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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,
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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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