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Abstract

Generative artificial intelligence and Large
language models (LLMs) are significantly
impacting the AI community. However,
these technologies are still limited to a few
languages which is a great concern. In a
multilingual country like India, where the
majority of the population communicates
in their native languages other than En-
glish, the need for LLM models adapted
to regional languages becomes crucial.

In this paper, we propose an instruction fol-
lowing the BengaliGPT model for the Ben-
gali language; the seventh most spoken lan-
guage in the world. Our dataset includes
252K Bengali instruction sets and these
are translated from several open-source re-
sources such as Alpaca-COT, Dolly, GPT
teacher instruct, GPT teacher roleplay,
and others. We have adopted LoRA
for model building and LLaMA for fine-
tuning. As a result, BengaliGPT shows
major improvements in answering simple
instruction-based queries and the model is
able to provide almost accurate Bengali
output for such queries. Our BengaliGPT
will be available freely for research and non-
commercial purposes.

1 Introduction

In early childhood, a person develops the ability
to understand, express, and communicate in a spe-
cific language and this ability evolves within the
entire lifetime. In the context of machines, there
is no such ability unless an Artificial Intelligence-
driven algorithm is applied to imitate such natural
ability of a person (Ouyang et al., 2022). Hence,
this context became a challenge for researchers so
that machines can read, write, and communicate
with a person like a natural human being. Lan-
guage Modelling is considered as an approach to
develop a model that can predict probabilities of
tokens based on the likelihood of word sequences
(Lampinen et al., 2022). In current research on
Natural Language Processing (NLP), LM became

bojar@ufal .mff.cuni.cz,

a major focus for experimentation, model devel-
opment, fine-tuning, language-based architectural,
and algorithm studies.

Large Language Models (LLMs) have acceler-
ated progress of NLP research to its peak and there
are several products that are launched for millions
of users such as Google Search Engine (after BERT
being employed)!, ChatGPT?, and coding assis-
tant Copilot (Chen et al., 2022). Language under-
standing could be achievable when memorization
(Mialon et al., 2023) is combined with prompting
at conditional or unconditional grounds improving
Human-Computer Interactions.

Some major limitations of LLMs are identified
that are preventing widespread deployment. Large
Language Models can provide predictions that are
seemingly probable or unrelated to the context
that is often denoted as hallucinations (Welleck
et al., 2019). Therefore, mistakes could be avoided
in the context of arithmetic or reasoning. However,
many LLMs can potentially resolve problems with
few-shot learning capabilities when a certain scale
is achieved (Mialon et al., 2023). The size and vol-
ume of data that are necessary to train LLMs could
seem impractical and according to (Scialom et al.,
2022), continual learning is still an open research
question.

In this paper, we propose a BengaliGPT model
by fine-tuning the Bengali instruction set following
Low-Rank Adaptation (LoRA). Also, we propose a
benchmarked dataset for evaluation which can be
useful for Bengali LLM.

2 Literature Survey

Researchers have cited that Pre-trained Language
Models and scaling of their model size and data
size can lead to improved model capabilities for
downstream tasks (Kaplan et al., 2020). For ex-
ample, large-sized Pre-trained Language Models
(PLMs) such as 330M-parameter BERT and 1.5B-
parameter GPT-2 show hidden abilities or emer-
gent abilities to solve some complex tasks (Wei
et al., 2022). GPT-3 could solve few-shot learn-

"https://blog.google/products/search /search-
language-understanding-bert/
https://openai.com/blog/chatgpt



ing tasks using in-context learning. Hence, the re-
searchers have coined the term ”Large Language
Models” to refer to these large-sized PLMs (Shana-
han, 2022). One of the significant applications of
LLM is ChatGPT, where LLMs can have conver-
sations with real-world people.

LLMs are considered a revolutionary step to-
wards combining human interaction with Artificial
Intelligence (AI) interfaces with prompting. The
research areas of Al are becoming more focused on
progressing with the development of LLMs. LLM
can serve as the solver of language tasks and in
NLP fields, LLM would be used as a primary
tool (Huang et al., 2023). In the context of In-
formation Retrieval (IR), ChatGPT is challenging
traditional search engines; however, New Bing®
provided an Al-driven search engine that works
with LLMs. In the context of Computer Vision
(CV), new language models should be able to serve
with multimodal inputs and GPT-4 supports mul-
timodal inputs with the integration of visual in-
formation (Driess et al., 2023). Therefore, devel-
oping LLM with multimodal information process-
ing helps build the NLP research base empowered
with Copilot as a coding assistant in Microsoft 365
and plugins in ChatGPT for special functions (Wu
et al., 2023).

3 Focused Language

The Bengali language also named Bangla is an
Indo-Aryan language that is native to the Bengal
region of South Asia. It is the official language
of Bangladesh and the Indian state of West Bengal
and the seventh most spoken language in the world
(Sen et al., 2022).

Our research mainly focuses on using Bengali as
the primary language to interact with the LLM.
Bengali is considered a low-resource language and
the development of LLM in this language based
on instruction sets would be useful for developing
chatbots and solving few-shot learning tasks.

4 Dataset Details

The dataset contains a 252K Bengali instruction
set. The instruction set is translated data (English-
to-Bengali) from open-source resources, resulting
in good Bengali instruction understanding and re-
sponse generation capabilities.

The statistics of the dataset are shown in Ta-
ble 1.

5 Model Building

For model building we adopted, Low-Rank Adap-
tation (LoRA) which freezes the pre-trained model
weights and injects trainable rank decomposition

3https://www.bing.com/new

Dataset Size
Alpaca (Taori et al., 2023a) | 60,402
Dolly 54,456
GPT teacher 9,111
GPT teacher instruct 9,987
Hard code Q&A 18,194

Table 1: Details of the data used in the instruction
fine-tuning stage.

matrices into each layer of the Transformer archi-
tecture (Hu et al., 2021). We used Large Language
Model Meta AT (LLaMA) (Touvron et al., 2023) as
the foundation model for fine-tuning. Due to the
smaller size, LLaMA requires fewer computing re-
sources, and we used LLaMA 7B for fine-tuning,
which is trained on one trillion tokens with a ma-
jority of data in English.

We followed a methodology similar to that
employed in Stanford Alpaca (Taori et al., 2023b)
to implement self-guided fine-tuning for training
the instruction-following model. Each instance
comprises an instruction and a corresponding
output.

{#+#4# Instruction:}

{instruction}
{##+# Response: output}

{##+# Instruction:}
{instruction}

{Input:}

{##+# Response: output}

The instruction is fed into the model, and the
model is prompted to generate the output in an
autoregressive manner (Zhao et al., 2023). This
process is akin to the task of casual language mod-
eling (Feder et al., 2021). For self-instructed fine-
tuning, we utilize a prompt template derived from
Stanford Alpaca, also applied during the inference
phase.

6 Experimental Setting

The experimental setting for this research paper in-
volved training a language model using an Nvidia
A100 PCIE GPU with 40 GB of memory. The
model was trained for a total of five epochs, which
took approximately four days to complete. Several
hyperparameters were utilized during the training
process to optimize the model’s performance. A
batch size of 128 was employed, along with a learn-
ing rate of 3e—4. To prevent overfitting, a weight
decay of 0.001 was applied. The training process
also incorporated a warmup rate of 0.1 to gradu-
ally increase the learning rate. The learning rate
scheduler followed a linear function. The model ar-
chitecture utilized a Lora r of 16 and targeted spe-
cific modules, including q proj, k_proj, v_ proj,



and o_proj. Additionally, a cutoff length of 256
was used to limit the input length during train-
ing. These experimental settings were carefully se-
lected to ensure an optimal balance between com-
putational resources and model performance.

7 Training

We trained the model on a single GPT for 5 epochs.
The training hyperparameters are shown in Ta-
ble 2.

e Size of the context: We establish the context
size as 2048, determining the maximum num-
ber of tokens that the model can take into ac-
count simultaneously during the text genera-
tion process.

e Maximum sequence length: We impose a con-
straint on the generated sequence length, lim-
iting it to 512 tokens to ensure that the out-
puts remain focused and closely related to the
input prompt.

e Temperature: We set the temperature to 0.2,

regulating the level of randomness in the sam-

pling process. Lower values make the model
produce more focused and deterministic out-

puts, while higher values introduce greater di-

versity at the expense of coherence.

b Top-k sampling: For each step, we adopt Top-

k sampling with a value of k = 40, whereby the

model selects the subsequent token from the

Hyper Parameter | Value

Batch Size 128

Learning Rate 3e~?

Epochs 5

Cutoff Length 256

Weight_ Decay 0.001

Warmup_ Rate 0.1

LR _Scheduler linear

Lora r 16

Lora Target Modules | (q_proj, k_proj, v_ proj, o_proj)

top 40 most probable options. This introduces

Table 2: Training Hyperparameters.

The training and evaluation loss are shown in
Figure 1 and Figure 6.

train/loss

train/global_step

200 400 600 800 1k

Figure 1: Training loss.

eval/loss

06

Figure 2: Evaluation loss.

8 Inference

8.1 Text Generation Setup

The decoding process of LLMs plays a critical role
in determining the quality and diversity of the gen-
erated text. In our experiments, we use the follow-
ing decoding hyperparameters:

an element of randomness and diversity in the
generated text.

Instruction

10 @t 20 93 QTEE T2

Max tokens 127

—

Clear Submit

Output

10 st 20 &3 @ISt = 10 + 20 = 30 932 10 M5t 20 97 @ISt 30 97 SR 9B SFelrt fEiTea st wat Qe st

Figure 3: Sample Inference 1. The question is,
“What is the sum of 10 plus 207" The answer is
“The sum of 10 plus 20 = 10 + 20 = 30 and the
sum of 10 plus 20 can be expressed as a number
with 30”

8.2 Automatic Evaluation

We evaluated the BengaliGPT model on natu-
ral language generation (NLG) tasks including
text summarization. We used Rouge (LIN, 2004),
BLEU (Post, 2018), and BertScore (Zhang et al.,
2019) automatic evaluation as shown in Table 3.



Instruction

"aiffim qfd aster dtaara Ssiaifiret 52

Output

AfSfim qaft wmster Ataata Sstatfiot 7o witter LI 57 936 TG 93 TSI LI

Figure 4: Sample Inference 2. The question is,
“What are the benefits of eating an apple a day?”
The answer is “Benefits of eating an apple a day
Apples are a healthy and wholesome food to eat.”

Instruction

ifpa atelfirs S $ 4t Serd (ied Sp (AT Serd e e werm

(C)

Topk 40

Output

Sfgw wrat otz et aafd =1 ateifie S at sitera (e 6 @I Ser arviftoa e

Figure 5: Sample Inference 3. The question is,
“What is the primary source of energy that causes
evaporation of water from the surface of a body of
water?” input is, "text”: [ ”solar radiation”, "con-
duction by plants”, "heat from surrounding land
mass”, “convection currents in water” |, "label”: [
"A” "B”, ?C”, "D” ] The answer is “Solar radia-
tion by plants is a primary source of energy that
causes evaporation of water from the surface of wa-
ter bodies.”

This section presents a comprehensive analysis
of the results obtained from evaluating our newly
developed Bengali LLM. The evaluation focused
on two specific tasks: Natural Language Genera-
tion (NLG) and Summarizing and Rephrasing. We
aimed to assess the model’s performance in generat-
ing coherent and contextually appropriate text in
the Bengali language. Furthermore, we compared
the results of our model with those of ChatGPT,
a widely used multilingual LLM, to gauge the per-

Instruction

FReTarIb TG Gy 2R 1S o

Input

Temperature

Output

n
def fibonacci(n)
ifn==0orn==1;

return 0
else:
return fibonacci(n-1) + fibonacci(n-2)

A% IS R Ao Gy 46f6 1= (off 3 43 fFamifo i

Figure 6: Sample Inference 4. The question
is, "Write Python code for the Fibonacci Series”.
The answer "The following code can be used to
write python code for the Fibonacci Series [python
code]”

formance and adaptability of our model. For the
NLG task, we designed a sample dataset consisting
of 100 elements. The dataset encompassed a range
of tasks, including sentence generation from three
given words and paragraph generation on specific
themes. We employed two famous metrics as a per-
formance measure: BERT Score and Rouge-Bleu
Score. The BERT Score measures the similarity
between the generated text and the ground truth,
considering precision and recall. Our Bengali LLM
achieved a precision score of 0.88 and a recall score
of 0.91, indicating its ability to generate text that
closely aligns with the desired output. This demon-
strates that our model generates accurate and con-
textually appropriate sentences and paragraphs.
The Rouge and Bleu scores provide a comprehen-
sive evaluation of the generated text’s quality by as-
sessing various aspects such as sentence-level over-
lap (rougel), bi-gram overlap (rouge2), and longest
common subsequence (rougeL). Our Bengali LLM
achieved an F1 score of 0.89, indicating a balance
between precision and recall. Additionally, the
RougeLSum score of 0.34 demonstrates the model’s
ability to generate text consistent with the refer-
ence summaries. Finally, the Bleu Score of 34.3
further emphasizes the model’s competence in gen-
erating text similar to the ground truth. In addi-
tion to the NLG task, we also evaluated the per-
formance of our Bengali LLM in the Summarize
and Rephrase task. Here, we focused on generating
headlines from sentences and rephrasing news arti-
cles. We had access to human-annotated answers
for this evaluation, which served as ground truths



for our model. The results obtained for the Sum-
marize and Rephrase task were promising, with our
Bengali LLM achieving a precision score of 0.88
and a recall score of 0.89. This indicates that the
model effectively captures the critical information
from the source sentences and generates concise
and accurate headlines and rephrased news articles.
The Rouge and Bleu scores for the Summarize and
Rephrase task further reinforce the model’s profi-
ciency. The F1 score of 0.89 reflects the balance be-
tween precision and recall, while the RougeLSum
score of 0.37 demonstrates the model’s ability to
generate summaries that align well with the refer-
ence summaries. Moreover, the Bleu Score of 35.5
highlights the model’s capability to generate text
that closely resembles the ground truth. Overall,
the results obtained from the evaluation of our Ben-
gali LLM indicate its strong performance in the
NLG and Summarize and Rephrase tasks. The
model showcases remarkable adaptability to mul-
tilingual data, as demonstrated by its ability to
generate text in the Bengali language, which is
the focus of this evaluation. The positive response
from our Bengali LLM underscores its potential as
a foundational multilingual LLM. The evaluation
strategy adopted for this study holds significant
implications for future evaluations of low-resource
Large Language Models. We can ensure reliable as-
sessments of these models’ capabilities across var-
ious tasks and languages by developing and ap-
plying rigorous evaluation methodologies. This re-
search sets a precedent for evaluating and bench-
marking multilingual LLMs, thereby contributing
to advancing the field and developing more effec-
tive and versatile language models in the future.

8.3 Human Evaluation

We have used different types of instruction sets for
testing out the model performance. Based on the
model outcomes, we have employed a native Ben-
gali speaker to assess the model outcomes. The in-
structions were Natural Language Generation, Sen-
tence generation using three given words, basic
code writing, text summary writing and content
rephrasing (refer to Table 5). We have also se-
lected different questions to check the model’s abil-
ity to generate answers, ranging from mathemati-
cal questions, reasoning questions, code generation,
etc. The statistics of the dataset are shown in Ta-
ble 4. We have performed human evaluation over
mathematical questions, philosophical and logical
fallacies context. The model performance was not
up to the mark; there were repetitive sentence seg-
ments, meaningless outputs and mistakes in some
mathematical outputs.

As per native speaker’s opinion, the score for ap-
propriateness was 2/10, content was 4/10, readabil-
ity was 5/10, grammar of the output was 2/10 and

relevance was 3/10. These metrics were considered
from the paper cited as (Lin and Chen, 2023).

Only correct outcome we have obtained from
mathematical instructions can be shown as:

-40 + (-8) aF ST fAfa 1 -40 + (-8) =5
We have instructed the model to divide -40 by

-8 and the output is given as 5. The outcome is
correct in here.

5.04/0.7 Q3 Sisvpet {4y 9 5.04/0.7 = 7.04

We have instructed the model to divide 5.04 by
0.7 and the output is almost correct here. The
answer should be 7.2.

WS 7 | T @15 56 WI3A B A Bl-
)| 57 afSa a3 71U T3 BIAIEE | 7-
& oS @16 To T3 Trar FIE? WS afsia
@16 56/7 = 8 I3 BIFIE|

We have given the model a situation where
Maddy would ride her bicycle for 7 days and she
will cover total of 56 mile during her journey. We
have asked the model to calculate how far she will
go everyday considering she rode same distance
each day. The output comes out to be 8 mile which
is precisely correct.

UG MASA AT x 4 2.7 = 8.4 ANPACR
Ao st fofzs FFa1 x + 2.7 = 84 , @3
STRIPICT T T8 x = 8.4 - 2.7; x = 5.7 ; OI3,
ST x QF AT =S8 5.7

We have asked the model to identify a value from
the equation x + 2.7 = 8.4 and the model correctly
identified the outcome to be 5.7.

We can reach to the conclusion that current
model can answer only Natural Language Genera-
tion, Sentence generation using three given words,
basic code writing, text summary writing and con-
tent rephrasing - at a very basic level. The model
is unable to perform well with critical reasoning
and mathematical computations. We plan to re-
lease this benchmark dataset for LLM evaluation,
particularly for the Bengali language considering
the unavailability of such benchmark dataset for
Indic languages.

9 Conclusion and Future Plan

The LLMs have the potential to revolutionize the
field of AI, enabling machines to better understand
and interact with humans in a natural language
setting.

The plan includes:

o Adapting QLoRA (Dettmers et al., 2023) for
fine-tuning.

e Fine-tuning with a more domain-specific Ben-
gali instruction set.

e Pre-train Bengali LLM model,

e Chatbot development supporting Bengali.



Tasks Bert Score Rouge

Precision | Recall | F1 rougel | rouge2 | rougel | rougeLSum | Bleu Score
NLG 0.88 0.91 0.89 | 0.43 0.15 0.35 0.34 34.3
Summarize and Rephrase | 0.88 0.89 0.89 | 0.4 0.23 0.36 0.37 35.5

Table 3: NLG Metrics Comparison

Dataset Size
(number of questions)
Truthful QA 20
LogiQa 20
MMULU Logical Fallacies | 80
MMLU Philosophy 30
MMLU Jurisprudence 30

Table 4: Manual Evaluation Dataset Statistics

Limitations

Although the current model is able to accept Ben-
gali input text and generate answers in Bengali,
it still fails to answer questions related to general
knowledge about India due to a lack of domain
knowledge. Also, it fails in critical reasoning as
per evaluation.

Ethics Statement

We do not envisage any ethical concerns. The
dataset does not contain any personal, or person-
ally identifiable, information, the source data is al-
ready open source, and there are no risks or harm
associated with its usage.
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Tasks Instruction BengaliGPT Output
Natural
Language N TS TR Qe FSSSIR e | wfy 9t T3 o [vafa
Genera- QIR WY ST BIFF 9IR FRIFITO (e I YH | AN 3603 wfowos afssits s@-
tion Tl WY 97q 9B o “reeArsat foracs 518 | (@) afb 90 apirar=e foer3s a1 s -
T T AT Ao aAfSwiers F@ IR | VT e TRl FEC=| aft AN
[T AR (@O a6 T@re Hgis [Fee sr- | WNIK FICSIF G1F) A0S pret PO
[ IR AW e 197 Faco A2 NF 2= -
BT AR @I @I HSS W 336 1
5?
Sentence
generation | 92 fodfb =191 Iz @ 96 I cofs T [ | Y @ Irenica et zafes|
from 3 | "fE", g, "ArenR”]
words
Code
Writing QTS pre %% T 9o fi‘ﬁg{as aﬁ?ﬁ; R # Output: olleh
a3 PG R @ e Ties o Tt
NIbw P 2e8 QeI reverse_string” NN BILFEG -
python g 35 Forf @ om aft $§efoa 519-
Copy code O TR (A AT THER I Mo B |
def reverse_string(input_string): SIS @ R fFent s@ of &%
return input_string[::-1] B TrRg 351, I Vinput_string”
input_sgriilgf "hello" Qg V9 “hello” 3, OEE Wﬂt’k 1G]
reversed_string = . ” . s
reverse_string(input_string) olleh I‘ T wretf 2\ . HHCT o
print(reversed_string) put_string” OF T ARTET FACO AEHS
AR FIHF T FACO AR | AT #AfI3-
5o “input__string” QI M9 e a0o #f-
@F QR SIFAR FIAFG I IO @I
TR
python
Copy code
input_string = "hello"
reversed_string =
reverse_string(input_string)
print(reversed_string)
# Output: olleh
AT input_string R FHa:  in-
put_string = ”hello” reverse_string I%-
-9
Summary
writing FGHUIAT ERAIEI QB0 IBo WSE 7@ | "o @b s asft 3 wisE vy zam-
BIF I2@F 9T PIag I 3@l ®"
Rephrase
usilr)lg a | MRTSRI G BoATER g e as Ay | " Rimes @ afsa Sercerm g fofsess
given con- | YK WS a3 fHA Srega z@me| 93 ey wfeams o Faes srega
text 2RE| 93 WS FRET QB0 o

AT NGNGB fofe T 9t wfs-
@5t B 2

Table 5: Some Outputs from our BengaliGPT Model
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