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Abstract

In the realm of natural language processing, summarizing text in Bangla
involves overcoming significant challenges, owing to the language's complex
grammatical intricacies and rich linguistic variations. This study explores the
effectiveness of state-of-the-art (SOTA) models in summarizing Bangla texts
while preserving their essential meaning. The findings reveal that the Gemma
series, particularly the Gemma 2 9B model, outperforms the latest Llama
series model, Llama 3.1 8B, in capturing the essence of Bangla content, even
as context length increases. The Mistral-based Microsoft FILM model,
however, emerges as a formidable contender, closely rivaling both Gemma
and Llama. Interestingly, despite its advanced architecture, the Llama 3 8B
model struggles to match the performance of the Gemma 2B model.

Keywords: Bangla summarization, State-of-the-art models, Context length,
Gemma, Llama, Mistral, Model performance.
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CHAPTER 1
INTRODUCTION

1.1 Introduction

The art of condensing source material into concise yet comprehensive
versions, known as summarization, plays a vital role across diverse fields -
from consolidating news content to facilitating scholarly investigations and
organizing digital information systems. To condense a text's essence, be it
through extracting key sentences known as the extracting approach, or
through an abstractive approach that rewrites the content for improved
readability, particularly for complex texts [1].

Large text summarization, however, presents unique challenges, including the
need to maintain coherence, context, and relevance over extended narratives
[2]. As documents grow in length, the complexity of preserving the overall
structure and meaning increases, making it difficult to generate concise yet
comprehensive summaries [3].

The rapid proliferation of digital content in Bangla, one of the predominant
linguistic systems, has not been matched by a corresponding growth in
Natural Language Processing (NLP) research tailored to this rich linguistic
tradition [3]. This disparity calls for intensified research efforts, particularly
in developing robust Bangla text summarization systems. Research in this
field has been limited, with only a handful of studies conducted. [4]

Modern Natural Language Processing has undergone a remarkable evolution
through the advent of Transformer-based Large Language Models, which
have set new standards of excellence across numerous applications such as
language understanding, generation, and translation [5][6][7]. The field of
text summarization has experienced remarkable progress due to Large
Language Models' sophisticated ability to process and create text that
emulates human composition.[7][3]. With faster and more capable hardware
some of these models can handle huge context length [8], which is essential
for long context summarization.
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In this investigation, | have performed a comparative assessment of various
SOTA pre-trained Large Language Models to examine their competence in
summarizing Bengali text in a very minimal setting. The objective was to
identify a model that could produce high-quality summaries while efficiently
handling the nuances and complexities of the Bengali language.

1.2 Motivation

Processing and summarizing large context text are paramount in today's
information-intensive era. Bangla's complex morphology, rich syntax, and
the potential for long-range dependencies within texts pose significant
challenges for traditional summarization techniques. To address these
limitations, my research focuses on developing Bangla better and
more efficient summarization models with better context-handling capability
using very low resources. By emphasizing the ability to handle extensive
textual information, | aim to unlock the valuable insights hidden within large-
scale Bangla corpora, enabling more comprehensive and informative
summarization.

1.3 Research Objective
e A better Bangla text summarization model using minimal resources.

o Assess the proficiency of leading-edge models in understanding
extended Bengali passages and producing accurate summaries.

e Engage in a comparative assessment of the outcomes.
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1.4 Research Gap

A lack of in-depth studies on SOTA model adaptability after fine-
tuning for Bangla text summarization tasks.

The ability of Bangla models to process and understand extensive
textual information is still underdeveloped.

There is no evaluation of the performance of the newest SOTA model.

1.5 Dissertation Chapters and Structure

Chapter 1: This initial chapter establishes the preliminary context of the
research investigation.

Chapter 2: This section encompasses a detailed review of contextual
information, academic publications, and antecedent research
contributions relevant to this investigation.

Chapter 3: The methodologies and the architectural framework of the
model are thoroughly presented in this chapter.

Chapter 4: Contained within this section is a detailed account of the
research methodology, observed results, and subsequent evaluation
procedures.

Chapter 5: Herein, examine the academic contributions to the field and
explore potential avenues for future investigation.

© Daffodil International University



CHAPTER 2
LITERATURE REVIEW

2.1 Literature Review

During the initial years of the twenty-first century, approaches to Bengali text
summarization predominantly relied on statistical techniques and rule-based
methodologies. Some of the pioneering work involved basic sentence
extraction techniques that utilized features such as sentence position, word
frequency, and sentence length. For instance, Islam et al. (2004) [9]
developed Bhasa, a corpus-based Bangla information retrieval and
summarization system. Their work provided early frameworks that relied on
statistical measures for extracting important sentences from documents
. Further contributions during this period included studies by Uddin et al.
(2007) [8] who experimented with different extractive summarization
techniques for Bangla, using sentence ranking and word scoring methods
similar to the TF-IDF model These approaches represented the first steps
toward automating the text summarization process in Bangla, although they
were limited by small datasets and a lack of linguistic diversity in the
corpora.

The 2010s marked the beginning of integrating more sophisticated machine-
learning techniques into Bangla text summarization. One of the key
developments was Sarkar et al. (2012) [10], who introduced sentence
extraction methods that incorporated various statistical features, including
sentence position, sentence length, and word co-occurrence frequency. Efat et
al. (2013) [11] proposed a sentence scoring-based three-stage system for
Bangla text summarization.

The year 2014 witnessed Uddin et al. [12] presenting a novel technique, the
first of its kind, for summarizing multiple documents in the Bengali language.
The authors found that by using a term frequency-based approach, they could
extract the most significant content from Bengali documents. They used
cosine similarity to determine the relationships between sentences.
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Their research indicated that this approach mitigated several key difficulties
inherent in  multi-document summarization, specifically concerning
comprehensive coverage, ease of understanding, accurate representation, and
brevity. A heuristic-based method for sentence and word analysis was the
foundation of the extractive Bengali text summarization technique proposed
by Abujar et al. (2017) [13]. Key steps include stop word removal, stemming,
word frequency calculation, and sentence position analysis. They tested their
method on three Bengali documents and compared the system-generated
summaries with human-generated ones, evaluated on a 1-5 scale. While
specific accuracy metrics aren't provided, the authors demonstrate the
effectiveness of their system through qualitative comparisons of news article
summaries.

Ghosh et al. (2018) [14] introduced a rule-based summarization model using
graph-based and corpus-level features, aggregate similarity assessment,
bushy path algorithms, and in-sentence keyword analysis to improve the
selection of relevant sentences for summarization. Their model was tested on
200 Bangla news documents. The authors recognized limitations such as the
absence of synonym identification, which they aim to address in future
research.

Sikder et al. (2019) [15] authors argued that current Bengali summarization
tools, primarily extractive, struggle to capture the full theme of a document.
Their proposed method combines mathematical rules (like term frequency
and cosine similarity for sentence ranking and relevancy) with Bengali
grammatical rules to refine the summarization process. This approach aims to
address issues like redundancy and inconsistency in extracted summaries by
simplifying sentences and joining related ones using grammatical rules. The
authors believe their method, tested against human-generated summaries,
provides a more accurate and comprehensive representation of Bengali text
although no quantitative data is provided.
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In 2019 Talukdar et al. (2019) [16] created an architecture utilizing a bi-
directional recurrent neural network, incorporating LSTM layers for encoding
and an attention-based mechanism for decoding. They trained their model on
a dataset, which they collected themselves due to the lack of available online
resources. The model was able to generate fluent and meaningful summaries
from the given texts, achieving a training loss of 0.008. The authors
acknowledge limitations in their model, such as the limited size of their
dataset and the aptitude of the model for summarizing texts with a restricted
guantity of words. Islam et al. (2021) [17] also reported the create a
summarization model using bi-directional RNNs with LSTM. They claimed
they had achieved a training loss of 0.007.

The advent of the Transformer model, as presented by Vaswani et al. (2017)
[18], constituted a significant advancement in deep learning for natural
language processing tasks. With the success of the Transformer architecture,
a new methodology consisting of precursory training and subsequent
optimization arose. Initially, pre-trained models undergo training on
extensive textual datasets utilizing self-supervised learning objectives, for
instance, language modeling or masked language modeling. Having
undergone pre-training, these models are suitable for calibration on
downstream applications using comparatively less task-specific data, yielding
state-of-the-art performance in a wide variety of natural language processing
domains.

A significant advancement in NLP was marked by the development of
Transformer-based models such as the encoder-focused BERT (Devlin et al.,
2018) [19], the decoder-centric GPT (Radford et al., 2018) [20], and the
encoder-decoder hybrid T5 (Raffel et al., 2019) [21]. Leveraging these
innovations, BanglaBERT and BanglaT5 (Bhattacharjee et al., 2022) [22][23]
provide tailored solutions for a range of Bangla language processing tasks,
effectively applying the core principles of BERT and T5. According to the
analysis of Kabir et al. (2024) [23] the BanglaT5 model text summarization
rouge score (Lin, 2004) [24] on a Bangla summarization dataset [25] is
0.28(R1), 0.11(R2), and 0.24(RL) after fine-tuning.
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GPT-based models GPT 3.5 and Llama 2 13b [30]; summarization was also
analyzed by the authors using zero-shot prompts. Mahfuz et al. (2024) [31]
found that LLaMA-3-70B [28] showed strong performance in cross-lingual
summarization surpassing the fine-tuned BanglaT5 model.
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CHAPTER 3
METHODOLOGY

3.1 Methodological Framework

i),

¢
D 4
-»54-»

Data Compilation Refined Data

@

h=(W-+W,W)x

Fine tuned model

Pre-Trained LLM
model

LORA Adaptor

Fine tune with LORA Adaptor

Figure 1. The Methodological Framework

This study employs a sophisticated fine-tuning methodology utilizing the
Low-Rank Adaptation (LoRA) approach (Hu et al. 2021) [33] The
framework consists of three primary components: a pre-trained model
architecture, a LORA adapter mechanism, and the resulting fine-tuned model.
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The initial component comprises a pre-trained LLM coupled with processed
input data. This pre-trained model is the foundation for subsequent adaptation
and represents the accumulated knowledge from the initial training phase.

The core of this methodology revolves around the LORA adapter
implementation, which introduces a specialized weight modification
mechanism. This adapter incorporates two essential matrices, WA and WB,
configured in a low-rank decomposition arrangement. The forward pass
through the adapter processes the input embedding h through the following
mathematical transformation:

h=(W+ W sWg)x
where:
e X represents the input features
e W denotes the frozen pre-trained weights

o Wa and Wa constitute the trainable LORA parameters

Within this framework, the original model parameters remain unaltered,
while adaptive learning occurs exclusively through LoRA configurations.
This methodology safeguards the model's baseline knowledge while
permitting task-oriented modifications. The final architecture represents a
fusion of preserved foundational elements and optimized LoRA parameters,
achieving targeted adaptability without compromising the underlying
structure. This methodological approach offers several advantages, including
computational efficiency, preservation of pre-trained knowledge, and
effective task-specific adaptation while minimizing the risk of catastrophic
forgetting.

3.2 Data Compilation

The empirical data employed for this investigation was sourced from the
work of Hasan et al. (2021) [25], titled "XL sum." I collected it from
Huggingface. It consists of over one million article-summary pairs, which
were professionally annotated from BBC articles. The dataset covers 44
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languages, making it one of the most diverse summarization datasets
available. Given my focus on Bangla text summarization, | am exclusively
working with the Bangla portion of this dataset. The dataset is structured with
five columns and contains 10,100 rows in the Bangla segment. For training
purposes, | am utilizing 8,100 rows. The remaining 2,020 rows are evenly
divided between the test and validation sets, each containing 1,010 rows.

3.3 Systematic Data Refinement

The original dataset contained five distinct fields: 'id', 'url', 'title', 'summary’,
and 'text’. Given the specific requirements of this investigation, only the
'summary' and 'text' fields were retained, with the extraneous columns being
eliminated. Subsequently, a prompt template was employed to restructure the
dataset, aligning the paired 'summary' and 'text' entries from each record into
a prescribed format. The resultant formatted content was consolidated into a
new column designated as "final."

‘ + IE)_(A;"P_LE_TE_XT_] ________
\ﬁ

[ EXAMPLE COMPLETION ]

Text data Prompt template

4

PROMPT][. . .], COMPLETION]. . .
PROMPT[. . .], COMPLETION]. . .
PROMPT]. . .], COMPLETION]. . .
PROMPT]. . .], COMPLETION]. . .
PROMPT]. . .], COMPLETION]. . .

Figure 2: Mapping the dataset
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alpaca_prompt = You are an abstructive text summarizer in Bangla language.
Below 1s an instruction in Bangla,
baired with an input that provides the context for summarization.

#t# Instruction:

fAtes erafea e fFra

## Input:

{}

### Response:

O

Figure 3: The prompt template that has been used

You are an abstructive text summarizer in Banglz language.
Below 1s an instruction in Bangla,
paired with an input that provides the context for summarization.

### Instruction:
5 ([T T

### Input:

AT 575 TR 47 FO, T AMG T 08 G779 TR (G e IR T GNs (0F YR WOR 7 571 (9% A8 MG, TN T TEN O SO A0 T (G (R T (S
A% oA TR AR W W (@ ) g e g o R W T 4R R T R WY (U] SREY (AOR ARG O, (R (W 7 R R 4 SR (A S| 0
AR T WA SR SR SR A58 W IR SN TGN (14 SR & R CRITRAR SfeSRet R 79 TRg 91 0 oM S FA9 071 (g SR T | VT (GRSIRA T (A Sfere g
BRI AT B TR N A, "R-TIG, WM WO O WER 0 W S0, ¥F [ T (et o i 6 SRR gitd WK R (S S bo-0:fiw g W e () S (R S5 SR
(U G o e S e 4 WER S O (O OR T WA 31T AR W O T SRR (e Wer SR o Yo o3 (e R Wi o =W, (wes o T W e
T T R WA (RSO B g A G A W e bl =l of wied afemetl HAG TeAE Nam 6 3@ WE SIS (o o 71 TR R #h e wweim e A
51 (N e G S SO o e sl (G S S a2 ue BRE WY e AR S O (e W SR e S SR A e e el A1 o (G e e,
o gft a7 TeTR W91 ofg B RS TG WIS T SR S N, W R SR G e WG (o7 TG RS Wo (ol g oft 6F 20TR O AN R S (R T Sy (00F 34 TOI TS
WHR g, e W (72 R wom e e e st ome SR-ofvet @R 4B T we WO (SR e WET WO (60 (R R (O A a0 R (G WA S e gfee w e W
iy ey S wiedy AT RT WO 91 TN SRUOR FH0T U o (N 20T ST 43 WO S (R O Ay O W S0 (G WP O (. PR G SRR WY SET @ W SRS (U 4
T T T (U T AR (O SR (A TR WG R WY g A O SN T 56 0 WA el TG AT (R 2R 4 & W S 8T e S5 S e B e
WA G RS 3 TN T SO ATRERS | TR o R 3 A ST IO 0 A AR W 26 PR AN W ¥ Wi Afmees A (e wEw o 6
B B S WA T @ W 9 W Ao i e v A 9 e e b A WA gE Afehees W Ao Wity o7 A G50 $a9 O WHNg WauEe) T 0T & NIl W (U S
T TSR T WIHE STGA RC W oS Sy SRR (7 W8T T, (URA AR I8 (@ (TS 2eT Al W Wanee) T 30 ofme N AT R (7S WeW T 4R TR WS
T A (2F S (R T TGS H T N A T T T | T BRI (T (7R e W 3% 9 g4 Rt T 1 e G S T SRS (e 2, oy e O 4w I A
@%W%E}ﬁmww-wﬁ%ﬁﬂmmmwmmmmﬁﬁmmwmﬁmw, -0 WO O TR FS TN (5 WO TS 3 ofoh e W 8o TOR TR w0y i
(g firo sTar”

##% Response:
W WV (T (U@ G &F g 52 TR @ W e S oft ar Wi (e 9 4 g9 T T (o9 W R0 e STee A S WhR S99 A0 [@0E) O W WO o
1 e oS (7 SATS (7T TS N (476 T e e STERIT O (S 8 (SR (T SfEeS|

Figure 4. A sample of formatted text prompt after mapping.
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3.4 Model Description

___________________________________

Deocder Block

___________________________________

Positional Embedding

Figure 5: Simple Decoder only transformer architecture

In this experiment, I’ve used five SOTA decoder-only models.

Gemma 2

Gemma 2 (G Team et al., 2024) [26] developed by Google, is an advanced
open large language model (LLM) designed to enhance text generation tasks.
This model exists in 9 billion and 27 billion sizes, with both a foundational
and a guideline-tuned version available for each. The model is built on the
foundation of Google Deepmind’s Gemini and features a context length of
8,192 tokens. Gemma 2 includes sliding window attention, logit soft-capping,
knowledge distillation, and model merging, collectively improving its
performance and efficiency. In this experiment, | used the Gemma 2 9 billion
model.
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Gemma

The original Gemma (G Team et al., 2024) [27] model family represents a
suite of efficient, cutting-edge open models developed by Google, engineered
to address a range of text generation applications, including question-
answering, summarization, and reasoning. The architectural framework of
these models utilizes a decoder-only approach for text processing, with their
weights being openly accessible in both pre-trained and instruction-enhanced
iterations. The relatively small size of Gemma models makes them suitable
for deployment in environments with limited resources, democratizing access
to advanced Al capabilities2. In this experiment, | used the Gemma 2 billion
model.

LLama 3

Within the progression of Meta's LLama large language model series, LLama
3, as chronicled by Dubey et al. (2024) [28], emerges as the most recent
development. The model architecture is deployed in two distinct
configurations, featuring parameter counts of 8 billion and 70 billion
respectively, with both base and instruction-tuned variants. LLama 3
introduces a new tokenizer that expands the vocabulary size to 128,256
tokens, enhancing its multilingual capabilities and efficiency in text
encoding. The model also incorporates Grouped-Query Attention (GQA) to
handle longer contexts more effectively. | used the Llama-3 8 billion model
for this experiment.

LLama 3.1

With several enhancements, Meta introduces LLama 3.1 (Dubey et al., 2024)
[28] based on the architecture of LLama 3. It is available in three sizes.
LLama 3.1 supports a context length of 128,000 tokens and is optimized for
multilingual dialogue use cases. Additionally, LLama 3.1 includes tool usage
capabilities, allowing it to generate calls for specific tools like search and
code execution. | used the Llama-3.1 8 billion model for this experiment.
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Microsoft FILM

Microsoft FILM [29] is a 32K-context large language model designed to
overcome the “lost-in-the-middle” problem. FILM-7B, a notable variant, is
trained from Mistral [32] specifically Mistral-7B-Instruct-v0.2 using
Information-Intensive (In2) Training. The architecture demonstrates superior
capabilities in processing extended contextual information while excelling in
tasks requiring limited context analysis. FILM-7B is particularly effective in
tasks requiring extensive context utilization, thus rendering it a valuable asset
for diverse natural language processing applications.

3.5 Training Setup

The research methodology employed supervised fine-tuning techniques,
executed on a Kaggle-hosted Nvidia T4 graphics processing unit with 15GB
of VRAM. The training protocol implemented 120 computational iterations
within a single training epoch.
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CHAPTER 4

Result and Discussion

4.1 Evaluation Matrices

Recall-Oriented Understudy for Gisting Evaluation (ROUGE) was developed
by Lin (2004) [24], ROUGE has become one of the most widely used
evaluation metrics in the context of natural language processing, notably for
summarization applications.

There are a few different variants of ROUGE but the two that have been used
for the evaluation of this study are:

e ROUGE-1: This metric quantifies the unigram overlap between the
generated and the ideal summaries. ROUGE-1 performance is
guantifiable via precision, recall, and the harmonic mean of these, the

F1 score.
Precision < Recall
Fl-—2x —
Precision + Recall
Number of overlapping unigrams
Recall —

Total unigrams in reference summary

Number of overlapping unigrams

Precision — . . :
Total unigrams in candidate summary
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e ROUGE-L: Through the computation of shared sequential patterns
between proposed and reference summaries, this analytical framework

evaluates both the structural composition and narrative coherence of the
generated content.

F1l—9x Precision x Recall

Precision + Recall

LCS length
Length of reference summary
LCS length

Length of candidate summary

LCS Recall —

LCS Precision —

4.2 Analytical Evaluation

I’ve taken a total sample of 100 with various ranges of string tokens from the
‘test’ split of the dataset for the testing. Here is the result of all five models
across multiple context lengths.

Rouge 1

R1 Recall vs Context size for each Model

R1 Recall

442-1080 1060-1670 1670-2280 2280-2900 2500-3510 3510-4130 4130-4740 4740-3350 5350-5920 5920-6580

Context size

Figure 6: R1 Recall vs context length for various model
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R1F1

R1 Precision vs Context size for each Model

R1 Predslon

442-1060 1060-1670 1670-2280 2280-2900 2500-3510 3510-4130 4130-4740 4740-5350 5350-5920 5920-6580
Context size

Figure 7: R1 precision vs context length for various model

R1 F1 vs Context size for each Model

442-1060 1060-1670 1670-2280 2280-2500 2800-3510 3510-4130 4130-4740 4740-5350 5350-5920 5520-6580

Figure 8: R1 F1 vs context length for various model

Gemma 2 9b, which performs the best for shorter contexts, shows a
noticeable decline in precisions, F1, and recall as the context size grows
larger. As the magnitude of contextual information expands, Gemma 2b
exhibits a diminishing performance trajectory. Mistral FILM and Llama 3 .1
8b show some improvements at certain longer context sizes, but generally,
their
level.
than the 2 billion model of Gemma.

performance fluctuates and tends to decrease or stabilize at a lower
Llama 3 8b struggles most in a larger context it even performs badly
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Overall, models tend to struggle with larger context sizes, decreasing
precision, recall, and F1.

Model R1 Precision R1 Recall Rl F1
a Gemma 2b B.153978 2.128111 &.123758
1 Gemmaz 9h B.221329 @.176858 @.189677
2 Llama 3 B.124687 @.135889 &.1186438
3 Llama 3.1 B.187373 @.161199 &.1646238
4 Mistral FILM 8.194895 @.147957 &.1595638

Figure 9: Average R-1 score comparison table

Comparison of Average R1 Metrics for Each Model
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Figure 10: Comparison of Average R1 metrics

Gemma 2 9b stands out with the highest precision and recall, achieving
robust F1 scores as well. In contrast, Llama 3 8b shows overall lower
performance, with balanced but suboptimal precision, recall, and F1 scores.
Llama 3.1 8b demonstrates improvement over Llama 3 8b, particularly in
precision, with slightly enhanced recall and F1 scores. Mistral FLM performs
well in precision but has lower recall and F1 scores, echoing the performance
trends of Llama 3.1.
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Figure 12: R-L Recall vs context length for various
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Figure 13: R-L F1 vs context length for various

Model R-L Precision R-L Recall R-L F1
a Gemma 2h B.475575 B.387345 @.393335
1 Gemmaz 9h 8.512098 B.438421 @.451765
2 Llama 3 B.429478 B.445687 @.390156
3 Llama 3.1 B.488226 3.431421 @.433625
4 Mistral FILM 2.585167 @.,412382 @.432554

Figure 14: Average R-L score comparison table

The R-L precision performance of models without Llama 3 8b, is quite
similar in a large context. The Gemma 2 8b starts well for all metrics but the
result degrades as the context size increases. The Llama 3 8b has better
results in recall for large contexts but the lowest result in both F1 and
precision. That means the summary might include extra, non-essential
information or noise.
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On average R-L scores the Gemma 2 9b also stand out from others.
Performance assessment revealed scores of 0.512990 for average precision,
while recall and F1 measurements
respectively. FILM and Llama 3.1 8b also show close results with
the Gemma 2 9b model. The Llama 3 8b model is the worst among all five
models.
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reached 0.430421 and 0.451765
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CHAPTER 5
CONCLUSION

5.1 Outcomes and Scholarly Contributions

This study undertakes a systematic comparison of premier models in Bangla
text summarization, analyzing their performance characteristics across
different textual expanses. The findings indicate that as the context length
increases, the performance of SOTA models tends to decline. Additionally,
this work highlights that the Gemma series, particularly the Gemma 2 9B
model, outperforms the latest Llama series model, Llama 3.1 8B, in Bangla
summarization tasks. Interestingly, the Mistral-based Microsoft FILM model
also demonstrates competitive performance, closely rivaling both the Gemma
and Llama models. Notably, the Llama 3 8B model showed weaker
performance compared to the Gemma 2B model.

5.2 Future Work

This research utilized a relatively small-scale model, such as an 8-billion
parameter model. To fully comprehend the potential of Bangla text
summarization and long context understanding, future research should
explore a wider range of model sizes, including significantly larger models
also with more diverse datasets. Additionally, investigating the impact of
different and new architectures, such as mamba-based models, could provide
valuable insights. Finally, thorough evaluations, incorporating both
guantitative measurements and qualitative insights, are required for enhanced
comprehension.
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