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Abstract

Despite significant progress in large language
models (LLMs), their knowledge and eval-
uation continue to be centered around high-
resource languages, leaving critical gaps in
low-resource settings. This raises questions
about how effectively LLMs handle subjects
that require locally relevant knowledge. To ad-
dress this challenge, we need a robust dataset
that reflects the knowledge of underrepresented
regions such as Bangladesh. In this paper,
we present SOMAJGYAAN, a Bangla multiple-
choice dataset consisting of 4,234 questions, an-
notated across five levels of difficulty. The ques-
tions are drawn from Bangladesh’s National
Curriculum and Global Studies textbooks, cov-
ering a wide range of domains including His-
tory, Geography, Economics, Social Studies,
Politics and Law, and Miscellaneous topics.
Difficulty levels were assigned by four expert
annotators to minimize annotation bias. The
experiments reveal that closed-source LLMs
perform better than open-source LLMs. While
fine-tuning open-source models on SOMAJ-
GYAAN improves their performance, they still
fall short of matching closed-source LLMs.
Our findings highlight the importance of cul-
turally grounded evaluation datasets and task-
specific adaptation to improve LLM perfor-
mance in low-resource language settings. Our
dataset is available at https://github.com/
farihanjum/SOMAJGYAAN.

1 Introduction

LLMs have demonstrated remarkable abilities in
language understanding, generation, and reason-
ing, achieving state-of-the-art performance across
a wide range of natural language processing (NLP)
tasks. Their widespread adoption spans applica-
tions from information retrieval to decision sup-
port systems, positioning them as critical inter-
mediaries in the global dissemination of knowl-
edge. However, as these models increasingly shape

how information is accessed and interpreted, con-
cerns have surfaced regarding their ability to eq-
uitably represent cultural and regional knowledge,
particularly for communities underrepresented in
their training data. Previous research (Yao et al.,
2024) has shown that LLMs exhibit cultural and
geographic biases, often underperforming on tasks
involving low-resource languages. LLMs exhibit
biases against locations with lower socioeconomic
conditions, such as most of Africa, on subjec-
tive topics like attractiveness and morality, with
Spearman’s ρ up to 0.70 (Manvi et al., 2024). As
language and culture are deeply intertwined, the
marginalization of regional knowledge in LLMs
can lead to misinformation, stereotyping, and loss
of cultural nuance (Shafayat et al., 2024b), particu-
larly for communities like Bangladesh.

Advances in multilingual NLP have allowed
LLM accessibility for non-English contexts, yet
significant gaps persist in South Asian language
coverage and region-specific knowledge modeling.
Many of these advancements primarily cater to
global contexts but often overlook the uniqueness
of local cultures. This has resulted in a significant
gap in the evaluation of LLM capabilities in low-
resource and culturally distinct settings (Myung
et al., 2024; Etxaniz et al., 2024).

Despite Bangladesh’s significant cultural, histori-
cal, and geopolitical relevance, its representation in
large-scale datasets commonly used to train LLMs
is minimal. Even though roughly 173 million
people speak Bangla, Bangladeshi content consti-
tutes around 0.1 percent of Common Crawl accord-
ing to the "Statistics of Common Crawl Monthly
Archives" (Crawl, 2025). This data scarcity cre-
ates a knowledge lacuna, leaving unanswered crit-
ical questions about LLMs’ capacity to handle
Bangladeshi history, legal systems, geography, and
sociocultural practices. As a result, there is little
empirical understanding of how these models per-
form when providing accurate, nuanced, and con-
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Figure 1: SOMAJGYAAN Dataset Overview

textually relevant information about Bangladesh
(Poli et al., 2024). To assess how LLMs perform
on local topics from an underrepresented culture,
we introduce SOMAJGYAAN, a multiple-choice
question-answering dataset with 4234 samples di-
vided into single-hop and multi-hop questions. The
question spans a wide range of subjects related to
Bangladesh’s history, geography, economics, legal
systems, social systems, and other miscellaneous
areas.

A broader comparison with open-source and pro-
prietary models reveals a performance gap, with
leading multilingual models such as DeepSeek-R1-
Distill-14B and Phi 4. Meanwhile, top-performing
closed-source models such as Gemini 2.0 Flash
(0.73), GPT-4o (0.69), and Claude 3.7 (0.64) con-
tinue to outperform open models, particularly in
knowledge-intensive domains such as Law and Eco-
nomics. Notably, smaller architectures like Phi 4
achieve a competitive 0.52, challenging the notion
that larger models always perform better. Our ex-
periment demonstrated that Fine-tuning with Low-
Rank Adaptation (LoRA) (Ge, 2024) further en-
hances the performance of the open-source perfor-
mance but still lags behind the closed-source LLMs.
Our contribution can be summarized as follows:

• We release SOMAJGYAAN, a novel multiple-
choice question-answering dataset designed
to evaluate the knowledge of LLMs about

Bangladesh across seven categories. The
dataset contains single-hop and multi-hop
questions, comprising 4,234 samples span-
ning five difficulty levels. To the best of
our knowledge, we are the first to propose
a Bangla Cultural and History-based dataset.

• We analyze the performance of SOTA open-
and closed-source LLMs on our dataset
through both prompting and fine-tuning
through an extensive benchmarking.

2 Related Work

Research in NLP primarily focuses on the En-
glish language due to extensive resource avail-
ability, often resulting in multilingual datasets ini-
tially created or translated from English, such as
MLQA (Lewis et al., 2020) and XNLI (Conneau
et al., 2018). This translation-based approach
introduces biases and frequently overlooks cul-
tural nuances, especially in morphologically di-
verse languages (Anik et al., 2025). To address
the scarcity of reliable resources for languages
like Bangla, several manually curated datasets
have been developed. These include BanglaRQA
(Ekram et al., 2022), BenQA (Shafayat et al.,
2024a), and BanglaQUAD (Rony et al., 2024),
which provide extensive question-answer pairs
across various categories. Additionally, NOIR-
BETTIK (Aurpa et al., 2025) specifically targets



reading comprehension tasks with multiple-choice
questions sourced from authentic Bangla texts, en-
hancing both NLP research and educational appli-
cations. Further efforts have led to the development
of multilingual benchmarks that assess the knowl-
edge and reasoning capabilities of LLMs. Promi-
nent examples include CommonsenseQA (Talmor
et al., 2019), CosmosQA (Huang et al., 2019), and
X-COPA (Ponti et al., 2020), which particularly
support Indic languages through human translation.
Studies such as BertaQA (Etxaniz et al., 2024; Sen-
gupta et al., 2024) also evaluate LLM generaliza-
tion abilities in low-resource QA contexts.

Dataset Domains Type Difficulty

BanglaRQA STEM Extractive QA ✗
BenQA STEM Open-domain QA ✗
BanglaQUAD STEM Open-domain QA ✗
Noirbettik STEM MCQ (Single Answer) ✗

SOMAJGYAAN Non-STEM MCQ (Single & Multi-hop) ✓(5 levels)

Table 1: Comparison of existing Bangla QA datasets
with SOMAJGYAAN .

It is worth noting that the aforementioned
datasets primarily emphasize STEM-related tasks,
whereas our work focuses on non-STEM domains
to assess the pretrained knowledge of LLMs in
Bangla. Despite these advances, LLMs still strug-
gle with language-specific challenges, particularly
idiomatic expressions and culturally nuanced con-
tent in low-resource languages such as Bangla.
This limitation is primarily due to the English-
centric nature of training datasets, as demonstrated
by (Khoshtab et al., 2025) and (Liu et al., 2024).
Consequently, current multilingual models often
default to Western cultural norms, lacking depth in
local cultural understanding unless explicitly fine-
tuned (Hasan et al., 2025; Sadhu et al., 2025; Sul-
tana et al., 2025). However, targeted fine-tuning on
culturally specific datasets significantly improves
performance, as shown by TigerLLM (Raihan and
Zampieri, 2025) and CultureLLM (LI et al., 2024).

3 SOMAJGYAAN : Dataset Creation

In this section, we discuss details about our dataset
collection and annotation process. The whole
pipeline is depicted in Figure 2.

Data Collection. Our dataset is primarily sourced
from Bangladesh and Global Studies books of the
National Curriculum and Panjeree guide books
for classes VI to X. These books are the standard
source of information about Bangladesh, ranging
in multiple categories. As the books were available

in a PDF version and lacked any structured ver-
sion of the questions, we created the dataset from
scratch. Prior to data collection, formal permis-
sion was obtained from the relevant authorities to
use these materials. In this dataset, we aimed to
develop a comprehensive multiple-choice question-
answering dataset that covers an extensive range of
essential subjects about Bangladesh. These include
history, geography, politics, economics, social stud-
ies, law, and miscellaneous subjects. The dataset
contains factual and causal-type questions about
Bangladesh. Furthermore, we added both single-
hop and multi-hop questions to increase the diffi-
culty and depth of the dataset. In the final dataset,
we got 4234 samples containing seven categories
and classified across five levels of difficulty.

Dataset Filtering. We primarily filtered out in-
valid or inconsistent Bangla sentences. During pre-
processing, we discarded any questions or answer
choices that were incomplete, grammatically incor-
rect, or linguistically inconsistent. The dataset was
further cleaned by removing code-mixed sentences
containing non-Bangla words, which were identi-
fied using regular expressions. Additionally, we
excluded any questions that required interpreting
external content, such as tables, charts, or images,
since our focus was on text-based multiple-choice
question answering.

Data Annotation. The source data was originally
available in PDF format, comprising the National
Curriculum and Textbook Board (NCTB) books
and supplementary guidebooks. Due to the low-
resource language status of Bangla, existing tools
for extracting Bangla text from PDFs lack the ac-
curacy and precision necessary for high-quality
dataset creation. Consequently, we developed the
dataset from the ground up. We employed two
expert typist undergraduate students from the De-
partment of Linguistics, who were fluent in both
reading and writing Bangla. They were also adept
at tools such as Microsoft Excel and collabora-
tive platforms like Google Sheets. A detailed set
of guidelines (Appendix B) was provided to en-
sure consistency. The PDF versions of the books
included multiple-choice questions at the end of
each chapter, each with answer options and cor-
rect answers. The typists manually extracted and
transcribed these questions to create the dataset.
They formatted the content into CSV files, placing
each question, its options, and the correct answer



Figure 2: SOMAJGYAAN : Dataset creation pipeline

in separate columns. This process was completed
within a one-month timeframe. Throughout this
period, any ambiguities or issues encountered were
resolved immediately to prevent workflow disrup-
tions. Given the potential unfamiliarity of the typ-
ists with specialized software, we did not provide
any annotation tools. Each typist received fair com-
pensation for their contributions at a rate of 2TK
BDT per question. After the annotation process,
we applied a normalization step. Only clean and
consistent Bangla texts were retained in the final
dataset for training and evaluation purposes.

Data Verification and Correction. The dataset
was verified using the Avro Keyboard and Bangla
Spell Checker1 to ensure accurate spelling and the
use of valid Bangla words. In addition, a manual
review was conducted to ensure that each multi-
hop question was contextually consistent with its
corresponding passage. To further improve quality,
duplicate entries were removed to eliminate redun-
dancy, and question-answer pairs were carefully
examined for logical consistency and correctness.

Difficulty Level Annotation. We hired four an-
notators to label the difficulty level of the data.
They were graduate students from the Department
of Linguistics and the Department of Computer
Science and Engineering. All annotators were na-
tive Bangla speakers with experience in reading,
writing, and understanding Bangla content. Each
annotator received the dataset along with a detailed
annotation guideline (Appendix C) to help main-
tain consistency. Every data sample was annotated
independently by four annotators using a difficulty
scale from 1 to 5. If any confusion or disagreement
came up during the process, it was quickly resolved
by the domain expert to ensure consistency and
quality. The annotators received fair compensation
for their work at a rate of 0.5 TK BDT per question.

Inter-annotators’ agreement. As mentioned ear-
lier, for the difficulty score, each data sample was
annotated by four annotators to ensure consistency
and capture a shared perspective. To validate the
data and assess the quality of the annotations, we

1https://www.omicronlab.com/avro-keyboard.html

Category Kappa(κ) Score

History 0.70
Economics 0.62
Geography 0.86
Politics 0.68
Social 0.72
Law 0.64
Misc 0.78

Avg 0.71

Table 2: Inter-Annotator Agreement Score

calculated the inter-annotator agreement score. We
used Fleiss’s Kappa score (Fleiss, 1971) as our
measure of inter-annotator agreement. The agree-
ment scores for each label in the categories are
reported in Table 2. From the table, we observed
that no agreement score was below 0.62. Accord-
ing to (Islam et al., 2021; Fleiss, 1971), an inter-
annotator agreement score of 0.62 or higher, an
average agreement score of 0.71, when considering
four annotators, indicates strong agreement across
the dataset.

4 Data Analysis

In Table 3, we present a statistical summary of SO-
MAJGYAAN. The dataset contains 4234 samples,
spanning over 12k unique options. We split the
dataset into a training and test dataset with a ratio
of 85:15. To ensure balanced representation across
categories, we applied category-wise group K-fold
techniques for dataset splitting.

Figure 1 shows the category-wise distribution
of samples, with History, Economics, and Geogra-
phy comprising the majority. Figure 12a presents
the average lengths of questions, answers, and op-
tions for each category. From this, it is evident
that questions related to the Law category tend to
be longer, while Geography-related questions are
generally shorter compared to other categories. Ta-
ble 3 illustrates the distribution of difficulty scores.
Most samples fall within the 1-3 difficulty range.
Interestingly, questions with a difficulty score of
1 are fewer than those with difficulty scores of 2
or 3 in most cases. Samples with higher difficulty
scores are less common, as there is a correlation



General Statistics

Samples 4234
Questions 4234
Unique Options 12640

Splits

Train 3600
Test 634

Difficulty Level

Level 1 554
Level 2 2592
Level 3 369
Level 4 686
Level 5 33

WH-words 5
Categories/Types 7

Q&A Statistics Q A

Mean word count 19.25 2.15
Max word count 83 10
Min word count 6 1

Table 3: Dataset statistics of SOMAJGYAAN Dataset.

between multi-hop questions and higher difficulty
levels. Typically, multi-hop questions are assigned
higher difficulty scores.

Figure 12b displays the category-wise count of
multi-hop and normal questions, with the Law
category having the fewest multi-hop questions.
Lastly, Figure 13 shows the distribution of WH-
word-based questions, indicating the count of sam-
ples in each category relative to WH-words.

5 Experiment Setup

In this study, we design two types of experiments:
i) LLM Prompting, which includes zero-shot, few-
shot, and CoT prompting, and ii) LoRA Fine-
tuning

5.1 LLM Prompting
Prior research on Bangla and multilingual settings
(Haider et al., 2025; Fahim et al., 2024; Ahmed
et al., 2024) reports that LLM performance varies
with prompting strategies. Building on these in-
sights, we explore multiple prompt variations in
our dataset to examine their impact on model be-
havior. In the prompting setting, we evaluate a
selection of open-source models along with two
closed-source models. The open-source models
can be categorized into two main types: i) Monolin-
gual (English-centric) and ii) Multilingual models.
For the monolingual open-source models, we con-
sider Vicuna-7B (Chiang et al., 2023) RWKV6-7B
(Peng et al., 2024). We also consider TituLLMs

(Nahin et al., 2025), which is trained on a huge
Bangla corpus. For the multilingual open-source
models, we evaluate Llama3.1-8B (Grattafiori et al.,
2024) , Qwen2.5-7B(Yang et al., 2024) , Mistral-
7B(Jiang, 2024) , DeepSeek-R1-Distill-Qwen-14B
(Guo et al., 2025) , Phi-4 (Abdin et al., 2024) .
In addition to the open-source models, we also
consider the proprietary Gemini-2.0-Flash (Team
et al., 2023), Claude 3.7 Sonnet, Grok, GPT-4o,
and GPT-4o-mini models (Hurst et al., 2024). For
the GPT family, we specifically chose GPT-4o-mini
due to its cost-effectiveness compared to other ver-
sions. For prompting, we mainly consider the zero-
shot prompting. To investigate the effect of differ-
ent prompt techniques, we also consider Few-shot
prompting and Chain-of-Thought (CoT). The de-
tails about those prompting techniques are detailed
in Appendix D.

5.2 LoRA Fine-Tuning
Wwe aim to explore the performance of LLMs
after fine-tuning with context. We apply Low-
Rank Adaptation (LoRA) (Hu et al., 2021) to fine-
tuning. Instead of directly modifying all the pre-
trained parameters, LoRA utilizes a low-rank ma-
trix. This matrix requires significantly fewer pa-
rameters to represent the task-specific adaptations.
If W represents the frozen parameters of the pre-
trained model, LoRA introduces a low-rank up-
date ∆W = A × BT , where A (d × r) and B
(r × d) are trainable matrices with a much smaller
rank r compared to d. These matrices capture
task-specific adjustments with fewer parameters.
The updated weights W ′ are the sum of the orig-
inal weights W and the fine-tuned update ∆W :
W ′ = W +∆W = W +ABT

Why do we consider LoRA Finetuning? Our
proposed SOMAJGYAAN dataset leverages the con-
text and memorization capabilities of LLMs. One
might question why we consider LoRA fine-tuning.
Firstly, we aim to investigate the performance im-
provements that fine-tuning can bring. Addition-
ally, LoRA fine-tuning avoids the issues of catas-
trophic forgetting while incorporating the neces-
sary downstream knowledge, all while preserving
the original model’s knowledge. In our dataset, an-
swering questions from certain categories requires
establishing relationships between the questions
and their options, which is why we explore LoRA
fine-tuning. However, we found that to achieve bet-
ter performance with LLMs, having contextual un-
derstanding is more crucial than relying on dataset-



Models Categories Difficulty Levels

Hist Eco Geo Poli Social Law Misc Avg L1 L2 L3 L4 L5

Zero Shot Prompt

Bangla LLM
TituLLM-1B 0.15 0.16 0.13 0.16 0.12 0.36 0.12 0.17 0.20 0.18 0.19 0.16 0.14
TituLLM-3B 0.21 0.21 0.25 0.19 0.22 0.21 0.24 0.22 0.20 0.24 0.26 0.23 0.19

Open LLM [Monolingual]
Vicuna 7B 0.23 0.34 0.25 0.31 0.30 0.46 0.21 0.30 0.34 0.31 0.28 0.29 0.26
RWKV6-7B 0.21 0.26 0.17 0.28 0.16 0.32 0.42 0.26 0.28 0.30 0.24 0.28 0.23

Open LLM [Multilingual]
Llama-3.1-8B 0.42 0.52 0.38 0.53 0.38 0.43 0.48 0.43 0.49 0.38 0.44 0.46 0.35
Qwen2.5-7B 0.45 0.48 0.32 0.57 0.38 0.46 0.67 0.47 0.46 0.46 0.44 0.52 0.49
Mistral-7B 0.30 0.33 0.31 0.30 0.24 0.25 0.27 0.29 0.27 0.28 0.35 0.29 0.28
DeepSeek-R1-14B 0.51 0.61 0.47 0.62 0.54 0.61 0.59 0.56 0.62 0.60 0.54 0.56 0.47
Phi 4 0.41 0.53 0.42 0.60 0.52 0.61 0.58 0.52 0.48 0.53 0.49 0.49 0.59

Close LLM
Gemini2.0 Flash 0.59 0.75 0.72 0.78 0.73 0.82 0.74 0.73 0.79 0.76 0.71 0.72 0.65
Claude 3.7 0.48 0.70 0.48 0.67 0.73 0.77 0.62 0.64 0.68 0.64 0.65 0.62 0.61
Grok 0.58 0.66 0.61 0.65 0.70 0.76 0.68 0.66 0.70 0.62 0.66 0.61 0.71
GPT-4o-mini 0.51 0.66 0.50 0.53 0.59 0.61 0.71 0.59 0.64 0.59 0.61 0.58 0.51
GPT-4o 0.63 0.73 0.67 0.64 0.72 0.76 0.67 0.69 0.73 0.65 0.69 0.70 0.66

LoRA Fine Tuning Result

TituLLM-1B 0.29 0.26 0.31 0.33 0.42 0.29 0.21 0.30 0.40 0.34 0.25 0.28 0.22
TituLLM-3B 0.38 0.33 0.31 0.42 0.44 0.18 0.39 0.35 0.46 0.35 0.37 0.29 0.26
Llama-3.1-8B 0.45 0.57 0.34 0.59 0.32 0.46 0.58 0.47 0.43 0.43 0.43 0.40 0.59
Qwen2.5-7B 0.45 0.51 0.33 0.62 0.38 0.61 0.55 0.49 0.51 0.52 0.47 0.49 0.43
Mistral-7B 0.32 0.33 0.23 0.34 0.26 0.39 0.27 0.31 0.38 0.31 0.27 0.32 0.25
DeepSeek-R1-14B 0.45 0.46 0.44 0.50 0.36 0.54 0.61 0.48 0.52 0.52 0.41 0.42 0.54
Phi 4 0.49 0.57 0.44 0.69 0.52 0.57 0.64 0.56 0.62 0.56 0.51 0.59 0.53

Table 4: The model benchmarking on the test split of the SOMAJGYAAN dataset is reported in terms of accuracy
percentage. Here, Hist, Eco, Geo, and Polit stand for History, Economics, Geography, and Politics, respectively.

specific patterns.
The LoRA configuration is set with α and r =

64, a dropout rate of 0.05, a learning rate of 2e−4,
and a batch size of 32. We train all the models for
1 epoch. LLaMA-Factory (Zheng et al., 2024) is
used for LoRA fine-tuning. To ensure reproducibil-
ity, greedy decoding, with the temperature set to 0
without any sampling mechanism, is used during
evaluation.

6 Result Analysis

Bangla Open Source LLMs. TituLLM is a contin-
ually pretrained version of the meta-llama/Llama-
3.2 architecture with extended about 42K Bangla
tokens, fine-tuned on extensive Bangla datasets.
TituLLM-1B achieves its best performance in the
Law dataset with an accuracy of 0.36, but strug-
gles in other domains, resulting in a lower over-
all average accuracy of 0.17. On the other hand,
TituLLM-3B generally outperforms TituLLM-1B
across most categories, yielding a higher average
accuracy. However, in the Law dataset specifically,
zero-shot prompting results show that TituLLM-1B
performs better than TituLLM-3B.

Open Source LLMs. Open-source LLMs are cru-
cial for democratizing AI and enabling transpar-
ent, customizable solutions for underrepresented
languages like Bangla. Despite these advantages,
our benchmarking reveals a persistent performance
gap compared to proprietary models. Among
open models, DeepSeek-R1-Distill-14B achieves
the highest average accuracy (0.56), followed by
Phi 4 (0.52), yet both lag behind top closed-source
models (see Table 4). Performance tends to be
stronger in relatively well-represented domains
such as Politics and Economics, while Law and
Social categories remain more challenging. Again,
open models show higher accuracy on difficulty
Level 1 and Level 2 questions but drop on higher
levels, indicating limitations in handling complex,
multi-step reasoning.

Closed-source LLMs. Closed-source LLMs main-
tain a clear lead in overall accuracy and robustness,
particularly on knowledge-intensive and culturally
specific categories. Models such as Gemini 2.0
Flash (0.73 avg) and GPT-4o (0.69 avg) set the
benchmark, outperforming all open-source alterna-
tives across all evaluated domains. Their strength is



most pronounced in Law, Politics, and Economics,
where access to richer and more structured training
data likely plays a role. These models also perform
consistently well across difficulty levels, including
Level 4 and Level 5, showing a stronger capacity
for handling complex or context-heavy reasoning
tasks.

Monolingual vs Multilingual LLMs. This ex-
periment highlights the consistent advantage of
multilingual LLMs over monolingual ones when
applied to Bangla cultural and general knowledge
tasks (see Table 4). Top-performing monolingual
models, such as Vicuna 7B (0.30) and RWKV6-7B
(0.26), fall behind their multilingual counterparts
across all evaluated metrics. In contrast, models
like DeepSeek-R1-Distill-14B (0.56), Phi 4 (0.52),
and Qwen2.5-7B (0.47) demonstrate stronger gen-
eralization across diverse knowledge categories.
This trend is particularly visible in high-context
domains like Law and Politics, where multilingual
models exhibit higher category-wise accuracy. Fur-
thermore, they show greater resilience on Level 3
and above questions, suggesting that their broader
training corpus better equips them to handle in-
creased complexity and depth of reasoning.

Does Larger Model Size Do Better? Increas-
ing model size generally correlates with better per-
formance. For example, DeepSeek-R1-Distill-14B
(0.56 avg) outperforms Mistral-7B (0.29 avg), and
GPT-4o (0.69 avg) surpasses smaller closed models.
However, smaller well-trained multilingual mod-
els like Phi 4 (0.52 avg) can achieve competitive
accuracy. Larger models excel in complex areas
like Law and Politics, where deeper factual recall is
necessary, and they show greater stability at higher
difficulty levels (L4–L5). In contrast, smaller mod-
els often experience significant performance drops
in these categories.

Effects of Different Prompting Techniques. This
experiment compares zero-shot, few-shot, and
Chain-of-Thought (CoT) prompting for three mod-
els: Gemini 2.0 Flash, Grok, and GPT-4o on the
SOMAJGYAAN dataset (Table 5). On average, CoT
prompting provides the highest accuracy for Grok
and matches zero-shot for Gemini Flash, while few-
shot slightly underperforms across all models. It
shows that Gemini Flash remains the most con-
sistent and highest-performing model regardless
of prompting strategy, achieving up to 0.73 accu-
racy. CoT improves performance in Law and Misc

categories but shows inconsistent gains in History
and Social, and it provides moderate benefits on
mid-range difficulty levels (L3–L4) without major
improvements at the easier or harder ends.

LoRA Finetuning Result. LoRA fine-tuning
proves to be an effective strategy for improv-
ing LLM performance, particularly in resource-
constrained settings. Fine-tuned models consis-
tently outperform their base versions, with improve-
ments ranging from 5–10% in accuracy across dif-
ferent categories. The most significant improve-
ments are observed in History, Geography, and
Social categories, where nuanced, context-heavy
questions require refined knowledge representa-
tions. Notably, TituLLM-3B sees substantial perfor-
mance gains post-fine-tuning, indicating the effec-
tiveness of LoRA in enhancing knowledge recall
for low-resource languages. However, fine-tuning
does not fully bridge the gap between open and
closed models, particularly in categories requiring
extensive factual recall like Law and Politics. This
suggests that while LoRA enhances performance,
the underlying pretraining data remains a key de-
terminant of LLM capabilities.

LoRA fine-tuning also improves the handling of
multihop questions, which require reasoning across
multiple knowledge points. Baseline models often
struggle with multihop QA due to their reliance on
surface-level pattern matching rather than deeper
contextual reasoning. After fine-tuning, models
show noticeable improvements in answering such
questions, particularly in History and Geography,
where linking multiple facts is essential. How-
ever, performance in complex multihop legal and
policy-related questions remains relatively low, sug-
gesting that additional specialized fine-tuning or
retrieval-augmented generation techniques might
be required. Despite these limitations, the observed
improvements reinforce LoRA’s effectiveness in
refining an LLM’s ability to engage with structured
reasoning tasks.

Multihop vs Normal QA. We compare model per-
formance on multihop and normal QA tasks across
seven categories (Figure 3). On average, normal
QA yields slightly better performance for most
models; however, certain models like GPT-4o and
Qwen2.5-7B show competitive or even better re-
sults in multihop settings. Interestingly, models
tend to perform better on multihop questions in
categories such as Economics and Misc, while Law



Models Categories Difficulty Levels

Hist Eco Geo Poli Social Law Misc Avg L1 L2 L3 L4 L5

Zero Shot Prompt

Gemini2.0 Flash 0.59 0.75 0.72 0.78 0.73 0.82 0.74 0.73 0.79 0.76 0.71 0.72 0.65
Grok 0.58 0.66 0.61 0.65 0.70 0.76 0.68 0.66 0.70 0.62 0.66 0.61 0.71
GPT-4o 0.63 0.73 0.67 0.64 0.72 0.76 0.67 0.69 0.73 0.65 0.69 0.70 0.66

Few Shot Prompt

Gemini2.0 Flash 0.58 0.73 0.74 0.76 0.71 0.80 0.75 0.72 0.81 0.75 0.71 0.72 0.59
Grok 0.55 0.62 0.57 0.66 0.72 0.71 0.70 0.65 0.71 0.57 0.63 0.68 0.68
GPT-4o 0.65 0.67 0.66 0.64 0.73 0.74 0.69 0.68 0.74 0.63 0.70 0.68 0.66

Chain of Thought Prompt

Gemini2.0 Flash 0.57 0.74 0.72 0.75 0.68 0.86 0.76 0.73 0.78 0.76 0.74 0.72 0.63
Grok 0.55 0.67 0.58 0.64 0.66 0.73 0.74 0.65 0.72 0.63 0.62 0.67 0.62
GPT-4o 0.62 0.71 0.72 0.64 0.67 0.79 0.65 0.68 0.69 0.63 0.71 0.71 0.67

Table 5: The effect of different prompt techniques on the test split of the SOMAJGYAAN dataset is reported in terms
of accuracy percentage. We consider Gemini, Grok, and GPT-4o for this experimentation. Here, Hist, Eco, Geo,
and Polit stand for History, Economics, Geography, and Politics, respectively.

Figure 3: Error Analysis on SOMAJGYAAN Dataset.

remains consistently difficult across both formats.
Among different difficulty levels, multihop QA re-
veals greater performance drops at higher levels
(L4–L5), reflecting the added complexity in rea-
soning. Among open models, DeepSeek-R1-Distill-
14B is most consistent across both QA types, while
GPT-4o performs best overall among closed mod-
els. For fine-tuned models, Phi 4 shows balanced
performance, though gains in multihop QA are less
pronounced. For detailed analysis, refer to Ap-
pendix Table 6

Performance on Question Types. We analyze
model behavior across different WH-word ques-
tion types to understand their strengths and weak-
nesses (Figure 3). Most models perform reliably
on questions beginning with “Whom,” “When,” and
“How,” with Gemini 2.0 Flash, GPT4o, and Phi
4 ft achieving perfect or near-perfect accuracy. In

contrast, “When (date)” and “Where” questions are
more challenging, especially for multilingual open
models like Qwen2.5 7B, which scored zero on
both. While Gemini 2.0 Flash consistently per-
forms best across nearly all WH types, GPT4o also
shows strong generalization across factual (e.g.,
What) and reasoning-based (e.g., Why) forms.

Error Analysis. From the (Figure 14), we observe
three distinct examples. In the first case, all open-
source models interpret the question literally in the
zero-shot scenario, and even after fine-tuning, they
continue to predict the literal meaning, failing to
capture the intended context. In the second exam-
ple, none of the models predict the correct answer
in the zero-shot setting. After fine-tuning, some
models change their responses, but they still fail to
arrive at the correct answer due to a lack of domain
knowledge. In the final example, all models, ex-



Figure 4: Model predictions before and after fine-tuning.
In this example, Llama-3.1-8B correctly answered after
fine-tuning.

cept Deepseek-R1-Distill-14B, predict the correct
answer initially. The Deepseek model does not pro-
vide any prediction in this case. After fine-tuning,
some models that previously answered correctly
begin to produce incorrect responses.

7 Conclusion

We introduce SOMAJGYAAN, a multiple-choice
question-answering dataset designed to evaluate
LLMs on their understanding of Bangla culture,
social knowledge, and adaptability to low-resource
languages. The dataset spans diverse categories
and is meticulously annotated for fairness and
consistency. Experiments reveal that while fine-
tuning LLMs on Bangla data improves their per-
formance, closed-source models still outperform
open-source ones due to limited Bangla knowledge
in pre-training corpora. This underscores the need
for more high-quality datasets and better adaptation
techniques for low-resource languages.

Limitations

The findings from this study reveal several key lim-
itations. First, open-source Bangla models, such
as TituLLM-1B and TituLLM-3B, continue to lag
behind larger multilingual and proprietary models
in terms of overall accuracy, especially in com-
plex domains like Law and Social Studies. While

fine-tuning helps in improving responses for sim-
pler questions, it has a limited impact on higher-
difficulty, multi-step reasoning tasks. In some
cases, like DeepSeek-R1-Distill-14B, fine-tuning
even leads to a decline in performance, suggesting
potential overfitting or loss of general reasoning ca-
pability. Furthermore, models consistently struggle
in categories that require richer domain knowledge,
indicating gaps in training data coverage.
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A Category Wise Examples of Questions
and Answers from Dataset

The whole dataset is divided into 7 categories: His-
tory, Geography, Politics, Economics, Social,
Law, and Miscellaneous. Each of these categories
contains multiple-choice questions (MCQs) cover-
ing factual and reasoning-based knowledge about
Bangladesh. All the 7 categories of QA are also
divided into two parts: Normal QA and Multihop
QA.

• Normal QA consists of a question with four
options, where only one of the four options is
correct. These questions primarily test direct
factual knowledge and basic understanding of
the subject matter.

• Multihop QA is structured differently to eval-
uate the model’s ability to perform multi-step
reasoning. Each multihop question consists
of a question and three options, where any
one option can be correct, any two options can
be correct, or all three options can be correct.

The Normal QA and Multihop QA examples
are organized by category and displayed side by
side below for easy comparison.
History. This category focuses on historical events,
figures, dates, and terminology, particularly re-
lated to Bangladesh (e.g., Liberation War, Mughal
Empire) and global history (e.g., World Wars, an-
cient civilizations). Includes questions on battles,
treaties, and cultural milestones. Figure 5 shows a
side-by-side comparison of History-related Normal
QA and Multihop QA.
Economics. This category contains questions
related to economic principles, systems, and
Bangladesh’s economy. Topics include GDP, in-
flation, banking, agriculture, trade policies, and
developmental challenges like poverty and unem-
ployment. Figure 6 shows an example of Normal
QA and a Multihop QA under the economics cate-
gory.
Geography. This category deals with questions
related to physical and human geography, includ-
ing landforms (rivers, mountains), climate, and re-
gional specifics of Bangladesh (e.g., Sundarbans,
Padma River) and global phenomena (e.g., ocean
currents, tectonic plates). Figure 7 shows examples
under the Geography category.

Politics. This category covers the questions of
centers on governance, political systems, elections,
and government functions in Bangladesh and glob-
ally. This category includes questions on parlia-
mentary procedures, political parties, and interna-
tional relations (e.g., UN, SAARC). One example
of Normal QA and one of Multihop is shown in
Figure 8.
Social. Figure 9 shows examples of this category.
This category addresses questions on societal struc-
tures, cultural practices, family dynamics, and com-
munity issues. Topics include social welfare, gen-
der roles, education, and challenges like child labor
or urbanization effects.
Law. This category includes questions on legal
frameworks, constitutional provisions, judicial pro-
cesses, and rights in Bangladesh. Examples include
the Constitution, election laws, and landmark court
cases. One example of Normal QA and One from
Multihop under this category are shown in Figure
10
Miscellaneous. This category covers diverse gen-
eral knowledge topics that are not tied to specific
categories. Examples include science (e.g., gas
composition, environmental issues), arts (e.g., fa-
mous paintings), and notable personalities. Exam-
ples are shown in Figure 11

B Guidelines for Typists

Document Structure. The dataset should consist
of seven distinct columns, each serving a specific
purpose. The Question column will contain the
multiple-choice question written in Bangla script.
The four subsequent columns, labeled Option A,
Option B, Option C, and Option D, will present
the possible answer choices, also in Bangla. The
Answer column should explicitly indicate the cor-
rect answer by referencing the corresponding op-
tion (e.g., A, B, C, or D). Lastly, the Category col-
umn will classify the question under an appropriate
subject or domain, ensuring clear organization of
information.

Question Formatting. All questions must be
typed in Bangla script with proper spelling and
grammar. It is important to maintain accurate punc-
tuation to ensure clarity. Additionally, non-textual
questions, such as those requiring images, tables,
or charts, should be excluded from the dataset.

Answer Choices Formatting. Each multiple-
choice question should have four answer options,
labeled as Option A, Option B, Option C, and



(a) Normal QA - History Question (b) Multihop QA - History Question

Figure 5: Comparison of Normal QA and Multihop QA for History Questions

(a) Normal QA - Economy Question (b) Multihop QA - Economy Question

Figure 6: Comparison of Normal QA and Multihop QA for Economy Questions

Option D. The options must be consistently for-
matted to ensure clarity and alignment. The correct
answer should be clearly indicated in the Answer
column using its corresponding option label (A, B,
C, or D). Proper spacing between each option is
recommended.

Numerical and Symbolic Representation. All
numerical values should be represented using
Bangla numerals instead of English numerals. Sim-
ilarly, Bangla punctuation marks should be used,
such as the Bangla full stop instead of the English
period.

Spacing and Formatting Consistency. The
dataset should use a consistent font such as So-
laimanLipi, Siyam Rupali, or any Unicode-
supported Bangla font. Uniform font size should
be maintained throughout the document to ensure
visual coherence. Proper spacing must be applied
between questions, options, and answers, promot-
ing clear readability and a professional appearance.

Data Verification and Proofreading. After typ-
ing, all questions, options, and answers should be

cross-checked for spelling, grammar, and format-
ting accuracy. Proofreading is essential to identify
and correct any errors. Additionally, it is important
to confirm that no question or answer is missing.
Ensure that the category information is appropri-
ately assigned.

File Format and Naming Convention. The
completed dataset should be saved in CSV or Excel
format. The file name should follow a clear and
structured format. For instance, a suitable filename
could be Bangla_Question_Dataset_2025.csv,
which specifies the dataset’s content, language, and
creation year.

C Guidelines for Difficulty Level
Annotation

This section provides clear guidelines for annota-
tors to follow when assigning difficulty levels to
sentences. Each level is defined based on the com-
plexity of reasoning and contextual understanding
required to derive the correct answer. Annotators
should carefully evaluate the sentence using these



(a) Normal QA - Geography Question (b) Multihop QA - Geography Question

Figure 7: Comparison of Normal QA and Multihop QA for Geography Questions

(a) Normal QA - Politics Question (b) Multihop QA - Politics Question

Figure 8: Comparison of Normal QA and Multihop QA for Politics Questions

criteria.
Level 1: Factual (Easy)

• Requires a direct fact-based answer.

• No reasoning or contextual understanding is
needed.

• The correct answer is explicitly present in the
sentence.

Level 2: Reasoning-Based (Moderate)

• Requires logical or deductive reasoning.

• Information is known, but the answer is not
immediately obvious.

• Annotators must apply simple reasoning to
reach the answer.

Level 3: Fact + Reasoning (Moderate-High)

• Requires both factual knowledge and reason-
ing.

• Involves combining known facts with logical
thinking.

Level 4: Context-Based Single-Hop (High)

• Requires understanding the context before an-
swering.

• Involves retrieving information using a single
step of reasoning.

• The sentence may reference external informa-
tion, but a direct inference can be made.

Level 5: Context-Based Multi-Hop (Very High)

• Requires understanding multiple pieces of
context and connecting them.

• Involves multiple reasoning steps and deeper
knowledge synthesis.

• The sentence may demand cross-referencing
different facts to find the correct answer.



(a) Normal QA - Social Question (b) Multihop QA - Social Question

Figure 9: Comparison of Normal QA and Multihop QA for Social Questions

(a) Normal QA - Law Question (b) Multihop QA - Law Question

Figure 10: Comparison of Normal QA and Multihop QA for Law Questions

D Experimentation on Different Prompt
Style.

Few-shot Prompting. This prompting technique
involves providing a language model with a limited
number of examples to guide its responses to spe-
cific tasks (Brown et al., 2020). This technique
helps models understand task structure and ex-
pected output, enhancing performance, especially
when extensive labeled data is unavailable (Ma
et al., 2023). In our evaluation, we incorporated
two standard multiple-choice questions (MCQ) and
two multi-hop MCQ into the prompts for the Grok
and GPT-4o models. This approach aimed to assess
the models’ ability to handle complex reasoning
tasks by leveraging the provided examples. (Fahim,
2023)

CoT Prompting. In our evaluation, we also used
Chain-of-Thought (CoT) prompting, a technique
that guides Large Language Models (LLMs) to
generate intermediate reasoning steps (Wei et al.,
2022), thereby enhancing their performance on

complex tasks. This approach has been shown to
improve reasoning abilities in LLMs by encourag-
ing step-by-step thought processes before arriving
at a final answer. To tailor the CoT prompting to
our focus on Bangla culture, history, geography,
law, and social knowledge, we designed a struc-
tured prompt with the following instructions:

• Analyze the question.

• Recall relevant Bangla cultural, historical, ge-
ographical, legal, and social knowledge.

• Eliminate incorrect options.

• Choose the most suitable answer.

This culturally informed CoT prompting aims to
mitigate the inherent biases of LLMs, which of-
ten favor Western perspectives due to their pre-
dominantly English training data. By explicitly
directing the models to consider Bangla-specific
contexts, we enhance their ability to provide accu-
rate and culturally relevant responses (Tao et al.,



(a) Normal QA - Miscellaneous Question (b) Multihop QA - Miscellaneous Question

Figure 11: Comparison of Normal QA and Multihop QA for Miscellaneous Questions
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Figure 12: Data Distribution by Category, Difficulty Level, and Question Type

2024). In practice, GPT-4o and Grok model re-
ceived a multiple-choice question with the above
CoT prompt. This methodology allows us to as-
sess the effectiveness of CoT prompting in eliciting
culturally aware reasoning from LLMs.

E Result Analysis and Findings

E.1 Difficulty vs Performance

Understanding how different models perform
across varying difficulty levels is crucial for as-
sessing their robustness and reliability. Table 4
presents a comparative analysis of multiple lan-
guage models across five levels of difficulty, using
different prompting strategies, including Zero Shot
and LoRA fine-tuning. The evaluation is conducted
with and without additional context to analyze the
effectiveness of contextual information in improv-
ing model performance.

From Table 5, we observe that larger models,
such as Gemini2.0 Flash, GPT-4o, Grok, and
Claude 3.7, tend to exhibit higher performance
across all difficulty levels. Among the zero-shot re-

sults, GPT-4o achieves an average accuracy of 0.69,
making it one of the top-performing models. On
the other hand, smaller models like TituLLM-3B
struggle with consistently lower scores, indicating
the limitations of smaller parameter sizes in han-
dling complex questions.

When comparing performance across different
difficulty levels, we note that model accuracy gen-
erally decreases as difficulty increases. This trend
is expected, as more challenging questions often
require multi-hop reasoning and deeper knowledge
retrieval. For instance, DeepSeek-R1-Distill-14B
performs well in lower difficulty levels but shows
a significant drop in performance at Level 5.

E.2 Multihop vs Normal QA
To evaluate how well different models handle Nor-
mal QA versus Multihop QA, we analyzed their
accuracy across various categories. The results
indicate distinct patterns in performance:
Overall Performance Difference. Most models
exhibit higher accuracy in Normal QA compared
to Multihop, suggesting that they struggle with



multi-step reasoning tasks. This trend is expected,
as reasoning over multiple pieces of information
requires stronger contextual understanding and log-
ical inference capabilities.
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Figure 13: WH terms distribution over Seven Categories

Model-Specific Trends. Some models, such
as GPT-4o and Deepseek-R1-Distill-14B, demon-
strate relatively strong performance in Multihop
QA, indicating better reasoning abilities compared
to smaller models like TituLLM-3B and Mistral-
7B-v0.3.
Category-Wise Observations:

• History and Geography: Performance in these
categories tends to be lower for Multihop,
likely due to the complexity of linking histori-
cal events or geographic relationships.

• Politics and Law: These domains also show
a significant performance gap, reflecting the
challenge of understanding legal frameworks
and political dynamics that require nuanced
reasoning.

• Miscellaneous: This category shows a mixed
performance, with some models perform-
ing better in Multihop than in Normal
QA, possibly due to the presence of pattern-
recognizable questions.

E.3 Multihop vs CoT
The table 7 compares the performance of various
models on multi-hop questions using two prompt-
ing techniques: Zero Shot Prompting and Chain of

Thought (CoT) Prompting, across seven categories
(History, Economics, Geography, Politics, Social
Sciences, Law, and Miscellaneous). Models like
Gemini2.0 Flash and GPT-4o perform well in both
prompting techniques, with GPT-4o achieving the
highest average score in both cases (0.70 for Zero
Shot and 0.72 for CoT). On the other hand, Qwen
2.5 and Llama 3.1 show relatively lower and more
inconsistent performance, particularly in the Zero
Shot setting. Here, GPT-4o performs best overall,
showing slight improvement with CoT, especially
in Law, while Grok declines, suggesting CoT effec-
tiveness depends on the model’s reasoning strength.
Economics is the easiest category, whereas History
and Geography show variability. Stronger mod-
els like GPT-4o benefit from CoT, while weaker
ones (e.g., Grok) may not, highlighting that CoT is
model-dependent.

E.4 Data Analysis
The distribution of WH terms across the seven cat-
egories reveals interesting patterns in the types
of questions asked. WH-terms, such as "what,"
"where," "when," "why," and "how much," are com-
monly used in questions that require specific infor-
mation retrieval or clarification. In some categories,
like History and Geography, WH-terms are more
frequently associated with questions that ask for
factual details or explanations. On the other hand,
categories like Law may feature a different pattern,
with WH-terms being used less often due to the
more complex, interpretative nature of questions
in this domain. The chart in Figure 13 provides a
clear visual representation of how WH terms are
distributed across these categories, highlighting the
differences in question types and their reliance on
such terms.



Models Categories

Hist Eco Geo Poli Social Law Misc Avg

Zero Shot Prompt

Meta-Llama-3.1-8B 0.43/0.38 0.54/0.54 0.50/0.39 0.52/0.57 0.33/0.28 0.29/0.48 0.44/0.61 0.46/0.45
Mistral-7B-v0,.3 0.37/0.33 0.23/0.25 0.35/0.18 0.38/0.36 0.22/0.25 -/0.43 0.33/0.38 0.31/0.29
Qwen2.5-7B 0.47/0.42 0.63/0.50 0.46/0.27 0.52/0.50 0.61/0.31 0.14/0.52 0.89/0.63 0.53/0.45
Deepseek-R1-Distill-14B 0.47/0.53 0.63/0.60 0.56/0.44 0.64/0.61 0.56/0.53 0.43/0.67 0.56/0.61 0.56/0.55
Microsoft-Phi-4 0.44/0.42 0.49/0.57 0.42/0.47 0.52/0.68 0.44/0.44 0.43/0.57 0.89/0.58 0.49/0.51
TituLLM-3B 0.20/0.30 0.26/0.26 0.20/0.29 0.21/0.24 0.35/0.20 0.29/0.22 0.33/0.35 0.24/0.27

Claude 3.7 0.38/0.53 0.85/0.63 0.40/0.51 0.69/0.67 0.78/0.70 0.68/0.79 0.58/0.64 0.62/0.64
Grok 0.52/0.61 0.78/0.62 0.68/0.58 0.62/0.67 0.61/0.76 0.68/0.78 0.77/0.65 0.67/0.67
GPT 4o 0.66/0.61 0.85/0.68 0.72/0.66 0.62/0.65 0.73/0.71 0.59/0.80 0.73/0.65 0.70/0.68
GPT 4o Mini 0.59/0.47 0.78/0.62 0.48/0.51 0.48/0.56 0.51/0.63 0.32/0.68 0.77/0.69 0.56/0.59

LoRA Fine Tuning

Meta-Llama-3.1-8B 0.33/0.39 0.54/0.40 0.35/0.43 0.59/0.54 0.44/0.31 0.43/0.48 0.56/0.42 0.45/0.42
Mistral-7B-v0.3 0.55/0.72 0.66/0.47 0.65/0.56 0.62/0.61 0.44/0.50 0.29/0.52 0.22/0.67 0.56/0.60
Qwen2.5-7B 0.31/0.47 0.49/0.53 0.31/0.34 0.52/0.69 0.50/0.38 0.43/0.62 0.44/0.58 0.41/0.50
Deepseek-R1-Distill-14B 0.49/0.44 0.49/0.49 0.42/0.47 0.38/0.59 0.50/0.28 0.71/0.57 0.67/0.58 0.48/0.48
Microsoft-Phi-4 0.69/0.78 0.77/0.64 0.62/0.55 0.55/0.76 0.45/0.59 0.43/0.76 0.33/0.71 0.62/0.69
TituLLM-3B 0.20/0.39 0.23/0.30 0.38/0.29 0.31/0.37 0.17/0.28 0.43/0.19 0.11/0.33 0.25/0.33

Table 6: MultiHop vs Normal QA Performance Analysis. The cell format is Multihop Result/Normal Result.

Models Categories

Hist Eco Geo Poli Social Law Misc Avg

Zero Shot Prompt

Gemini2.0 Flash 0.50 0.84 0.63 0.76 0.71 0.77 0.71 0.70
Grok 0.52 0.78 0.68 0.62 0.61 0.68 0.77 0.67
Claude 3.7 0.38 0.85 0.40 0.69 0.78 0.68 0.58 0.62
GPT-4o 0.66 0.85 0.72 0.62 0.73 0.59 0.73 0.70
GPT-4o Mini 0.59 0.78 0.48 0.48 0.51 0.32 0.77 0.56
Llama 3.1 0.41 0.51 0.63 0.55 0.44 0.29 0.40 0.46
Phi 4 0.51 0.60 0.52 0.62 0.67 0.57 0.80 0.61
Qwen 2.5 0.49 0.40 0.33 0.31 0.33 0.57 0.60 0.43

Chain of Thought Prompt

Grok 0.52 0.80 0.52 0.59 0.55 0.68 0.75 0.63
GPT-4o 0.66 0.81 0.72 0.62 0.76 0.73 0.77 0.72

Table 7: Performance of different models on multi-hop question based on Zero Shot Prompting and Chain of
Thought Prompting



Figure 14: Illustration of model prediction behaviors across three examples, comparing zero-shot and fine-tuned
outputs. The first example shows models consistently providing literal interpretations despite fine-tuning. The
second highlights the influence of domain knowledge, where fine-tuning leads to varied but still incorrect responses.
The third example demonstrates how fine-tuning can sometimes degrade performance, with certain models losing
previously correct predictions, while one model (Deepseek-R1-Distill-14B) fails to produce any response in the
zero-shot setting.



F Prompting

All the prompts are detailed in this section.
Base Prompt.

Base Prompt Used for Prediction

You are a multilingual AI expert assistant. You will be provided with a question and four
options, which may pertain to topics such as Bangla culture, social life, law, and more. The
question will fall under one of the following categories: History, Economics, Geography,
Politics, Society, Law, or Miscellaneous. The options will be formatted as A, B, C, and D.
Your task is to answer the question by selecting the corresponding letter of the correct option:
A, B, C, or D.
Question: [Insert text-based question here]
Options:
A) [Option A]
B) [Option B]
C) [Option C]
D) [Option D]

Select the correct option from A, B, C, or D

Few-Shot Prompt.

Few Prompt Used for Prediction

You are a multilingual AI expert assistant. You will be provided with a question and four
options, which may pertain to topics such as Bangla culture, social life, law, and more. The
question will fall under one of the following categories: History, Economics, Geography,
Politics, Society, Law, or Miscellaneous. You will be given either multiple-choice questions
or plain questions. You have to answer the question by providing the letter of the option. For
example, if you want to answer the question by selecting option ’A’, you have to provide ’A’
as the answer.
Normal Questions Example:
Example Question 1: [Insert text-based question here]
Options:
A) [Option A]
B) [Option B]
C) [Option C]
D) [Option D]
Answer: C
Multihop Questions Example:
Example Question 2: [Insert text-based question here]
i. [Multihop Options]
ii. [Multihop Options]
iii. [Multihop Options]

Options:
A: i & ii B: i & iii C: ii & iii D: i, ii & iii Answer: D



Chain-of-Thought

Chain of Thought Prompt Used for Prediction

You are a multilingual AI expert assistant. You will be provided with a question and four
options, which may pertain to topics such as Bangla culture, social life, law, and more. The
question will fall under one of the following categories: History, Economics, Geography,
Politics, Society, Law, or Miscellaneous. The options will be formatted as A, B, C, and D.
Your task is to answer the question by selecting the corresponding letter of the correct option:
A, B, C, or D.
Question: [Insert text-based question here]
Options:
A) [Option A]
B) [Option B]
C) [Option C]
D) [Option D]

Think carefully step-by-step before selecting the final answer:
1. Analyze the question.
2. Recall relevant Bangla Cultural, History, Geography, Law, and Social knowledge.
3. Eliminate incorrect options.
4. Choose the most suitable answer.

Answer the following question by providing only the letters of options A, B, C, or D.
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