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Abstract

As social media platforms have become more widely used, cyberbullying has become
a major issue that cuts over linguistic and geographic barriers. Although significant
efforts have been made to identify cyberbullying in major languages, little research
has been done in this area regarding Bengali, despite its distinctive linguistic charac-
teristics. An automated method for identifying instances of cyberbullying in Bengali
social media content is presented in this thesis.

This study examines of current cyberbullying detection techniques and how well they
work in the context of Bengali language usage.Our study includes feature extraction,
classification, and data preprocessing, all of which are optimized to take into account

the nuances of the Bengali language.

Important language elements that are typical of Bengali cyberbullying discourse are
found and added to the feature extraction procedure. Additionally, semi-supervised
learning approaches are used to improve classification performance by utilizing both
labeled and unlabeled data in order to offset the lack of labeled datasets in Bengali.

Many experiments on real-world Bengali social media datasets are used to assess the
efficacy of the suggested approach. performance metrics are compared amongst cur-
rent approaches in terms of F1-score metrics, precision, and recall.
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Chapter 1
Introduction

Social media is a important part of our lives, but it also badly effects our life by cyber-
bullying. Cyberbullying is bullying or harrassing someone in electronic media.Nowadays,
cyberbullying is one of the growing concerns worldwide.While much research has fo-
cused on cyberbullying in languages like English, there is a significant gap in studies
addressing this issue in Bengali language.

Bengali is spoken by over 230 million people of the world, mostly by Bangladeshi and
West Bengal people. It is among the languages that are most often spoken worldwide.
Despite the increasing use of social media among Bengali speakers, there are limited
tools and methods for detecting cyberbullying in this language. The cultural and lin-
guistic barrier may cause difficulties in understanding the slangs or bullies.

Our aim is to address these challenges by exploring effective strategies for detecting
social media cyberbullying in Bengali. It covers the analysis of linguistic features,
socio-cultural contexts, and the development of machine learning models tailored for
Bengali. Our goal is to improve the detection and prevention of cyberbullying in the
Bengali-speaking online community, promoting a safer and more inclusive digital en-

vironment.

1.1 Introduction to the Research Topic

Cyberbullying on social media is a growing concern that causes significant harm to
victims, but research and detection tools in the Bengali language are limited. Bengali,
which is spoken by over 230 million people, does not receive the same resources and
attention as other major languages in this domain. The purpose of this study is to
close this gap by developing effective methods for detecting cyberbullying in Bengali
social media interactions. By focusing on linguistic nuances and utilizing advanced
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machine learning techniques, we hope to develop tools that promote a safer online

environment for Bengali speakers.

1.1.1 Motivations

Increasing Prevalence of Cyberbullying: Cyberbullying is a expanding problem
on the platforms of social media, resulting in significant psychological harm. The
increased use of social media by Bengali speakers necessitates addressing this issue in

their native language.

Lack of Existing Research: Bengali, Even though it is the world’s seventh most
extensively spoken language, is underrepresented in cyberbullying detection research.
Developing effective Bengali detection methods has the potential to fill a significant

research gap.

Cultural and Linguistic Nuances: Understanding Bengali’s distinct cultural and
linguistic characteristics can help cyberbullying detection models perform more ac-
curately. Addressing these nuances ensures that the solutions are culturally and con-
textually appropriate.

Developments in Technology: Natural language processing (NLP) and machine
learning advances have created new opportunities for addressing language-specific
challenges. Using these technologies can result in more sophisticated and effective
detection systems for Bengali.

Social Impact: Encouraging the development of tools to identify and address cy-
berbullying can help create safer online spaces. One of society’s most important ob-
jectives is to shield vulnerable groups, such as children and teenagers, from internet

harassment.



1.1.2 Scope

Dataset Creation and Annotation: Building and compiling an extensive collection
of social media exchanges in Bengali. Making certain that the dataset is diverse, accu-
rately classified, and reflective of actual cyberbullying situations. Linguistic Analy-
sis: Examining Bengali’s morphological and syntactical structure to provide guidance
for model creation. Addressing regional linguistic variances and dialectal variations
within the dataset.

Model Development: Investigating several deep learning and machine learning mod-
els, with an emphasis on transformer-based architectures in particular. Experiment-
ing with hyperparameter optimization, model selection, and fine-tuning specifically
for Bengali text.

Evaluation Metrics: Defining and applying general evaluation measures (e.g., pre-
cision, recall, F1-score, confusion matrices) that go beyond accuracy. Addressing the
dataset’s class imbalance to guarantee impartial and equitable model performance.

Ethical and Privacy Considerations: Ensuring the model’s impartiality and min-
imizing the propagation of bias from the training data. Observing moral principles
and data protection laws, such the GDPR, when managing user-generated material.

Computational Efficiency: Ensuring the computational efficiency of the created
models during both the training and inference stages. Concentrating on real-time
detection skills to enable the models to be deployed feasibly.

Robustness and Generalization: Ensuring the models are resistant to hostile at-
tacks and have good generalization to new data. Creating plans to deal with the de-
liberate avoidance techniques employed by cyberbullies.

Deployment and Impact Assessment: Preparing for the detection system’s actual
implementation on social media networks. Evaluating the system’s effectiveness in
lowering instances of cyberbullying among Bengali speakers.

1.1.3 Problem Statement

Cyberbullying is now a widespread problem on social networking sites that negatively
impacts people’s mental health and wellbeing, particularly that of younger users. Even
with recent advances in natural language processing, it is still difficult to identify hos-
tile and dangerous information in low-resource languages like Bengali. The purpose
of this thesis is to close this gap by creating a reliable technique for identifying cyber-
bullying in Bengali writings. The study makes use of several transformer models that



have already been trained and assesses their effectiveness using a number of criteria,
such as validation accuracy and F1-score. The goal is to determine which model and
hyperparameter settings work best for this task, helping to create safer online spaces
for people who speak Bengali.

1.1.4 Research Challenges

There are various obstacles in identifying cyberbullying on social media in Bengali.
Given that Bengali is a low-resource language with little publicly available data and
a history of bias and mislabeling, the quality and paucity of datasets present serious
problems. Tokenization and modeling are made more difficult by the dialectal vari-
ances and morphological diversity of the language. Both significant computational
resources and a great deal of experimentation are needed to choose and fine-tune the
appropriate model. The use of extra metrics may be necessary since evaluation crite-
ria such as accuracy and F1-score may not adequately describe model performance,
particularly in the case of imbalanced datasets. Ensuring privacy compliance and pre-
venting the propagation of bias are just two of the many ethical considerations that
are crucial. Ultimately, practical deployment and reliability depend on the model’s

efficiency, generalization, and resilience to adversarial attacks.

1.1.5 Organization

This thesis is organized into five main chapters, each designed to address the essential
aspects of the research on detecting cyberbullying in Bengali language social media.

« Chapter 1 - Introduction: This chapter introduces the research topic, dis-
cussing the significance of cyberbullying, particularly within the context of the
Bengali language. It outlines the motivations, scope, problem statement, re-
search challenges, and contributions of the study. This sets the foundation for
the rest of the thesis, providing a clear understanding of the research objectives.

« Chapter 2 - Related Works: In this chapter, we review existing literature and
studies that have addressed cyberbullying detection, particularly focusing on
research related to other languages, machine learning models, and social media
interactions. The chapter helps to situate our work within the broader context
of cyberbullying research and highlights the gap this study aims to fill.

« Chapter 3 - Stages of methodology: This chapter details the methodological
approach taken in the research. It explains the dataset selection, preprocessing
techniques, and the machine learning models applied. The chapter also cov-
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ers the training process, hyperparameter tuning, and evaluation metrics used to

assess the model’s performance in detecting cyberbullying in Bengali.

Chapter 4 - Results and Discussion: This chapter presents the results ob-
tained from the experiments conducted, including performance metrics such
as accuracy, F1 score, and precision. It also includes a comparison of different
models and their effectiveness in detecting cyberbullying in Bengali. The dis-
cussion section interprets these results in the context of the research objectives.

Chapter 5 - Conclusion: The final chapter summarizes the research findings
and discusses the implications of the results for future work. It highlights the
contributions made by this thesis to the field of cyberbullying detection and sug-
gests areas for further research to improve the detection systems for underrep-
resented languages like Bengali.



Chapter 2

Related Works

A number of researchers collectively highlight significant advancements in detecting
and addressing online behaviors, particularly focusing on hope speech and cyberbul-
lying across multiple languages and social media platforms. These studies underscore
the importance of promoting equality, diversity, and inclusion through language tech-
nology, specifically by identifying and amplifying positive and supportive comments,
referred to as hope speech. This is especially crucial for marginalized groups such as
the LGBTQIA+ community, women in STEM, and persons with disabilities [7].

High precision and recall rates were attained in the hope speech detection study by
using sophisticated machine learning and deep learning models, such as ROBERTa
and XLM-RoBERTa [9]. This method stands out in particular because it makes use
of a special multilingual dataset from social media sites that was meticulously anno-
tated to guarantee ethical considerations by removing personal information. This en-
deavor not only generates a healthy online environment but also highlights the poten-
tial of language technologies in promoting social inclusion [7]. With models like GRU,
BERT, and ELECTRA, notable progress has been achieved in the area of hate speech
and offensive comment identification, especially in the Bengali language. When ap-
plied to Facebook datasets, these models demonstrated high accuracy rates; the BERT
and ELECTRA models achieved approximately 85% [2], [10]. These developments are
essential for upholding a civil and secure online community because they provide the
efficient classification and mitigation of dangerous information.

[2], [10]. These developments are essential for upholding a civil and secure online
community because they provide the efficient classification and mitigation of danger-

ous information.

Significant advancements in cyberbullying detection have also been made thanks to



transformer models including XLM-RoBERTa, Bengali DistilBERT, and Bangla BERT.
XLM-RoBERTa achieved the highest accuracy and F1-scores when these models were
applied to huge datasets of Facebook comments in Bangla [10], [13]. Strong cyberbul-
lying detection systems must be created in order to shield people from online abuse

and to safeguard their mental and emotional health.

Cyberbullying’s psychological effects are well-established; studies have shown that it
can cause severe emotional anguish, anxiety, sadness, and low self-esteem [3]-[5].
These findings highlight the critical necessity for victim support networks and ef-
ficient treatments. School nurses can help victims, students, and families who are
impacted by cyberbullying by implementing practical measures that give them the
knowledge and resources they need to fight this problem [6].

Additionally, in order to inform interventions and policies, insights into how stu-
dents perceive cyberbullying on social media platforms have been investigated [1],
[17]. From the viewpoint of the students, this study offers a deeper comprehension of
the frequency, characteristics, and effects of cyberbullying. Undergraduate students’
protective methods to protect themselves from cyberbullying have also been studied,
providing important information about how effective these tactics are [11].

The fundamental dynamics and patterns of cyberbullying on social media platforms
have been revealed through the application of sophisticated data analysis tools. In
order to create focused interventions, it is essential to investigate the ways in which
cyberbullying appears and proliferates online [8]. Furthermore, research has exam-
ined the particular difficulties faced by victims of cyberbullying on mobile devices,

emphasizing the necessity of tailored strategies to combat mobile cyberbullying [18].

All things considered, these studies offer a thorough summary of contemporary ap-
proaches and interventions meant to promote online positivity and stop cyberbul-
lying. Together, they support marginalized communities, make the internet a safer
and more welcoming place, and enhance the general wellbeing of those impacted by
harmful online conduct.



Chapter 3
Stages of Our Study

« Dataset Selection:

We have used the "BAD-Bengali-Aggressive-Text-Dataset,” which contains a col-
lection of Bengali social media texts annotated for aggressive and non-aggressive
content. This dataset was sourced from a public GitHub repository. It provides
a balanced distribution of aggressive and non-aggressive text, making it suitable
for training machine learning models for the task of detecting aggression in Ben-
gali social media interactions.

The dataset was pre-processed to remove noise such as URLSs, special charac-
ters, and extra spaces, while maintaining the core text features important for

identifying aggressive speech.

« Model Selection:
We selected and experimented with five different machine learning models tai-
lored to natural language processing (NLP), specifically focused on Bengali lan-
guage text:

sagorsarker/bangla-bert-base: A BERT-based model pre-trained on
a large corpus of Bengali text, designed to handle Bengali language nu-
ances.[15]

- drygegedsgryeuj/test: A test model used for benchmarking. This model
explores lightweight architectures for low-resource scenarios.[14]

- neuropark/sahajBERT: Another BERT-based model with optimizations
specific to Bengali text processing.[19]

- bangla-speech-processing/BanglaASR: Primarily designed for speech
recognition, we adapted this model for text-based classification tasks.[12]



- bangla-sentence-transformer: A transformer model optimized for pro-
ducing sentence embeddings in Bengali, useful for various NLP tasks, in-
cluding classification.[16]

Each model was selected based on its ability to handle complex sentence struc-

tures and semantic nuances of the Bengali language.

Hyperparameter Tuning:
We experimented with two key hyperparameters: the number of epochs and
learning rates. Tuning these hyperparameters allowed us to optimize the mod-

els’ performance:

- Epochs: We trained each model for 3 and 5 epochs. Increasing the num-
ber of epochs allows the model to learn more from the data but can lead
to overfitting if too high.

- Learning Rates: Two learning rates were tested: 5e-5 and 1le-5. The
learning rate determines how much the model should be altered in re-
action to the

estimated inaccuracy every time the weights in the model are changed. A
lower learning rate can result in better performance, but it may require
more epochs to converge.

By fine-tuning these hyperparameters, we aimed to find the optimal balance

between model performance and training time.

Training and Evaluation:
Each model was trained on the preprocessed dataset, and we followed these
steps for each combination of model and hyperparameter settings:

- Data Loading: The dataset was split into training and validation sets.
DataLoaders were created to handle batch processing and shuffling to en-
sure robust training.

- Tokenization: The text data was tokenized using a pre-trained tokenizer
specific to each model. Tokenization breaks the text into words, subwords,
or symbols that the model can process.

- Training: Each model was trained using the selected hyperparameters.
For every epoch, the model was updated based on the loss function, which

measures the error in the model’s predictions.

- Evaluation: After training, we evaluated each model on the validation



set using two key metrics:

+ Validation Accuracy: The percentage of correct predictions made
by the model on the validation set.

x F1 Score (Macro Averaged): A measure that combines both pre-
cision and recall, giving a single score to evaluate the model’s per-
formance. The macro-averaged F1 score treats each class equally,
regardless of the class distribution.

The evaluation results were used to compare model performance and select the
most effective model for detecting aggression in Bengali text.

Bengali Aggressive Datnsef‘

Input Text Dataset

l

l

Text Preprocessing

Model Selection

Model Training

Model Evaluation

11

Performance Comparison ﬁ

Figure 3.1: Methodology
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The Figure has provided outlines the methodology for detecting aggressive or abusive

comments in Bengali using various transformer models.

» Input Text Dataset
Description: The process begins with the input of the text dataset, specifically
the "Bengali Aggressive Dataset.”
Action: Load the dataset which contains Bengali text comments labeled for ag-

gressiveness.

« Text Preprocessing

Description: Preprocessing the text data is crucial for preparing it for model
training.

Steps: Analyze the Distribution of Labels: Examine how the labels (aggressive
vs. non-aggressive) are distributed within the dataset.

Tokenization: Convert the raw text into tokens, which are the basic units that
the model will process. This involves splitting the text into words or subwords.
Label Conversion: Transform the labels into a format that is compatible with

model training, such as tensors in machine learning frameworks.

+ Model Selection
Description: Choose appropriate models that are suitable for the task of detect-
ing aggressive speech.
Action: Load and configure various models for comparison. This might include
popular transformer models like BERT, RoBERTa, or specialized versions for
the Bengali language.

+ Model Training
Description: Train each selected model on the preprocessed dataset.
Steps: Train Each Model: Use the dataset to train the models, adjusting the hy-
perparameters (e.g., learning rate, batch size) to optimize performance.
Adjust Hyperparameters: Fine-tune the hyperparameters to improve the mod-
els’ ability to accurately classify the text as aggressive or non-aggressive.

« Model Evaluation
Description: Evaluate the performance of each trained model.
Steps: Performance Analysis: Assess each model based on key metrics such
as accuracy, precision, recall, and F1 score. This step involves validating the
models on a separate validation dataset to ensure they generalize well to new,
unseen data.
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+ Performance Comparison
Description: Compare the performance metrics of all the trained models to de-
termine the best one.
Steps: Compare Metrics: Analyze the results of the performance evaluation
and compare the models based on the collected metrics. This comparison helps
in identifying which model performs best in detecting aggressive comments in
Bengali.

Each step in this methodology is designed to ensure a comprehensive and systematic
approach to training, evaluating, and selecting the best-performing model for the task
of detecting aggressive speech in Bengali social media comments. The process em-
phasizes the importance of thorough preprocessing, careful model selection, rigorous
training, and detailed evaluation to achieve optimal results.

MNon-

N Aggressive
aggressive B

Figure 3.2: Percentage of Aggressive and Non-aggressive Texts

Non-aggressive: Proportion: 51.9 percentage.This class forms the majority of the dataset.Aggressive::
48.1 percentage. This class forms the minority of the dataset, but it’s nearly balanced
with the Non-aggressive class. Class Distribution: The distribution between the two
classes is quite balanced, with "Non-aggressive” having a slight majority. This balance
is beneficial for model training because it reduces the risk of the model becoming bi-
ased towards one class.Implications for Model Training:(Balanced Classes)-Since the
classes are almost evenly distributed, the model will have a fair representation of both
classes during training, leading to better generalization.Performance Metrics: With
such a balanced dataset, performance metrics like accuracy, precision, recall, and
F1 score will provide a more accurate reflection of the model’s performance.Further
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Evaluation: To gain deeper insights into the model’s performance, we should look
at confusion matrices, precision-recall curves, and ROC curves. These will help us
understand how well the model distinguishes between the "Aggressive” and "Non-
aggressive” classes.

Figure 3.3: Pseudo Code of Model Training

Pseudo Code Explanation

The provided code represents a typical training loop for machine learning models.
It starts by setting the model to training mode, ensuring that all layers are active for
learning. The outer loop iterates over multiple epochs, each representing a complete
pass through the training dataset. Inside this loop, the data is processed in batches,
which helps manage memory efficiently and accelerates computation. For each batch,
the input data is transferred to the appropriate device (e.g., CPU or GPU), and the gra-
dients from the previous iteration are reset to prevent accumulation. The model per-
forms a forward pass to generate predictions, which are then compared to the ground
truth labels to compute the loss using a loss function. A backward pass follows, where
gradients are calculated and propagated through the model. Finally, the optimizer
updates the model parameters based on these gradients to minimize the loss. After
each epoch, the code outputs the loss value, allowing the user to monitor the training
progress.

The code snippet represents a training loop that:

Sets the model to training mode, iterates over multiple epochs and batches, moves
data to the appropriate device, performs forward and backward passes to compute and
propagate loss, updates model parameters based on the computed gradients, prints the

loss value after each epoch to monitor training progress.
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Chapter 4
Results and Discussion

Validation Acchacy of Different Models
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Figure 4.1: Accuracy of Different Models

The graph you have provided is a line plot that represents the validation accuracy of
different models. Here’s a detailed description:

Axes :

X-Axis (Model Name): This axis lists the names of the different models used for vali-
dation.

The models listed are:

14



Model Descriptions

bangla-bert-base

bangla-bert-base is a pre-trained BERT-based model designed specifically for process-
ing Bengali text. It leverages a large corpus of Bengali language data to capture lin-
guistic nuances, including morphology and syntax, making it well-suited for tasks

such as text classification and sentiment analysis.

bangla-sentence-transformer

bangla-sentence-transformer is a transformer-based model optimized for generating
sentence embeddings in Bengali. These embeddings capture semantic relationships
between sentences, making the model effective for downstream tasks like text simi-
larity and classification.

textO

textOis alightweight and experimental model tailored for benchmarking in low-resource
scenarios. While its primary purpose is to explore efficient architectures, it also pro-

vides baseline performance for Bengali language tasks.

BanglaASR

BanglaASR is primarily an Automatic Speech Recognition (ASR) model for Bengali.
Although designed for speech-to-text tasks, it has been adapted for text classification
by leveraging its ability to process the Bengali language effectively.

sahajBERT

sahajBERT is another BERT-based model with specific optimizations for Bengali text
processing. Its design emphasizes simplicity and efficiency, making it suitable for

applications requiring fast and accurate language understanding.

Y-Axis (Validation Accuracy): This axis represents the validation accuracy of each
model, ranging from 0.70 to 0.76.

15



Data Points:

bangla-bert-base: This model has the highest validation accuracy, slightly above 0.75.
bangla-sentence-transformer: This model has a validation accuracy close to that of
bangla-bert-base, but very slightly lower. textO: This model has a lower validation
accuracy, around 0.72. BanglaASR: This model has the lowest validation accuracy,
around 0.71. sahajBERT: This model has a validation accuracy higher than BanglaASR
but lower than textO, approximately 0.71.

Trend:

The line plot shows a decreasing trend in validation accuracy from bangla-bert-base

to BanglaASR, with a slight increase for sahajBERT.

Interpretation:

Highest Accuracy: bangla-bert-base and bangla-sentence-transformer models are the
most accurate based on this validation accuracy metric.

Lowest Accuracy: BanglaASR has the lowest validation accuracy among the models
tested.

General Trend: There is a noticeable drop in validation accuracy from the first two
models to the subsequent ones, with a minor recovery at the end with sahajBERT.

This plot is useful for comparing the performance of different models in terms of vali-
dation accuracy and making decisions on which model might be the best for a specific
task.

The provided graph is a line plot illustrating the validation accuracy of different mod-
els. Here’s a concise description:

Axes:
X-Axis (Model Name): Lists the names of five models:

Y-Axis (Validation Accuracy): Ranges from 0.69 to 0.74.

Data Points:

bangla-bert-base: Has a validation accuracy of about 0.70.
bangla-sentence-transformer: Shows a higher validation accuracy of approximately
0.73.
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Validation Accuracy of Different Models
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Figure 4.2: Accuracy of Different Models

textO: Peaks with the highest validation accuracy around 0.74.
BanglaASR: Drops to a validation accuracy near 0.72.
sahajBERT: Has the lowest validation accuracy, around 0.69.

Trend:

The plot shows an increase in validation accuracy from bangla-bert-base to textO,
which has the highest accuracy.

After textO, the validation accuracy decreases, with sahajBERT having the lowest ac-
curacy among the models.

Summary:

textO is the most accurate model.
sahajBERT is the least accurate.
There is an upward trend in accuracy until textO, followed by a downward trend.
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Validation Accuracy of Different Models
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Figure 4.3: Accuracy of Different Models
Axes :

X-Axis (Model Name): Lists the names of five models: Y-Axis (Validation Accuracy):
Ranges from 0.70 to 0.74.

Data Points:

bangla-bert-base: Starts with a validation accuracy of about 0.70.
bangla-sentence-transformer: Peaks with the highest validation accuracy, slightly above
0.74.

textO: Drops to around 0.73.

BanglaASR: Increases again, reaching slightly above 0.74.

sahajBERT: Decreases to around 0.72.

Trend:

The plot shows a rise in validation accuracy from bangla-bert-base to bangla-sentence-
transformer. It then decreases at textO, rises again at BanglaASR, and finally drops at
sahajBERT.
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Summary:

Highest Accuracy: bangla-sentence-transformer and BanglaASR have the highest val-
idation accuracies, slightly above 0.74.

Lowest Accuracy: bangla-bert-base has the lowest validation accuracy, around 0.70.
There is a fluctuating trend in validation accuracy among the models, with peaks at

bangla-sentence-transformer and BanglaASR.

Model Accuracy Comparison Across Different Epochs and Learning Rates

0.75
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Figure 4.4: Comparison of Model Accuracies

The graph titled "Model Accuracy Comparison Across Different Epochs and Learning
Rates" illustrates the accuracy of various models trained under different conditions.
The x-axis represents all the models

The y-axis represents the accuracy, ranging from 0.69 to 0.76. The graph includes four
lines, each representing a different combination of epochs and learning rates:

Blue line: 3 Epochs, 1e-5 Learning Rate (LR)
Green line: 3 Epochs, 5e-5 LR

Red line: 5 Epochs, 1e-5 LR

Purple line: 5 Epochs, 5e-5 LR
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Key observations:

The accuracy varies across different models and training conditions. “sahajBERT"
with 5 Epochs, 1e-5 LR (red line) has the highest accuracy. "bangla-bert-base” con-
sistently performs well across different conditions, especially with 5 Epochs, 1e-5 LR.
"testO” and "BanglaASR" exhibit more variation in accuracy based on the training con-
ditions. This comparison helps in understanding which combinations of epochs and
learning rates yield the best performance for each model.

Table 4.1: Accuracy Comparison

Accuracy Comparison:

Model 3 Epochs, 1e-5 LR | 3 Epochs, 5e-5 LR | 5 Epochs, 1e-5 LR | 5 Epochs, 5e-5 LR
bangla-bert-hase 0.6967 0.7549 | 0.7153 0.6972
1’:&%;}:;2?“06 0.7263 0.7530 0.7039 0.7454
testO 0.7468 0.7158 0.6853 0.7268
BanglaASR 0.7306 0.7020 | 0.6962 0.7434
sahajBERT 0.6876 0.7124 | 0.6876 | 0.7310

Table 4.2: F1 Score Comparison

F1 Score Comparison:

Model F1 Score Comparison Across Different Epochs and Learning Rates

0.675}

0.650

0.625}

0.600f

0.5751

F1 Score

0.550
0.525
0.500f

0475 |

Let’s break down the key elements:

« Title and Labels:
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Title: The chart is titled "Model F1 Score Comparison Across Different Epochs
and Learning Rates,"” indicating that it compares the performance of different
models under various training conditions.

Y-Axis: Represents the F1 score, a metric that considers both precision and re-

call, providing a single score to evaluate the model’s performance.

X-Axis: Lists different models: bangla-bert-base bangla-sentence-transformer
textO BanglaBERT sahajBERT

Legends:

Colors: Each line represents a different training configuration: Blue Line: 3
Epochs, 1e-5 Learning Rate (LR) Green Line: 3 Epochs, 5e-5 LR Red Line: 5
Epochs, 1e-5 LR Purple Line: 5 Epochs, 5e-5 LR

Analysis:

bangla-bert-base: Highest F1 score achie0000ved with 3 Epochs, 1e-5 LR (Blue
line). Lower F1 scores with other configurations, indicating that the model per-
forms best with a lower learning rate and fewer epochs.

bangla-sentence-transformer: Best performance with 5 Epochs, 5e-5 LR (Purple
line). The model shows significant improvement with higher learning rates and
more epochs, suggesting it benefits from more extensive training.

textO: Highest F1 score achieved with 5 Epochs, 5e-5 LR (Purple line). The
scores vary significantly, indicating sensitivity to training configurations.

BanglaBERT: Optimal performance with 3 Epochs, 1e-5 LR (Blue line). The
model shows a steep decline with other configurations, especially with 5 Epochs
and 1le-5 LR (Red line).

sahajBERT: Performs best with 3 Epochs, 1e-5 LR (Blue line). Other configura-
tions yield lower scores, showing less sensitivity to changes compared to other
models.

Key Observations:

Consistency in Performance: bangla-bert-base, BanglaBERT, and sahajBERT
tend to perform best with 3 Epochs and a 1e-5 learning rate. Sensitivity to Train-
ing Configurations: Models like bangla-sentence-transformer and textO show
more variation across different epochs and learning rates, suggesting they may

require more tuning to achieve optimal performance.
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Higher F1 Scores with Certain Configurations: For most models, the best configura-
tions appear to be 3 Epochs with a lower learning rate (1e-5), but bangla-sentence-
transformer and textO benefit from longer training (5 Epochs) and a higher learning
rate (5e-5).

Table 4.3: F1 Score Comparison

F1 Score Comparison:

Model 3 Epochs, le-b LR~ 3 Epochs, 5e-5 LR | 5 Epochs, 1e-3 LR | 5 Epochs, 5e-5 LR

bangla-bert-base . 0.5079 0.6758 0.5388 | 0.4730
?}f‘;ng:;;f;;?me' 0.5613 0.6698 0.5751 0.6275
testO 0.6283 0.6450 0.4765 0.6153
BanglaASR | 0.5912 0.5029 | 0.5364 | 0.6670
sahajBERT | 0.5523 0.5051 | 0.5523 | 0.5622
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Chapter 5
Conclusion

The Conclusions chapter of a thesis book is a critical section that summarizes our
research, highlights the significance of our findings, and suggests potential future re-
search directions. Here are the key elements to include in the Conclusions chapter:

+ The bangla-sentence-transformer consistently delivers strong performance, with

its lowest accuracy being 72.628

« The testO model, despite being one of the worse-performing models overall,
achieves its best performance with a lower number of epochs and learning rate.

« bangla-bert-base and bangla-sentence-transformer achieve their highest accu-
racies (75.489

« Both sahajBERT and bangla-bert-base fall short of the industry standard with
accuracies below 70

These findings highlight the importance of selecting appropriate training settings to
optimize model performance, showing that the bangla-sentence-transformer is the
most robust model overall, while other models may require specific conditions to per-
form at their best.
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