’, ’.join(spec.args)}):

Also consider the problem in Bengali:
{spec.instruction_bn}

Return ONLY the code block itself, with no
backticks, quotes, or additional text.

Debugger Agent System Prompt

You are a Python debugging agent.
You receive the Instruction , current
code , failing test(s), and the error
trace.
Return ONLY corrected code. Keep
changes minimal , focused to fix
failures and consider edge cases.
Do not add comments or other non -code
text.
You may define additional helper
functions , classes and imports inside
the same file if needed.
Please do not start the code with
‘‘‘python

Debugger Agent User Prompt

Instruction (original): {instruction}
Current code: {code}
Failing tests: {failing_tests}
Error trace: {error_text}

Provide the fixed code only.

Unit Test Generation Agent System
Prompt

You are a Python unit test generation
agent.
Return ONLY a Python list of strings ,
each a single pytest -style assert.
Think deeply and carefully about
behavior and edge cases.
Generate constructive tests that
reveal bugs , not trivial variations.
No explanations or code fences.
Ensure asserts are syntactically
valid.

Unit Test Generation Agent User Prompt

Target function name: {func_name}
Sample assert: {sample_assert}

Generate {num_tests} new , distinct ,
constructive unit tests (assert ...).
Use only Python literals in
arguments; no I/O or imports.
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Abstract

Large language models (LLMs) have recently
demonstrated strong performance in generating
code from natural-language prompts. However,
current benchmarks are primarily focused on
English, overlooking low-resource languages
like Bangla. This creates a critical research
gap, as there are no well-established resources
or systematic evaluations of code generation
from Bangla instructions. To address the gap,
we present a system that generates executable
Python code from Bangla instructions. We de-
sign a two-stage pipeline: the Bangla instruc-
tions are first translated and refined into a clear
English version to reduce ambiguity, and then
the Python code is generated from the refined
instructions through iterative error correction.
For both instruction refinement and code gener-
ation, we used the open-source GPT-20B OSS
model. On the official test set, our system
achieves competitive results. We also analyze
common errors such as unclear instructions,
logical mistakes, runtime issues, and the need
for external knowledge beyond the model’s
training data. Overall, our findings show that a
simple translation–refinement pipeline can be
an effective, low-cost approach to code genera-
tion in low-resource languages.

1 Introduction

Large Language Models (LLMs) have recently ad-
vanced automatic code generation, enabling sys-
tems to produce executable programs directly from
natural-language instructions. Early progress was
achieved with general-purpose models such as GPT-
3 (Brown et al., 2020), followed by code-specific
extensions such as Codex (Chen et al., 2021),
CodeT5 (Wang et al., 2021), and PolyCoder (Xu
et al., 2022), which significantly improved perfor-
mance. Benchmarks such as HumanEval (Chen
et al., 2021), APPS (Hendrycks et al., 2021), and
CodeXGLUE (Lu et al., 2021) have since become
standard for evaluating English-to-code generation.

However, progress in low-resource languages re-
mains limited. Multilingual models such as XLM-
RoBERTa (Conneau et al., 2020) and mBERT (De-
vlin et al., 2019) demonstrate cross-lingual trans-
fer in NLP, but their application to code genera-
tion remained underexplored. In particular, Bangla,
one of the most widely spoken languages globally,
lacks systematic benchmarks and studies for code
generation. While resources like BanglaBERT
(Bhattacharjee et al., 2022) and other NLP bench-
marks have supported Bangla text understanding
they do not extend to executable code generation.
Broader studies show that English-trained mod-
els often underperform on low-resource languages
(Blasi et al., 2022). While proprietary systems
(e.g., GPT-4, Claude 3) (OpenAI et al., 2023; An-
thropic, 2024) and open-source initiatives (e.g.,
Aya, LLaMA-3) (Üstün et al., 2024; Grattafiori
et al., 2024) expand multilingual coverage, sys-
tematic evaluation of Bangla instruction-to-code-
generation remains absent.

To address this gap, benchmarks such as mHu-
manEval (Raihan et al., 2025a) and MBPP-Bangla
(Raihan et al., 2025b) provide initial resources for
Bangla-to-Python evaluation. Building on these,
we develop a two-stage pipeline that translates and
refines Bangla instructions into structured English,
and then generates Python code from the refined
instructions using iterative test-driven error correc-
tion. The critical contributions of the work are
summarized as follows:

• We present the first systematic study on
Bangla-to-Python code generation using open-
source LLMs.

• We introduce a two-stage pipeline that lever-
ages instruction translation, one-shot prompt-
ing for refinement, and zero-shot prompting
for code generation.

• We incorporate a test-driven automatic cor-
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rection loop to ensure the reliability of the
generated code.

• We conduct comparative experiments on the
official test datasets.

All resources and code used in this study
are available at: https://github.com/
Hasan-Mesbaul-Ali-Taher/BLP_25_
Task_2 to support reproducibility and
transparency.

2 Related Work

Although several studies have been conducted on
code generation in high-resource languages, this
issue is at a rudimentary stage in Bengali. Chen
et al. (2022) introduced CodeT, a method that uses
the same pretrained LMs to auto-generate test cases
and then select the best code by running samples
and checking dual execution agreement and im-
proved pass@1 across benchmarks without manual
test creation. Wang and Chen (2023) reviewed
LLM-based code generation and highlights both
applications and evaluation methods. This also em-
phasizes that while LLMs significantly improved
developer productivity, the assessment of generated
code remains underexplored, with limited quality
measures considered. Nahin et al. (2025) intro-
duced TituLLMs, the first Bangla LLMs (1B, 3B),
which are trained on 37B tokens with an extended
tokenizer and evaluated on five new benchmarks.
TituLLMs outperformed the initial multilingual
models. Besides, they have made the TituLLMs
models and benchmarking datasets publicly avail-
able. A recent study (Bhowmik et al., 2025) iden-
tified NLP challenges, evaluated 10 LLMs across
eight translated datasets, found performance gaps
between Bengali and English, highlighted weak-
nesses in smaller models, and highlighted the need
for better benchmarks and datasets.

Recent works have begun to address the lack of
benchmarks for Bangla-to-code generation. The
mHumanEval benchmark (Raihan et al., 2025a)
extends the HumanEval dataset to over 200 natu-
ral languages, including Bangla, and uses machine
translation and expert validation for 15 languages.
This resource highlights LLMs’ multilingual ca-
pabilities and enables cross-lingual evaluation for
code generation. Complementing this, the Tiger-
Coder suite (Raihan et al., 2025b) introduced the
first dedicated family of Bangla code LLMs (1B
and 9B parameters) with a curated Bangla code in-
struction dataset and the MBPP-Bangla benchmark.

Their models achieved 11- 18% higher Pass@1
accuracy than existing multilingual baselines and
demonstrated that carefully curated data can sub-
stantially improve performance even for smaller-
scale LLMs.

3 Task Description

The primary objective of this task is to automati-
cally generate executable Python code from natu-
ral language instructions written in Bangla as de-
scribed in the paper (Raihan et al., 2025c). Un-
like traditional classification tasks, this problem
requires models to bridge the gap between infor-
mal Bangla text and structured programming logic.
A successful system must be able to (i) interpret
the intent of the Bangla instruction, (ii) transform
the intent into a well-defined problem specification,
(iii) generate Python code that adheres to this spec-
ification, and (iv) ensure functional correctness by
passing the provided test cases. This task is par-
ticularly challenging due to the scarcity of Bangla
resources, the ambiguity of instructions, and the
need to produce both syntactically valid and seman-
tically correct code.

3.1 Dataset Description

The shared task organizers provided four datasets
for development and evaluation at different stages.
During the competition, we received the Trial and
Development (Dev) datasets. After the task con-
cluded, the Test v1 and Test Full datasets were re-
leased for final benchmarking. Table 1 summarizes
the key characteristics of these datasets.

Dataset Rows Instr. Resp. Tests
Trial 74 Yes Yes 2–3
Dev 400 Yes No 3
Test v1 500 Yes No 1
Test Full 500 Yes Yes 3

Table 1: Overview of datasets.

4 Methodology

The proposed approach follows a two-stage
pipeline that reliably generates executable Python
code from Bangla instructions. In the first stage,
Bangla problem statements are translated into En-
glish and refined into well-structured specifications
using a text-to-text generation model with one-shot
prompting. In the second stage, these refined in-
structions are passed to a text-to-code generation
model, which produces candidate Python solutions.
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For both of the stages, we have used the open-
source GPT-20B OSS model. To ensure functional
correctness, the generated code is validated against
provided test cases, and a retry mechanism is em-
ployed when failures occur. The codes are then
stored in the final solution set. The overview of the
entire methodology have presented in Figure 1.

Figure 1: Overview of the proposed two-stage pipeline
for Bangla instruction to Python code generation.

4.1 Instruction Translation and Refinement

Bangla instructions b are often informal, ambigu-
ous, and stylistically diverse, which makes direct
code generation difficult. To address this, we em-
ploy a translation–refinement strategy. Each in-
struction b is first translated into English instruc-
tion e using Google Translate, which provides a
literal but sometimes noisy version. The Bangla
instruction b, its English translation e, and the test
cases T are then concatenated into a single input.
This input is passed to a text-to-text generation
model with one-shot prompting, where an exam-
ple guides the model to convert slightly noisy in-
structions into a refined instruction r that forms a
well-structured specification. The refined output r

explicitly defines the function name, parameters,
return type, and task requirements. As illustrated
in Algorithm 1, this refinement step ensures that
the instructions fed into the code generation stage
follow a consistent structure, reduce ambiguity, and
support reliable code generation.

Algorithm 1 Pseudo-code of the Proposed Method-
ology

Input: Bangla instruction b, test list T
Output: Verified Python code C

1: Translate b into English instruction e using
Google Translate.

2: Concatenate {b, e, T} into a single input.
3: Generate refined instruction r using a text-to-

text model (one-shot).
4: Initialize loop counter cnt← 0.
5: repeat
6: Generate candidate code c from r using a

text-to-code model.
7: Execute c against the test list T .
8: if all tests pass then
9: C ← c

10: break
11: else
12: Update the prompt with error feedback.
13: end if
14: cnt← cnt+ 1
15: until C is valid or cnt = 5
16: return C

4.2 Code Generation and Validation
The refined instruction r obtained from the pre-
vious stage is passed to a text-to-code generation
model, which is prompted in a zero-shot setting to
produce Python code c. The prompt is carefully
structured to guide the model to generate only the
function definition and the required logic, and to
avoid unnecessary explanations or comments. This
ensures that the output c remains concise and di-
rectly executable. Once a candidate solution c is
generated, it is executed against the provided test
list T . If the solution passes all test cases, it is
accepted and stored as solution code C. If any
test fails, the system captures the corresponding
traceback and uses it to prompt the code generation
model again. This retry mechanism is repeated up
to 5 iterations, as illustrated in Algorithm 1 and
Figure 1. If all test cases pass at any step, the can-
didate solution c is stored as the solution code C
immediately. Otherwise, after five iterations, the

610



final candidate solution c is stored regardless of
outcome. This error-driven re-generation increases
the likelihood of producing functionally correct
solutions.

4.3 Experimental Setup

All experiments were conducted on Kaggle using a
Tesla T4 GPU (16 GB VRAM), 30 GB RAM, and
a dual-core CPU, running Ubuntu and Python 3.10
with preinstalled PyTorch, CUDA, and Hugging
Face Transformers. This environment ensured re-
producibility with minimal setup. Table 2 summa-
rizes the hyperparameters. The prompt limit (512)
sets the maximum input size, and the generation
limit (1024) controls reasoning and code output
length. Reasoning capacity was kept low to avoid
long chains that exceeded token limits. The batch
size was restricted to 2 due to GPU constraints. A
low temperature (0.1) ensured deterministic out-
puts, and a top-p (0.9) temperature balanced diver-
sity, avoiding unlikely tokens.

Hyperparameter Value
Prompt Token Limit 512
Generated Token Limit 1024
Reasoning Capacity Low
Batch Size 2
Temperature 0.1
Top-p 0.9

Table 2: Hyperparameters used in the Kaggle T4 GPU
experiments.

5 Results and Analysis

To evaluate our system, we conducted experiments
across five folds of the test set, each consisting of
500 instances. At each fold, the model generated
a candidate code per instruction, and the results
were normalized by dividing the number of correct
codes by 500. For evaluation, codes were first vali-
dated against a single test case; if at least one can-
didate passed, it was then checked against all test
cases. When multiple candidates passed all tests,
the shortest solution (measured in character length)
was selected for final validation. We adopt this
criterion because shorter programs generally use
fewer tokens. This choice reduces the likelihood
of unnecessary complexity and of including redun-
dant or unintended operations that do not affect the
program’s functional correctness. Moreover, select-
ing the shortest candidate discourages the model

from relying on specific patterns that may satisfy
the test cases by accident, without truly general-
izing. This makes the evaluation more consistent
and keeps the comparison focused on the essential
logic rather than stylistic variations.

During the shared task evaluation phase, the
proposed system initially achieved an accuracy
of 0.370. This was primarily due to indentation
errors in the generated code, which caused only
single-line return statements to be accepted. Af-
ter addressing this issue, we observed a significant
improvement in performance as shown in Table 3.
The results are reported under three experimental
settings.

1. Bangla Instruction + Test Cases: Raw
Bangla instructions with provided test cases
passed directly to the code generation model.

2. Refined Instruction: Translated and refined
English instructions containing explicit func-
tion definitions, parameter types, return val-
ues, and test cases.

3. Refined Instruction + Error Log: The re-
fined instruction is further augmented with
error feedback from failed generations, allow-
ing iterative re-generation.

Model F1 F2 F3 F4 F5
Bangla Instr.

+ Test

Cases

0.104 0.108 0.108 0.112 0.128

Refined

Instruction
0.860 0.870 0.876 0.876 0.884

Refined Instr.

+ Error Log
0.860 0.904 0.910 0.920 0.924

Table 3: Accuracy across folds (F1–F5). Each fold
corresponds to 500 test instances.

Table 3 reports fold-wise accuracies for the three
evaluation settings. Performance is measured
across five folds of 500 instances each, using the
same candidate-generation and test-case–based val-
idation procedure described earlier. It also high-
lights the steady improvement from one setting to
the next and reports a peak accuracy of 0.924.

5.1 Ablation Study
To quantify the individual contributions of each
component in our pipeline, we conduct an ablation
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across three variants: (1) Raw Bangla Instruction
+ Test Cases, (2) Refined Instruction, and (3) Re-
fined Instruction + Error Log. The results are
presented in Table 3. Each setting introduces ex-
actly one additional step and allows us to isolate the
impact of instruction refinement and error-driven
regeneration. As shown in Figure 2, the refinement
step yields the largest performance gain, taking a
massive leap in the accuracy from an average of
∼0.112 to ∼0.873. This demonstrates that translat-
ing and restructuring the instruction into a precise
English specification drastically reduces the ambi-
guity of the Bangla prompts. Adding error logs
provides a further boost in the accuracy, achiev-
ing a peak accuracy of 0.924 in the fifth fold. The
improvement is consistent across all folds. This
demonstrates that the error feedback helps correct
runtime and logical mistakes that persist even after
the refinement step.

Figure 2: Ablation study comparing accuracy across
folds for different pipeline variants.

Overall, the ablation indicates that instruction
refinement is the most influential component of
the pipeline, whereas the error-driven regeneration
provides complementary gains. Together, these
components make our two-stage pipeline highly
effective for Bangla-to-Python code generation in
low-resource settings.

6 Conclusion

This study introduced a two-stage pipeline for
Bangla-to-Python code generation. The pipeline
first translates and refines Bangla instructions, then
generates code with test-driven correction. Exper-
iments on shared-task datasets showed that direct
Bangla-to-code generation gave suboptimal results.
In contrast, the proposed refinement and error feed-

back loop led to substantial improvements, reach-
ing an accuracy of up to 0.924. This work is the
first systematic approach to Bangla code gener-
ation and shows that translation and refinement
are effective for low-resource programming tasks.
Future work may extend this approach to larger
multilingual large language models and more com-
prehensive Bangla code benchmarks. Task-specific
models could be evaluated to enhance translation,
refinement, and code generation. For example, the
current system uses the same GPT 20B OSS model
for both instruction refinement and code generation.
Future research could investigate using a special-
ized text-oriented model to refine instructions and
another model optimized for code generation. Such
specialization may yield significant performance
gains. The pipeline could also be adapted to sup-
port more programming languages and complex
tasks. Model selection may be broadened to in-
clude smaller yet more capable models, such as the
Qwen family, which could achieve high accuracy
with reduced computational resources. Advanced
methodologies, such as AI agents operating sequen-
tially to refine instructions and generate code, may
also be explored to improve automation and overall
system performance.

Limitations

This study comes with several shortcomings. First,
the translation step relies on an external tool, i.e.,
Google Translate, which may introduce noise or se-
mantic shifts in Bangla instructions and may poten-
tially affect downstream code generation. Second,
the experiments were constrained by limited com-
putational resources and conducted in small batch
sizes and restrictive hyperparameters. Third, our
evaluation was conducted exclusively on the avail-
able shared-task datasets, which remain limited in
scale and diversity. Moreover, the framework has
only been tested with a single open-source model,
GPT-20B OSS, and its generalizability to other
large language models or programming languages
has not yet been explored.
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Abstract
This paper explores various prompting strate-
gies in the BLP-2025 Shared Task 2, utiliz-
ing a pipeline that first translates Bangla prob-
lem descriptions into English with GPT-4o,
then applies techniques like zero-shot, few-shot,
chain of thought, synthetic test case integra-
tion, and a self-repair loop. We evaluated four
LLMs (GPT-4o, Grok-3, Claude 3.7 Sonnet,
and Qwen2.5-Coder 14B). Our findings reveal
that while traditional methods like few-shot
and chain-of-thought prompting provided in-
consistent gains, the integration of explicit unit
tests delivered a substantial performance boost
across all models. The most effective strategy
combined zero-shot prompting with these syn-
thetic tests and a self-repair loop, leading GPT-
4o to achieve a top Pass@1 score of 72.2%.
These results represent the value of using ex-
plicit constraints and iterative feedback in code
generation, offering a solid framework that im-
proves the model’s code generation capabili-
ties.

1 Introduction

Automatic code generation is a key research area in
natural language processing (NLP). This research
is driven by benchmarks like HumanEval (Chen
et al., 2021) and MBPP (Austin et al., 2021), which
evaluate how well systems can turn natural lan-
guage descriptions into executable programs.

Recent large language models (LLMs) have
shown strong results on English-focused bench-
marks. However, applying these methods to under-
resourced languages like Bangla is challenging
(Kabir et al., 2023; Ahmed et al., 2025; Raihan
et al., 2025b). Previous studies highlight the dif-
ficulties in building effective NLP systems for
Bangla (Bhattacharjee et al., 2022; Islam et al.,
2021). These challenges arise from limited re-
sources, diverse domains, and ambiguous text
forms. To bridge this gap, recent work has intro-
duced multilingual and Bangla-specific resources

for code generation. Raihan et al. (2025a) pre-
sented mHumanEval, a multilingual extension of
HumanEval covering over 200 languages, includ-
ing Bangla, highlighting performance gaps be-
tween high and low-resource languages. Building
on this, Raihan et al. (2025b) proposed MBPP-
Bangla alongside TigerCoder, a suite of Bangla-
focused LLMs, reporting improvements on Bangla
code generation tasks.

The Bangla Language Processing (BLP) Work-
shop 2025 has further advanced this area through
a shared task dedicated to Bangla code generation
(Raihan et al., 2025c). In this task, participants
are required to create Python programs based on
Bangla problem descriptions. Evaluation is con-
ducted using a hidden set of unit tests, with systems
receiving credit only if their outputs successfully
pass all test cases. This setup presents several chal-
lenges: first, the problem descriptions may be lin-
guistically ambiguous or domain-specific; second,
no reference solutions are available at the time of
testing; and third, models must be able to gener-
alize to hidden tests that go beyond the visible
examples. These factors make the task a rigorous
benchmark for multilingual program synthesis.

To address these challenges, we explore various
prompting strategies for LLMs in a shared task con-
text. We created a pipeline that translates Bangla
instructions into English with GPT-4 and uses sev-
eral prompting techniques for code generation. Our
study focuses on instruction-only prompting, syn-
thetic test cases, chain-of-thought reasoning, and
self-repair loops using execution feedback. We
evaluate four models: Qwen2.5-Coder 14B, GPT-
4o, Grok-3, and Claude 3.7 Sonnet within these
frameworks. Through this comparison, we aim to
illuminate how translation and prompting choices
affect performance on hidden test cases, provid-
ing a practical foundation for future research in
multilingual code generation.

615



2 Background

The Bangla Language Processing (BLP) Work-
shop 2025 introduced Task 2: Code Generation in
Bangla, where the objective is to synthesize Python
programs from Bangla natural language instruc-
tions (Raihan et al., 2025c). The task follows an
execution-based evaluation: systems are credited
only if the generated code passes all hidden unit
tests. This setting requires models to generalize
beyond visible examples and to handle ambiguous
or underspecified problem statements, which are
common in real-world competitive programming
tasks.

For our experiments, we used the official devel-
opment and test datasets released for the shared
task. The development set contains 400 problems,
while the test set includes 500 problems. Each prob-
lem consists of (i) a Bangla instruction describing
the task, (ii) one public test list provided in the form
of Python assertions, and (iii) hidden test cases
used for leaderboard evaluation. The datasets build
upon prior multilingual code generation resources,
including mHumanEval (Raihan et al., 2025a) and
MBPP-Bangla (Raihan et al., 2025b), which ex-
tend HumanEval-style and MBPP-style problems
to Bangla.

3 Method

We developed our pipeline using a systematic,
staged approach, as illustrated in Figure 1. The
process starts with an initial Bangla programming
instruction. GPT-4o then performs two tasks in
parallel: translating the instruction into English
and generating synthetic test cases for edge behav-
iors. The translated instruction is combined with a
selected prompting strategy (e.g., Zero-shot, Few-
shot, CoT, or Zero-shot with synthetic tests) and
provided to a large language model (LLM) for code
generation. The solution is evaluated through run
tests, and if it fails, the code enters a self-repair
loop for up to three attempts before producing the
final code. This design allowed us to effectively
assess the contributions of each component.

3.1 Translation Step

We started by running inference on native Bangla
instructions using the closed-source model Qwen
2.5-Coder 14B, but performance was limited, with
many outputs failing to meet expectations. This
confirmed our hypothesis that the model struggled
with Bangla programming instructions.

To address this, we introduced a translation step,
converting problem instructions to English via GPT-
4o, known for its multilingual capabilities. Testing
this with Qwen 2.5-Coder 14B revealed improved
accuracy: 40.4% for original Bangla instructions
versus 46.4% for those translated by GPT-4o. This
improvement led us to adopt translation as a stan-
dard procedure in our experiments to enhance eval-
uation reliability and support our structured prompt-
ing and self-repair mechanisms.

3.2 Prompting Strategies
We experimented with five prompting setups af-
ter establishing translated baselines. Each setup
received translated instructions and was evaluated
using Pass@1. Below, we illustrate each strategy
with a representative problem from the dataset.

Zero-shot. The baseline tests how well the model
can generate code from instructions without exam-
ples, using a strict format to evaluate its problem-
solving ability separately from in-context learning.

Zero-shot Prompt

System prompt:
You are a Python code generator.

STRICT RULES:
- Output ONE fenced code block only:

```python ...```
- Inside: exactly ONE function

definition.
- Function name + args must match

instruction/tests.
- No helpers/classes unless required

.
- No comments , explanations , or text

outside code.
- Only standard library. No I/O.
- Return values only.

User prompt:
Instruction:
Write a function to calculate the

sum of the digits of each number
in a given list.

Few-shot. In this baseline, we provide the model
with a few complete task-solution examples after
giving it the actual problem statement. This tech-
nique tests the model’s in-context learning abil-
ity, allowing it to infer patterns from the provided
demonstrations. Find the prompt in the Appendix
A.1

Chain of Thought (CoT). This method prompts
the model to follow structured thinking steps be-
fore generating code. By explicitly guiding it to
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Figure 1: An overview of the complete code generation pipeline. From an initial Bangla programming instruction,
GPT-4o performs English translation while also generating synthetic test cases to capture edge behaviors. The
translated instruction is then combined with a selected Prompting Strategy (e.g., Zero-shot, Few-shot, CoT, or
Zero-shot with synthetic tests). This combined prompt is fed to an LLM for Code Generation. The resulting code is
evaluated by Run Test. If the tests fail, the code enters a Self-Repair Loop (for up to three iterations), where the
model attempts to correct its errors. After that, the Final Code is produced.

consider edge cases and constraints, we encourage
the model to build a more robust mental plan, lead-
ing to a more reliable final implementation. Find
the prompt in the Appendix A.2

Zero-shot with public + synthetic tests. This
technique provides the model with the problem
instruction, with a public test case and a set of
synthetic unit tests. Instead of solved examples,
these tests act as explicit specifications, guiding the
model by defining correct behavior and edge cases.

Zero-shot with Public + Synthetic Tests

System prompt:
[Same STRICT RULES as above]

User prompt:
Instruction:
Write a Python function to remove

the first and last
occurrence of a given character from

a string.

You must satisfy the following tests
:

# Public test from dataset
assert remove_Occ ("hello", "l") == "

heo"

# Synthetic edge cases (robustness
checks)

assert remove_Occ ("", "x") == ""
assert remove_Occ ("a", "a") == ""
assert remove_Occ ("aaaa", "a") == ""
assert remove_Occ ("abc", "z") == "

abc"

Extra requirements:
- Handle empty inputs , negatives ,

duplicates , and large values.
- Preserve ordering if required.
- Ensure deterministic output.

- Match exact return types (e.g.,
int vs float , string casing).

OUTPUT:
One fenced Python code block with

the function only.

3.3 Synthetic Hidden Test Generation

To strengthen generalization to the hidden Cod-
abench evaluator, we expanded each problem with
an additional set of synthetic test cases. We gen-
erated these test cases using GPT-4o, which we
prompted to propose inputs that capture edge con-
ditions not covered by the public assertions. We
instructed the model to consider empty inputs, ex-
treme numerical values, unusual string structures,
type-boundary behaviors, and other corner cases
that commonly expose weaknesses in naive imple-
mentations. For each problem, GPT-4o produced
eight candidate tests. To maintain consistency, we
used a standard prompt template when instructing
GPT-4o to augment the test set. Here is the prompt
we used to generate the test cases:

Test Case Generation Prompt

Generate a set of synthetic Python
assert statements based on a
provided "function_signature" and
a list of "public_tests ".

Your goal is to create additional
tests that cover failure -prone
scenarios not addressed by the
public tests , including empty/
null inputs , boundary conditions ,
type mismatches , data -specific

cases (e.g., unusual strings ,
large numbers , list variations),
and any semantic corner cases.
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CRITICAL: You must not repeat any of
the provided "public_tests" and

must return your response only as
a valid JSON object containing a
single key , "synthetic_tests",

which holds an array of strings ,
where each string is a complete ,
runnable Python assert statement.

### INPUT:
function_signature: "def bell_Number

(n):"
public_tests: "['assert bell_Number

(2) == 2', 'assert bell_Number (3)
== 5', 'assert bell_Number (4) ==
15']"

### EXPECTED OUTPUT FORMAT:
```json
{

"synthetic_tests ": [
"assert bell_Number (0) == 1",
"assert bell_Number (1) == 1",
"assert bell_Number (5) == 52",
"assert bell_Number (6) == 203",
"assert bell_Number (10) ==

115975"
]

}

After the synthetic tests were generated, they
were finalized and reused across all models: GPT-
4o, Grok-3, Claude 3.7 Sonnet, and Qwen 2.5-
Coder. This ensured that every system was eval-
uated under the same augmented constraints. In
practice, these tests made the required behaviors
much clearer and improved the models’ robustness
by providing more explicit signals regarding the
expected handling of edge cases.

3.4 Self-repairing Loop

When generated code fails the provided unit tests,
we initiate a self-repair loop. The model is provided
with the specific AssertionError and prompted to
revise its code. This feedback cycle repeats for a
maximum of three attempts, allowing the model to
iteratively correct its own mistakes based on the
test outcomes.

Self-repairing Loop

Your previous attempt failed this
assertion:

AssertionError: assert sum_of_digits
(0) == 0

Please correct the code while
keeping the same

function name.

3.5 Evaluation Protocol

We report Pass@1, defined as the percentage of
problems for which the generated solution passed
all asserts. Two levels of evaluation were used:

• Public asserts included in the dataset (to
check immediate consistency).

• Hidden tests on the Codabench leaderboard
(to assess generalization).

4 Experiments and Results

We evaluated our pipeline on four models: three
closed-source (GPT-4o, Grok-3, Claude 3.7 Son-
net) and one open-source baseline (Qwen2.5-Coder
14B). Our evaluation metric is Pass@1, defined as
the proportion of problems where the generated
solution passed all hidden test cases on the Cod-
abench leaderboard.

4.1 Results & Findings

The results, presented in Table 1, reveal the clear
effect of prompt design on model performance.
Our analysis highlights several key findings. First,
baseline prompting strategies produced inconsis-
tent and often suboptimal outcomes. While Claude
3.7 Sonnet achieved the highest zero-shot score
(56.6%), the conventional techniques of few-shot
and Chain-of-Thought (CoT) prompting did not
guarantee improvements. For instance, few-shot
prompting substantially degraded performance for
Qwen2.5-Coder (from 46.4% to 41.2%), and CoT
underperformed relative to the zero-shot baseline
in three out of four models.

Second, the most remarkable performance gain
came from providing explicit requirements through
synthetic tests. Augmenting the zero-shot prompt
with unit tests caused a substantial improvement for
all models, with improvements ranging from +13.4
to +19.2 percentage points. This suggests that for
code generation, defining concrete behavioral con-
straints is far more effective than providing abstract
examples or reasoning hints.

Finally, the self-repair loop provided an addi-
tional, consistent boost to all models, pushing them
to their peak performance. This iterative refinement
process added a further 1.4 to 3.4 points. In the
final configuration, the top-performing models con-
verged, with GPT-4o achieving the highest score
at 72.2%, followed closely by Claude 3.7 Sonnet
(71.8%) and Grok-3 (71.4%).
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Hidden Tests (Pass@1 %)

Prompting Strategy GPT-4o Grok-3 Claude 3.7 Son-
net

Qwen2.5-Coder

Zero-shot 54.2 52.8 56.6 46.4
Few-shot 56.8 55.4 56.2 41.2
Chain of Thought (CoT) 56.2 53.2 54.6 43.4
Zero-shot + Synthetic Tests 70.2 68.8 70.4 65.6

Zero-shot + Tests + Self-Repair 72.2 71.4 71.8 69.0

Table 1: Results comparing prompting strategies across four models. Performance generally increases with more
sophisticated prompts, with the combination of explicit synthetic tests and a self-repair loop yielding the strongest
results.

4.2 Failure Analysis

The evaluation revealed three main categories of
failures: Code Generation Errors, Logical and Al-
gorithmic Flaws, and Source Prompt and Localiza-
tion Errors. Each category is discussed below.

Code Generation Errors
These failures occurred when the generated code
did not conform to the required interface, even
though the underlying logic was correct. A com-
mon case was when the model produced the
right implementation but used a different func-
tion name than the one expected by the test case.
For example, a function expected to be named
remove_dirty_chars was instead generated as
str_to_list, leading to a runtime error because
the required entry point could not be found.

Logical and Algorithmic Flaws
Most failures fell into this category. The code exe-
cuted without error but produced incorrect results
due to incomplete algorithms, mishandling of edge
cases, or inefficient approaches. As an example,
a task required a function to return -1 when no
duplicate element was present in an array. The
model’s implementation correctly identified dupli-
cates but returned None when none existed, causing
the output to fail against the expected test condition.
For additional failure analysis, please refer to the
Appendix A.3.

4.3 Error Analysis

To understand how prompting strategies affected
model performance, we analyzed common failure
modes and their resolution. Three categories of er-
rors were observed: (i) interface alignment, where
the logic was correct but mismatched function sig-
natures or formats caused failures; (ii) algorithmic
refinement, where initial solutions were incomplete

and improved once execution feedback clarified the
requirements; and (iii) edge-case handling, where
models overlooked inputs such as negative num-
bers, empty lists, or formatting constraints.

Zero-shot, few-shot, and CoT prompts often re-
vealed these weaknesses but rarely fixed them. By
contrast, adding synthetic test cases made the re-
quirements explicit and guided the models toward
outputs that matched the evaluator. Detailed case
studies with code transitions are provided in Ap-
pendix A.4.

5 Conclusion

This work reveals that a multi-stage pipeline, be-
ginning with machine translation and followed by
advanced prompting, is a useful strategy for Bangla
code generation. The subsequent use of synthetic
tests and self-repair achieved a peak Pass@1 score
of 72.2% with GPT-4o. While this approach is
effective, considerable challenges remain in over-
coming the models’ tendency to misinterpret tech-
nically precise instructions, even when the code
generation instructions themselves are accurate.

Limitations

The pipeline’s effectiveness is primarily limited by
its reliance on the quality of the initial Bangla-to-
English translation, which can introduce errors or
lose important nuances. Additionally, there is a
more subtle yet noteworthy limitation that goes be-
yond handling prompts with inherent errors. The
failure analysis shows that models often struggle
with prompts that are factually correct but include
technically specific terms or constraints, which can
lead to misinterpretation. This highlights a key
challenge in ensuring that models accurately inter-
pret precise instructions.
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A Appendix

A.1 Few-shot Prompt.

Few-shot Prompt

System prompt:
[Same STRICT RULES as above]

User prompt:
Instruction:
Write a Python function to remove

the first and last
occurrence of a given character from

a string.

Example 1:
Instruction: Write a function to

sort a given matrix in ascending
order.

Solution:
def sort_matrix(matrix):

[example implementation here]

Example 2:
Instruction: Write a function that

counts the most common words in a
list.

Solution:
def most_common_word(words):

[example implementation here]

A.2 Chain of Thought (CoT) Prompt.

CoT Prompt

System prompt:
[Same STRICT RULES as above]

User Prompt:
Instruction:
{instruction}

Guidance:
- Before coding , carefully consider

edge cases (empty input ,
negatives , duplicates , large
values).

- Make sure return types exactly
match expectations (int vs float ,
casing in strings , etc.).

- Then output only the final Python
function in one fenced code block
.

OUTPUT:
One fenced Python code block with

exactly one function.

A.3 Failure Analysis

Misinterpretation and Missed Constraints
A smaller but critical set of failures was caused
by the model’s misinterpretation of specific prob-
lem requirements, where the prompt was accurate
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but the model either misunderstood a key techni-
cal term or ignored a formatting constraint. For
instance, when instructed to generate a function
for Woodall numbers (of the form n · 2n − 1), the
model produced a correct implementation for the
more common Mersenne numbers (of the form
2n−1), effectively missing the critical n multiplier
in the formula. In another case, the instruction to
"set all odd bits" presented an indexing ambigu-
ity; the model assumed 0-based indexing while the
evaluator expected 1-based, leading to failure. Sim-
ilarly, a task requiring explicit status strings like
"Found a match!" failed when the model returned
the raw search result, correctly solving the logic
but ignoring the strict output format. These cases
demonstrate that failures can stem from the model’s
misinterpretation of terminology or its tendency to
overlook precise specifications.

A.4 Error Analysis

This appendix provides detailed examples of how
prompting strategies influenced failure to success
transitions. We organize the errors into three cat-
egories: Interface Alignment Errors, Algorithmic
Refinement, and Edge-Case and Output-Type Han-
dling. For each, we show representative cases and
the corresponding code transitions, illustrating how
synthetic tests corrected baseline shortcomings.

1. Interface Alignment Errors
These tasks failed in the baseline prompts because
the function names or output formats did not match
what the evaluator expected. Synthetic tests clari-
fied the required interface, which led to corrections.

Example A: Removing digits from strings
Zero-shot / Few-shot / CoT: The correct
logic was implemented in functions named
remove_digits_from_list, remove_digits, or
remove_digits_from_strings. The evaluator,
however, expected a function named remove, so
these solutions failed. Synthetic Tests: By making
the expected signature explicit, the function was
renamed to remove while retaining the same logic.

Wrong Code

- def remove_digits_from_list(strings
):

- return [''.join(filter(lambda c
: not c.isdigit (), s)) for s in
strings]

Repaired Code

+ def remove(strings):
+ return [''.join(filter(lambda c

: not c.isdigit (), s)) for s in
strings]

Example B: Converting tuples to strings Zero-
shot / Few-shot: Returned comma- or space-
separated strings (e.g., ’, ’.join(map(str,
tup))). CoT: Cast the tuple directly to a string,
which preserved parentheses and commas. Syn-
thetic Tests: Required concatenation without sep-
arators. The revised version used ”.join(tup1),
which matched the evaluation format.

Wrong Code

- def tup_string(tup1):
- return ', '.join(map(str , tup1)

)
- def tup_string(tup1):
- return ' '.join(map(str , tup1))
- def tup_string(tup1):
- return str(tup1)

Repaired Code

+ def tup_string(tup1):
+ return ''.join(tup1)

2. Algorithmic Refinement
In these tasks, the baseline prompts produced in-
complete or incorrect algorithms. Synthetic tests
made the requirements explicit, guiding the model
toward correct implementations.

Example A: Top-k frequent elements in nested
lists Zero-shot / Few-shot / CoT: Counted
only the outer list elements, failing when in-
put contained nested lists. Synthetic Tests:
The corrected version flattened the input, used
collections.Counter, and returned the top-k el-
ements with heapq.nlargest.

Wrong Code

- def top_k_frequent(nums , k):
- c = {}
- for n in nums:
- c[n] = c.get(n, 0) + 1
- heap = [(-freq , num) for num ,

freq in c.items()]
- heapq.heapify(heap)
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- return [heapq.heappop(heap)[1]
for _ in range(k)]

Repaired Code

+ from collections import Counter
+ def func(nums , k):
+ if k <= 0:
+ return []
+ flattened_nums = [num for

sublist in nums for num in
sublist]

+ frequency_counter = Counter(
flattened_nums)

+ return heapq.nlargest(k,
frequency_counter.keys(),

+ key=
frequency_counter.get)

Example B: Splitting a string into a list Zero-
shot / Few-shot / CoT: Used list(string), which
split into characters. Synthetic Tests: Showed that
the intended behavior was splitting into words, cor-
rected with string.split().

Wrong Code

- def string_to_list(string):
- return list(string)

Repaired Code

+ def string_to_list(string):
+ return string.split()

Example C: Sum of amicable numbers Zero-
shot: Double-counted amicable pairs. Few-shot:
Simplified divisor logic but still risked duplication.
CoT: Added a checked set but omitted a boundary
condition. Synthetic Tests: Added both a checked
set and a guard condition to avoid double counting
and ensure correct limits.

Wrong Code

- def amicable_numbers_sum(limit):
- total_sum = 0
- for num in range(2, limit + 1):
- divisor_sum =

sum_of_divisors(num)
- if divisor_sum != num and

sum_of_divisors(divisor_sum) ==
num:

- total_sum += num

- if divisor_sum <= limit
:

- total_sum +=
divisor_sum

- return total_sum

Repaired Code

+ def amicable_numbers_sum(limit):
+ total_sum = 0
+ checked = set()
+ for num in range(2, limit + 1):
+ if num not in checked:
+ div_sum =

sum_of_divisors(num)
+ if div_sum != num and

div_sum <= limit:
+ if sum_of_divisors(

div_sum) == num:
+ total_sum +=

num + div_sum
+ checked.add(num

)
+ checked.add(

div_sum)
+ return total_sum

3. Edge-Case and Output-Type Handling
These tasks failed in baseline prompts because
of missing sentinel values, inconsistent return
types, or overlooked corner cases. Synthetic tests
prompted the model to address these issues.

Example A: Decimal to binary Zero-shot / Few-
shot / CoT: Returned integers instead of strings
and did not handle negative inputs. Synthetic Tests:
Corrected by always returning strings and explicitly
handling zero and negative values.

Wrong Code

- def decimal_To_Binary(N):
- if N == 0:
- return "0"
- binary = ""
- while N > 0:
- binary = str(N % 2) +

binary
- N = N // 2
- return int(binary)

Repaired Code

+ def decimal_To_Binary(N):
+ if N < 0:
+ return "-" +

decimal_To_Binary(-N)
+ elif N == 0:
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+ return "0"
+ binary = ""
+ while N > 0:
+ binary = str(N % 2) +

binary
+ N = N // 2
+ return binary

Example B: Maximum occurrence Zero-shot /
Few-shot / CoT: Returned only the element(s) or
None. Synthetic Tests: Corrected to return both the
element and its frequency.

Wrong Code

- def max_occurrences(nums):
- if not nums:
- return None
- count = Counter(nums)
- max_count = max(count.values ())
- most_common_items = [item for

item , freq in count.items() if
freq == max_count]

- return most_common_items [0] if
len(most_common_items) == 1 else
most_common_items

Repaired Code

+ def max_occurrences(nums):
+ from collections import Counter
+ if not nums:
+ return None , 0
+ count = Counter(nums)
+ max_item = max(count , key=count

.get)
+ return max_item , count[max_item

]

Example C: Returning long words Zero-shot /
Few-shot / CoT: Treated the input as a list of words,
failing when given a raw string. Synthetic Tests:
Corrected by splitting the string explicitly.

Wrong Code

- def long_words(n, words):
- return [word for word in words

if len(word) > n]

Repaired Code

+ def long_words(n, words):
+ return [word for word in words.

split () if len(word) > n]
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Abstract

In this paper, we present our submission to Task
2 of the BLP-2025 shared task on code genera-
tion from Bangla instructions. Our approach fo-
cused on enhancing instruction quality through
translation and improving model performance
with a two-stage ensemble strategy. We evalu-
ated two proprietary and several open-source
models under three instruction settings: orig-
inal Bangla instructions, Bangla instructions
translated into English using Facebook NLLB,
and instructions rewritten in English with GPT-
4.1. Experimental results showed that GPT-4.1-
rewritten instructions consistently achieved the
highest accuracy across models. For final pre-
dictions, we used a two-stage ensemble, achiev-
ing a pass@1 score of 80.0% on the hidden
test set and securing 12th place on the offi-
cial leaderboard. Additionally, we conducted a
qualitative analysis of selected translations to
illustrate how variations in instruction phrasing
influenced model outputs.

1 Introduction

Code generation is the task of creating computer
programs automatically from natural language de-
scriptions. It allows users to write instructions in
plain language and have a model produce the cor-
responding executable code. Beyond practical ap-
plications, it has emerged as a key benchmark for
evaluating the reasoning and problem-solving per-
formance of large language models (LLMs). Re-
cent systems such as Codex, CodeLLaMA, and
DeepSeek-Coder have achieved strong results on
several English-centric programming benchmarks,
approaching state-of-the-art performance under fa-
vorable conditions (Rozière et al., 2024; Guo et al.,
2024). Yet, this success does not extend uniformly
to low-resource languages like Bangla, where code
generation remains underexplored due to limited
training data, inconsistent instruction formats, and

*Equal contribution.

unreliable translation quality. Consequently, mod-
els often misinterpret Bangla prompts, producing
syntactic errors or semantically incorrect code.

To address these challenges, we participate in
Task 2 of the BLP-2025 shared task, which focuses
on generating Python code from Bangla instruc-
tions. Our work investigates the role of instruction
formulation in improving code generation quality.
Specifically, we compare three input styles: raw
Bangla instructions, English translations generated
by Facebook NLLB, and refined English instruc-
tions rewritten by GPT-4.1. This analysis high-
lights how translation quality and semantic clarity
directly affect model performance. While instruc-
tion reformulation substantially improves model
outputs, we also explore a simple two-stage en-
semble strategy to further enhance accuracy and
robustness.

In summary, the main contributions of this work
can be outlined as follows:

• We provide a performance comparison of
proprietary, multilingual, and Bangla-centric
LLMs in a one-shot code generation setting.

• We demonstrate that high-quality English re-
formulations of Bangla instructions substan-
tially improve code generation outcomes.

• We introduce a simple yet effective two-stage
ensemble strategy that achieves higher accu-
racy than standalone models.

2 Related Work

Recent Bangla-centric work such as TigerCoder
(Raihan et al., 2025b) and BongLLaMA (Zehady
et al., 2024) demonstrates that targeted Bangla in-
struction datasets and language-specific fine-tuning
can improve Bangla text-to-code generation. While
these studies highlight the potential of multilingual
and Bangla-centric models, performance still lags
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behind English benchmarks, leaving room for fur-
ther exploration of strategies to advance Bangla
code generation. Iskander et al. (2024) show that
dataset quality has a major effect on LLM perfor-
mance: noisy or misaligned instruction–code pairs
degrade results, while filtered and curated subsets
lead to significant gains even with less data, un-
derscoring the importance of high-quality train-
ing data in low-resource scenarios. Vahtola et al.
(2025) demonstrate that GPT-4 is highly effective
at paraphrasing and following linguistic instruc-
tions, making it well suited for producing seman-
tically faithful reformulations in translation-based
workflows where clarity and fidelity are essential.
Brown et al. (2020) further show that in-context
learning improves code generation, with few-shot
setups often outperforming one-shot and zero-shot;
however, one-shot prompting remains widely used
because it provides minimal context while ensur-
ing consistency across models, making it suitable
for controlled comparisons. Ensembling has also
been explored in code generation, with systems like
AlphaCode boosting pass rates through candidate
reranking (Li et al., 2022). However, lightweight
fallback ensembles remain largely unexplored in
low-resource contexts such as Bangla. Building
on these findings, our work investigates how in-
struction reformulation and ensemble strategies can
improve Bangla code generation under a one-shot
setup, addressing both the challenges of translation
quality and the limitations of low-resource settings.

3 Task Description

The primary objective of this shared task (Raihan
et al., 2025c) is to develop systems capable of gen-
erating Python code from Bangla programming
instructions. Participating models must synthesize
accurate Python solutions that satisfy the corre-
sponding unit tests. Evaluation is performed strictly
based on whether the generated code passes all test
cases. By linking Bangla-language instructions to
executable Python programs, this task advances
research in multilingual code generation and con-
tributes to building robust systems for low-resource
languages.

3.1 Dataset Description

The dataset for this task was released in three splits:
trial set, dev set, and test set. The sample distribu-
tion is summarized in Table 1. Each sample con-
sists of a Bangla instruction describing a program-

Bangla
Instructions

Instruction
Variants

Original

Facebook NLLB

GPT-4.1

Model Inference

Qwen2.5-Coder-3B-Instruct

Qwen2.5-Coder-7B-Instruct

Qwen2.5-Coder-14B-Instruct

Claude Sonnet 4

Meta-LLaMA-3.1-8B-Instruct

GPT-4.1

Figure 1: Model inference pipeline using three instruc-
tion styles (Original Bangla, Facebook NLLB, GPT-4.1)
across multiple models.

ming problem. The trial set additionally provides
reference solutions together with the complete set
of unit tests. In contrast, neither the dev set nor
the test set contains reference solutions. The dev
set includes the full unit test suite, while the test
set offers only a single visible test case, with the
remaining cases kept hidden for final evaluation.

Data Splits Total Samples
trial 74
dev 400
test 500

Table 1: Overview of the Task 2 dataset splits.

The dev and test sets use a subset of Bangla-
translated versions of the original English mHu-
manEval and MBPP datasets, as introduced in (Rai-
han et al., 2025a,b).

4 Experiments

We conducted a series of experiments to identify ef-
fective strategies for Bangla-to-Python code gener-
ation. All experiments were carried out on Kaggle
using an NVIDIA P100 GPU with 16 GB memory.
To enable efficient evaluation of large models (up
to 14B parameters) within this limited hardware
budget, we performed inference using 4-bit quan-
tization through the bitsandbytes library. The
subsequent subsections detail the model selection
process, the instruction variants we explored, and
our proposed ensemble approach.

4.1 Model Selection

We evaluated a set of open-source and propri-
etary LLMs on the dev set and test set under one-
shot prompting, as presented in Figure 1 . One-
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Model Name Dev Phase Test Phase
Original NLLB GPT-4.1 Original NLLB GPT-4.1

TigerLLM-9B-it 72.5 65.5 77.3 58.6 56.8 63.6
Qwen2.5-Coder-3B-Instruct 52.0 57.0 67.0 47.0 48.4 56.2
Qwen2.5-Coder-7B-Instruct 62.0 66.0 73.0 59.8 64.4 69.2
Qwen2.5-Coder-14B-Instruct 77.0 76.0 82.0 67.2 68.2 76.0
Meta-LLaMA-3.1-8B-Instruct 48.0 50.0 56.0 45.6 47.2 52.0
Claude Sonnet 4 – – 82 – – 72.4
GPT-4.1 – – 77.8 – – 71.0
Two-Stage Ensemble
(Qwen2.5-Coder-14B-Instruct +
Claude Sonnet 4)

– – – – – 80.0

Table 2: pass@1 scores across three instruction variants (Original Bangla, Facebook NLLB translation, and GPT-4.1
rewriting) in both dev and test phases.

shot prompting was selected to provide minimal
context while ensuring consistency across mod-
els, thereby enabling a fair comparison of their
code generation capabilities. The models con-
sidered included Bangla-centric models such as
TigerLLM-9B-it, and multilingual models includ-
ing Qwen2.5-Coder-3B/7B/14B-Instruct (Hui
et al., 2024), Meta-Llama-3.1-8B-Instruct, as
well as proprietary models Claude Sonnet 4 and
GPT-4.1. This evaluation allowed us to compare
the effectiveness of models specifically tailored for
Bangla against those trained on broader multilin-
gual corpora.

4.2 Instruction Variants

To investigate the effect of instruction formulation
on model performance, we experimented with three
variants of the input instructions during the dev
phase: (i) the original Bangla instructions provided
in the dataset, (ii) English translations generated us-
ing the Facebook NLLB translation model, and (iii)
English instructions rewritten from Bangla using
GPT-4.1. For fairness, all models were evaluated
under the same experimental setup across these
three variants. This design enabled us to gain a
deeper understanding of how different instruction
styles influenced code generation quality.

4.3 Ensemble Approach

To maximize code generation success, we
employed a two-stage ensemble strategy
using the best-performing models from
the dev phase, as illustrated in Figure 2.
Qwen2.5-Coder-14B-Instruct was used as the
primary model to generate Python code for all
instructions. Any samples that failed their unit
tests were then re-generated by Claude Sonnet
4, enabling the secondary model to recover from

Qwen2.5-Coder-
14B-Instruct

Unit Test 
Evaluation Final OutputInput

Prompt

Claude 
Sonnet 4

Unit Test
Evaluation

Generated
Code

Passes
Unit Tests

Fails
Unit Tests

Generated
Code

Figure 2: Two-stage ensemble strategy: The primary
model (Qwen2.5-Coder-14B-Instruct) generates a code
response which is evaluated via unit tests. If the code
fails, the same prompt is passed to a secondary model
(Claude Sonnet 4) for regeneration.

errors made by the primary. This sample-level
ensemble leveraged complementary strengths to
increase the overall success rate.

5 Results and Analysis

5.1 Initial Evaluation

We evaluated all models using the pass rate
(pass@1) metric. Each model was tested in three
types of instructions as described in Section 4.2

Results are reported on both dev sets and test
sets, with evaluations performed against complete
unit test suites. As shown in Table 2, among
proprietary models, Claude Sonnet 4 achieved
the highest accuracy on both the dev and test
sets when paired with GPT-4.1-translated instruc-
tions. Similarly, among the open-source models,
Qwen2.5-Coder-14B-Instruct consistently out-
performed others, even surpassing proprietary mod-
els. This highlights the strong generalization ca-
pability of Qwen when paired with high-quality
instruction translations.

Other open-source models, such
as Meta-Llama-3.1-8B-Instruct and
TigerLLM-9B-it, also showed marked im-
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id Bangla Text Facebook NLLB GPT-4.1
33 àদত্ত অয্ােরেত সমƳ সংখয্ার

েজাড়ার xor এর েযাগফল
খুঁেজ েপেত একিট পাইথন
ফাংশন Ǭলখুন।

Write a Python function
to find the sum of all the
numbers in the given
array.

Write a Python function
to find the sum of the
XOR of all pairs of
numbers in a given array.

131 একিট শİুর পাđǶয় পৃƨতল
এলাকা খুঁেজ েপেত একিট
ফাংশন Ǭলখুন।

Write a function to find a
cornered side area.

Write a function to find
the lateral surface area of
a cone.

Figure 3: Examples of translation quality, showing how GPT-4.1 preserves semantic intent more accurately than
Facebook NLLB for complex Bangla instructions.

provements when paired with GPT-4.1-based
instructions, underscoring the importance of clear
and semantically rich prompts in instruction-to-
code generation tasks.

5.2 Ensemble Approach Outcome

We leveraged the two-stage ensemble strategy de-
scribed in Section 4.3 to further boost perfor-
mance. The ensemble approach achieved a pass
rate (pass@1) of 80.0% on the hidden test set un-
der full unit test evaluation. This score represents
a measurable improvement over the standalone
performance of Qwen2.5-Coder-14B-Instruct
(76.0%) and Claude Sonnet 4 (72.4%). By se-
lectively routing failed generations from Qwen to
Claude, the ensemble effectively recovered addi-
tional correct outputs, confirming its utility in min-
imizing failure cases.

5.3 Impact of Instruction Formulation

To better understand why instructions translated
via GPT-4.1 consistently outperformed others, we
manually examined a few representative transla-
tions to assess how accurately and clearly each
model conveyed the original instruction’s meaning.
Two such examples from the dev set are presented
in Figure 3.

These examples demonstrate that GPT-4.1 trans-
lations more faithfully preserve semantic precision
than those produced by Facebook NLLB, partic-
ularly for mathematically or structurally complex
tasks. For instance, GPT-4.1 correctly interpreted
the Bangla term "পাđǶয় পৃƨতল" as “lateral surface
area,” whereas NLLB rendered it as “cornered side
area,” a phrase lacking geometric validity. Simi-
larly, in a case involving the XOR operation, GPT-
4.1 accurately preserved the intent to compute the
sum of XORs over all pairs, while NLLB reduced

the instruction to a basic summation task.
Bangla-native models such as TigerLLM

achieved stronger performance when paired
with either the original Bangla instructions or
GPT-4.1-translated English, likely due to the
increased semantic richness and clarity. In contrast,
NLLB-translated prompts introduced ambiguity,
leading to degraded outcomes. For all other models
(e.g., Qwen, LLaMA), we observed a consistent
performance ranking: GPT-4.1 > NLLB > Original
Bangla, reflecting their English-dominant training
distributions.

These findings suggest that, beyond simple lan-
guage alignment, the semantic clarity and task
specificity of instructions are critical for improving
code generation quality.

6 Conclusion

In this work, we explored the impact of instruc-
tion translation on Bangla code generation tasks,
with a focus on translation quality and ensemble
modeling. Our evaluation demonstrated that GPT-
4.1-translated instructions substantially improved
performance compared to both raw Bangla and
NLLB-generated instructions. We also conducted
qualitative analyses to explain model sensitivities
to different instruction styles. Future work will
focus on fine-tuning Bangla-native models using
high-quality synthetic prompts to further enhance
generalization.

Limitations

At the time of our experiments, the GPT-5 API
had not yet been publicly released; therefore, all
instruction-rewriting experiments were conducted
using GPT-4.1. While rewriting instructions in En-
glish with GPT-4.1 yielded clear improvements,
our approach was limited by the absence of fine-
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tuning on Bangla-specific data. We expect that
performance could be further enhanced through tar-
geted fine-tuning of Bangla-centric models, as well
as multilingual models trained directly on Bangla
instructions. More broadly, our work highlights the
lack of large, high-quality Bangla code-generation
datasets; addressing this gap through dataset cre-
ation and model adaptation remains an important
direction for future research.
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Abstract
In this paper, we propose a system for gen-
erating Python code from Bangla prompts.
Our approach fine-tunes open-source models
with parameter-efficient techniques and lever-
ages proprietary models via prompting. To
enhance the reasoning of smaller models, we
adopt a Chain-of-Thought (CoT) augmented
fine-tuning, enabling them to learn intermedi-
ate reasoning steps before generating code. A
self-refinement loop further improves perfor-
mance by iteratively critiquing and correcting
code based on execution feedback. We also
employ few-shot prompting to guide inference
more effectively. Applied to both open-source
and proprietary models, this pipeline achieved
its best results with Gemini 2.5 Pro, where our
system ranked 4th on the competition leader-
board with a Pass@1 score of 0.85. We con-
clude with a detailed analysis of these findings.

1 Introduction
LLMs have rapidly advanced natural language pro-
cessing and reasoning, achieving strong results in
machine translation (Zhu et al., 2023; Feng et al.,
2024), summarization (Zhang et al., 2024), dia-
logue (Wang et al., 2024), and complex reasoning
(Lai et al., 2024). Their ability to interpret natural
language and produce contextually appropriate out-
puts has opened new possibilities for both research
and applications.

Within this broader progress, code generation
has emerged as a promising direction. By trans-
lating natural language instructions into executable
programs, LLMs can accelerate development, sup-
port education, and lower the barrier to program-
ming. Benchmarks such as HumanEval (Chen
et al., 2021) and MBPP (Austin et al., 2021) show
that state-of-the-art models can generate correct
code from English prompts, underscoring their po-
tential as programming assistants.

However, this progress is largely confined to
high-resource languages, leaving languages like

Bangla remain overlooked (Joel et al., 2024). The
lack of datasets and tools limits training and evalu-
ation, and direct translations often introduce errors
or miss linguistic nuances. Closing this gap is vi-
tal for fairness, inclusivity, and broader access to
programming. In this paper, we present a system
for Bangla prompt to Python code generation. Our
key contributions are:

• Adapting a pretrained LLM with LoRA for
lightweight specialization.

• Expanding limited training data through a
silver-to-gold augmentation strategy that gen-
erates and verifies high-quality examples.

• Enriching LLM training with two styles of
chain-of-thought: concise hint-style and de-
tailed step-by-step reasoning.

• Designing an iterative execution-feedback
loop that allows the model to debug and im-
prove its own solutions across multiple refine-
ment steps.

2 Related Work

Large language models (LLMs) have transformed
code generation, moving from rule-based sys-
tems (Gulwani, 2011) to Transformer architectures
(Vaswani et al., 2017). Pretrained models like
Codex (Chen et al., 2021), CodeT5 (Wang et al.,
2021), and CodeGen (Nijkamp et al., 2022) set the
paradigm of mapping natural language directly to
executable code, establishing new program synthe-
sis benchmarks.

Beyond full fine-tuning, parameter-efficient ap-
proaches such as LoRA (Hu et al., 2022) allow
task adaptation with minimal overhead. Instruc-
tion tuning with synthetic data, including Evol-
Instruct and CodeAlpaca (Luo et al., 2023; Chaud-
hary, 2023), further improves generalization. Rein-
forcement learning with human or execution feed-
back also aligns outputs with functional correct-
ness (Ouyang et al., 2022; Le et al., 2022).
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In parallel, code-focused LLMs such as Code
Llama (Roziere et al., 2023), StarCoder (Li et al.,
2023), DeepSeek-Coder (Guo et al., 2024), and
WizardCoder (Luo et al., 2023) show that domain
adaptation significantly boosts performance over
general-purpose LLMs. Yet, most advances tar-
get high-resource languages like English. Mod-
els perform far worse with low-resource languages
such as Bangla (Joel et al., 2024). Translation-
based methods, multilingual pretraining, and cross-
lingual prompting offer partial solutions (Zhu et al.,
2023; Feng et al., 2024). Recently, Raihan et al.
(2025b) introduced TigerCoder, a Bangla code
LLM that surpassed multilingual baselines and
showed translation alone cannot close the gap, em-
phasizing the need for native-language resources.

3 Task and Dataset
3.1 Task Overview
The Code Generation shared task (Raihan et al.,
2025c) required generating Python programs from
Bangla problem prompts. A solution was correct if
it passed all hidden unit tests, with evaluation per-
formed in a sandbox environment under resource
constraints. Systems were ranked by Pass@1, the
percentage of prompts solved correctly.

3.2 Dataset Overview
Participants were provided with trial, dev (Rai-
han et al., 2025a), and test (Raihan et al., 2025b)
datasets. Each entry included a Bangla instruction,
a reference Python solution (trial set only), and unit
tests in the form of assert statements. During train-
ing, reference solutions and public tests were avail-
able, while at evaluation, only prompts were given.
Appendix B shows an example of data and datasets
distribution.

4 System Description
Our submission is built upon TriGen (Think, Re-
fine, Generate), a multi-strategy approach that
leverages both parameter-efficient fine-tuning of
open-source models and advanced prompt engi-
neering of large-scale, proprietary models. We de-
scribe our two primary systems below.

4.1 System A: Fine-tuning of Open Source
models

4.1.1 Base Model Selection
We began by evaluating several open-source,
instruction-tuned models, including Llama3 (3B)

and Qwen3 (4B), to establish a performance base-
line. As shown in Table 2, the Qwen3-4B-Instruct
model demonstrated superior initial performance
and was selected as the base model for our later
experiments. We utilized LoRA (Hu et al., 2022),
to train only a small set of adapter layers, keeping
the base model’s weights frozen. This approach re-
duces computational requirements while maintain-
ing high performance.

4.1.2 Data Augmentation and Translation
To expand our limited training data, we adopted a
“silver-to-gold” data augmentation strategy (Riyad
et al., 2023). We used a powerful proprietary
model, Gemini 2.5 Pro, to generate high-quality
solutions for the entire dev set. We then executed
these generated solutions against the provided test
cases and filtered for only those that passed, creat-
ing a verified dev set. This high-quality dataset was
then merged with the original trial set to create an
augmented training corpus (trial + verified_dev).
To investigate the impact of language alignment
with our model’s English pre-training, we created
a pure-English version of our augmented training
set using Gemini 2.5 Pro for translation.

4.1.3 Chain-of-Thought (CoT) as Hint and
Step

To further improve the model’s logical reason-
ing, we integrated CoT into our fine-tuning pro-
cess. The core idea behind CoT is that prompt-
ing a model to generate intermediate reasoning
steps improves its ability to solve complex prob-
lems (Wei et al., 2022; Gonzalez et al., 2024). We
extend this concept to “reasoning-augmented fine-
tuning” (Chung et al., 2024). The hypothesis is
that by training the model on examples that explic-
itly include a reasoning plan (Instruction + Plan ->
Code), the model internalizes the process of algo-
rithmic decomposition. We used LLMs to generate
two distinct styles of reasoning:

• Hint-style CoT: Strategy-level cues (e.g., “di-
vide the number”, “compute gcd”, “apply
multiplication”), without revealing intermedi-
ate solutions or the final output.

• Step-by-Step (SbS) CoT: Detailed, sequen-
tial reasoning steps that explicitly describe the
path toward the solution.

We then integrated the training set with this rea-
soning plan. Our results showed that while the hint-
style CoT, which provides only high-level cues, led
to a modest improvement, fine-tuning with explicit
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SbS-style CoT produced a substantial gain in accu-
racy.

4.1.4 Few-Shot Prompting
We designed a system prompt to enforce the com-
petition’s strict output requirements and guide the
model’s logic. The prompt explicitly instructs the
model to follow the function name and signature,
handle edge cases, produce self-contained code,
and generate necessary helper classes. We utilized
a few-shot approach within the system prompt by
providing a concrete example of the desired re-
sponse.

4.1.5 Self-Refinement Loop
We implemented a self-refinement loop (Figure 1)
inspired by (Madaan et al., 2023).

Figure 1: Execution and self-refinement loop

Think (Initial Generation): The model pro-
duces an initial code solution, which is executed
against the provided public test case.

Refine (Self-Correction): For failed solutions,
we construct a refinement prompt containing the
original instruction, the failed code, and the cor-
responding error message or failed assertion from
the execution environment. The model is then
prompted to act as a debugger and generate a cor-
rected solution.

Generate (Final Output): The refined code
produced in the previous step becomes the new can-
didate solution. Iterating this loop up to three times
yielded the best results.

4.2 System B: Gemini 2.5 Pro with few-shot
and self-refinement

While our System-A performed well, we achieved
our top-performing result by leveraging a large-
scale model, Gemini 2.5 Pro. We combined few-
shot prompting with self-refinement loop (Section-
4.1.4 and Section-4.1.5). This approach achieved

a final Pass@1 score of 0.85 on the hidden test set,
outperforming all of our locally fine-tuned models.

5 Results
We began by fine-tuning several models on the trial
set to establish a baseline. Among them, Qwen3-
4B-Instruct achieved the best initial performance
with a Pass@1 of 0.58 on the dev set (Table 2), so
we used it for the later experiments.

Our first key finding was that translating the
dataset to English, contrary to our initial hypothe-
sis, resulted in a slight performance degradation to
0.50, suggesting that potential semantic shifts dur-
ing translation outweighed the benefits of aligning
with the model’s primary pre-training language.
We therefore proceeded with the Bangla-centric
dataset for all subsequent fine-tuning experiments.

As shown in Table 1, each subsequent strat-
egy yielded incremental gains. Augmenting the
training data with a verified dev set improved
the Pass@1 score to 0.54. Integrating Chain-of-
Thought (CoT) as high-level hints provided a fur-
ther boost to 0.56, while the more detailed Step-
by-Step (SbS) CoT was significantly more effec-
tive, raising the score to 0.59. Our best fine-tuned
system, which applied a self-refinement loop to
the CoT-enhanced model’s outputs, achieved a fi-
nal Pass@1 of 0.62.

In parallel, we evaluated Gemini 2.5 Pro, a state-
of-the-art proprietary model. A single-pass gener-
ation using a robust few-shot prompt achieved a
score of 0.84. Applying our self-refinement loop
to this model yielded our overall best result of 0.85,
which placed our team 4th on the official competi-
tion leaderboard.

6 Discussion
6.1 Error Analysis
A qualitative analysis of the failures reveals system-
atic challenges in both model reasoning and dataset
construction. We categorize these errors into four
primary themes, with detailed examples for each
presented in Appendix C.

6.1.1 Ambiguous Instruction
A significant portion of errors originated from am-
biguous or misleading problem statements. Se-
mantic ambiguity, where the instruction was un-
derspecified (Appendix C.1); misleading instruc-
tions, where the prompt suggested a simple algo-
rithm but the test case required a more complex
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System / Method Training Data Pass@1
Baseline (Qwen3) trial (English) 0.50
Baseline (Qwen3) trial (Bangla) 0.51
+ Data Augmentation trial + verified_dev 0.54
+ CoT Fine-Tuning trial + verified_dev + CoT (Hint) 0.56
+ CoT Fine-Tuning trial + verified_dev + CoT (SbS) 0.59
+ CoT Fine-Tuning (Self-Refinement) trial + verified_dev + CoT (SbS) 0.62
Gemini 2.5 Pro (Single-Pass) N/A (Few-Shot) 0.84
Gemini 2.5 Pro (Self-Refinement) N/A (Few-Shot) 0.85

Table 1: Pass@1 Performance of different systems on hidden test set.

one (Appendix C.2); and poor translation quality,
which introduced ambiguity (Appendix C.3).

6.1.2 Failures of Constraint Adherence
Another major failure mode occurred when a
model understood the general problem but failed
to adhere to crucial, explicit constraints. This man-
ifested as test case ignorance, where models, par-
ticularly smaller fine-tuned ones, prioritized a stan-
dard algorithm over the specific logic demanded
by the test case (Appendix C.4). It also appeared
as memorization bias, where models defaulted to
common pre-trained patterns (e.g., a harmonic sum
to 𝑛) instead of following a specific constraint (a
sum to 𝑛 − 1) in the prompt (Appendix C.5).

6.1.3 Algorithmic Deficiencies
These errors represent Test case overfitting and
reasoning failures. Models often produced hard-
coded solutions that passed the visible test case but
lacked generalizability (Appendix C.6); employed
sub-optimal or greedy algorithms that failed in
hidden test cases (Appendix C.7); and exhibited se-
mantic inconsistency, resulting in runtime errors
(Appendix C.8).

6.1.4 Inherent Dataset Challenges
Finally, a notable number of failures originated
from structural flaws within the dataset itself:
Incorrect ground truth in the test cases (Ap-
pendix C.9); Incorrect test syntax that would not
be evaluated as intended by a standard Python inter-
preter (Appendix C.10); Floating-Point Precision
issues (Appendix C.11); and conflicting function
signatures between the instruction’s example and
the test case (Appendix C.12).

6.2 Findings
Our experiments yield several key insights. First,
while the “silver-to-gold” augmentation consis-
tently improved performance, translating the
dataset back to English slightly degraded the re-
sults (Table 3), probably due to loss of semantic

fidelity during the round-trip translation. This sug-
gests that for our base model, which was already
pre-trained on a large Bangla corpus, in-domain
language consistency was more critical than align-
ment with its primary English pre-training. Sec-
ond, our CoT experiments revealed a clear hier-
archy of reasoning. The superior performance of
Step-by-Step (SbS) plans over abstract hints indi-
cates that models benefit more from explicit, struc-
tured problem decomposition. We conclude that
SbS-style CoT provides a more effective learning
signal, forcing the model to internalize a repeatable
algorithmic workflow. Third, self-refinement en-
abled the model to reflect on execution errors and
perform targeted repair, helping it resolve difficult
edge cases that single-pass generation missed. Fi-
nally, as detailed in Section 6.1, many failures orig-
inated from the model’s misinterpretation of am-
biguous or misleading instructions, suggesting that
clearer problem specifications could yield signifi-
cant performance gains.

7 Limitations

Although TriGen achieves strong results, several
limitations remain. The training data is relatively
small, and part of it depends on silver-to-gold aug-
mentation using a proprietary model, which may
introduce bias. While the step-by-step reason-
ing and self-refinement loop improve performance,
they rely heavily on the quality of the unit tests.
When tests are incomplete, ambiguous, or contain
errors, the refinement process can still converge on
incorrect but test-passing solutions. Finally, the
pipeline is optimized for single-function tasks, so
its generalizability to more complex and diverse
programming tasks has not yet been evaluated.

Conclusion

In this paper, we presented our TriGen system
for Bangla prompt to Python code generation.
Our experiments showed that combining data aug-

632



mentation, chain-of-thought reasoning, and self-
refinement led to our best fine-tuned system,
while Gemini with few-shot prompting and self-
refinement achieved the strongest overall result.
Our analysis also reveals that limited training
data and instruction ambiguity still constrain sys-
tem reliability. In addition, our CoT supervision
was generated automatically with Gemini and not
manually validated. Even partial human inspec-
tion could provide higher-quality signals. In fu-
ture work, we aim to expand high-quality Bangla
code datasets, explore richer test case contexts dur-
ing training and refinement to improve generaliza-
tion, and extend TriGen to other low-resource lan-
guages.
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A Performance on Dev-set and Language
Impact

Model Pass@1
TigerLLM-1B-it 0.15
Llama-3.2-3B-Instruct 0.25
Qwen2.5-Coder-3B-Instruct 0.51
Qwen3-4B-Instruct 0.58

Table 2: Pass@1 performance of different instruction-
tuned models on the dev-set.

Model Dataset English Bangla
Llama3 Dev-set 0.18 0.25
Qwen3 Test-set 0.50 0.51
Gemini 2.5 Pro Test-set 0.82 0.85

Table 3: Impact of language (English vs. Bangla) on
Pass@1 performance across models trained on trial set.

Table 2 shows Pass@1 performance of different
models on the dev-set. Table 3 shows impact of
language (English vs. Bangla) on Pass@1 perfor-
mance.

B Dataset
The dataset was provided in JSON format, where
each object contained a unique identifier, a Bangla
instruction, an optional reference solution, and a
list of test cases. Table 4 presents a sample entry,
while Table 5 summarizes the number of instances
in each set.

C Error Analysis - Examples
This appendix provides detailed examples for each
category of error discussed in Section 6.1.

C.1 Semantic Ambiguity
Example 1

• ID: 15 (dev-set)

• Instruction: “একিট àদত্ত টɊপল টɊপল এর সংখয্ার গড় মান

খুঁেজ েপেত একিট ফাংশন Ǭলখুন।”
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Field Example
id 231
instruction àদত্ত অয্াের েথেক সমান উপাদান েজাড়া

গণনা করার জনয্ একিট পাইথন ফাংশন

Ǭলখুন।

response def count_Pairs(arr,n):
cnt = 0;
for i in range(n):

for j in range(i + 1,n):
if (arr[i] == arr[j]):

cnt += 1;
return cnt;

test_list ['assert
count_Pairs([1,1,1,1],4) ==
6', 'assert
count_Pairs([1,5,1],3) == 1',
'assert
count_Pairs([3,2,1,7,8,9],6)
== 0']

Table 4: An example entry from the Bangla code gener-
ation dataset.

Dataset Number of Data
trial-set 74
dev-set 400
verified_dev 392
trial + verified_dev 466
test-set 500

Table 5: Distribution of datasets used in our experi-
ments.

• Analysis: The instruction is ambiguous. It
could refer to an overall average, row-wise av-
erages, or column-wise averages. Only the
test case clarified that column-wise averages
were required.

Example 2

• ID: 66 (test-set)

• Instruction: “একিট আয়তেক্ষেÛ বগর্েক্ষেÛর সংখয্া গণনা

করার জনয্ একিট পাইথন ফাংশন Ǭলখুন।”

• Model Response:
```python
def count_Squares(m,n):

return (m*n)
```

• Analysis: The problem is naturally inter-
preted as “how many 1×1 squares fit”. That
leads to m * n. But the test case clarified that
it’s about counting all possible squares (of all
sizes).

C.2 Misleading Instruction
• ID: 5 (test-set)

• Instruction: “একিট িƻংেক েছাটঅক্ষের িবভğকরারজনয্

একিট ফাংশন Ǭলখুন।”

• Analysis: The instruction suggests we should
just separate lowercase letters. However, the
test case split_lowerstring("AbCd") ==
['bC', 'd'] reveals that a more complex
logic is needed, where each new substring
starts with a lowercase letter.

C.3 Translation Quality
Example 1

• ID: 15 (test-set)

• Instruction: “একিট àদত্ত অয্ােরেত পুনরাবৃǬত্ত না হওয়া

উপাদানগ‍ুǬলর পণয্িট খুঁেজ েপেত একিট পাইথন ফাংশন Ǭলখুন।”

• Analysis: The data point contains incorrect
translation, where “product” was translated to
‘পণয্’. It has no contextual meaning.

Example 2

• ID: 67 (test-set)

• Instruction: “একিট পাইথন ফাংশন Ǭলখুন যােত সম এবং

অŠȕত অİগ‍ুǬলর েযাগফেলর মেধয্ পাথর্কয্ খুঁেজ পাওয়া যায়।”

• Analysis: The literal translation is incorrect
in the mathematical context, where ‘েজাড়’ and
‘েবেজাড়’ should have been used instead of ‘সম’
and ‘অŠȕত’.

C.4 Test Case Ignorance
• ID: 91 (test-set)

• Instruction: “àদত্ত অয্ােরেত k-তম উপাদান খুঁেজ েপেত

একিট ফাংশন Ǭলখুন।”

• Test Case:
assert kth_element
([12,3,5,7,19], 5, 2) == 3

• Analysis: Models often defaulted to the stan-
dard “k-th smallest” algorithm (which would
yield 5). They failed to adhere to the test case,
which specified a positional lookup (the ele-
ment at the second position of the unsorted
array is 3).
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C.5 Memorization Bias
• ID: 238 (test-set)

• Instruction: “n-1 এর হারেমািনক সমȋ গণনা করার জনয্

একিট ফাংশন Ǭলখুন।”

• Model Response: The model generated code
to calculate the harmonic sum of ‘n’.

• Analysis: The model defaulted to the most
common version of the harmonic sum prob-
lem, ignoring the specific ‘n-1’ constraint in
the prompt. It defaulted to the patterns seen
during pretraining.

C.6 Overfit Logic
• ID: 338 (test-set)

• Instruction: “একিট ফাংশন Ǭলখুন যা àদত্ত ৈদেঘর্য্র

Ëমগ‍ুǬল গণনা কের যার অ-েনিতবাচক উপসগর্ েযাগফল রেয়েছ যা

àদত্ত মান Ćারা উত্পŭ হেত পাের।”

• Test Case: ‘assert bin_coff(4) == 2’

• Model Response (Qwen3):
```python
def bin_coff(n):

if n <= 0: return 0
if n == 1: return 1
return 2

```

• Analysis: The smaller fine-tuned model gen-
erated a hardcoded solution that passes the
single public test case but contains no gener-
alizable algorithm.

C.7 Sub-optimal Algorithm Choice (Greedy
Approach)

• ID: 29 (test-set)

• Instruction: “একিট àদত্ত িƻং এর অক্ষরগ‍ুেলােক পুনরায়

সাজােনা যায় িকনা তা পরীক্ষা করারজনয্ একিটফাংশন Ǭলখুন যােত

এেক অপেরর সােথ সংলī দিুট অক্ষর িভŭ হয়।”

• Analysis: This problem requires careful han-
dling of character frequencies to avoid getting
‘stuck.’ The optimal solution often involves a
max-heap to prioritize placing the most fre-
quent characters first. Our fine-tuned mod-
els often defaulted to a simpler but incorrect
greedy approach that failed on more complex
hidden test cases (e.g., “aaabc”).

C.8 Example: Semantic Error
• ID: 116 (test-set)

• Instruction: “দিুট àদত্ত সংখয্ার সাধারণ িবভাজকগ‍ুǬলর

েযাগফল খুঁেজ েবর করার জনয্ একিট পাইথন ফাংশন Ǭলখুন।”
def sum(a, b):

# your code
return a

• Analysis: The model generated a function
named ‘sum’, which shadows the built-in
Python ‘sum()’ function. The subsequent call
to ‘sum()’ inside the function now refers to
the function itself, not the Python built-in,
causing an infinite recursion and a ‘Recursion-
Error’ during execution. This represents a
failure to consider the broader context of the
programming language’s standard library.

C.9 Incorrect Ground Truth
• ID: 451 (test-set)

• Test Case:
assert upper_ctr('PYthon')

== 1

• Analysis: The expected count of uppercase
letters is incorrect (should be 2).

C.10 Incorrect Test Syntax
• IDs: 303, 426 (test-set)

• Test Cases:
assert pos_nos([-1,-2,1,2])

== 1,2

assert neg_nos([-1,4,5,-6])
== -1,-6

• Analysis: The right-hand side of these asser-
tions is not a valid tuple. Python’s ‘assert’
syntax is ‘assert expression, [message]’. Con-
sequently, the test ‘assert pos_nos(...) == 1,2’
is interpreted as ‘assert (pos_nos(...) == 1),
2’, where ‘2’ is the optional error message.
This means the test would incorrectly pass if
the function returned ‘1’. The correct syntax
should have enclosed the expected output in
parentheses, e.g., ‘== (1, 2)’.
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C.11 Floating-Point Precision Issues
• ID: 129 (test-set)

• Test Case:
assert circle_circumference(10)

== 62.830000000000005

• Analysis: The test case expects a very spe-
cific floating-point number. A solution using
Python’s more accurate ‘math.pi‘ would fail
this test. This forces the model to reverse en-
gineer a less accurate hardcoded value for 𝜋
(e.g., 3.1415) to pass the test, penalizing stan-
dard and correct programming practices in fa-
vor of a specific floating-point representation.

C.12 Conflicting Function Signatures
• ID: 338 (test-set)

• Instruction’s Example Signature:
def bin_coff(n, r):

# your code
return n

• Test Case:
['assert bin_coff(4) == 2']

• Analysis: The instruction provides an exam-
ple function signature with two parameters
(‘n’, ‘r’), while the test case invokes the func-
tion with only a single argument (‘n=4’). This
creates a direct conflict that the model must
resolve. A model that incorrectly prioritizes
the instruction’s example would generate a
two-parameter function, leading to an imme-
diate ‘TypeError’ at runtime when the single-
argument test case is executed.

D Data Pre-processing and
Augmentation Details

This section describes the data pre-processing, aug-
mentation, and formatting pipelines used in our ex-
periments.

D.1 Initial Data Cleaning and Normalization
Before any training, we applied several cleaning
steps to the raw ‘trial’, ‘dev’, and ‘test’ datasets.

• Newline Normalization: We observed that
some entries contained Windows-style new-
line characters (\r\n). All newlines were
standardized to the Unix-style (\n) to prevent
the model from learning and reproducing in-
consistent line breaks.

• Code Fence Enforcement: To ensure the
model learned the precise output format,
we programmatically verified that every re-
sponse in our training data was correctly en-
closed in a ```python ... ``` code fence.
Any responses missing these fences were au-
tomatically wrapped.

D.2 “Silver-to-Gold” Data Augmentation
To augment our training data, we generated a high-
quality, verified version of the ‘dev’ set.

1. Silver Data Generation: We used the Gem-
ini 2.5 Pro API to generate solutions for all
problems in the ‘dev’ set, creating our initial
“silver” dataset.

2. Execution-Based Verification: We then exe-
cuted each generated solution against its cor-
responding unit tests.

3. Gold Data Filtering: Only the solutions that
passed the test case were retained, resulting
in a high-fidelity ‘gold’ or ‘verified_dev’ set.
This set was then merged with the original
‘trial’ set to form our final augmented training
corpus.

D.3 Translation
To investigate the impact of language, we trans-
lated all Bangla instructions into English. For
translations, we compared the output of the
Googletrans library with the Gemini 2.5 Pro API.
Upon manual inspection, we found the Gemini-
generated translations to have higher semantic fi-
delity and contextual accuracy. All final transla-
tion experiments were therefore conducted using
the Gemini-translated datasets.

D.4 Dynamic Prompt Construction for
Fine-Tuning

we constructed the prompts during the data load-
ing phase to serve as a form of data augmentation
and to provide richer context to the model. Our
prompt construction function performed the fol-
lowing steps for each training example:
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1. Function Signature Extraction: The public
‘test_list’ was parsed to programmatically ex-
tract the correct function name and signature.
This information was explicitly added to the
prompt to mitigate errors from conflicting or
ambiguous signatures in the original instruc-
tion.

2. Final Formatting: The dynamically con-
structed user prompt was then formatted us-
ing the specific chat template of the model be-
ing trained (e.g., Qwen3 or Llama 3) to en-
sure proper tokenization and handling of spe-
cial roles like ‘system’, ‘user’, and ‘assistant’.

Finally, during the training process itself, we em-
ployed a loss mask to ensure the model only
learned from the assistant’s response tokens, ignor-
ing the prompt tokens. This focuses the model’s
learning entirely on the target output.

E Experimental Setup
This section provides a detailed overview of the
models, hyperparameters, and infrastructure used
for our fine-tuning and inference experiments.

E.1 Fine-Tuning Infrastructure and Model
Configuration

All fine-tuning experiments were conducted on a
single T4 GPU with 16GB of VRAM, provided
via Google Colab. To facilitate training on this
hardware, we leveraged the unsloth library for
memory-efficient model loading and optimization.

The base model for our fine-tuning experiments
was Qwen/Qwen3-4B-Instruct. It was loaded in
8-bit precision with a maximum sequence length of
1024 tokens. We then applied Parameter-Efficient
Fine-Tuning (PEFT) using the LoRA (Low-Rank
Adaptation) methodology with the following con-
figuration, as shown in Table 6.

LoRA Parameter Value
Rank (r) 16
Alpha (lora_alpha) 32
Dropout (lora_dropout) 0.0
Bias none

Table 6: LoRA configuration used for fine-tuning exper-
iments.

E.2 Training Hyperparameters
We used the SFTTrainer from the TRL library for
supervised fine-tuning. To prevent overfitting and

select the best model checkpoint, we split our train-
ing data into a 90% training set and a 10% valida-
tion set. We enabled early stopping with a patience
of 3 epochs, monitoring the eval_loss on the vali-
dation set. All models were trained for a maximum
of 10 epochs. The key training hyperparameters
are detailed in Table 7.

Hyperparameter Value
Learning Rate 5 × 10−5

Batch Size (per device) 4
Effective Batch Size 8
Optimizer AdamW (8-bit)
LR Scheduler Cosine
Warmup Ratio 0.1
Weight Decay 0.01
Precision FP16

Table 7: Key hyperparameters used for the SFTTrainer.

E.3 Inference Strategy
E.3.1 Fine-Tuned Model Inference
For generating solutions from our fine-tuned mod-
els, we employed a batched generation strategy to
maximize throughput. The tokenizer’s padding
side was set to ‘left’ to ensure correct output in a
batch context. We used deterministic decoding by
setting ‘do_sample=False’. A batch size of 8 was
used, with a maximum generation length of 1024
tokens.

E.3.2 API-Based Model Inference
For our experiments with the Gemini 2.5 Pro API,
we developed a separate inference script. This
script processed prompts sequentially but included
a retry mechanism with exponential backoff to han-
dle API rate limits and errors. To ensure persis-
tence and prevent data loss, results were saved to a
JSONL file after each successful API call, making
the process fully resumable. The generation was
performed with a low temperature of 0.1 to favor
deterministic and correct code.

E.4 Evaluation
The official evaluation metric for this shared task
is the pass rate, also referred to as Pass@1. This
metric is defined as the percentage of problems for
which a system’s generated code passes all hidden
unit tests when executed in a sandboxed environ-
ment. A higher pass rate corresponds to a higher
rank on the competition leaderboard. All scores
reported in this paper uses Pass@1.
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F Prompts Used for Generation and
Refinement

This section details the system and user prompts
employed for our experiments.

F.1 System Prompt for Initial Code
Generation

Figure 2 shows the system prompt that was used
for the “Think” (initial generation) stage. It is de-
signed to enforce strict output formatting and guide
the model’s logic.

F.2 User Prompt Template for Initial
Generation

The user prompt was dynamically constructed for
each problem, providing the instruction and the
public test case as structured input (Figure 3).

F.3 System Prompt for Self-Refinement
For the “Refine” (self-correction) stage, a different
system prompt was used to frame the task as a de-
bugging and code review exercise (Figure 4).

F.4 User Prompt Template for
Self-Refinement

The user prompt for the refinement loop was dy-
namically constructed to include the execution
feedback (Figure 5).
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You are an expert, competition-focused Python programmer.
Your task is to generate lean, correct, and executable Python code to solve the given problem.

**Core Requirements:**
- Your entire response MUST be a single, fenced code block starting with ```python and ending with

```.
- Only generate the function or class requested. Do not include example usage or print statements.
- The code must be self-contained and runnable.
- The function must use the exact name and signature from the provided instruction or test cases.
- If helper classes are required by the test cases, you must define them.

**Code Style Requirements:**
- **No Explanations:** Do not add comments that explain your reasoning, translate the instruction, or

describe basic Python functionality.
- **Minimal Docstrings:** If you include a docstring, it MUST be a single line explaining the

function's high-level purpose. Do not use multi-line docstrings or describe arguments (Args/
Returns).

- **Example of desired style:**
```python
def add_numbers(a, b):

\"\"\"Returns the sum of two numbers.\"\"\"
return a + b

```

**Logic Requirements:**
- If the instruction is ambiguous, the provided test cases are the source of truth.
- Prioritize correctness and efficiency. Do not generate pseudo-code.

Figure 2: System Prompt

{instruction}

You must implement the solution strictly following the function signature in the instruction. If any
helper classes or methods are needed to run the following test cases, you must define them as
well.

Test cases:
{test_list}

Figure 3: User prompt
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You are an expert Python code reviewer and debugger.
Your task is to fix a flawed Python function that failed to solve a programming problem.

You will be presented with:
1. The original problem description.
2. Your previous, incorrect code submission.
3. The specific error message or failed test case that caused the failure.

**--- Your Goal: Analyze and Correct ---**
- **Analyze the Error:** Carefully examine the failed test case or error message. This is the most

important clue to understanding the mistake.
- **Identify the Flaw:** Compare the failed test case with your incorrect code to pinpoint the

logical flaw.
- **Implement the Fix:** Write a new, corrected version of the Python code that directly addresses

the identified flaw and will pass the test case.
- **Generalize:** Ensure the corrected solution is robust and handles other potential edge cases, not

just the single failed test.

**--- Output Requirements ---**
- Your entire response MUST be a single fenced code block beginning with ```python and ending with

```.
- Do not include any text, explanations, or apologies before or after the code block.
- Provide only the corrected, complete, and self-contained Python code.

**Example of the ONLY acceptable output format:**
```python
def add_numbers(a, b):

\"\"\"Returns the sum of two numbers.\"\"\"
return a + b

```

Figure 4: Self-refinement System prompt

**Problem:**
{instruction}

**Your Incorrect Code:**
{failed_code}

**Reason for Failure:**
{error_info}

Based on the error, provide a corrected and complete Python code
that solves the problem and passes the failed test case.

Figure 5: Self-refinement user prompt
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Abstract

Bangla is a low-resource language for code
generation, lacking large-scale annotated
datasets and tools to transform natural
language specifications into executable pro-
grams. This makes Bangla-to-code generation
a challenging task requiring innovative
solutions. To address this, we introduce
BanglaForge, a novel framework for gener-
ating code from Bangla function descriptions.
BanglaForge leverages a retrieval-augmented
dual-model collaboration paradigm with self-
refinement, combining in-context learning,
llm-based translation, systematic prompt
engineering, and iterative self-refinement
based on execution feedback, where a coder
generates initial solutions and a reviewer
enhances them for robustness. On the BLP-
2025 Bangla Code Generation benchmark,
BanglaForge achieves a competitive Pass@1
accuracy of 84.00%, demonstrating the
effectiveness of retrieval, model collaboration,
and self-refinement for low-resource Bangla
code generation.

1 Introduction

Large language models (LLMs) have shown
strong capabilities in code generation, where nat-
ural language descriptions are automatically trans-
formed into executable programs. Models such as
Codex, CodeT5, and StarCoder, trained on large-
scale codetext corpora, can produce syntactically
valid and semantically correct solutions, perform-
ing well on benchmarks like HumanEval (Chen
et al., 2021). These advances reduce the gap be-
tween human intent and code, making program-
ming more accessible. However, most existing
systems are designed for English inputs, leav-
ing low-resource languages underserved. Models
often struggle with informal structures, domain-
specific terms, and semantic nuances, resulting in
incorrect or brittle outputs.

We introduce BanglaForge, a framework for gen-
erating executable code from Bangla task descrip-
tions. Each input is represented as a triple:
the Bangla description, its English translation,
and unit test assertions. This structure lever-
ages the models stronger English understanding
while retaining Bangla context. BanglaForge com-
bines retrieval-augmented prompting, iterative
self-refinement with execution feedback, and a
dual-model coderreviewer pipeline. Our system
achieves a Pass@1 accuracy of 84% on BLP-
2025 Bangla Code Generation Benchmark (Rai-
han et al., 2025c), demonstrating the potential of
practical low-resource code generation.
Our contributions can be summarized as follows:
• A retrieval-augmented few-shot prompting ap-

proach using TF-IDF to select relevant Bangla–
Python pairs, improving in-context learning de-
spite limited labeled data.

• A LLM-based translation component that trans-
lates Bangla instructions into English with the
help of a glossary to enable accurate cross-
lingual code generation.

• An iterative self-refinement protocol that lever-
ages execution feedback to detect and correct er-
rors across refinement cycles.

• A dual-model architecture where a generator
model focuses on functional correctness and a
reviewer model enhances robustness, style, and
coverage of edge cases.

We release our implementation of BanglaForge at
https://github.com/mahirlabibdihan/
BanglaForge to facilitate reproducibility and
further research.

2 Related Works

Research in Bangla NLP has evolved from early
word embeddings to specialized LLMs. Initial
efforts such as BnVec introduced embeddings
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Figure 1: Workflow of the proposed BanglaForge framework. A Bangla instruction (Pb) is translated into English
(Pe) and, together with unit tests, used to retrieve top-k bilingual examples. The Coder LLM then generates
Python code and additional test cases. The Reviewer LLM validates, refines, and re-prompts upon errors until all
tests (original and generated) are passed, yielding the final code.

like fastText, Word2Vec, and GloVe trained on
diverse corpora, with customized fastText out-
performing multilingual baselines in classifica-
tion tasks (Kowsher et al., 2021, 2022; Mo-
jumder et al., 2020). Recent advances include
Bangla LLMs and benchmarks such as Tiger-
Coder (Raihan et al., 2025b) and BanglaByT5
(Bhattacharyya and Bhattacharya, 2025), which
advanced code generation and tokenization strate-
gies. However, existing work largely focuses on
pretraining and benchmarking without complete
generation pipelines. Our work addresses these
gaps by introducing retrieval-augmented prompt-
ing, iterative self-refinement, and a dual generator-
reviewer design. A detailed discussion is provided
in Appendix A.

3 Dataset

We build on the resources introduced for Bangla
code generation across recent shared tasks and
benchmarks. Our dataset comes from the Bangla
Code Generation shared task (Task 2) at BLP-
2025 (Raihan et al., 2025c), where the objective is
to translate Bangla natural language programming
prompts into Python functions that satisfy hidden
unit tests. The dataset is distributed through an
official starter kit1, which also provides baseline
code and evaluation scripts.

Each entry is a JSON object containing four
fields: an id, a Bangla instruction describing the
task, a response field with the reference Python

1https://noshinulfat.github.io/blp25_code_
generation_task/#/get-started

Figure 2: Example data point

implementation (training only), and a test_list
field of assert-based unit tests.

Split Purpose Size
Trial Initial experiments 74
Development Validation 400
Test Final evaluation 500

Table 1: Dataset Split Statistics for Bangla Code Gen-
eration

For development and testing, we adopt two ex-
ternal Bangla code generation benchmarks. The
mHumanEval-Bangla dataset (Raihan et al.,
2025a), a Bangla extension of HumanEval, is used
during the development phase, enabling program-
matically testable evaluation on held-out prompts.
The MBPP-Bangla dataset (Raihan et al., 2025b),
adapted from MBPP as part of the TigerCoder
framework, is used during both development and
test phases, providing diverse programming prob-
lems in Bangla with associated unit tests.

4 Methodology

We propose BanglaForge, a retrieval-augmented
dual-LLM framework for generating Python
code from Bangla natural language specifications.
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The system tackles low-resource code genera-
tion through structured prompt design, bilingual
translation, example retrieval, and a two-stage
generation-review process involving a Coder LLM
and a Reviewer LLM. Together, these components
ensure both functional correctness and stylistic re-
liability, even in underrepresented languages like
Bangla. An overview of the complete workflow is
shown in Figure 1 and in Algorithm 1 (Appendix).
Each stage is described in detail below.

4.1 Problem Formulation and Input
Representation

Each task in the dataset consists of a Bangla in-
struction Pb and its corresponding public unit tests
T = {t1, . . . , tn}. To enable code synthesis,
the instruction is translated into English using a
translation model equipped with a controlled glos-
sary for mathematical and algorithmic terms (e.g.,
GCD, LCM, sum). The glossary is curated by
the authors which was motivated from the pro-
vided dataset and commonly seen technical terms
in code related works. The translated instruction
Pe retains the semantic fidelity of the Bangla in-
struction while ensuring syntactic clarity for code
generation. The systems objective is to synthesize
a Python function f such that all ti ∈ T are sat-
isfied given the constraints in Pb. Function proto-
types are normalized to valid Python syntax, align-
ing argument and return types with unit test defini-
tions.

4.2 Retrieval-Augmented Example Selection.

To enhance contextual understanding, both Bangla
and English task descriptions are used to retrieve
semantically similar solved examples from a bilin-
gual database D = {(pbi , pei , ci, Ti)}Ni=1. Each
entry contains the Bangla and English prompts,
the reference code (ci), and associated test cases
(Ti). Both Pb and Pe are embedded using TF-IDF
unigram bigram representations. We chose TF-
IDF due to its high computational efficiency and
strong performance on smaller datasets, as dense
retrievers typically require a large training corpus
to be effective (Arabzadeh et al., 2021). For our
task, TF-IDF’s strength in matching exact, high-
signal technical keywords (e.g., GCD,” factorial”)
is paramount. This lexical precision provides a
fast and more reliable baseline for retrieving anal-
ogous code problems than a dense model’s gener-
alized semantic understanding (Karpukhin et al.,
2020). The top-k examples (typically k = 5)

are selected and inserted into the prompt as few-
shot exemplars. For experiments on the Devel-
opment set, the database D consists of the Trial
set. For experiments on the Test set, we use the
combined Trial+Development sets as the database.
This bilingual, retrieval-augmented setup enables
contextual grounding and helps the model capture
problem-solving patterns from similar tasks. The
retrieved example format is provided in Appendix
C.

4.3 Stage 1: Code Generation by Coder
LLM.

The Coder LLM receives a composite input con-
sisting of the Bangla instruction Pb, English
translation Pe, the retrieved top-k example pairs
(pbi , p

e
i , ci, Ti), and the provided unit tests T .

Based on this augmented prompt, the Coder LLM
generates a Python code candidate c0 intended to
satisfy T , and additional synthetic test cases Tc de-
signed to cover potential edge or missing cases.
This stage focuses on functional code generation
guided by contextual analogies from retrieved ex-
amples. The output (c0, Tc) is then passed to
the Reviewer LLM for refinement. The detailed
prompt for Coder LLM is provided in Appendix
C.

4.4 Stage 2: Code Review and Refinement by
Reviewer LLM.

The Reviewer LLM acts as a validator and refiner.
It takes as input the code and test cases generated
by the Coder LLM along with the original task de-
scription and unit tests. Its responsibilities include
running static and logical checks on c0, correcting
syntax or runtime issues, improving variable nam-
ing, structure, and input validation, generating an
additional set of refined unit tests Tr to ensure cov-
ering edge cases. If any error or inconsistency is
detected, the Reviewer LLM suggests an explicit
fix and the process is repeated up to a maximum
of M iterations (M = 5). The detailed prompt for
Reviwer LLM is provided in Appendix C.

4.5 Iterative Self-Refinement Protocol.

The refinement loop is formally defined as: ci+1 =
R(ci, ei,P), whereR denotes the Reviewer LLM,
ei is the detected error, and P represents the aug-
mented prompt containing feedback. The cycle
continues until all test casesoriginal (T ), coder-
generated (Tc), and reviewer-generated (Tr)are
successfully passed, or until the retry limit M is
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Model Few Shot # Examples Translation # Unit Tests Pass@1
Dev Set

Gemma-1B N/A 0 No 0 27.25%
GPT-OSS-20B Manual 3 No 0 60.25%
GPT-OSS-20B Manual 5 No 0 61.25%
DeepSeek-R1-Llama-70B Manual 5 Yes 0 57.75%
Gemini-2.0-Flash Manual 3 Yes 0 60.00%
Gemini-2.0-Flash Manual 5 Yes 0 62.50%
Lg Exaone Deep 32B Manual 5 Yes 1 85.25%
Lg Exaone Deep 32B Manual 5 Yes 3 94.25%
Lg Exaone Deep 32B RAG (Trial) 5 Yes 3 95.50%

Test Set
Lg Exaone Deep 32B RAG (Trial+Dev) 5 Yes 1 80.60%
Gemini-2.5-Pro RAG (Trial+Dev) 5 Yes 1 84.00%

Table 2: Pass@1 accuracy of models on the BLP-2025 Development and Test sets.

reached. This multi-level testing ensures that the
final solution generalizes beyond the given test
cases. The errors and suggested fixes are provided
in Appendix C.

5 Experiment

5.1 Evaluation Metrics

We evaluate performance using the Pass@1 ac-
curacy metric, which measures the proportion of
problems solved correctly in the first iteration.
This metric provides a clear and direct assessment
of the systems accuracy in solving problems with-
out requiring further refinements.

5.2 Models

We evaluate several large language models
(LLMs) for Bangla code generation. The models
tested on the Development set include Gemma-
1B (Gemma, 2024), GPT-OSS-20B (Initiative,
2024), DeepSeek-R1-Llama-70B (AI, 2025),
Gemini-2.0-Flash (DeepMind, 2024), and Lg
Exaone Deep 32B (Research, 2024), with dif-
ferent prompting strategies and unit-test settings.
For the final evaluation on the Test set, we se-
lect Lg Exaone Deep 32B (Research, 2024) and
Gemini-2.5-Pro (DeepMind, 2025) under their
best-performing configurations within a retrieval-
augmented dual-stage pipeline.

5.3 Results

We evaluate our system on the BLP-2025 Bangla
code generation benchmark. Our experiments are
conducted in two stages: first on the Develop-
ment set to explore different models and prompt-
ing strategies, and then on the Test set to report fi-
nal results. Table 2 presents the Pass@1 accuracy

for various models and configurations across both
sets.

The development set results reveals that small-
scale models such as Gemma-1B achieve only
27.25% Pass@1, underscoring the challenge
of Bangla-to-code translation without contextual
guidance. Larger open-source models like GPT-
OSS-20B shows improvements (60.25-61.25%)
under few-shot prompting, though performance
gains taper off with additional in-context exam-
ples. Introducing translation-based prompting fur-
ther improves comprehension of Bangla instruc-
tions, as seen with DeepSeek-R1-Llama-70B
(57.75%) and Gemini-2.0-Flash (60-62.5%).

A major performance leap is observed with the
Lg Exaone Deep 32B model, which combines
translation and lightweight unit-test feedback. Ac-
curacy rises from 85.25% with one visible test to
94.25% with three tests, highlighting the benefit
of guided reasoning through intermediate valida-
tion. When enhanced with our RAG pipeline on
the trial set, the model achieves 95.5% Pass@1
on the development benchmarkdemonstrating con-
sistent improvements through contextual retrieval
and refinement.

On the held-out test set, the RAG-augmented
Lg Exaone Deep 32B achieves 80.6% Pass@1,
while the more recent Gemini-2.5-Pro model fur-
ther pushes performance to 84.0%. These re-
sults confirm that retrieval augmentation com-
bined with multilingual comprehension yields ro-
bust generalization across unseen Bangla program-
ming tasks.

6 Conclusion

In this paper, we presented a retrieval-augmented
dual-model framework for generating Python code
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from Bangla instructions. Combining struc-
tured prompting, iterative self-refinement, and a
generator-reviewer design, our system achieved
Pass@1 accuracy of 84% on the BLP-2025 bench-
mark. The approach consistently outperforms
baselines, showing the effectiveness of retrieval
augmentation and feedback-driven refinement for
low-resource code generation. Future work will
expand the framework to other languages and in-
corporate reinforcement-based refinement. Ad-
ditionally, improvements in RAG corpus and
Bangla-to-English translation quality are expected
to further enhance the overall performance of the
pipeline.

7 Limitations

While BanglaForge demonstrates strong perfor-
mance on the BLP-2025 Bangla code generation
benchmark, several limitations remain. First, the
system relies heavily on high-quality bilingual
translation; inaccuracies in Bangla-to-English
mapping or glossary coverage can propagate er-
rors to the generation stage. Second, the re-
trieval component depends on TF-IDF, which cap-
tures lexical overlap but may miss deeper se-
mantic similarities, especially in complex algo-
rithmic prompts. Third, the framework assumes
well-structured Bangla input; informal phrasing
or dialectal variations could reduce translation fi-
delity and retrieval relevance. Additionally, self-
refinement cycles are limited to a fixed num-
ber of iterations and do not incorporate adap-
tive stopping or learning from prior refinements.
Finally, since the dataset itself originates from
machine-translated English sources, true Bangla-
native problem framing and linguistic diversity re-
main under-represented. Future work should ex-
plore human-curated datasets, semantic retrieval
models, and reinforcement-based refinement to ad-
dress these limitations.
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A Related Works

The trajectory of research in Bangla NLP
has shifted from foundational embeddings and
lightweight classification models to full-fledged
Bangla LLMs and, more recently, toward modu-
lar architectures that integrate retrieval and feed-
back. In the early days, emphasis was placed on
crafting vector representations tailored to Banglas
morphological richness and vocabulary distribu-
tion. The BnVec project, for instance, introduced
Bangla-specific fastText, Word2Vec, and GloVe
embeddings that placed importance on vocabu-
lary coverage and representation quality (Kowsher
et al., 2021). Later work showed that embed-
dings trained on Bangla corpora outperform mul-
tilingual embedding baselines in text classifica-
tion and related tasks (Kowsher et al., 2022; Mo-
jumder et al., 2020). Meanwhile, the Vacaspati
corpus and derived models such as Vac-FT and
Vac-BERT demonstrated that diversifying corpus
domains and scaling data can boost embedding
and language model utility beyond standard fast-
Text baselines (Bhattacharyya et al., 2023).

As the field progressed, researchers began de-
veloping Bangla-centric pretrained language mod-
els for both understanding and generation. A no-
table early example is BanglaBERT, introduced by
Bhattacharjee et al., which is a BERT (ELECTRA-
discriminator)style model pretrained on a 27.5 GB
Bangla corpus (Bangla2B+) and evaluated on a
suite of Bangla NLU benchmarks that include
classification, NLI, NER, and QA tasks under
the BLUB benchmark (Bhattacharjee et al., 2022).
BanglaBERT outperforms multilingual baselines
on those tasks, showing that language-specific pre-
training brings tangible gains in low-resource set-
tings. Building on that, more recent works such
as enhanced sentiment analysis pipelines fine-tune
and hybridize BanglaBERT with lexicon/rule com-
ponents (Mahmud and Mahmud, 2024), or apply it
for domain tasks like hyperpartisan news detection
with semi-supervised learning and explainability
(Hasan et al., 2025). Alongside, general-purpose
monolingual models for Bangla (e.g. Bangla-Bert-
Base by Sagor Sarker et al.) have also been
proposed and used across classification and NER
tasks (Sarker, 2020).

Complementing these, newer model lines push

647

https://doi.org/10.3390/app12062848
https://doi.org/10.3390/app12062848
https://doi.org/10.14419/ijet.v10i2.31538
https://doi.org/10.14419/ijet.v10i2.31538
https://doi.org/10.18653/v1/2025.naacl-long.570
https://doi.org/10.18653/v1/2025.naacl-long.570
https://doi.org/10.18653/v1/2025.naacl-long.570
https://www.lgresearch.ai/model/exaone-deep-32b
https://www.lgresearch.ai/model/exaone-deep-32b
https://github.com/sagorbrur/bangla-bert
https://github.com/sagorbrur/bangla-bert


toward generative and evaluation capacities in
Bangla. TigerLLM, is a suite of Bangla LLMs
trained on large Bangla corpora and shows gains
over prior open and proprietary models across
Bangla benchmarks (Raihan and Zampieri, 2025).
In the programming domain, TigerCoder intro-
duces dedicated Bangla code LLMs (1B and 9B)
and the MBPP-Bangla benchmark, reporting 11 to
18 % Pass@1 improvement over multilingual base-
lines (?). In evaluation, BenLLMEval provides a
wide evaluation of off-the-shelf LLMs (GPT-3.5,
LLaMA-2, Claude, etc.) on Bangla tasks (sum-
marization, QA, paraphrase, classification), reveal-
ing substantial performance gaps in zero-shot set-
tings (Kabir et al., 2023). The BEnQA benchmark
offers parallel BengaliEnglish QA and reasoning
tasks derived from exam questions; it shows that
chain-of-thought prompting helps reasoning tasks
and that including English context can improve
performance in Bengali (Shafayat et al., 2024).

Despite advances in modeling, most existing
works treat the language model as a single-step
generator without built-in mechanisms for ground-
ing, correction, or iteration. In broader NLP and
code domains, however, robust generation systems
increasingly incorporate retrieval-augmented ar-
chitectures (e.g. RAG), cross-lingual retrieval for
low-resource grounding, retrievalaugmented data
augmentation (RADA), multi-stage or hierarchical
retrieval (e.g. for code), and iterative refinement
via coderreviewer loops or test-driven feedback.
These techniques have been shown to reduce hal-
lucination, improve factual grounding, and correct
logical or syntactic errors in generated outputs.

These retrieval, review, and iteration techniques
remain underexplored in Bangla and especially
in Banglacode generation. In this work, we ex-
plicitly address that gap by combining Bangla-
focused models (e.g. TigerLLM, TigerCoder)
with retrieval-based prompt augmentation, a sepa-
rate reviewer module, and iterative self-refinement.
This hybrid design aims to boost reliability and
real-world usability in Bangla code generation sys-
tems.

B Experimental Setup

All models were configured with the following de-
fault generation parameters: temperature = 0.7,
top_p = 0.9, and max_new_tokens = 1024. Each
query generated n = 1 output sample per decoding
pass.

C Model Prompts

This section details the prompts used in our
Bangla2Py framework. The prompts are designed
to guide the Large Language Models (LLMs)
through the code generation, refinement, and re-
view stages. Placeholders like {instruction} are
dynamically populated by the pipeline.

C.1 Coder Model Prompts

The Coder LLM is the first stage of our system
and is responsible for writing the initial Python so-
lution. It receives both the Bangla task description
and its English translation, along with a set of re-
trieved examples and the provided unit tests. The
coder’s system prompt clearly defines its role as a
Python code generator and instructs it to produce
only executable code no explanations or com-
ments (Figure 3). The main task prompt includes
several few-shot examples followed by the current
problem. Each example shows the task instruction
(in both languages), the correct solution, and unit
tests (Figure 4). If the generated code fails any
test, the coder receives a short feedback message
describing the error type (e.g., syntax error, time-
out, or assertion failure) along with a fix hint (Fig-
ure 5). It then regenerates an improved version in
the next iteration. This feedback-guided prompt-
ing helps the coder LLM progressively refine its
output and produce cleaner, test-ready code with a
built-in main() function for validation.

C.2 Reviewer Model Prompts

The Reviewer LLM acts as the second stage and
takes the code produced by the coder, along with
the original BanglaEnglish instructions and all test
cases (both given and generated). Its prompt de-
fines the role of a code reviewer focusing on im-
proving correctness, readability, and coverage of
edge cases without changing the function signa-
ture. The reviewer checks for logical mistakes, in-
efficient loops, missing validations, or weak test
coverage. It then returns a refined version of the
code, adds extra corner-case tests, and ensures the
final version passes both visible and hidden cases.
If errors are still detected, the reviewer can repeat
this process with updated feedback until all tests
are passed or a retry limit is reached.

C.3 Few-Shot Example Template

To help both LLMs generalize better, we use
retrieval-augmented few-shot examples in the

648



System Prompt for Coder Model

You are a Python programming assistant.
The user will provide a function stub where the original docstring is written in Bangla
with a translated version and a unit test case.
Your task is to read the Bangla + English (Translated) docstring and the unit test case,
understand the requirement, function parameters, return type, and complete the function
implementation in Python.
Your response must be in English, not Bangla, and must only contain valid Python code.
Do not add explanations, comments, or extra text. Just return the code solution.
Your main task is to carefully read the Bangla + English (Translated) docstring and the
unit test case and infer:
1. The expected number of parameter and their types
2. The expected return type
3. The correct implementation logic
Important guidelines:
1. The function signature is already provided in the instruction. Implement the function
as specified.
2. Include a main function (using def main():) in your code that contains
necessary unit tests or example calls to validate your function.
3. Do not call main() anywhere in your code. This will be executed externally.
4. Try to keep the code as simple as possible.
5. Your response should contain only one python block enclosed in a code block like:
“‘python
# your code here
“‘

Figure 3: System prompt for the coder model.

prompts. The system retrieves the top-k most sim-
ilar problems from the bilingual database using
both Bangla and English task texts. Each example
includes:

• The Bangla and English instructions,

• The reference Python solution, and

• The corresponding unit tests.

These examples are formatted in a consistent tem-
plate and placed before the current task in the
prompt (see Figure 8). This structure lets the mod-
els recognize patterns in how Bangla instructions
map to Python logic, guiding them to produce cor-
rect and well-structured code even for unseen prob-
lems.

D Error Refinement

The iterative feedback follows an augmentation
protocol as outlined in Table 3.

E Ablation Study

To analyze the contribution of each component in
BanglaForge , we perform ablation experiments
using the Lg Exaone Deep 32B model on the BLP-
2025 development set. The best full configura-
tion achieves a Pass@1 accuracy of 95.5%, and

Error Type Feedback Hint / Guidance
Syntax Error Check indentation, missing colons, or

parentheses; ensure valid Python syn-
tax.

Runtime Error Ensure variables are initialized and ref-
erenced correctly; verify data types and
control flow.

Assertion Failure Compare expected vs. actual outputs;
review logical steps and boundary con-
ditions.

Timeout Error Optimize loops or recursion; include
clear termination conditions.

System Exit Avoid abrupt exits; allow the program
to complete execution normally.

Table 3: Error categories and corresponding feedback
hints used in prompt augmentation.

all reported variations are measured relative to this
setting. Each ablation disables or modifies a sin-
gle module while keeping the rest of the pipeline
fixed.

E.1 Effect of English Translation

We first evaluate the role of bilingual translation.
When the system relies solely on Bangla instruc-
tions without their English counterparts, compre-
hension drops significantly. The LLM often fails
to parse algorithmic phrases and control keywords
written in Bangla. As shown in Table 4, removing
the translation stage reduces Pass@1 accuracy by
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Main Prompt Template for Coder

{examples}
» Your Task
> Instruction
“‘python
def {function_call}:
"""{instruction}"""
"""Translated: {instruction_en}"""
"""{docstring}"""
“‘
Now complete the python code for the function ’{function_name}’ and add a
’main’ function with unit tests. You should use the ’check’ function for unit tests,
which is helpful for debugging. For example:
“‘python
def {function_call}:
# Your code

def check(test_id, test_val, expected):
assert test_val == expected, f"Test {test_id}: Expected {expected}, got
{test_val}"

def main():
{check_example}
# Add more unit tests
“‘

Figure 4: Main prompt template for the coder, which includes few-shot examples and the current task.

Failed Attempt Feedback Template

» Last failed code
> Response:
{last_response}
> Error:
{last_error}
> Suggested Fix:
{fix_instructions}

Figure 5: Template for providing feedback to the coder model after a failed execution attempt. This is appended to
the main prompt during the self-refinement loop.

nearly 22 percent, confirming that current models
still struggle to reason directly over Bangla-only
text.

Setting Pass@1 (%)

Full Model (Bangla + English) 95.5
Bangla Only 73.6

Table 4: Effect of English translation on Pass@1 accu-
racy (Lg Exaone Deep 32B, Dev Set).

E.2 Effect of Glossary-based Translation
We also analyze the impact of the controlled trans-
lation glossary used for mathematical and algorith-
mic terms. Without this glossary, the translation
model often produces inconsistent or incorrect ter-
minology, confusing the Coder during reasoning.

As shown in Table 5, removing the glossary results
in a notable performance drop of over 7 points,
confirming that LLMs struggle to translate some
Bangla words properly, leading to incorrect func-
tion generation.

Setting Pass@1 (%)

With Glossary (Full Model) 95.5
Without Glossary 88.2

Table 5: Effect of using the controlled translation glos-
sary.

E.3 Effect of Feedback Loop
Next, we disable the iterative self-refinement
mechanism. Without execution feedback or re-
prompting, the model cannot correct runtime or
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System Prompt for Reviewer Model

You are a Python code reviewer and programming assistant.
The user will provide a function stub or implementation where the original docstring
is written in Bangla with a translated English version, along with unit test cases.
Your task is to:
1. Do not alter the given function signature.
2. Review the implementation for correctness, clarity, efficiency, and robustness.
3. Refactor or improve the implementation if needed, but the function signature must
remain identical.
4. Ensure the function works correctly not only for the provided tests but also for
hidden test cases and corner cases (e.g., empty inputs, boundary values,
invalid values, very large inputs).
5. Add a main function with unit tests that use the provided check function.
6. Include the given test cases and add additional edge/corner case tests that a
hidden evaluator might check.
7. Do not add explanations, comments, or extra text. Just return the code solution.

Important guidelines:
1. The function signature is already provided. Implement or refactor the function
as specified.
2. Include a main function (using def main():) that contains both the given
unit tests and extra corner/hidden-case tests you find necessary.
3. Do not call main() anywhere in your code. It will be executed externally.
4. Keep the code clean, correct, and as simple as possible while ensuring it passes
all tests, including edge and hidden cases.
5. Your response must be only one valid Python code block enclosed in triple backticks:
“‘python
# your code here
“‘

Figure 6: System prompt for the reviewer model.

Main Prompt Template for Reviewer

» Your Task
The following function is already implemented:
"""{instruction}"""
"""Translated: {instruction_en}"""
“‘python
{existing_code}
“‘

Figure 7: Main prompt template for the reviewer model.

logic errors, leading to a steep performance drop.
Table 6 shows that accuracy declines by more than
25 percent, emphasizing that feedback-driven cor-
rection is vital for reliable synthesis.

Setting Pass@1 (%)

Full Model 95.5
Without Feedback Loop 69.8

Table 6: Impact of feedback-driven refinement.

E.4 Effect of Reviewer LLM

To measure the Reviewers contribution, we bypass
the second-stage review and directly execute the

Coder output. Although the generated code re-
mains mostly functional, it lacks stylistic polish
and robustness on edge cases. Table 7 shows a
moderate decline of about 5 percent, verifying that
the Reviewer mainly improves coverage and relia-
bility.

Setting Pass@1 (%)

Full Model 95.5
Without Reviewer 90.4

Table 7: Effect of disabling the Reviewer LLM.
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Few-shot Example Template

» Example {idx}:
> Instruction
“‘python
def {function_call}:
"""{instruction}"""
"""Translated: {instruction_en}"""
"""{docstring}"""
“‘
> Solution
“‘python
{solution}

def check(test_id, test_val, expected):
assert test_val == expected, f"Test {test_id}: Expected {expected}, got
{test_val}"

def main():
{test_main}
“‘

Figure 8: Template for formatting each of the k-nearest examples for retrieval-augmented generation.

System Prompt for Translator Model

Translate the following Bangla Python Code Instruction to English and only return the
English translation. Do not change the example function and parameter names and only
update the function parameter types and return variable types of Example function
prototype to actual python syntax based on the provided unit test. Do not give the full
code implementation. Just give the updated prototype.

Use the following glossary for translation: {glossary}

Unit Test: {test}

Figure 9: System prompt for the translator model.

E.5 Number of Feedback Iterations

We vary the maximum feedback iterations (M ) to
observe convergence behavior. As shown in Ta-
ble 8, fewer iterations significantly reduce success
rate since many tasks require multiple refinement
cycles. Beyond five iterations, improvements satu-
rate.

Max Iterations (M ) Pass@1 (%)

1 84.1
3 92.4
5 95.5
7 95.5

Table 8: Effect of limiting feedback iterations (M ).

E.6 Effect of Retrieval Augmentation (RAG)

We compare our retrieval-augmented setup against
a manually few-shot configuration. In the manual
setup, the examples are fixed and not selected dy-

namically based on similarity, while the RAG vari-
ant retrieves the top-k relevant bilingual examples
for each new task. As Table 9 shows, retrieval aug-
mentation provides a small but consistent improve-
ment of about 1.3 points, indicating that example
relevance matters more than sheer quantity.

Setting Pass@1 (%)

With RAG (Full Model) 95.5
Manual Few-shot (Fixed Examples) 94.2

Table 9: Comparison between manual few-shot and
RAG-based prompting.

E.7 Number of Retrieved Examples (k)

Finally, we study the impact of the retrieval con-
text size. As Table 10 shows, removing examples
(k = 0) severely hampers the models grounding
ability, dropping performance below 70%. Accu-
racy improves steadily up to k = 5, after which
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Figure 10: Glossary for the translation prompt

marginal gains diminish due to context saturation.

Number of Examples (k) Pass@1 (%)

0 (No Examples) 69.3
3 88.9
5 (Full) 95.5
7 94.7

Table 10: Effect of retrieved example count (k).

E.8 Comprehensive Summary
Table 11 consolidates all variants. The results con-
firm that English translation and the feedback loop
contribute the largest performance boosts, while
the glossary, reviewer, and RAG components fur-
ther improve consistency, code quality, and gener-
alization.

F Algorithm

Algorithm 1 shows the pseudocode of our
pipeline.

G Failure Cases and Dataset Limitations

The dataset for Bangla-to-Python code genera-
tion was created by translating existing English

datasets MBPP (Mostly Basic Python Problems)
and HumanEval into Bangla using machine trans-
lation. While this approach enables rapid dataset
construction, it introduces several limitations that
affect both dataset quality and model performance.

G.1 Semantic and Syntactic Translation
Errors

Machine translation occasionally produces Bangla
sentences that are grammatically incorrect or se-
mantically ambiguous. Such translations may hin-
der a models ability to correctly interpret the input
and generate the intended Python code. For exam-
ple:

• The English adjective “even” was translated
as এমনকি instead of the more contextually

accurate জোড় in cases where even refers
to parity in numbers. This leads to semantic
confusion and misinterpretation of the ques-
tion context.

G.2 Incorrect or Misleading Terminology for
Programming Concepts

Programming terms often lack direct equivalents
in Bangla. Machine translation systems attempt to
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Configuration Translation Glossary Feedback Loop Reviewer RAG Pass@1 (%)

Full BanglaForge Pipeline Yes Yes Yes Yes Yes 95.5
Without Translation No Yes Yes Yes Yes 73.6
Without Glossary Yes No Yes Yes Yes 88.2
Without Feedback Loop Yes Yes No Yes Yes 69.8
Without Reviewer Yes Yes Yes No Yes 90.4
Manual Few-shot (No RAG) Yes Yes Yes Yes No 94.2
Fewer Iterations (M = 1) Yes Yes Yes Yes Yes 84.1
Fewer Examples (k = 3) Yes Yes Yes Yes Yes 88.9
No Examples (k = 0) Yes Yes Yes Yes Yes 69.3

Table 11: Comprehensive ablation results on the BLP-2025 development set using Lg Exaone Deep 32B.

Algorithm 1 Algorithm of BanglaForge

1: Input: BanglaInstruction Pb, PublicUnitTests T
2: Output: ExecutableCode
3: M ← maximum retry limit
4: attempt← 0
5: EnglishInstruction, Pe← TranslatorLLM.translate(Pb)
6: Examples, E ← Database.retrieveExamples(Pb, Pe)
7: PromptCoder← constructPrompt(Pb, Pe, T , E)
8: while attempt < M do
9: attempt← attempt+ 1

10: (c, Tc)← CoderLLM.generate(PromptCoder)
11: PromptReviewer← constructReviewPrompt(c, Tc)
12: (cr,Tr)← ReviewerLLM.refine(PromptReviewer)
13: Result← executeCode(cr, T ∪ Tc ∪ Tr)
14: if Result.allTestsPassed then
15: return cr
16: else
17: Feedback← generateFeedback(Result.errors)
18: PromptCoder← updatePromptWithFeedback(PromptCoder, Feedback)
19: end if
20: end while

generate literal translations, but these often fail to
capture technical meaning. For example:

• The English term “Map” was translated
to মানচিত্র (meaning a geographic map in
Bangla), instead of referring to Map as in a
data structure such as HashMap or dictionary.
This causes ambiguity, making it challenging
for both humans and models to interpret cor-
rectly.

• Similarly, terms like stack, queue, hashmap,
or dictionary may be incorrectly translated,
or not translated at all, resulting in inconsis-
tent terminology across the dataset.

G.3 Loss of Context or Intent
Machine translation may fail to preserve the pre-
cise context or intent of the original English in-
structions. Programming problems often rely on

subtle nuances, and even small changes in word-
ing can alter the meaning of a problem. This is-
sue is exacerbated when the translated text uses
uncommon or unnatural phrasing, reducing clarity
for model training.

G.4 Lack of Standardized Technical
Vocabulary

Bangla currently lacks standardized technical vo-
cabulary for many programming concepts, lead-
ing to inconsistent translations. In some cases, the
same English term is translated differently across
dataset entries. This inconsistency makes it diffi-
cult for a model to reliably learn the intended map-
ping from Bangla instructions to Python code.
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G.5 Impact on Model Performance
These translation-related issues contribute to no-
table failure cases in Bangla-to-Python code gener-
ation. Models trained on such data may misinter-
pret problem statements, produce incorrect code,
or fail to generalize to unseen examples. Address-
ing these limitations would require:

• Careful human curation of translations for
correctness and consistency.

• Development of a standardized Bangla pro-
gramming lexicon.

• Use of bilingual glossaries to retain original
technical terms where necessary.
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Abstract

We propose CodeMist, a hybrid framework
for Bangla-to-Python code generation, focus-
ing on enhancing code accuracy through a
two-stage pipeline of generation and debug-
ging. In the development phase, standalone
models such as TigerLLM and StarCoder
achieved low accuracies of 27% and 24%,
respectively, while advanced models like
Gemini-1.5-flash and Gemma reached 60%
and 64%. Pairing Gemma with the GPT-OSS de-
bugger resulted in a substantial improvement
to 99.75%, emphasizing the importance of a
dedicated debugging stage. In the test phase
on unseen data, GPT-OSS alone achieved 67%,
which increased to 71% with self-debugging.
The highest performance of 84% was achieved
by combining Gemini-2.5-flash as the gen-
erator with GPT-OSS for debugging. These
results demonstrate that integrating a strong
generative model with an effective debug-
ging component produces superior and ro-
bust code generation outcomes, outperform-
ing existing approaches such as TigerLLM.
The full implementation of the framework is
publicly available at https://github.com/
fahmid-juboraj/Code_generation.

1 Introduction

Automated code generation has witnessed rapid ad-
vancement with the emergence of Large Language
Models (LLMs) such as CodeT5 (Wang et al.,
2021) and CodeGen (Nijkamp et al., 2022), which
achieve over 90% accuracy on benchmarks like
HumanEval (Raihan et al., 2025a). These mod-
els translate natural language instructions into ex-
ecutable code, substantially enhancing developer
productivity and software development efficiency.
Despite these successes, most LLMs are trained

primarily on English-based instructions, creating
a linguistic bias in code generation research (Rai-
han et al., 2025c). This English-centric training
restricts accessibility for non-English-speaking de-

velopers and undermines the inclusivity of AI-
assisted programming tools. While languages such
as Chinese and Japanese have begun to receive
research attention, Bangla, the fifth most spoken
language globally with over 300 million speakers,
remains largely unexplored in this domain. Ex-
isting multilingual models struggle to generalize
Bangla semantics to programming constructs due
to the lack of high-quality Bangla–Python paral-
lel datasets and the absence of specialized bench-
marks for evaluation.
To address these limitations, this study intro-

duces CodeMist, a hybrid Bangla-to-Python code
generation framework that integrates generative
modeling with automated debugging which em-
ploys the Gemini API to generate Python code
from Bangla instructions and subsequently refines
it through GPT-OSS, a locally fine-tuned GPT-
based model capable of detecting and correcting
syntax and logical errors. This dual-stage frame-
work not only enhances the accuracy and correct-
ness of generated code but also demonstrates the
effectiveness of coupling code generation with an
adaptive debugging mechanism for non-English
programming tasks. The contribution lies in ex-
panding code generation research beyond English,
offering a foundational step toward linguistically
inclusive AI programming systems.

2 Related Work

BanglaBERT (Bhattacharjee et al., 2022) pio-
neered Bangla-specific language modeling and in-
troduced the BLEU benchmark for NLU evalua-
tion. Subsequent models such as TigerLLM (Rai-
han et al., 2025d) and TituLLMs (Ahmed et al.,
2025) improved reproducibility, coverage, and
transliteration handling. Community-driven ef-
forts like the BanglaLLM project (BanglaLLM
Organization, 2024) released open-source mod-
els such as Bangla-LLaMA-13B (Zehady and the

656

https://github.com/fahmid-juboraj/Code_generation
https://github.com/fahmid-juboraj/Code_generation


Accuracy

Debugger

Large Language
Models (LLMs) for
Debugging Codesum_of_numbers()

P =
{p1,
...,
pn}

def sum_of_two_numbers():

Instruction Generator

Large-Language Models
(LLMs) for Code

Generation from the
instruction and

prototype

Generated Code

Solution

(a) (b)

একটি ফাংশন লিখুন যার
মাধ্যমে দুটি সংখ্যার যোগফল

বের করা যাবে। 

Function Prototype

Chain-of-Thought
Prompt

a = float(input()) 
b = float(input()) 
sum = a + b
return sum

(Write a function to find the
sum of two integers.)

Chain-of-Thought Prompt
with Failure Details

Pass@3

Figure 1: (a) A Chain-of-Thought prompt combines a natural-language instruction in Bangla with a function proto-
type, which is provided to the Generator to produce candidate implementations. (b)ADebugger constructs a Chain-
of-Thought prompt with failure details, and debugging LLMs are engaged to iteratively repair and re-evaluate the
generated code, where 3 denotes correct code and 7 denotes faulty code.

BanglaLLM Team, 2024), enabling wider exper-
imentation. Parameter-efficient fine-tuning ap-
proaches such as LoRA (Hu et al., 2021) have
been applied to resource-constrained models like
Gemma 2B (Dasgupta, 2024) and Bangla-LLaMA
(Saiful, 2023), demonstrating scalable adaptation
methods.

The BLEU benchmark (Bhattacharjee et al.,
2022) evaluates core Bangla NLU tasks, includ-
ing sentence classification and sequence labeling.
Later datasets introduced task-specific challenges
such as tense classification in BanglaTense (Rah-
man et al., 2025) and sentiment analysis in BnSent-
Mix (Data Analytics Research Group, 2024). De-
spite these advances, standardized benchmarks
remain limited (Khan et al., 2025), restricting
cross-model comparison. Community reposito-
ries like (Bangla NLP Community, 2024) consol-
idate datasets, yet coverage of generative tasks,
especially code generation, is insufficient. mHu-
manEval addresses this gap with a massively mul-
tilingual benchmark, featuring prompts in 204
languages and solutions in 25 programming lan-
guages to evaluate cross-lingual coding perfor-
mance.

While LLMs achieve strong performance in En-
glish code generation (Chen et al., 2021; Nijkamp
et al., 2022), Bangla instruction-based code gen-
eration remains largely unexplored. Most Bangla
LLMs target natural language understanding rather
than code synthesis. Only a few, such as Tiger-
Coder (Raihan et al., 2025b), focus on code gen-
eration, but they are limited by small datasets,
lack of standardized evaluation, and minimal error-
correction mechanisms. The absence of large-
scale Bangla–Python parallel corpora and the chal-
lenge of mapping Bangla semantics to program-

ming logic make reliable code generation non-
trivial. Our work addresses these limitations by cu-
rating a comprehensive Bangla-to-Python dataset
and developing a two-phase hybrid framework
combining code generation with iterative debug-
ging using models likeGPT-OSS, achieving higher
accuracy and robust synthesis on both develop-
ment and unseen test sets.

3 Methodology

In this section, we outline the proposed pipeline for
generating Python code from Bangla instructions,
as shown in Figure 1.

3.1 Problem Formulation
We are studying the task of generating code
from instructions provided in the Bangla language.
Each problem consists of a Bangla instruction
set, denoted as INS = {ins1, ins2, . . . , insn},
paired with a corresponding function prototype
set, FP = {fp1, fp2, . . . , fpn} and explicit CoT
prompt CP = {cp1, cp2, . . . , cpn}. The objec-
tive is to generate the correct Python code, rep-
resented as Ŷ , for each pair (insi, fpi). This
framework enables us to compare different mod-
eling approaches: code generator models that di-
rectly map from (insi, fpi, cpi) to Ŷ and code de-
bugger models that iteratively refine the generated
code. Throughout the execution of our CodeMist
pipeline, the parameters for all models were kept
frozen. The entire procedure can mathematically
be abbreviated as follows:

Ŷ = LMdbg([cp, LMgen(ins, fp, cp)]) (1)

3.2 Motivation
Automated code generation from Bangla instruc-
tions often faces errors due to linguistic ambigu-
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Generation Debugging Accuracy(%)
StarCoder None 24.00
TigerLLM None 27.00
Qwen-1.5B None 27.00
TigerCoder None 33.00
TigerCoder GPT-OSS 53.00
Gemini-1.5-flash None 60.00
Gemma None 64.00
Gemma GPT-OSS 99.75

Table 1: Performance of Code Generation and Debug-
ging (Development Phase)

ity and model limitations. A pipeline that inte-
grates code generation with recurring debugging
enhances reliability while lowering manual effort.
This approach enhances the accuracy and usabil-
ity of generated programs, facilitating effective
Bangla-to-code translation and evaluation.

3.3 CodeMist
In this section, we provide the details of our code
generator-debugger pipeline.

3.3.1 Code Generator
The process begins with a CSV file containingmul-
tiple columns such as instruction, id, and other
contextual features. Each instruction is first pro-
cessed by a Prompt Design module, which trans-
forms the input text into a structured prompt op-
timized for the Gemini API. This module may in-
corporate additional contextual information from
the CSV, such as example inputs/outputs or con-
straints, to reduce ambiguity and improve model
comprehension. The quality and clarity of these
prompts are crucial, as they directly influence the
correctness and functionality of the generated code.
The prepared prompt is then sent to the Gemini
API, which returns the generated code through its
response interface. All outputs are stored in a
JSON file containing each id and its correspond-
ing response. The correctness of the generated
code is subsequently evaluated using a Python
script, Scoring.py. This evaluation informs both
performance metrics and areas where debugging
may be necessary.

3.3.2 Code Debugger
For cases where the generated code is incorrect
or suboptimal, CodeMist activates the Code De-
bugger pipeline. This phase begins by logging
errors and linking them with the corresponding
instructions and failure reasons in an updated

Generation Debugging Accuracy(%)
GPT-OSS None 67.00
GPT-OSS GPT-OSS 71.00
Gemini-2.5-flash GPT-OSS 84.00

Table 2: Performance of Code Generation and Debug-
ging (Test Phase)

CSV file. A local model interface is initial-
ized by downloading and configuring an appro-
priate model (e.g., GPT-OSS:20B) along with a
system prompt that combines the original instruc-
tion, contextual information, and the identified fail-
ure reason. This enriched prompt guides the lo-
cal model to produce corrected versions of the
code. By explicitly including both the original in-
struction and failure context, the debugger can re-
solve syntax, logical, and runtime errors more ef-
fectively. Each erroneous case is reprocessed to
generate improved outputs, which replace the pre-
vious responses and are saved in a new submis-
sion JSON file following the same schema (id,
response). The corrected codes are subsequently
evaluated using Scoring_V2.py to enable com-
parative performance analysis between the initial
Gemini-generated results and the refined open-
source LLM-based solutions.

4 Experimental Analysis

4.1 Dataset
We utilize two datasets provided by the BLPWork-
shop (Raihan et al., 2025c) for training, valida-
tion, and evaluation of Bangla-to-Python code
generation models. Both datasets contain Ben-
gali problem descriptions paired with correspond-
ing Python test cases but do not include ground-
truth solutions. The dev_v2.csv dataset com-
prises 400 tasks and is used for model devel-
opment and hyperparameter tuning, while the
test_v1.csv dataset includes 500 tasks and
serves as the held-out evaluation set. Each in-
stance contains three fields—id, instruction,
and test_list—where instruction provides
the problem statement in Bengali and test_list
defines the functional requirements in Python. To-
gether, these datasets enable systematic assess-
ment of code generation models’ ability to general-
ize from natural language to executable programs.

4.2 Performance Evaluation
During the development phase, predictions are
evaluated using a static checker that executes all
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assertion-based test cases. The metric is defined
as:

Pass@1dev =
NPASS

NTOTAL
× 100% (2)

whereNPASS denotes the number of tasks whose
generated code passes all test cases, andNTOTAL is
the total number of evaluated tasks.
For the final evaluation phase, a runtime-based

evaluator with timeout and exception handling
computes the functional correctness as:

Pass@1final =
Ncorrect

Ntotal
(3)

where Ncorrect represents the number of tasks
whose generated programs pass all functional tests
under execution, and Ntotal is the total number of
tasks evaluated.

4.3 Experimental Results
4.3.1 Quantitative Results
During the development phase, several code gen-
eration models were evaluated independently and
in combination with debugging support. As
shown in Table 1, TigerCoder (Raihan et al.,
2025b) achieved an accuracy of 33% without de-
bugging, which improved to 53% when paired
with the GPT-OSS (Community and Contribu-
tors, 2024) debugger. This illustrates the ben-
efit of an explicit debugging phase in correct-
ing syntax and logical errors in the generated
code. Similarly, other standalone generation mod-
els such as StarCoder (Li et al., 2023) and Qwen-
1.5B (Team, 2024c) achieved relatively low accura-
cies of 24% and 27%, respectively, indicating lim-
ited capability in producing fully functional code
from Bangla instructions without assistance. In
contrast, more advanced models like Gemini-1.5-
flash (Team, 2024a) and Gemma (Team, 2024b)
achieved higher accuracies of 60% and 64%,
demonstrating improved contextual understanding
and code synthesis. The most notable improve-
ment was observed when Gemma was combined
with the GPT-OSS debugger, achieving a remark-
able accuracy of 99.75%. This underscores the sig-
nificant role of the debugging component in refin-
ing model outputs. Overall, these findings confirm
that integrating a powerful generator with a spe-
cialized debugger can dramatically enhance perfor-
mance.
Subsequently, in the test phase, models were

evaluated on unseen prompts to measure general-

ization. As shown in Table 2, GPT-OSS alone
achieved a baseline accuracy of 67%, which in-
creased to 71% with self-debugging (GPT-OSS +
GPT-OSS). The combination of Gemini-2.5-flash
(Team, 2024a) as the generator and GPT-OSS as
the debugger achieved the best performance of
84%, highlighting the robustness of cross-model
debugging.

4.3.2 Qualitative Analysis of Failures
To categorize failure types, we clustered failure de-
scriptions based on their top keywords and manu-
ally interpreted the resulting groups.

Logical Failures. Keywords such as testlist,
comma, and syntax indicate structural or parsing
errors caused by formatting mistakes or missing
elements.

Analytical Failures. Terms like character,
string, and execution reflect runtime or rea-
soning errors, requiring understanding of expected
program behavior.

Mathematical Failures. Keywords including
test, assertion, and exception correspond to
validation or computation errors such as failed as-
sertions or unmet conditions.

5 Conclusion

This study demonstrates the effectiveness of a hy-
brid LLM-based pipeline for Bangla programming
instruction understanding and Python code genera-
tion. By leveraging the Gemini API for initial syn-
thesis and a local Ollamamodel for targeted correc-
tion, our approach overcomes language-specific
limitations and achieves substantial performance
gains. The iterative design ensures both scalability
and adaptability, enabling error tracking, prompt
refinement, and systematic evaluation. The im-
proved accuracy underscores the value of integrat-
ing cloud-based and local models to enhance mul-
tilingual code generation. Future work will ex-
plore fine-tuning domain-specific Bangla LLMs,
expanding datasets with richer semantic coverage,
and applying reinforcement-based evaluation to
further optimize generation quality.

6 Limitations

While our study provides valuable insights into
Bangla to Python generation and the benefits of a
generator–debugger pipeline, it has several limita-
tions. First, all models were evaluated in a Chain-
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of-Thought (Wei et al., 2022) setting without fine-
tuning, limiting our understanding of how training
or domain adaptation might affect results. Sec-
ond, we relied on fixed prompts and debugging
strategies, without exploring adaptive or iterative
prompting that could refine reasoning. Third, our
evaluation used a limited dataset, restricting con-
clusions about generalization and robustness. Fi-
nally, our assessment focused solely on automated
correctness metrics, without human or qualitative
analyses to capture broader usability and failure
patterns.
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A Appendix

A.1 Dataset Sample
This table provides a few representative samples from our dataset. Each row shows the sample ID, the
corresponding task instruction in Bangla, and the Python assertions used to verify the expected output.

Table 3: Sample instances from the Dataset

ID Instruction Test List (Sample)
1 একিট ফাংশন িলখুন যা িদেয় েদওয়া েজাড়া েথেক

ৈতরী করা যায় সবর্ািধক শৃঙ্খল।
[’assert max_chain_length([Pair(5, 24),
Pair(15, 25)]) == 3’]

2 একিট পৰ্দত্ত িস্টৰ্ং-এ পৰ্থম পুনরাবৃত্ত অক্ষর িনণর্য়
করুন।

[’assert first_repeated_char(”abcabc”) ==
”a”’]

3 একিট ফাংশন িলখুন যা n এর েচেয় েছাট বা সমান
একিট লুিডক সংখয্া েবর করেব।

[’assert get_ludic(10) == [1, 2, 3, 5, 7]’]

4 একিট পৰ্দত্ত িস্টৰ্ং এর শŀগুেলােক িবপরীত করার
েপৰ্াগৰ্াম িলখুন।

[’assert reverse_words(”python program”) ==
”program python”’]

5 পৰ্দত্ত পূণর্সংখয্ািট একিট েমৗিলক সংখয্া িকনা তা যাচাই
করুন।

[’assert prime_num(13) == True’]

A.2 Sample of Generated Failed With Details
This table shows the first five samples from failed_with_details_test.csv. Each row lists the sam-
ple ID, the type of failure encountered during testing, the task instruction in Bangla, and the corresponding
Python test list that caused the failure.

Table 4: Samples from failed_with_details_test.csv

ID Failures Instruction Test List
3 [X][X][X][X] Failed to

parse test_list: invalid
syntax near “,”.

একিট ফাংশন িলখুন যা একিট
অিভধােন সবেচেয় সাধারণ মানিট খুঁেজ
েবর করেব।

[’assert count_common
([’red’,’green’,’black’],
[’green’,’white’,’red’]) ==
2’]

5 [X][X][X][X] Failed to
parse test_list: invalid
syntax near “]”.

একিট িস্টৰ্ংেক েছাট অক্ষের িবভক্ত
করার জনয্ একিট ফাংশন িলখুন।

[’assert split_lowerstring
(”AbCd”) == [’bC’,’d’]’]

6 [X][X][X][X] Failed to
parse test_list: invalid
syntax near “_”.

একিট ফাংশন িলখুন যােত েছাট
অক্ষেরর কৰ্ম খঁুেজ পাওয়া যায়।

[’assert
text_lowercase_underscore
(”aab_cbbbc”) == True’]

8 [X][X][X][X] Failed to
parse test_list: invalid
syntax near “(”.

পৰ্থম িস্টৰ্ং েথেক িদব্তীয় িস্টৰ্ংেয়
উপিস্থত অক্ষরগুিল মুেছ িদন।

[’assert str_to_list (”probass-
curve”, ”pros”) ==
[”b”,”a”,”c”,”u”,”v”,”e”]’]

15 [X] Error in function def-
inition: unexpected char-
acter.

একিট পৰ্দত্ত অয্ােরেত পুনরাবৃিত্ত না
হওয়া উপাদানগুিলর েযাগফল িনণর্য়
করুন।

[’assert find_Product
([1,1,2,3],4) == 6’]
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Abstract

Large Language Models (LLMs) have shown
great code-generation capabilities, but their
performance in low-resource languages like
Bangla is largely unexplored. We participated
in BLP-2025 Task 2: Code Generation in
Bangla, where we built a pipeline to interpret
and execute Bangla instructions using GPT-5.
Extensive experiments were conducted with
proprietary (GPT-4o Mini, GPT-5 Mini, GPT-
5) and open-source (LLaMA 3-8B, TigerLLM-
1B-it) models under translation and assertion
settings. Results show that GPT-5, with trans-
lation and assertion, scored 83.8%, outper-
formed all baselines, while open-source mod-
els lagged due to limited Bangla adaptation.
Assertion-based prompting always improved
syntactic correctness, and fine-tuning reduced
hallucinations across open-source models. We
ranked 7th on the official leaderboard with an
approach which is competitive and generaliz-
able. Overall, our results show that transla-
tion quality, data normalization, and prompt
design are key components of low-resource
code generation. Furthermore, the proposed
BanglaCode benchmark and preprocessing ar-
chitecture provide a basis for further multilin-
gual code-generation research.

1 Introduction

Recent advancements in Large Language Models
(LLMs) have made it possible to generate code
from natural language descriptions and changed
the landscape of software development (Brown
et al., 2020). Models such as GPT-3.5 and GPT-
4 have demonstrated high performance for a wide
range of programming tasks(Coello et al., 2024).
But the performance of these models is limited
in low-resource languages like Bangla, spoken
by more than 242 million people1. The gap in

*Equal contribution.
1https://en.wikipedia.org/wiki/Bengali_

language#cite_note-e28/ben/Bengali-1

Bangla NLP is mainly due to a lack of high-
quality, language-specific training datasets and
models(Zehady et al., 2024), which limits the per-
formance of existing multilingual LLMs when ap-
plied to Bangla.
This paper addresses these gaps by evaluating and
improvingBangla code generation through various
strategies like preprocessing, translation, prompt-
ing and fine-tuning. Specifically, this paper fo-
cuses on understanding how different approaches
impact the performance of LLMs when generating
code in Bangla.
Our contributions are:

• Preprocessing: Applied noise reduction tech-
niques like removing special characters and
repeated words to refine Bangla code instruc-
tions and improve model input and code gen-
eration accuracy.

• Translation: Translated Bangla code in-
structions to English using Google Translate,
facebook/nllb-200-distilled-600M, and GPT-
5 and checked if translation-induced semantic
loss affects code generation.

• Prompting and Fine-Tuning: We introduce
assertion-based prompting by varying the
number of assertions in input prompts and
fine-tune pre-trained models on a curated
Bangla code instruction dataset and optimize
for Bangla-specific tasks.

• Benchmark Comparison: Compare open-
source models (LLaMA 3, and TigerLLM-
1B-it) and proprietary models (GPT-4o Mini,
GPT-5 Mini, and GPT-5) on BanglaCode
benchmark and see the effect of translation,
preprocessing and assertion on code genera-
tion.

Through these, we want to create a new benchmark
for Bangla code generation and evaluate transla-
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tion, preprocessing and prompting strategies. By
providing an open-source benchmark and new pre-
processing and prompt optimization techniques,
we want to contribute to future research in Bangla
and other low-resource languages. This will not
only advance the understanding of code generation
in low-resource languages but also make LLMs
more effective for code generation in different lin-
guistic contexts.
Both our code and training corpus are publicly
available in the GitHub repository2.

2 Related Work

Large Language Models (LLMs) have made a lot
of progress in code generation with models like
Codex (Chen et al., 2021), StarCoder (Li et al.,
2023), and Code LLaMA (Roziere et al., 2023) do-
ing well on benchmarks like HumanEval (Chen
et al., 2021) and MBPP (Austin et al., 2021).
However, these benchmarks and models are over-
whelmingly English-centric and not applicable in
multilingual or low-resource settings. In order to
assess LLMs on code creation from natural lan-
guage prompts in 204 languages, including Bangla,
mHumanEval (Raihan et al., 2024) established a
multilingual benchmark. Their findings demon-
strate that even the most advanced multilingual
LLMs, such as GPT-3.5 and GPT-4, perform much
worse on low-resource languages, which is known
as the language gap (Coello et al., 2024).
Bangla is severely underrepresented in code-
related NLP research despite being the 5th most
spoken language in the world. Existing multi-
lingual models like LLaMA 3 (Grattafiori et al.,
2024), BLOOM (Workshop et al., 2022), and AYA
(Üstün et al., 2024) have minimal Bangla content
in their training data and perform poorly when
prompted in Bangla (Raihan et al., 2024).Tiger-
Coder (Raihan et al., 2025a) is the first dedicated
Bangla code-generation LLM. It introduces three
new instruction datasets (self-instructed, synthetic,
and translated), and a Bangla version of the MBPP
benchmark (MBPP-Bangla), covering five pro-
gramming languages. TigerCoder models gain 11–
18% absolute over general-purpose Bangla LLMs
andmultilingual baselines, proving the importance
of domain-adapted training for code generation in
low-resource languages.

2https://github.com/ShifatIslam/BLP-Task-2

3 Task Description

Code generation is becoming more important in
natural language processing (NLP), and this work
aims to extend it to the Bangla language by ad-
dressing the challenges and proposing solutions.
Task 2 of the Bangla Language Processing (BLP)
(Raihan et al., 2025b) focuses on code generation
in Bangla by asking participants to develop sys-
tems that can translate Bangla prompts into Python
scripts that can pass hidden unit tests. Each dataset
instance contains a Bangla instruction describing a
programming problem, a reference Python imple-
mentation included in the trial dataset, and a set of
unit tests. By comparing different approaches in
terms of robustness and applicability, this task not
only shows the feasibility of Bangla code genera-
tion but also its potential for broader NLP applica-
tions, so that Bangla can be integrated into every-
day computational tasks and make the technologi-
cal landscape more inclusive and connected.

3.1 Dataset Description

The dataset (Raihan et al., 2024, 2025a) used in this
study was from the BLPWorkshop Task 2 on Code
Generation in Bangla. Table 1 shows the sample
of data from the given dataset. It was divided into
three parts: trial set, dev set, and test set, with 74,
400, and 500 samples, respectively. The trial.csv
was designed to fine-tune the model to capture the
Bangla language properties and nuances.

id instruction test_list

4

একিট িত্রভুজাকার িপ্রজেমর
আয়তন খঁুেজ েবর করার জনয্
একিট পাইথন ফাংশন িলখুন।
Example:
def find_Volume(l,b,h):

# your code
return l

['assert
find_Volume(10,8,6)
== 240']

8

প্রথম িস্ট্রং েথেক িদ্বতীয় িস্ট্রংেয়
উপিস্থত অক্ষরগুিল সিরেয় েফ-
লার জনয্ একিট ফাংশন িলখুন।
Example:
def str_to_list(string):

# your code
return string

['assert str_to_list
(\”probasscurve\”,
\”pros\”) ==
\'bacuve\']

Table 1: Bangla Instructions with Python Code and Test
Cases of Sample Data

Each sample in the dataset had four fields: id,
instruction, response, and test_list. The id column
was a unique identifier for each sample. The
instruction column was the main task in Bangla,
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which guided the code generation. The response
column was only in the trial set and contained the
target code solutions and was the ground truth
for fine-tuning. The test_list column contained
input–output pairs and was used to verify the
correctness of the generated code. The dev.csv
and test_full.csv did not have the response column.
They only had id, instruction, and test_list. These
subsets were only for code generation, where the
task was to generate programs that satisfy the
assertions in test_list according to the Bangla
instructions.

4 Experimental Setup

The overall methodology of our study is shown in
Figure 1. We prepare and translate the dataset, then
extract and align assertions to make the instruc-
tions clearer. Then we refine the inputs through
prompt tuning. Finally, we train and evaluate dif-
ferent models on BanglaCode to see how transla-
tion, assertions, and prompting affect code genera-
tion.

4.1 Dataset Preparation and Translation

The dataset had 3 fields: instruction, id, text_list.
Upon closer inspection, the instruction field had
discrepancies and irregularities among the texts.
These included erroneous texts, repetition of the
same words, and unnecessary texts. Direct trans-
lation was not possible. A preprocessing pipeline
was built to normalize the data and make the text
consistent.
After the dataset was cleaned, translation was done.
Several open-source models were tested: Google
Translate and Facebook/nllb-200-distilled-600M.
These models failed miserably with semantic er-
rors and synonym inconsistencies. GPT-5 was cho-
sen for the final translation step because it was the
best at fluency and semantic accuracy.

4.2 Assertion Extraction and Alignment

Translation alone was not enough to improve
the performance of the downstream code genera-
tion. To strengthen the dataset, assertions were ex-
tracted and appended to the translated instructions.
The raw assertions were problematic: mismatched
functions and syntax errors, extraneous commas,
irregular use of brackets, and misplaced quotation
marks. An algorithm was built to extract, clean
and align the assertions with the instructions. The

assertions provided clearer guidance for code gen-
eration and overall robustness.

4.3 Prompt Optimization

Prompt design was also experimented with. Short
and direct prompts outperformed longer prompts
with redundant or incorrect examples. This was
true across all models, including GPT-5. Prompt
engineering is key to code generation perfor-
mance.

4.4 Model Training and Evaluation

Multiple models were tried for the code gener-
ation task. Open-source models like LLaMA-3
and TigerLLM-9B were not accurate due to hard-
ware constraints, hallucinations, and their inability
to perform well due to their pretraining and size.
Fine-tuning was attempted on a curated dataset
(trial.csv) with 74 instruction–response pairs. Al-
though this improved consistency, the small sam-
ple size limited the performance gain. Proprietary
models via API: GPT-4-O Mini, GPT-5 Mini, and
GPT-5 were used. GPT-5 with translated texts and
appended assertions scored 83.4% and ranked 7th.

5 Result Analysis and Findings

From table 2, we can see the accuracy of different
models. As expected, the proprietary models per-
formed significantly better than the open-source
models. This comes as no surprise, as the paid
models are state-of-the-art models with better rea-
soning and size. However, there are some caveats.
The quality of performance boosted significantly
when we switched from without translation to
translation with assertions. However, even from
models such as GPT-5 the increase in accuracy is
significant, which goes from 60.69% to 83.80%.
We can see this trend in all the models, including
open-source models. This jump for GPT-5 shows
that even though LLM models are taking over the
world, there is significant improvement needed
for languages such as Bangla.

We finetuned the open-source models with
the trial dataset to reduce hallucinations, as accu-
racy remained low with occasional hallucinations
despite a strong system prompt, showing the
importance of model size for effective code gen-
eration. Additionally, we observed that prompt
tuning plays a critical role in boosting accuracy.
This was found by experimenting with small,
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Figure 1: Proposed Methodology

Model Type Specifications Model Name Accuracy

Proprietary Models

Without Translation
Gpt 4o mini 43.40%
Gpt 5 mini 55.20%
Gpt 5 60.69%

With Translation and Assertion
Gpt 4o mini 66.00%
Gpt 5 mini 81.80%
Gpt 5 83.80%

Opensource Models

Without Translation
LLama 3-8b 25.60%
md-nishat-008/TigerLLM-1B-it 18.00%

With Translation and Assertion
LLama 3-8b 32.40%
md-nishat-008/TigerLLM-1B-it 21.00%

Table 2: Model Comparison

moderate, and large prompts of equivalent seman-
tic reasoning. The resultant scores were 81.80%,
80.60%, and 80.40%, respectively, demonstrating
that prompts should be concise, well-rounded, and
generalizable. The System Prompts are shown in
the Appendix A.

6 Error Analysis

Our analysis shows that while larger proprietary
models like GPT do better than smaller open-
source models, data preprocessing is still key to
getting good results. Assertions improved perfor-
mance by a lot, and prompt tuning increased the
GPT-5 score from 80 to 83.8. Common errors were
syntactic (e.g. missing brackets, incorrect indenta-
tion), semantic (e.g. translating “গণনা কেরা” as
“print” instead of “calculate”), logical (e.g. return-
ing a single variable instead of the full function),
and hallucinations (e.g., introducing unnecessary
variables). Fine-tuning reduced hallucinations and
improved task generalization, but even state-of-

the-art models struggled with inconsistent or am-
biguous datasets. This shows that data quality and
consistency are as important as model choice for
Bangla code generation, and future work should fo-
cus on dataset generalization, synthetic assertions,
and refined prompt tuning.

7 Conclusion

In this paper, we have highlighted the findings
regarding code generation using Bangla instruc-
tions. We found that with a better and, more robust
dataset, along with a concise and accurate prompt,
the results of the generation can be boosted signif-
icantly. As noted, state-of-the-art and larger mod-
els have significantly outperformed open-source
models. While the choice of a better model leads
to better results, the gravity of a precise and factual
dataset is significantly important. For future work,
we will try more advanced prompting techniques
and bilingual training to further boost Bangla code
generation.
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Limitations

Our work is limited to code generation under spe-
cific Bangla instructions. This is promising but
not practical for real-world scenarios where you
need deeper semantic understanding with multi-
line projects. We only focus on code generation
and not on everyday applications where Bangla
can be translated or made accessible to non-Bangla
speakers. We only benchmarked a subset of state-
of-the-art models, so our comparison is not com-
prehensive. Hence, the results only show a part of
the model's capabilities, and there is room for fu-
ture work on more robust Bangla-instructed code
generation.
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A Appendix

A.1 small prompt
system_prompt = (
”You are a precise Python assistant.”
”Write a correct, concise solution in Python that satisfies the user's instruction. ”
”Create a generalized solution that strictly follows the given instructions and
also satisfies the assertion conditions.”
”Treat assertions as tests, not as the spec itself so that a more general solution is constructed.”
”Ensure the assertion condition is met.\n”
”<python code here>”
)

A.2 moderate prompt
system_prompt = (
”You are an expert Python assistant. ”
”Write a correct, concise Python solution that follows the user’s instruction exactly and handles common edge cases
(empty inputs, single items, negatives, large values). ”
”Treat assertions as test cases, and ensure they pass with a general solution. ”
”Avoid naive shortcuts (like suffix checks or hardcoded constants) unless explicitly required. ”
”If categorical outputs are required, return exactly the strings shown in the assertions (e.g., True/False, Yes/No,
Valid/None, Found a match!/Not matched!, Equal/Not equal, Even/Odd, Even Parity/Odd Parity). ”
”Return the correct value of the right type; otherwise return None (including on exceptions). ”
”For floats, match the decimal format in the assertion outputs. ”
”Use the exact function name and parameters given, and return the exact type/shape requested. ”
”Output only the function code (and tiny helpers if needed), nothing else.”
”<python code here>”
)

A.3 large prompt
system_prompt = (
”You are a precise Python assistant. ”
”Write a correct, concise Python solution that strictly follows the problem in the user's instruction.”
”and passes both the shown assertions and plausible hidden tests. ”
”Treat assertions as tests, not as the spec itself so that a more general solution is constructed. ”
”Ensure the assertion condition is met. ”
”Implement the natural language spec in the user's instruction. Handle standard edge cases.”
”(empty inputs, singletons, negatives, large values, mixed types) consistent with that spec. ”
”No prints, no input(), no files/network, no global state, no mutation of arguments. ”
”Ensure outputs are deterministic; if multiple valid answers exist, use a stable tie break.”
”(e.g., first occurrence or lexicographic order). ”
”Avoid oversimplified shortcuts (e.g., suffix checks, hardcoded constants, or pattern only guesses) ”
”unless explicitly required. Use logic that generalizes and covers edge cases. ”
”Be explicit about bools (exclude True/False from numeric logic unless the spec says otherwise). ”
”Avoid raising exceptions unless the spec requires it; return a neutral value instead (e.g., 0, [], None). ”
”Use exact integer math where possible; if floating point is required, define rounding/format (e.g., round(x, 2)). ”
”Use exactly the requested function name and parameters; return exactly the requested type/shape. ”
”Prefer O(n)–O(n log n); avoid unnecessary copies and heavy imports. ”
”Output only the function (and any tiny helper if essential). Do not include docstrings, comments, or extra text. ”
”Consider adversarial but spec consistent cases (empties, all equal, already sorted, duplicates, extreme values). ”
”Do not hardcode to the given assertion values. ”
”Output ONLY the function (and any tiny helper it calls). No extra text.\n”
”<python code here>”
)
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