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Abstract

Text classification in low-resource languages has become increasingly important due to the rapid growth of
user-generated digital content. While multitask learning has long been studied in NLP, the use of LLMs for
multitask text classification in low-resource languages such as Bengali remains underexplored. Although LLMs are
inherently multilingual and multitasking, their effectiveness in structured multitask classification settings for Bengali
has not been systematically evaluated. In this work, we investigate how LLMs can be leveraged for multitask
Bengali text classification across five domains: sentiment analysis, aggressive text detection, fake news detection,
news categorization, and emotion analysis. We compare in-context learning strategies—including zero-shot,
one-shot, and chain-of-thought prompting—with parameter-efficient fine-tuning approaches. Our findings show
that CoT prompting does not consistently improve performance and often degrades performance, highlighting
the instability of prompt-based adaptation in low-resource settings with limited pretraining exposure. Moreover,
reasoning-optimized models such as DeepSeek-R1 exhibit substantial performance drops, indicating that enhanced
reasoning capabilities alone cannot overcome the challenges posed by low-resource settings. Among the evaluated
mLLMs, Gemma-3-4B demonstrates the most stable and balanced cross-task performance under both in-context
learning and parameter-efficient fine-tuning, making it a strong backbone candidate for multitask Bengali text
classification. These results provide empirical evidence on the limitations of prompting and the advantages of
lightweight fine-tuning for low-resource multilingual NLP.
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1. Introduction

With the rapid expansion of internet access and
social media usage in Bangladesh and Bengali-
speaking communities, large volumes of user-
generated textual content are produced daily. This
content often contains sentiment, misinformation,
aggression, and emotionally expressive language,
making automated text classification (TC) an es-
sential tool for content moderation, information ver-
ification, and social media analysis. In recent
years, several studies have addressed Bengali
TC tasks individually, including sentiment analy-
sis (Bhowmick and Jana, 2021), fake news de-
tection (Farhad et al., 2024), emotion classifica-
tion (Das et al., 2023), and aggressive text detec-
tion (Rosni et al., 2024). These works have con-
tributed valuable task-specific datasets and model-
ing approaches. However, most existing research
focuses on single-task settings, where models are
trained independently for each classification objec-
tive. In contrast, multitask learning (MTL)—which
enables a unified model to learn shared represen-
tations across multiple related tasks—remains rel-
atively underexplored in Bengali NLP. Although
multi-task text classification has witnessed signif-
icant advancements in high-resource languages
such as English and Chinese, progress in low-
resource languages—including Bengali—remains

limited (Afroz et al.). The development of robust
Bengali classification systems is hindered by the
scarcity of standardized annotated corpora, limited
domain-diverse datasets, insufficient pre-trained
embeddings, and comparatively underdeveloped
NLP infrastructure. These challenges are further
compounded in multitask settings, where a single
model must generalize across heterogeneous do-
mains with varying linguistic and semantic com-
plexities.

Recent advances in Large Language Models
(LLMs) have transformed NLP by enabling deep
contextual understanding, cross-lingual trans-
fer, and strong zero-shot and few-shot perfor-
mance. LLMs have demonstrated impressive re-
sults across various classification tasks and lan-
guages (Ding et al., 2023; Wang et al., 2025).
Their multilingual pretraining suggests potential
applicability to low-resource languages. Despite
this promise, the effectiveness of LLMs for struc-
tured multitask text classification in Bengali re-
mains largely unexplored. In particular, there
is limited empirical evidence comparing different
adaptation strategies—such as in-context learn-
ing and parameter-efficient fine-tuning—for Ben-
gali classification tasks. Although modern LLMs
are multilingual, their pretraining corpora are dis-
proportionately dominated by high-resource lan-
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guages. This imbalance often leads to subopti-
mal performance in low-resource contexts, where
linguistic structures, morphology, cultural expres-
sions, and script characteristics differ significantly
from those of dominant languages. Understand-
ing how different LLM architectures and adapta-
tion techniques perform under these constraints is
therefore essential for advancing multilingual NLP
research.

In this work, we systematically investigate the
use of LLMs for multitask Bengali text classifica-
tion across multiple domains. By evaluating differ-
ent adaptation paradigms and analyzing their task-
specific behavior, we aim to provide empirical in-
sights into the capabilities and limitations of LLMs
in low-resource multilingual settings. The key find-
ings of this work can be summarized as follows:

• The results demonstrate that Chain-of-
Thought (CoT) prompting does not consis-
tently enhance performance in Bengali text
classification and, in several cases, leads
to measurable degradation. This finding
underscores the instability of prompt-based
adaptation strategies in low-resource settings
where pretraining exposure to the target
language is limited.

• Reasoning-optimized large language models,
such as DeepSeek-R1, exhibit significant per-
formance deterioration across multiple tasks.
This reveals a critical limitation of scaling
reasoning capacity without sufficient linguis-
tic grounding, particularly in low-resource lan-
guage contexts.

• Among the evaluated models, Gemma-3-4B
achieves the most stable and consistent per-
formance across diverse tasks under both in-
context learning and parameter-efficient fine-
tuning. Its balanced cross-task generalization
highlights its suitability as a backbone model
for multitask Bengali text classification.

2. Related Work

There has been significant progress on TC tasks in
high-resource languages (HRLs) using LLMs. In
contrast, low-resource languages (LRLs) like Ben-
gali have seen much less improvement.

2.1. Text Classification in HRLs
There are numerous ways of text classification us-
ing ML, DL, transformers, and LLMs. Most re-
search on LLMs has focused on high-resource lan-
guages, such as English. Alex et al., 2021 pro-
posed a few-shot text classification benchmark us-
ing GPT-3. They evaluated 11 tasks across 11

datasets in English. Schick and Schütze, 2022
also performed 11 tasks, as before, and used the
same dataset for each task. They used Pattern-
Exploiting Training (PET), which performed nearly
as well as non-expert humans in 7 out of 11 tasks.
Their model outperformed that of Alex et al., 2021
on several tasks. However, they could not improve
the accuracy of some tasks, which appeared to be
very low. Loukas et al., 2023 used context learn-
ing with GPT-3.5 and GPT-4 for classifying text
of Banking77 datasets. This dataset comprises
77 classes and 13083 samples. Their approach
outperformed fine-tuned, non-generative models
even with fewer samples. They got an F1 score of
0.83. Wang et al., 2024 proposed a simplified ap-
proach for classifying text with LLMs (GPT-4, GPT-
3.5, Gemini-pro, Llama-3-8b, etc) using zero and
few-shot prompting. They demonstrated that zero-
shot prompting is a more convenient approach for
text classification than traditional methods (ML, DL,
and Transformer models). Although several TC
methods in HRLs have demonstrated promising re-
sults, these models cannot be used for resource-
constrained languages (e.g., Bengali) due to insuf-
ficient domain-specific training data, linguistic di-
versity, fine-tuned embeddings, and classification
methods.

2.2. Text Classification in LRLs

In addition to HRLs, there has been extensive
research on LRLs such as Telugu, Marathi, and
Tamil. Marreddy et al., 2022 proposed MT-Text
GCN, which combines graph autoencoder-based
graph reconstruction and multi-task text classifica-
tion in Telugu. They achieved F1 scores of 0.84
(Sentiment), 0.55 (Emotion), 0.83 (Hate Speech),
and 0.66 (Sarcasm). Zhang et al., 2021 also pro-
posed a multi-task learning framework for sen-
timent analysis on various datasets, combining
hard parameter sharing, a BERT-based shared en-
coder, and a task recognition mechanism. Their
approach achieved an F1 score of 0.91. Kapil and
Ekbal, 2025 proposed a novel multi-task learning
framework for detecting hateful memes. They in-
tegrated three pre-trained models: CLIP, BERT,
and UNITER, as their work involves both text and
images. On the MultiOFF and MAMI datasets,
they achieved F1 scores of 0.79 and 0.84, respec-
tively. A recent study (Singh et al., 2024) proposed
a multimodal zero-shot multi-task learning frame-
work that uses cross-attention to identify intent and
emotion. Their model achieved an increase in F1
score of 0.06 for intent detection and 0.04 for emo-
tion detection compared to other approaches.
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2.2.1. Text Classification in Bengali

In contrast to the other languages, TC research
leveraging LLMs in Bengali is currently at a rudi-
mentary stage. A limited number of studies also
utilized LLMs for TC tasks. For example, Kabir
et al., 2023 conducted multiple TC tasks such
as question answering, paraphrasing, summariza-
tion, and text classification using LLMs (GPT-3.5,
Claude-2, LLaMA-2). All the LLMs performed
poorly with an F1 score of 0.49 (Claude-2), 0.48
(GPT-3.5), and 0.29 (LLaMA-2). Hasan et al.,
2023 explored LLMs with zero and few-shot tech-
niques for Bengali sentiment analysis. The perfor-
mance of GPT-4 was inferior in their study. The
F1 score of GPT-4 in various settings was 0.60
(0-shot), 0.60 (3-shot), and 0.61 (5-shot). A re-
cent work (Nazi et al., 2025) explored various
LLMs across four TC tasks, including text classi-
fication, sentiment analysis, summarization, and
question answering. Their results demonstrated
that the closed-source GPT-4o model, utilizing
few-shot learning and chain-of-thought prompting,
achieved the highest performance across multiple
tasks. Few studies also focused on TC in various
domains using ML and DL techniques, such as
sports news classification (Barua et al., 2021), sus-
picious text classification (Sharif et al., 2020), and
authorship classification (Hossain et al., 2021b).
In recent days, transformer-based approaches
have gained much attention in various Bengali
TC research, including emotion classification (Das
et al., 2023; Hider et al., 2024), sentiment analy-
sis (Ahsan et al., 2023), technical text classifica-
tion (Aodhora and Hoque, 2024), fake news clas-
sification (Akther et al., 2025), authorship attribu-
tion (Hossain et al., 2025), and aggressive text
classification (Sharif and Hoque, 2022). Past re-
search has shown that Bengali TC models strug-
gle to comprehend new tasks that are not widely
recognized.

Most past studies in Bengali have focused on a
single task or domain, lacking a unified evaluation
benchmark for multiple TC tasks or domains. To
address this gap, this study explores five distinct
Bengali text classification tasks using LLMs.

3. Datasets

The proposed method is evaluated on five Ben-
gali tasks: Sentiment Analysis (SA), Aggressive
Text Detection (ATD), Fake News Detection (FND),
News Headline Categorization (NHC), and Textual
Emotion Analysis (TEA). Each task utilizes its re-
spective dataset from available sources, includ-
ing SA (Hossain et al., 2021a), ATD (Sharif et al.,
2022), FND (Hossain et al., 2020), NHC (Hossain,
2023), and TEA (Das et al., 2023). For in-context
learning, the evaluation dataset is used directly

without modification. However, for PEFT (Ding
et al., 2023), changes were made by manually
adding task-specific instructions (prompts) to help
the model identify the task being addressed. Addi-
tionally, to reduce output ambiguity, a class label
name and a corresponding number were added
to each output. Table 1 presents a summary of
all datasets used in this study. This study encom-
passes 6,026 Bengali text samples across five dis-
tinct classification tasks for evaluation.

For instruction tuning, we add task-specific sam-
ples to create a comprehensive training set. Each
sample includes detailed task instructions, specific
prediction guidance, and class names with cor-
responding labels for clarity and accuracy. Ta-
ble 2 provides a summary of the instruction tun-
ing dataset composition. The instruction tuning
dataset is a significant expansion over the evalua-
tion datasets, comprising 32,561 samples. To cre-
ate an instruction dataset, we first inject a prompt
before each sample in each task. The prompt
provides an instruction to determine the accurate
class of the task.

Table 3 provides an overview of the Alpaca-style
instructions dataset for the tasks. The alpaca-style
dataset guides the model to produce outputs in the
desired format for Bengali classification tasks. In
contrast, untuned LLMs often generate extraneous
text. By training on this dataset, the model is con-
strained to provide concise, relevant responses tai-
lored to the target classification task. Figure 1 illus-
trates the distribution of classes among all tasks
in instruction tuning and evaluation datasets. It
shows that the distributions are nearly identical
across the two sets. Among all tasks, NHC has the
most data (15,000) across six classes, whereas
SA has the least (1,010) across two classes. In
NHC, 35.9% of the samples belong to the Inter-
national category, while only 1.9% of the samples
belong to the IT category in the instruction tuning
datasets.

4. System Overview

This study explores both in-context learning and
PEFT techniques to perform the multiple down-
stream tasks. Figure 2 provides an overview of
the overall system.

4.1. Models
We have explored eight LLMs to evaluate five Ben-
gali text classification tasks. Each model varies
according to their internal settings. We have uti-
lized Llama-3.2 3B (Grattafiori et al., 2024), Mistral-
7B (?), Qwen-2.5 (Yang et al., 2025), Phi-3 (Ab-
din et al., 2024), Deepseek-7B (Bi et al., 2024),
Gemma-3 (Team et al., 2025) and DeepSeek-R1
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Task Data LR TS TW Classes Class Labels
SA (Hossain et al., 2021a) 434 1-562 456 10,909 2 Positive, Negative
ATD (Sharif et al., 2022) 1,416 3-595 1897 31189 2 Aggressive, Non-

Aggressive
FND (Hossain et al., 2020) 2,551 390-3,761 54,508 6,67,351 2 Fake, Authentic
NHC (Hossain, 2023) 1,000 2-9 1000 5932 6 Politics, Sports, Na-

tional, Entertainment,
International, IT

TEA (Das et al., 2023) 625 4-97 832 14,508 6 Joy, Sadness, Fear, Dis-
gust, Anger, Surprise

Total 6,026 - 58,693 729,889 - -

Table 1: Overview of Bengali text classification evaluation datasets. Here, LR refers to the range of
minimum and maximum lengths of each sample, while Ts and Tw denote the total number of sentences
and total number of words.

Task Samples TS TW

SA 1,010 999 25,443
ATD 10,000 13,491 2,11,096
FND 2,551 1,26,004 1554914
NHC 15,000 15,000 88,512
TEA 4,000 6543 1,14,674
Total 32,561 162,037 1,994,639

Table 2: Instruction tuning dataset statistics for tun-
ing LLMs.

(Guo et al., 2025). For model implementation, we
used 4-bit quantized models and QLoRA to tune in-
structions under limited GPU resources efficiently.
Larger closed-source models like DeepSeek-R1
was accessed via their APIs. All other models,
ranging from 3 billion to 7 billion parameters, were
accessed and executed locally within the Kaggle
environment.

4.2. In-Context Learning (ICL)

For ICL, we used different prompting techniques
like zero-shot, one-shot, and CoT across five Ben-
gali text classification tasks.

Appendix A illustrates the prompts used in this
study.

• Zero-shot Prompt: The model is given only
the task description without any examples.

• One-shot Prompt: The model is provided
with a single example of the task along with
its answer.

• Chain-of-Thought (CoT) Prompt: The
model is first given the task context, and then
guided to reason through the problem step by
step, rather than producing a direct answer.

Instruction Input Output
Find the sentiment
of the following Ben-
gali sentence.

এই িসেনমাটা
অসাধারণ িছল।
(This movie
was amazing.)

Positive

Detect whether the
following Bengali
sentence is aggres-
sive or not.

তুই একটা
অকােজর গাধা!
(You’re a use-
less donkey!)

Aggressive

Classify whether the
following Bengali
news is fake or real.

পৰ্ধানমন্তৰ্ী বেলেছন
েয আগামীকাল
৫০০০ টাকা কের
েদওয়া হেব।
(The Prime
Minister said
that 5,000 taka
will be given
to each person
tomorrow.)

Fake

Categorize the topic
of the following Ben-
gali news headline.

তােদর িমিটং-
িমিছেলর জনয্
েদশ সব্াধীন করা
হয়িন: হািনফ।
(The country
was not liber-
ated for their
meetings and
rallies: Hanif.)

Politics

Detect the emotion
expressed in the fol-
lowing Bengali sen-
tence.

আজ আমার খুব
কষ্ট হেচ্ছ। (I’m
feeling very
sad today.)

Sad

Table 3: Sample instructions, inputs, and outputs
for each task.

4.3. Parameter Efficient Fine-tuning
(PEFT)

In this approach, we have utilized different
adapters for each task. We have trained five sepa-
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(a) SA (b) ATD

(c) FND (d) TEA

(e) NHC

Figure 1: Class-wise distribution of data among all
tasks in train and test set.
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Figure 2: Schematic Diagram of LLM Evaluation
for Bengali TC Tasks

rate QLoRA (Dettmers et al., 2023) adapters, one
for each of the five tasks, using the SA, ADT, FND,
NHC, and TEA datasets. Formally, for a trans-
former layer weight matrix W ∈ Rd×k, the adapted

weight W ′ is computed as:

W ′ = W +∆W, ∆W = AB⊤ (1)

where A ∈ Rd×r and B ∈ Rk×r are trainable low-
rank matrices with rank r ≪ min(d, k). In our im-
plementation, we set r = 16, which provides a
balance between parameter efficiency and expres-
sive capacity.

Following the LoRA formulation, the low-rank up-
date is scaled as:

∆W =
α

r
AB⊤ (2)

where α is a scaling factor. We set α = 32 to
ensure a stable update magnitude while preserv-
ing the benefits of low-rank adaptation. To im-
prove memory efficiency, we adopt 4-bit quanti-
zation for the base model weights, following the
QLoRA framework. This allows training large lan-
guage models under limited hardware constraints
by storing backbone weights in low-precision while
maintaining adapter parameters in high-precision.
We set the dropout rate to 0 based on empirical tun-
ing, as preliminary experiments showed that addi-
tional dropout did not improve performance. Dur-
ing inference, the base model remains fixed, and
the appropriate task-specific adapter is dynami-
cally loaded.

After generating an output, the LLM may include
unnecessary text, which is removed during post-
processing using regular expressions. Also, if the
responses were found in the wrong format after
post-processing, then they were treated as wrong
answers.

4.4. Experimental Setup
This study was conducted using Python 3.10.12,
PyTorch 2, and Unsloth to implement large lan-
guage models (LLMs). Experiments were run on
Kaggle using an NVIDIA Tesla P100 GPU, which
requires 29 GB of RAM, 16 GB of VRAM, and
73.1 GB of storage. Unsloth was used for PEFT
with QLoRA, while DeepSeek-70B APIs were em-
ployed. We evaluated performance using three
prompting strategies and the metrics: precision
(Pr), recall (Re), F1-score (F1), and accuracy
(Acc).

5. Results and Analysis

Table 4 demonstrates the evaluation results of
eight LLMs across five tasks.

How do the models behave in different ICL set-
tings? Across zero-shot, one-shot, and chain-
of-thought (CoT) prompting settings, no single
model consistently outperforms others across all
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Task Model Zero-shot One-shot CoT

Pr Re F-1 Acc Pr Re F-1 Acc Pr Re F-1 Acc

SA

Llama 0.93 0.92 0.93 0.94 0.97 0.95 0.96 0.97 0.97 0.95 0.94 0.94
Gemma 0.93 0.84 0.88 0.89 0.91 0.89 0.90 0.88 0.87 0.89 0.88 0.86
Mistral 0.70 0.68 0.69 0.71 0.65 0.67 0.66 0.64 0.64 0.67 0.66 0.68
Qwen 0.96 0.94 0.95 0.95 0.97 0.95 0.96 0.94 0.97 0.95 0.96 0.94
Phi 0.71 0.73 0.72 0.70 0.64 0.67 0.66 0.68 0.65 0.67 0.66 0.64
Dseek7B 0.81 0.79 0.80 0.83 0.84 0.82 0.83 0.85 0.84 0.82 0.83 0.85
DseekR1 0.88 0.90 0.89 0.87 0.89 0.91 0.90 0.88 0.89 0.91 0.90 0.88

ATD

Llama 0.81 0.83 0.82 0.84 0.72 0.61 0.54 0.59 0.71 0.69 0.70 0.72
Gemma 0.81 0.79 0.80 0.82 0.78 0.76 0.77 0.79 0.77 0.75 0.76 0.78
Mistral 0.60 0.63 0.62 0.61 0.62 0.58 0.54 0.57 0.60 0.62 0.61 0.59
Qwen 0.70 0.68 0.69 0.71 0.66 0.64 0.65 0.67 0.71 0.69 0.70 0.72
Phi 0.50 0.52 0.51 0.49 0.51 0.49 0.50 0.52 0.50 0.48 0.49 0.51
Dseek7B 0.58 0.60 0.59 0.57 0.58 0.56 0.57 0.59 0.45 0.43 0.44 0.46
DseekR1 0.80 0.78 0.77 0.77 0.63 0.61 0.62 0.64 0.43 0.41 0.42 0.44

FND

Llama 0.62 0.70 0.63 0.73 0.61 0.69 0.48 0.51 0.77 0.75 0.76 0.78
Gemma 0.87 0.89 0.88 0.86 0.85 0.83 0.84 0.86 0.79 0.77 0.78 0.80
Mistral 0.60 0.54 0.49 0.58 0.50 0.48 0.49 0.51 0.49 0.47 0.48 0.50
Qwen 0.70 0.68 0.69 0.71 0.64 0.62 0.63 0.65 0.74 0.72 0.73 0.75
Phi 0.56 0.54 0.55 0.57 0.43 0.41 0.42 0.44 0.64 0.62 0.63 0.65
Dseek7B 0.45 0.43 0.44 0.46 0.45 0.43 0.44 0.46 0.42 0.40 0.41 0.43
DseekR1 0.92 0.93 0.87 0.83 0.67 0.65 0.66 0.68 0.69 0.67 0.68 0.70

TEA

Llama 0.61 0.42 0.32 0.33 0.63 0.58 0.52 0.53 0.48 0.47 0.45 0.46
Gemma 0.57 0.56 0.55 0.64 0.66 0.63 0.57 0.59 0.56 0.54 0.49 0.50
Mistral 0.51 0.31 0.25 0.29 0.55 0.39 0.29 0.36 0.34 0.30 0.24 0.30
Qwen 0.51 0.45 0.42 0.44 0.46 0.44 0.37 0.39 0.51 0.51 0.47 0.48
Phi 0.47 0.40 0.37 0.39 0.30 0.25 0.24 0.25 0.30 0.28 0.24 0.31
Dseek7B 0.30 0.28 0.23 0.29 0.32 0.30 0.27 0.29 0.35 0.34 0.32 0.25
DseekR1 0.48 0.47 0.45 0.46 0.44 0.42 0.41 0.47 0.38 0.37 0.36 0.40

NHC

Llama 0.57 0.55 0.56 0.58 0.34 0.32 0.33 0.35 0.53 0.51 0.52 0.54
Gemma 0.71 0.76 0.71 0.71 0.69 0.67 0.68 0.70 0.72 0.70 0.71 0.73
Mistral 0.14 0.12 0.13 0.15 0.37 0.35 0.36 0.38 0.29 0.27 0.28 0.30
Qwen 0.23 0.21 0.22 0.24 0.43 0.41 0.42 0.44 0.43 0.41 0.42 0.44
Phi 0.67 0.65 0.66 0.67 0.21 0.19 0.20 0.22 0.18 0.16 0.17 0.26
Dseek7B 0.22 0.20 0.21 0.23 0.21 0.19 0.20 0.22 0.45 0.43 0.44 0.46
DseekR1 0.65 0.63 0.64 0.66 0.67 0.65 0.66 0.68 0.68 0.66 0.67 0.69

Table 4: Performance comparison of models across five tasks for zero-shot, one-shot, and chain-of-
thought (CoT) prompting.

five tasks. This variability underscores the hetero-
geneous linguistic and semantic demands of mul-
titask Bengali text classification, in which different
tasks require distinct types of knowledge and rea-
soning.

Qwen demonstrates the strongest and most
stable performance in Sentiment Analysis (SA),
achieving F1 scores of 0.95–0.96 across all
prompting strategies. The relative insensitivity to
prompting variations suggests that sentiment clas-
sification primarily relies on coarse-grained polar-
ity cues that transfer effectively across languages.
This indicates that Qwen’s multilingual pretrain-
ing likely provides sufficient semantic grounding
for polarity detection without requiring task-specific
adaptation. In contrast, Gemma achieves su-
perior performance on more structurally and se-
mantically complex tasks, including Fake News
Detection (FND), News Headline Categorization
(NHC), and Text Emotion Analysis (TEA). These
tasks demand contextual reasoning, pragmatic
interpretation, and fine-grained label discrimina-
tion. Gemma’s comparatively strong instruction-
following alignment appears better suited to han-
dling multi-class classification scenarios that re-

quire nuanced semantic differentiation. Llama ex-
hibits competitive zero-shot performance on Ag-
gressive Text Detection (ATD). This observation
further supports the notion that task complexity
and cultural specificity significantly influence the ef-
fectiveness of cross-lingual transfer.

Collectively, these results indicate that model
performance in Bengali multitask classification is
highly task-dependent and closely tied to the in-
teraction between pretraining distribution, instruc-
tion alignment, and the linguistic characteristics of
each classification objective.
Does CoT help in these low-resource tasks?
Chain-of-thought prompting does not consistently
improve performance and frequently degrades it.
Although CoT is theoretically beneficial for tasks
requiring structured reasoning (Wei et al., 2022),
its effectiveness depends on the availability of re-
liable internal knowledge representations. In Ben-
gali, where pretraining exposure is comparatively
limited, CoT often produces fluent but semantically
unreliable reasoning chains. For example, models
optimized for reasoning exhibit significant degrada-
tion under CoT on certain tasks. Instead of correct-
ing errors, the additional reasoning steps amplify
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uncertainty. These findings suggest that CoT re-
quires sufficiently rich language-specific priors to
be effective. In low-resource contexts, it may in-
crease the risk of hallucinations by encouraging
overconfident yet weakly grounded intermediate
reasoning steps (Ahmed et al., 2025).
How do the models perform after PEFT? Ta-
ble 5 reports the performance of instruction-tuned
models fine-tuned with QLoRA (PEFT), and the
improvements over the best ICL baselines are
consistent and often substantial. The most dra-
matic gains are observed on the tasks that proved
hardest under ICL. For TEA, the best ICL F1
(Gemma, zero-shot) was 0.55; after PEFT fine-
tuning, Gemma-3-4B achieves an F1 of 0.74 — a
gain of 19 percentage points. Similarly, for NHC,
the best ICL F1 score was 0.71 (Gemma, zero-
shot), whereas PEFT raises it to 0.83. These re-
sults confirm that for culturally embedded tasks
such as emotion analysis and news categorization
in Bengali, task-specific adaptation to in-domain
data is far more effective than any prompting strat-
egy. For ATD, PEFT enables Mistral-7B to reach
an F1 of 0.93, compared to a best ICL F1 of 0.82.
On FND, Gemma-3-4B achieves an F1 of 0.97 —
more than 9 points above its own best ICL perfor-
mance. Across all five tasks, Gemma-3-4B con-
sistently ranks among the top-performing PEFT
models, achieving the highest F1 on SA (0.97),
FND (0.97), TEA (0.74), and NHC (0.83). Mistral-
7B leads only on ATD (F1: 0.93) but exhibits a
catastrophic failure on FND after fine-tuning (F1:
0.06), suggesting a label prediction collapse that
warrants further investigation. The consistency of
PEFT gains across models and tasks supports the
conclusion that QLoRA fine-tuning efficiently sur-
faces latent multilingual capacity that prompting
alone cannot elicit. By adapting the model’s lower-
rank projection matrices to Bengali-specific lexical
and morphological distributions, fine-tuning allows
even relatively compact models (3B–7B parame-
ters) to substantially close the gap with larger sys-
tems evaluated in zero-shot settings.
Which task is most challenging for the mod-
els? Across both ICL and PEFT settings, a clear
difficulty ordering emerges among the five tasks.
SA is the least challenging, with top PEFT mod-
els achieving an F1 score above 0.97, whereas
TEA remains the hardest, achieving a maximum
F1 of 0.74 even after fine-tuning. This ordering
reflects the varying degree to which task-relevant
knowledge can be transferred from high-resource
pretraining distributions. Sentiment polarity is a
relatively universal semantic property; emotion,
hate, and argumentation in Bengali, by contrast,
are deeply tied to cultural register, code-switching
practices, and community-specific linguistic con-
ventions that multilingual LLMs are unlikely to have

internalized from pretraining data alone.
Which model emerges as the most effective
backbone for multitask Bengali text classifi-
cation across tasks? Among the evaluated
models, Gemma-3-4B emerges as the most suit-
able backbone for multitask Bengali text classifi-
cation, demonstrating the most consistent cross-
task performance under both in-context learning
and parameter-efficient fine-tuning.
Why does DeepSeek-R1 perform poorly de-
spite being a larger model? Despite being
among the larger models evaluated, R1 underper-
forms relative to its scale on several tasks. In par-
ticular, its CoT performance is consistently inferior
to its own zero-shot performance — most dramati-
cally on ATD, where CoT reduces its F1 from 0.77
to 0.42. This behavior is a direct consequence of
R1’s training objective, which optimizes for system-
atic chain-of-thought reasoning. When applied to
Bengali classification tasks, this inductive bias is
counterproductive: the model is compelled to rea-
son through a language and domain it has limited
knowledge of, producing confident but incorrect
reasoning chains. This finding highlights an im-
portant limitation of reasoning-optimized LLMs in
low-resource languages.

Task Model Pr Re F1 Acc

SA

Llama-3.2-4B 0.83 0.85 0.84 0.85
Gemma-3-4B 0.96 0.97 0.97 0.97
Mistral-7B-it 0.89 0.92 0.90 0.91
Qwen-2.5-8B-it 0.94 0.94 0.94 0.94
Phi-3 0.84 0.85 0.84 0.86

ATD

Llama-3.2-4B 0.89 0.89 0.89 0.89
Gemma-3-4B 0.91 0.91 0.91 0.91
Mistral-7B-it 0.93 0.93 0.93 0.93
Qwen-2.5-8B-it 0.89 0.89 0.89 0.89
Phi-3 0.91 0.91 0.91 0.91

FND

Llama-3.2-4B 0.89 0.89 0.89 0.89
Gemma-3-4B 0.97 0.97 0.97 0.97
Mistral-7B-it 0.67 0.16 0.06 0.16
Qwen-2.5-8B-it 0.83 0.84 0.83 0.85
Phi-3 0.93 0.73 0.81 0.73

TEA

Llama-3.2-4B 0.63 0.61 0.62 0.63
Gemma-3-4B 0.74 0.74 0.74 0.74
Mistral-7B-it 0.73 0.70 0.69 0.70
Qwen-2.5-8B-it 0.67 0.67 0.67 0.67
Phi-3 0.65 0.66 0.65 0.66

NHC

Llama-3.2-4B 0.76 0.77 0.76 0.77
Gemma-3-4B 0.83 0.83 0.83 0.83
Mistral-7B-it 0.81 0.81 0.81 0.81
Qwen-2.5-8B-it 0.77 0.77 0.77 0.77
Phi-3 0.27 0.40 0.30 0.40

Table 5: Performance comparison of different
instruction-tuned models across five tasks.
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5.1. Ablation Study
We conducted an ablation study on LoRA rank,
LoRA α, and LoRA dropout for PEFT. Due to the
high computational cost of training Gemma-3 4B
Instruct, these experiments were limited to the ATD
dataset only. Multiple combinations of LoRA rank,
α, and dropout were evaluated, as summarized in
Table 6.

Based on the ablation results, Set-8 from Ta-
ble 6 was selected as the final configuration to
develop the best-performing Gemma-3 4B model.
Three key factors guided this decision. First, Set-
8 achieved comparable or slightly better validation
performance than higher-rank configurations (e.g.,
rank-32) and exhibited more stable generalization
across validation splits. Second, it required signif-
icantly fewer computational resources than higher
ranks (32, 64), including reduced GPU memory us-
age and faster training times, making it more prac-
tical for large-scale fine-tuning. Finally, increasing
the LoRA rank beyond this setting did not yield con-
sistent performance gains, indicating diminishing
returns relative to the added computational cost.
Therefore, Set-8 was chosen as the optimal trade-
off between performance, generalization, and effi-
ciency, and it was used for all subsequent experi-
ments and analyses with all other models.

Set LoRA r LoRA α Dropout Pr Acc F1
1 32 64 0 0.92 0.91 0.91
2 8 8 0 0.91 0.90 0.90
3 8 32 0.03 0.89 0.88 0.89
4 16 128 0 0.91 0.91 0.91
5 8 8 0 0.87 0.84 0.84
6 16 64 0 0.91 0.91 0.91
7 32 32 0 0.91 0.91 0.91
8 16 32 0 0.91 0.91 0.91
9 16 16 0.01 0.91 0.90 0.90
10 64 64 0.05 0.91 0.87 0.87

Table 6: Ablation Study on LoRA Hyperparame-
ters (r, α, Dropout) in ATD

5.2. Error Analysis
As shown in the previous section, the instruction-
tuned Gemma-3 4B model exhibits the best overall
performance for Bengali text classification.

5.2.1. Quantitative Error Analysis

Figure 3 presents the confusion matrices of the
proposed Gemma-3 4B model for five tasks.

For the SA task, the model achieved 138 true
negatives (TN) and 281 true positives (TP), in-
dicating strong performance. For the ATD task,
it recorded 693 TN and 694 TP; for the FND
task, it reached 367 TN and 2118 TP. These re-
sults demonstrate excellent performance across
all three binary classification tasks. However, per-
formance declined on the EC and NHC tasks with

(a) SA (b) ATD

(c) FND (d) TEA

(e) NHC

Figure 3: Confusion matrices of all five tasks for
the proposed model.

six classes, which made them more complex. In
these tasks, the Gemma-3 4B model exhibited a
noticeable decline in true positives and true nega-
tives compared with its binary classification perfor-
mance, highlighting its limitations in making fine-
grained multiclass distinctions.

5.2.2. Qualitative Error Analysis

Table 7 presents examples of both correctly and
incorrectly classified predictions across the five
tasks.

These predictions are generated by the Gemma-
3 4B instruction-tuned version. In the first three
samples, the model correctly identifies the class,
demonstrating its effectiveness in clear, less-
ambiguous cases. However, in the last two ex-
amples, the model fails to predict the correct label.
The fourth sample, taken from the news headline
categorization task, contains an inherently ambigu-
ous headline that could reasonably belong to mul-
tiple categories. This ambiguity likely contributed
to the model’s misclassification. In the final exam-
ple, from the emotion analysis task, the distinction
between the predicted and actual class is subtle—
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Text Samples Actual Predicted
একটা পৰ্কাশনা িকভােব এমন একটা
বই পৰ্কাশ কের। (How does
a publisher publish such a
book.)

Negative Negative

হাইের মানুষ িনেজ ৈতির কের
অ◌াবার িনেজ পূজা কের। (Oh hu-
man! You create it yourself,
and then worship it yourself.)

Aggressive Aggressive

ইসলামী মিতেবদকখতনা কেরও
েরহাই েপেলন না িবিশষ্ঠ কিব,
েহিকমী িচিকতসক ও নও মুসলমান
ফরহাদ মজহার লুংিগ। (Even
after adopting Islamic ide-
ology and circumcision, the
distinguished poet, Hakimi
physician, and new Muslim
Farhad Mazhar did not escape
criticism.)

Fake Fake

তােদর িমিটং-িমিছেলর জনয্ েদশ
সব্াধীন করা হয়িন: হািনফ। (The
country wasn't liberated for
their rallies and protests:
Hanif.)

Politics National

িরয়ােদর িনেজর উপরই রাগ উেঠ
িক দরকার িছল ঘােব্ড় েদওয়ার সতয্
কথাটুকু বেলই হেতা। (Riyad got
angry at himself — what was
the need to scare them? He
could've just told the truth.)

Anger Disgust

Table 7: Some correctly and incorrectly classified
samples by Gemma-3-4B.

even for humans. The text’s emotional tone is
nuanced, making it especially challenging for the
model to interpret accurately. This highlights a
common difficulty in fine-grained emotion classi-
fication: overlapping emotional cues can lead to
confusion.

6. Conclusion

This paper presents a comprehensive evaluation
of several LLMs, focusing on their instruction-
tuned versions. Gemma-3 4B consistently out-
performed other large language models, includ-
ing Llama, Mistral, Qwen, and Phi, across most
tasks, despite its relatively small size. Notably,
the instruction-tuned Mistral-7B-it model achieved
the best results in aggressive text detection. This
study also compared prompting techniques, find-
ing that instruction tuning generally improves per-
formance, and that zero-shot prompting often
yields better results than one-shot or chain-of-
thought methods. Future work will focus on fur-
ther extending evaluations to a broader range
of domains and investigating more advanced
instruction-tuning strategies. Additionally, the lat-
est models, such as GPT-5 and Gemini-2.5 Flash,
can be evaluated to assess their effectiveness in
handling these tasks under in-context learning set-

tings.

Limitations

Although the proposed method demonstrates sat-
isfactory performance across various text classifi-
cation tasks, several significant limitations remain
unaddressed.

• The instruction-tuned Gemma-3 4B model
achieves high accuracy on binary classifica-
tion tasks; however, its performance declines
on complex multiclass classification tasks.

• The model was adapted using Quantized Low-
Rank Adaptation (QLoRA) rather than full fine-
tuning, which may have potentially restricted
task alignment and overall classification accu-
racy.

• Prompting strategies, including zero-shot,
one-shot, and chain-of-thought approaches,
yield inconsistent results across different
tasks and model architectures.

• Several instruction-tuned models lack explicit
training on Bengali-language data, which lim-
its their ability to capture Bengali-specific lin-
guistic features.

• This study relies on monolingual Bengali
datasets and excludes Bangla-English code-
mixed data, which is common in real-world us-
age.

• The research scope is restricted to classifica-
tion tasks and does not investigate additional
natural language processing (NLP) tasks, in-
cluding text generation, summarization, or
question answering.
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A. Prompt Examples

In this task, we have explored three types of
prompting. Tables 8, 9, and 10 illustrate all types of
prompt templates used in this research. In Table 9,
one-shot samples are provided. However, in this
Table, we show only an example for one class. But
while experimenting, we provided one example for
each class.

Task Prompt
SA Please classify the sentiment of this review. The answer

should be either 1 (positive) or 0 (negative), based on
the sentiment expressed.
# Review: <review>

ATD Please classify whether this Bengali sentence is Aggres-
sive or non-aggressive. The answer should be either 1
(Aggressive) or 0 (Non-Aggressive), based on the sen-
tence.
# Sentence: <sentence>

FND Please determine whether this Bengali news is genuine
or not. The answer should be either 1 (Fake) or 0 (Au-
thentic), based on the news.
# News: <news>

NHC Classify the following news headline into one of
the predefined categories. Use the correspond-
ing label number: politics: 0, sports: 1,
international: 2, entertainment: 3,
national: 4, IT: 5.
# Headline: <headline>
# Answer: [num]

TEA Classify the emotion expressed in the following Bengali
text into one of the predefined categories. Use the cor-
responding label number: 0: Joy, 1: Sadness, 2:
Surprise, 3: Disgust, 4: Anger, 5: Fear.
# Sentence: <sentence>
# Answer: [label]

Table 8: Prompt templates for zero-shot prompt
across all the tasks

Task Prompt
SA Please classify the sentiment of this review. The answer

should be either 1 (positive) or 0 (negative).
Example: # Review: এই িসেনমািট দারুণ েলেগেছ # Answer:
1
Now classify: # Review: <review>

ATD Please classify whether this Bengali sentence is Aggres-
sive or Non-Aggressive. The answer should be either 1
(Aggressive) or 0 (Non-Aggressive).
Example: # Sentence: আিম েতামােক েমের েফলেবা # Answer:
1
Now classify: # Sentence: <sentence>

FND Please classify whether this Bengali news is Fake or Au-
thentic. The answer should be either 1 (Fake) or 0 (Au-
thentic).
Example: # News: আগামীকাল চাঁেদ ফুটবল েখলা হেব # An-
swer: 1
Now classify: # News: <news>

NHC Classify the following news headline into one of
the predefined categories. Use the correspond-
ing label number: politics: 0, sports: 1,
international: 2, entertainment: 3,
national: 4, IT: 5.
Example: # Headline: বাংলােদশ িকৰ্েকট দল িজেতেছ # An-
swer: 1
Now classify: # Headline: <headline>

TEA Classify the emotion expressed in the following Bengali
text into one of the predefined categories. Use the cor-
responding label number: 0: Joy, 1: Sadness, 2:
Surprise, 3: Disgust, 4: Anger, 5: Fear.
Example: # Sentence: আিম আজ খুব খুিশ # Answer: 0
Now classify: # Sentence: <sentence>

Table 9: Prompt templates for one-shot prompt
across all the tasks
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Task Prompt
SA Task: Classify the sentiment of the following Bangla re-

view as 1 (positive) or 0 (negative).
Steps: 1. Analyze Content: Break the review into
phrases or sentences. 2. Identify Sentiment Indica-
tors: Look for positive (e.g., “অসাধারণ'') or negative (e.g.,
``খারাপ'') words/phrases. 3. Evaluate Context: Consider
how words are used, including sarcasm or mixed senti-
ment. 4. Determine Tone: Assess the overall tone based
on key phrases. 5. Classify: Assign 1 for positive and 0
for negative.
Now classify: # Review: <review>

ATD Task: Classify whether the following Bangla sentence is
Aggressive (1) or Non-Aggressive (0).
Steps: 1. Analyze Content: Break the sentence into
meaningful parts. 2. Identify Aggression Indicators:
Look for threatening or harmful expressions (e.g., “েমের
েফলেবা''). 3. Evaluate Intensity: Check the severity of the
words used and their target. 4. Determine Tone: Assess
whether the tone is hostile or neutral. 5. Classify: Assign
1 for Aggressive and 0 for Non-Aggressive.
Now classify: # Sentence: <sentence>

FND Task: Classify whether the following Bangla news is
Fake (1) or Authentic (0).
Steps: 1. Analyze Content: Break the news statement
into key claims. 2. Check Plausibility: Identify whether
the claim sounds realistic or exaggerated. 3. Identify
Unrealistic Elements: Look for impossible or illogical
events (e.g., “চাঁেদ ফুটবল েখলা হেব''). 4. Evaluate Source-
Like Tone: Assess if the sentence resembles factual re-
porting or satire. 5. Classify: Assign 1 for Fake and 0 for
Authentic.
Now classify: # News: <news>

NHC Task: Classify the following Bangla news head-
line into one of the predefined categories:
politics: 0, sports: 1, international:
2, entertainment: 3, national: 4, IT: 5.
Steps: 1. Analyze Content: Break the headline into
key subjects and actions. 2. Identify Keywords: Detect
topic-related words (e.g., “িকৰ্েকট'' � sports, ``সরকার'' �
politics). 3. Match with Categories: Compare keywords
with the predefined category list. 4. Resolve Ambiguity:
If multiple categories fit, select the most dominant one.
5. Classify: Assign the corresponding label number.
Now classify: # Headline: <headline>

TEA Task: Classify the emotion expressed in the fol-
lowing Bangla text into one of the predefined cate-
gories: 0: Joy, 1: Sadness, 2: Surprise, 3:
Disgust, 4: Anger, 5: Fear.
Steps: 1. Analyze Content: Break the sentence into
emotion-bearing parts. 2. Identify Emotion Indicators:
Look for explicit words or expressions (e.g., “খুিশ'' � Joy,
``রাগ'' � Anger). 3. Evaluate Context: Consider implied
emotions or indirect expressions. 4. Determine Dominant
Emotion: Choose the strongest emotion if multiple exist.
5. Classify: Assign the corresponding label number.
Now classify: # Sentence: <sentence>

Table 10: Prompt templates for zero-shot CoT
across all tasks with reasoning steps
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