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Abstract

In this research work, we focused on developing an abstractive summarization system for
Bengali short stories, a domain that has received limited attention and is considered low-
resource compared to high-resource languages like English or other global languages. While
automatic text summarization has seen advances in high-resource languages, Bengali remains
underrepresented in this field due to its low-resource language status. This study presents
abstractive summarization for Bengali short stories by constructing a new dataset of 430

stories paired with human-written summaries customized by us.

We then fine-tuned the multilingual Bangla T5 model, adapted for Bengali as the BanglaT5
model, on this dataset. The fine-tuning process enabled the model to generate semantically
rich and grammatically coherent summaries that go beyond simple sentence extraction.

The performance of the model was evaluated using BERTScore, a semantic-based metric.
The system achieved a precision of 0.5927, recall of 0.5398, and an F1-score of 0.5644,
indicating a promising level of abstractive capability. The results highlight both the potential

and challenges of building summarization systems in low-resource languages like Bengali.

These results presented additional challenges for us. Previously, we experimented with the
Bangla T5 model, but it yielded lower ROUGE scores compared to the current results.

This work contributes a novel dataset and baseline model for future research in Bengali text
summarization and low-resource language Natural Language Processing (NLP). Future
improvements may include incorporating larger pre-trained Bengali models, experimenting
with reinforcement learning techniques, and expanding the dataset to include more diverse

writing styles.

Keywords:

abstractive summarization, Bengali short stories, low-resource language, Bangla T5 model,
BanglaT5, NLP, BERTScore, precision, recall, F1-score, pre-trained, reinforcement learning
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Chapter 1

Introduction

11

Background

In recent times, many Bengali short stories have been made available in digital formats.
Natural Language Processing (NLP) enables computers to understand and communicate in
human languages and efficiently handle various language-related tasks. By integrating
computational linguistics with statistical modeling, machine learning, and deep learning, NLP
allows machines to process and generate both text and speech. As a result, its applications

have become increasingly popular and widely adopted across different domains.

One of the key applications of NLP is text summarization, which involves generating a
shorter version of a document, article, or story while retaining its core meaning and essential
information. The main goal is to extract the most important points from a lengthy text and
present them in a concise format. This becomes especially valuable in an era of information

overload, where reading through lengthy documents can be time-consuming.

There are two primary types of summarization techniques: extractive and abstractive.
Extractive summarization selects and compiles important sentences directly from the original
text. On the other hand, abstractive summarization attempts to comprehend the underlying
meaning of the text and generate a new, shorter version that conveys the same information in
original language. (Mim et al., 2021). While English and other languages have made
significant advances in both types of summarization, Bengali remains underexplored,
especially in the abstractive domain. Most of the Bengali summarization research relies
heavily on extractive approaches due to the lack of high-quality annotated datasets and
pretrained language models for Bengali. This gap highlights the urgent need for developing
Bengali-specific resources and models that can support abstractive summarization tasks.
Bangla T5 is pretrained on the mC4corpus, covering 101 languages, where the Bengali texts

are also included.



Unlike T5, which was trained only on English data, Bangla T5 can handle a wide range of
languages, making it a powerful tool for multilingual natural language processing tasks.
Creating a custom dataset of Bengali short stories and applying in Bangla T5 (based on
Bangla T5) can help address this gap and contribute to the growing parts of NLP research in

low-resource languages.

1.2

Problem Statement:

Although there has been a lot of progress in summarization for English and other high-
resource languages, Bengali still remains underdeveloped in this field. Most of the existing
work on Bengali summarization depends on extractive methods, which often cannot reflect
the natural flow and abstract style of human-written summaries. For abstractive
summarization, Bengali lacks strong models and publicly available annotated datasets. To
help solve this problem, we created our own dataset made up of Bengali short stories written

by different authors.

13

Objectives

e To create a custom dataset of Bengali short stories along with their abstractive summaries.

e To fine-tune a pre-trained multilingual Text-to-Text Transfer Transformer model (Bangla
T5) using the developed dataset.

o To evaluate the quality of the generated summaries using which measures the overlap
between machine-generated and human-written summaries.

e To analyze the performance and accuracy of the model on the training data to further
improve the quality of abstractive summaries.

o To establish a foundation for future research in abstractive summarization of Bengali short
stories.

e Provide the system with a dedicated 16 GB GPU, 32 GB shared GPU memory, and 64
GB RAM

10
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Limitations

« Computation resource limits when fine-tuning large models like BanglaT5 Less

Evaluation metrics such as: numbers of BERT Score precession recall and F1 score in
percentage .

« Limited ability to handle poetic texts, which are common in Bengali literature.

o Small dataset size (only 430 stories) as compare to other languages.

11



Chapter 2

Literature Review

2.1

Related works

Our research paper is about ""Abstractive summarization of Bengali short stories using
NLP.”

Since 2007, Bangla Text Summarization (BTS) has improved a lot, with different models and
methods being used to create short summaries from long texts.There are two main types of
text summarization: extractive and abstractive. Extractive summarization identifies and
combines existing sentences from the original text to create a summary. Abstractive
summarization, on the other hand, generates a new, condensed summary by paraphrasing and
interpreting the original text.Abstractive model used here Bangla T5-multilingual-XLSum
BART-large-CNN. Extractive Approaches include sentence ranking and extraction step,
including: (i) statistical ones,(ii) graph-based ones,(iii) semantic-based ones.Limitations are
Abstractive models need retraining or fine-tuning whenever documents from different
languages or domains are used.Abstractive models require large datasets, long training times,
and specialized hardware.Abstractive summarization performs best when models are fine-
tuned on domain-matched data.Extractive methods are more stable across datasets but lack
abstraction and naturalness.BLEU and ROUGE score show similar ranking trends for both

summarization ."(Giarelis et al., 2023)" .

The task of chart-to-text summarization belongs to the broader domain of Natural Language
Generation ,specifically focused on generating descriptive text from structured, non-linguistic
data such as charts and tables.Chart-to-text summarization is the task of creating descriptive
summaries from structured data like tables or charts.This dataset facilitates the analysis of
LLMs (Bangla T5, BanglaT5, Gemma) in Bengali chart-totext summarization.Metrics used to
evaluate these tasks include ROUGE, BLEU, WER, and CER, which help assess structure,
fluency, and correctness.All tested models (Bangla T5, BanglaT5, Gemma) perform poorly on
the Bengali chart-to-text summarization task.Although a benchmark dataset (Bengali
ChartSumm) was proposed, its size and diversity are limited."(nahidaakter et al.,2025)".

12



"(Chowdhury et al.,2021)" They use NCTB Dataset (Abstractive), that have 139 samples and
BNLPC Dataset (Extractive),200 samples.Best performance (extractive) reaches ~61% for
ROUGH-1 , Best performance (abstractive) reaches ~12% for ROUGE-1.introduced
BenSumm, the first graph-based unsupervised model designed to generate abstractive
summaries from Bengali text documents. The model requires only a Part-of-Speech (POS)
tagger and a pre-trained language model trained on Bengali data. To evaluate the performance
of BenSumm, the authors also developed a human-annotated dataset comprising document-
summary pairs, facilitating both assessment of their model and future benchmarking in
Bengali abstractive summarization research. Experimental results demonstrated that
BenSumm outperformed several well-established unsupervised extractive summarization
systems, despite not relying on human-annotated reference summaries.However, a key
limitation of BenSumm lies in its inability to generate novel words, highlighting the need for
future research through the integration of multi-sentence compression and paraphrasing to

enhance its abstractive capabilities.

"(Vahid Nejad Mahmood Abadi & Fahimeh Ghasemian,2024) " this paper about to improve
Persian abstractive text summarization using a hybrid method combining: Bangla T5
transformer model ,Three-phase fine-tuning,Reinforcement Learning (RL).This work is
designed to reduce exposure bias and increase the quality and fluency of generated
summaries. Their experiments show that the final model significantly outperforms existing
baseline models like mMBART and PEGASUS, achieving state-of-the-art ROUGE scores
(ROUGE-1: 53.89, ROUGE-2: 37.25, ROUGE-L: 50.23).However,the proposed method is
evaluated only on the language ;Persian, so its effectiveness on other low-resource languages
(like Bengali or Tamil) remains untested.

"(Joglekar et al.,2025)",Text Summarization in local language, focused on focuses on
abstractive text summarization techniques for regional languages,Hindi.They used state-of-
the-art Transformer based models to generate coherent, contextually accurate summaries from
local language content. In this research ,the dataset utilized news articles and corresponding
human-generated summaries.Where the maximum text lengths were 500 words and the
maximum summaries were 50 words.The model was trained by 20 epochs.The results
obtained from the implementation of the Transformer based model through ROUGE scores
.The model achieved a ROUGE-1 score with a F1 measure of approximately 0.67, a precision
of 0.86, and a recall of 0.55.Where the scores of ROUGE-2 was very low.The results give a

foundation for further exploration and improvement in automated text summarization

13



methodologies.

"(Efat et al.,2013)", introduced an extraction-based summarization technique tailored for
Bangla text documents,addressing the deficiency of such works in comparison to English.It
focused on the necessity of automated systems,given the increasing volume of Bangla
documents.The authors proposed leverages word frequency technique,sentence positional
value,cue words and document skeleton,with respect to precision.Here the results give the

83.57% agreement between machine created and human making summarizations.

"(Abujar et al.,2017)",the authors developed a heuristic-based model that processes Bengali
texts using linguistic and statistical techniques to generate concise summaries. From the
research, it explained, how the Bengali sentences should be scored after removing the stop
words. They use a three-phase process combining linguistic preprocessing, sentence scoring,
and final refinement. They used scoring formula, based on Python and NLTK. There
proposed method gave a close summary to human generated ones. They didn't show any
numerical accuracy but a figure shown high correlation between system and human output

Scores.

2.2

Research Gap

This research focuses on abstractive summarization of Bengali short stories, an area that has seen
limited progress compared to high-resource languages. Bengali text summarization research began
around 2007, primarily using extractive techniques based on statistical, graph-based, or semantic
methods. Recent studies have explored abstractive models like Bangla T5, BART, and BanglaT5, but
these require large annotated datasets, domain-specific fine-tuning, and powerful hardware, making
them challenging for low-resource languages. Studies such as "Giarelis et al. (2023) "emphasized the
limitations of abstractive methods across languages and domains. "Chowdhury et al. (2021)"
introduced BenSumm, an unsupervised graph-based model for Bengali abstractive summarization
using POS tags and pre-trained Bengali models. Although it outperformed extractive baselines, it
lacked true abstraction due to the absence of novel word generation. In a related domain, Nahida Akter
et al. (2025) worked on Bengali chart-to-text summarization using Bangla T5, BanglaT5, and Gemma
but found poor performance due to dataset limitations. Other works, such as Mahmood Abadi &
Ghasemian (2024), proposed a hybrid Bangla T5 approach using reinforcement learning for Persian
summarization, showing state-of-the-art performance but lacking multilingual validation. Similarly,

Joglekar et al. (2025) explored abstractive summarization for Hindi using Transformer models,

14



achieving good ROUGE-1 scores but struggling with ROUGE-2. Earlier Bengali works by Efat et al.
(2013) and Abujar et al. (2017) relied on heuristic and statistical extractive methods, showing high
similarity with human-generated summaries but lacking abstraction. These studies highlight the
growing interest in Bengali summarization but also underline the need for better datasets, fine-tuned

models, and further research in abstractive approaches for low-resource languages.

15



Chapter 3

Background study

This section describes the fundamental theory of the study.This includes an overview of
machine learning and discuss the basic concept of machine learning algorithm,that used in our
study.

3.1
Machine Learning:

Machine learning (ML) is a branch of artificial intelligence (Al) that focuses on developing
systems that can learn from data and improve their performance over time without explicit
programming. It enables computers to identify patterns, make predictions, and make decisions
by analyzing large datasets.It uses various algorithms, which are sets of instructions, to
analyze data and build models.Machine learning learns from data.lIt's algorithms are classified
into 2 categories ,"Supervised” and "Unsupervised". Supervised Learning uses labeled
data,providing with input data and expected output.On the other hand, Unsupervised Learning
uses unlabled data only given input data and finding relationshipwithen the data without any
guidance.

The models created by ML algorithms can be used to make predictions or decisions on new,

unseen data by using mathematical models based on training datasets.

3.2
Machine Learning Techniques in NLP:

NLP (Natural Language Processing) is not a learning algorithm ,but it is a field of study
focused on enabling machines to understand and process human language.NLP uses a variety
of ML techniques to enable computers to generate and understand human like languages. In
this section ,there are some great machine learning techniques applied in the domain of NLP.

Supervised Learning

Text classification : This model is used to categorize text into organized groups with respect

16



to training data.
Named Entity Recognition (NER): It involves training a model to identify and classify

named entities (such as:name date , locations) within text.

UnSupervised Learning

Word Embeddings:

Techniques that represent words as dense vectors based on their meanings and context in
large text corpora.

Clustering Documents:

Grouping similar documents together based on their content without predefined categories.
Topic Modeling:

An unsupervised method to discover hidden topics in a collection of documents based on
word patterns without labeled data.

Transfer Learning in Machine Learning

Transfer learning uses pre-trained models from one machine learning task or dataset to
improve performance and generalization ability on a related task or dataset. In NLP, a
pretrained model like BanglaT5 can be fine-tuned on Bengali summarization tasks using a
small set of dataset, this is transfer learning.

33
Used of Supervised Learning in our works

Supervised learning is a type of machine learning where the algorithm learns from a labeled
training dataset for training, where the correct output is known for each input ,to learn the
relationship between inputs and outputs and then predicts outcomes for new, unseen data.
3.3.1

Loss Function

A loss function is a type of objective function, which in the context of data science refers to any
function whose minimization or maximization represents the objective of model training.It
finds the difference between the predictive value and the actual target value of ML algorithm.
A loss value of zero in the result means perfect performance. It gives us back a non-negative
number indicating the disagreement or error between the targeted and predicted outputs.

There are 2 types of Loss Function:

17



e Mean Square Error (MSE) / L2 Loss : Used primarily for regression problems and its
numerical equationis: MSE = (1/n) * X(yi - §)?
Where n = number of total datasets
yi= predicted value

y=target value

e Mean Absolute Error (MAE)/L1 Loss : The MAE is another regression loss function
that measures the average absolute difference between the predicted and actual target

values.Its neumerical formula is: MAE =(1/n)* 3| yi - ¥|

3.3.2
Gradient Descent

Gradient descent is a type of algorithms used to search for parameters that minimize the loss
function.This is declared by the loss function's gradient with respect to the various weightslt .
is an iterative process that finds the best weights and bias that minimize the loss of the model.
It calculates the slope of the cost function with respect to each parameter. A hyperparameter
that controls the step size during parameter updates. The gradient indicates the direction of
the steepest increase in the cost function. Stochastic Gradient Descent (SGD) uses a single
training example to calculate the gradient at each iteration. It allows models to learn from data

and improve their accuracy over time.

3.33
Optimization
These algorithms help models learn from data by finding the best possible solution through

iterative updates. Different parameters are available for optimization of network. Besides

model parameters, optimization involves tuning hyperparameters, which are settings that

control the learning process itself, such as the learning rate(alpha) or regularization strength.

3.34
Learning Rate

The learning rate o is the 1% hyperparameters to be modified after choosing an architecture.

18
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Here the o is called the learning rate.lt is a hyper-parameter used to govern the pace at which
an algorithm updates or learns the values of a parameter estimate.The hyper-parameter
controls the rate of learning or speed of a model. The higher the alpha the larger portion of the

current gradient is consider and smaller the alpha the smaller is the considered gradient.

3.4

Model Overview

BanglaT5 is a transformer-based language model developed to address the lack of
high-performing NLP tools for the Bengali language. It is based on the T5 (Text-to-
Text Transfer Transformer) architecture, which reframes all language tasks—such as
summarization, translation, classification, and question answering—into a unified text-
to-text format. Unlike multilingual models like Bangla T5 that are trained across
numerous languages, BanglaT5 is pre-trained exclusively on a diverse and extensive
Bengali corpus, making it better suited for capturing the syntactic, semantic, and

grammatical nuances of the Bengali language.

The pretraining dataset for BanglaT5 includes a large collection of Bengali text from
sources like Bengali Wikipedia, news articles, books, and web content. This focused
training allows the model to generate more fluent, contextually accurate, and culturally
relevant outputs in Bengali. Because of its monolingual design, BanglaT5 has shown
improved performance in downstream NLP tasks like summarization and translation

when compared to general-purpose multilingual models.

In this research, BanglaT5 is fine-tuned specifically for the task of abstractive
summarization of Bengali short stories. The model leverages its strong language
understanding capabilities to generate concise and coherent summaries that are not
simple extractions, but instead are reworded representations that retain the core
meaning of the original story. Its architecture allows it to generalize well in low-
resource settings, though performance is still highly dependent on the quality and size

of the training data.

Overall, BanglaT5 plays a crucial role in advancing NLP research for Bengali, a low-
resource but widely spoken language. It demonstrates the potential of language-
specific pretraining in improving the quality of text generation tasks and offers a

strong foundation for future developments in Bengali natural language applications.

19



3.5

A Comprehensive Exploration of Bengali Short Stories and there Urgencies

Bengali short stories lead to a unique and important place in South Asian literature, that reflects the
diverse socio-political and cultural landscape of Bengal. The stories related of human emotions, to
displacement and the search for meaning in a changing society. Given the cultural richness and
narrative complexity of Bengali short stories, they serve as an excellent domain for natural language
processing tasks such as summarization, translation, and sentiment analysis. However, despite their
literary importance, the computational study of Bengali short stories remains under-explored,
particularly in the area of abstractive summarization, due to limited sources and tools.

Bengali is the 71" most popular language in the world,spoken by over 265 million individuals globally.
This language has its unique characteristics, not directly translatable to the other language. This is
necessary to develop the summarizing process of Bengali short story. For this, the reader can get
interest about what story he/she should study fully.

3.6
Text Summarization Method

Text summarization in NLP is the process of shortening a longer text while keeping the main
information and meaning unchanged. The goal is to create a short and accurate summary that
captures the main idea of the original document. There are two primary types of text
summarization:

i. Extractive summarization: This technique automatically creates summaries by picking
and joining important parts from the original text. It tries to keep the original meaning while

making the text shorter.

ii. Abstractive summarization: This method creates new sentences by understanding the

meaning of the original text.

Both methods have been used in different languages for research. However, the focus on
Bengali short story summarization is still very limited. This gap shows a clear opportunity for

more work and research in this area.

20



3.7

Challenges in Abstractive Summarization of Bengali Short Story:

Abstractive summarization of Bengali short stories presents different challenges for the
complexity of the language and lack of the resources.

- limited availability of sufficient datasets: One major issue is the limited availability of
insufficient datasets for training models. Unlike English, Bengali has small and low quality of
story summary,which makes it challengeable to create a fine-tuned model.

- Linguistic Intricacies: The inherent complexities of the Bengali language itself represent a
significant hurdle . Bengali short stories often contain large numbers of linguistic intricacies,
such as idiomatic expressions ,complex sentence structures and poetic language, which make

abstractive summarization more challenging for machine learning models.

3.8
Broader context

As Natural Language Processing (NLP) continues to advance, automatic text summarization
has become a valuable tool for handling large volumes of text. While languages like English
and other high-resource languages have made significant progress in both extractive and
abstractive summarization, Bengali still lags behind in this area. In this broader context, it is
important to recognize that this research is valuable not only for the Bengali language
community but also as a contribution to the wider field of NLP. Moreover, developing
effective summarization techniques for Bengali short stories is important not just for
technological development, but also for preserving and promoting regional literature in the

digital age.
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Chapter 4

Methodology

This section describes the methodological frame work followed in our study. It covers the
data acquisition and pre-processing strategies, the deep learning models implemented, the
embedding techniques used, the experimental setup, and the evaluation metrics applied to

measure model performance.

4.1

Data Collection and Annotation

For this research, a diverse corpus of Bangla short stories was compiled from various sources.
Primary data was extracted from NCTB (National Curriculum and Textbook Board) books,
which include educational short stories. Additional data was collected from online articles,
newspapers, and literary websites, ensuring a mix of narrative styles and domains. Each story
was manually reviewed to ensure completeness and relevance. For supervised learning,
human-annotated abstractive summaries were prepared for each story, focusing on capturing

the main idea, key events, and emotional tone within 3-5 lines.

We have created our data of Bengali short story books, written by various popular writer.

Table 4.1: Total Dataset

Total number of story (rows) Columns

430 3,(name of the story, text, summary)
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Here are some story collection for our dataset:

bangla short story summarization # & & OIE! © v am -
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AU b e & F 100% |8 % 0 0 w| fwi. -~ |[-[10]+ B 7 = A% H E-F-l- A~ i ~
A9 - "SI g 1-UTE el S
A B c

1 Name of the story Text Summary N
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3w A e BT TP P TR A | T O S A A S ST T A A G A | 756 g i) S 0 HOE e S BT | S IS ST, W6 SR Wi e
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12 St T 2 eEEE W SR T T w0 e ke e A S W S e e A s w0 e @ BT T TR0 T O SEEe 270 (R ) S0 s W | ST AT, S, @
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15 EIE AT () 2 L ST WA SRR TReE Sy ACed S Wt e A 1 TR e e o (71.)-03 S SRR i ST, WE 6 Y6 ARG T S, el @ Wi A 2% e | e vwe s 5
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Fig 4.1: Dataset Sample

4.1.1

DataPre-processing

The text data was tokenized using a pretrained tokenizer corresponding to the model being
used (BanglaT5 or Bangla T5-small). Both the stories (as input) and their summaries (as
target) were tokenized with a maximum input length of 512 tokens and maximum target
length of 128 tokens, with truncation and padding applied as needed. The dataset was
wrapped into the Hugging Face Dataset object to allow seamless integration with the training

pipeline.

a. Data labelling
Each record in the dataset was structured into two fields:

e Text: the full body of the short story

e Summary: the corresponding human-written abstractive summary
b. Data Cleaning
Text normalization was performed to remove unnecessary characters, punctuation noise,
redundant newlines, and formatting artifacts. Unicode issues were resolved, and all texts were
standardized in UTF-8 format. Additionally, a filtering process excluded overly short or

irrelevant samples.
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4.2

Model Architecture and Training

This study employed a Bangla-adapted version of the T5 model for abstractive
summarization. T5 (Text-To-Text Transfer Transformer) treats every NLP task as a text-to-
text problem. We used a multilingual variant — Bangla T5-small, which supports Bangla and
has been pre-trained on multilingual data.

Bangla T5 (such as csebuetnlp/banglats) is based on the Bangla T5-small architecture.

Bangla T5 model focuses on specially on Bengali language.And it has deep understanding of
syntax, style.

Model Used: Bangla T5 (based on Bangla T5-small)
« Transformer-based encoder-decoder architecture
o Fine-tuned on the collected Bangla short story dataset
e Input format: summarize: <Bangla story>

e Output: generated abstractive summary in Bangla

Raw Bangla text Data labeling Data Cleaning (remove noise, empty rows, symbols)

Data Normalization
Final data preprocessing (Unicode, whitespace,
(tokenization, structuring) punctuation handling)

Fig 4.2: Data preprocessing
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4.3

Bangla T5 Model Architecture

The Bangla T5 model is based on Google’s T5 (Text-to-Text Transfer Transformer)
architecture, which is an encoder-decoder transformer that handles all NLP tasks in a text-to-
text format. In our thesis, a multilingual variant (Bangla T5-small) is used and fine-tuned
specifically on Bangla short story summarization tasks. It converts all tasks into text data and

perform its operation.

Key Components:

1. Input Format
Every task is framed as:
summarize: <Bangla story text>

This prompt guides the model to treat the task as summarization.

2. Tokenizer
The input text is tokenized using the Sentence Piece tokenizer trained on multilingual

text. This breaks Bangla text into subword tokens.

3. Encoder
The encoder consists of multiple transformer layers (12 in Bangla T5-small). It

processes the input tokens and produces contextualized hidden representations.

4. Decoder
The decoder takes the encoder output and generates the target tokens (summary), one
by one, attending to both previously generated tokens and the encoder’s outputs.

5. Linear + Softmax Layer
The decoder’s output is passed through a linear layer and a softmax to

generateprobabilities for each token in the vocabulary.

6. Output (Detokenizer)
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The output token IDs are detokenized back into Bangla text the abstractive summar
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Input text
" AT (TR JQIF (AT T1T 2T, ST gy 2 | ey 5 a3
ST TR 16 TSI TH AF............. »

1

Tokenizer(SentencePiece)

!

Encoder
(Transformer x N)

v

Decoder
(Transformer x N)

1

Linear Layer + Softmax
(Token IDs)

1

Output summary
“(eTF A, AW Silfo TS I2TGTF T4 qF 93 TeNA

Fig 4.3: T5 Architecture Diagram
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4.4

Model training
Dataset split:

Table 4.2: Dataset spliting

Total number of rows 430

Number of training data ( 70% of total data) 301

Number of test data (30% data) 84

Validation data 45
4.5

Experimental Setup
- ProgrammingLanguage: Python
= DeepLearningFramework: PyTorch, Tokenizer
= Tools: Hugging face transformer
- Hardware: NVIDIAGPU- enabled environment (RTX-9800)
= Environment: visual studio code
= Training Parameters:
4 Epochs:30
& Optimizer: Adam
& Batchsize:2
4 Learning rate: 0.00005

4 Gradient accumulation step: 2

4.6

Performance Evaluation

The model was evaluated using Bert score to compare machine-generated summaries with
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reference summaries.

To evaluate model effectiveness, the following metrics were used:
e Precision(P)
e Recall(R)

e F1-Score(F1)

4.6.1

Mathematical Formulas:

Let TP, TN, FP, and FN represent true positives, true negatives, false positives, and false

negatives respectively.

TruePositive(TP)

Precision=

TruePositive(TP)+FalsePositive(FP)

TruePositive(TP)

Recall=

TruePositive(TP)+FalseNegative(FN)

2*Precision*Recall

Flscore=

Precision+Recall
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Chapter 5

Result and Discussion

In this research, a transformer-based Bangla-T5 model was fine-tuned for the task of Bangla
short story summarization. The model was trained for a total of 30 epochs. During training,
both training and validation losses showed a consistent downward trend, indicating effective
learning by the model. Although some fluctuations were observed in the early epochs, from
around the 20th epoch onward, the validation loss stabilized, reaching its lowest point of
1.3126 at epoch 28, suggesting that the model was generalizing well without significant

overfitting.

To evaluate the quality of the generated summaries, BERT Score was used. The model
achieved a Precision of 0.5927, Recall of 0.5398, and F1-score of 0.5644. While these values
are moderate, they are considered reasonably good given the limitations of available Bangla

language resources and the relatively small dataset size used in this work.

The generated summaries were found to be relevant and context-aware, capturing the core
message of the stories. However, in some instances, the summaries exhibited repetition or
lacked clarity. These issues could potentially be addressed through improved subword
tokenization, more refined dataset cleaning, and advanced decoding techniques such as beam

search,
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Training and Validation Loss over Epochs

e + Treliininlg Lo.ss
Validation Loss
30 1
257
20 =
g
15 4 b‘
10 4
54 L
M"“‘-‘ i | L | el
0-' T T T T T T T T T T T T T T T T T T T T T T
A T B AN T N BB - I B L e S B AT
Fig 5.1: Training loss and validation loss over
epochs
Table 5.1 : Result of the work
Evaluation Value
Precision 0.5927
Recall 0.5398
F1 score 0.5644

input i R
“SINET qda N9 el 92 I M (U SWNYF o

ouput:

"I Qe =G, (@A, SNYE 992 OTWY ©d7d I3 GIfe

Fig. 5.2: Sample input and output
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Chapter 6

Conclusion and Future Work

Limitations & Future works:

The study faced several challenges, including a relatively small dataset of only 430 stories,
limited computational resources for fine-tuning large models like Bangla T5, low bert score
percentages, and difficulty in accurately summarizing poetic or stylistic expressions common
in Bengali literature.

To overcome those problems following points are necessary for the future works we think:

[1 Collecting more Bengali short stories written by various authors to improve the model’s

learning capacity.
[1 Include summaries written by experts from native speakers to ensure quality.

1 While our study utilized a system with a dedicated 16 GB GPU, 32 GB shared GPU
memory, and 64 GB RAM, fine-tuning large models like Bangla T5 still posed computational
challenges. Utilizing more powerful hardware or adopting parameter-efficient training

techniques could reduce resource requirements.
1 Compare BERTScor with human evaluations for better accuracy assessment.

[1 Research in Low-Resource NLP Tools such as, POS taggers, tokenizers, and syntactic

parsers tailored for Bengali language.

) Use reinforcement learning techniques or human-in-the-loop systems to refine the output

and improve summary naturalness.

) Finally, to better catch the poetic and complex texts common in Bengali literature, future
models could be fine-tuned specifically on such content or supported with stylistic data

augmentation techniques.
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Conclusion

In this research, we aimed to develop an abstractive summarization system for Bengali short
stories, a domain that has received limited attention compared to high-resource languages. To
address the scarcity of datasets and pre-trained models for Bengali, we created a custom
dataset comprising 430 Bengali short stories along with corresponding human-written
summaries. The Bangla T5 model was fine-tuned on this dataset, and its performance was
evaluated using BERT scores. While the model demonstrated some ability to extract key
information and generate coherent summaries, the overall quality of the abstractive
summaries remained limited—Ilargely due to the small dataset size. In future work, we plan to
expand the dataset by including more stories and high-quality human-generated summaries.
We believe that with more data and extended research efforts, the quality and effectiveness of
the generated summaries will significantly improve. Overall, this study lays the groundwork
for continued research in NLP for Bengali and other low-resource languages, particularly in

the field of literary text summarization.
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