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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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