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Abstract

Data augmentation can be a valuable technique, particularly in resource-scarce linguistic
domains for improving the performance of natural language processing tasks by creat-
ing new synthetic data instances. This paper introduces a Bangla text Data Augmen-
tation Framework (BDA) using pre-trained model-based and rule-based approaches,
along with a filtering pipeline to ensure semantic similarity and lexical variance be-
tween augmented and original text. We provide a comprehensive pipeline for the pro-
posed framework and perform an in-depth analysis of how well it performs in the Bangla
text classification tasks. Our framework improved the F1 score of classification tasks
by up to 13.92%, 8.58%, and 10.55% among 15%, 50%, and 100% clipping ranges re-
spectively, across five different datasets. Training with BDA while using only 50% of
the available training set achieved the comparable F1 score as normal training with all
available data. We provide an extensive study of the performance of each augmentation
approach at the clipping ranges of datasets using BanglaBERT and variants of SVM.
Furthermore, we discuss the indicators for optimal performance of the BDA framework

and its shortcomings with in-depth analysis.

Keywords — Augmentation, NLP, Synthetic text generation, Data scarcity.
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Chapter 1

Introduction

Bangla is the seventh most spoken language' in the world, and there’s a growing need
for tools that can understand and process it. However, unlike English, which has many
resources for constructing these Natural Language Processing (NLP) tools, Bangla has
very few. This lack of resources hinders the progression of Bangla NLP. The existing
datasets we have are mostly of small sizes as explored by Kabir et al. [ 1] and are prone to
low lexical variance among the samples. While developing large high-quality datasets
is the optimal solution, it is not always practical as it requires an extensive amount of
annotation. Thus there is a need for an efficient alternative that can help us with this
issue. Text data augmentation offers an effective solution to improving the performance
of NLP models as shown by Dhole et al. [2] which artificially expands training datasets
and generates additional examples coherent to the original dataset, to capture the nu-
ances of the language. This approach is particularly crucial for Bangla, as it enables
us to overcome the limitations imposed by the low availability of data and improve the
generalization capabilities and robustness of NLP models.

Although there have been recent works to develop NLP tools for Bangla Sen et al.
[3], it still lacks a properly evaluated framework for Bangla text augmentation that sys-
tematically leverages multiple augmentation approaches, to maximize the diversity and

quality of augmented texts. There have been studies such as by Mohiuddin et al. [4]

"https://en.wikipedia.org/wiki/List_of_languages_by_total_number_of_speakers
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which focus only on back-translation and tools such as bnaug?, banglanlptoolkit® for
augmenting Bangla text. However, they lack in-depth analysis and evaluation of the
effects of augmentation in actual datasets and filtering augmented text. Since all these
existing solutions rely on a limited set of techniques, there is a pressing need to develop
an effective augmentation framework for Bangla.

We introduce BDA*, a framework for Bangla text augmentation, which aims to ad-
dress these challenges by incorporating a combination of model-based and rule-based
approaches Feng et al. [5] for generating a wide array of synthetic samples of seman-
tically equivalent variations. along with a filtering mechanism to remove low-quality
augmented texts. By addressing this critical gap, we believe the BDA framework can
significantly advance the field of Bangla NLP, enabling the development of more accu-
rate, robust, and versatile models in resource-scarce settings. Our contributions to the

BDA framework are as follows:

1. A comprehensive Bangla text augmentation pipeline containing rule-based and
transformer-based augmentation methods to cover the widest possible array of
augmented texts, along with a filtering process to ensure high-quality augmented

texts.

2. An in-depth analysis of how well augmentation works in the Bangla language,
what are the individual contributions of each method of augmentation, and why

we need an array of augmentation methods instead of a single approach.

3. A detailed explanation of where Bangla text augmentation works best and where

it 1s not suitable.

’https://github.com/sagorbrur/bnaug
Shttps://pypi.org/project/banglanlptoolkit
“https://github.com/tzf101/BDA-Bangla-Text-Data-Augmentation
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1.1 Research Challenges

The progress in Natural Language Processing (NLP) techniques has significantly im-
pacted the creation of machine learning models that can comprehend and produce hu-
man language. Nevertheless, the effectiveness of these models largely depends on the
availability and quality of training data. In languages such as Bangla, which have fewer
digital text resources than English, the lack of comprehensive annotated datasets is a
major challenge. To address this, data augmentation methods are used to artificially
increase the training dataset by generating altered versions of the existing data.
Adapting these techniques to Bangla text poses unique challenges because of its
intricate script and rich linguistic characteristics. Bangla, as an Indo-Aryan language,
exhibits intricate morphological structures, a variety of syntactic constructions, and sig-
nificant contextual nuances. Therefore, developing a framework for Bangla Text Data
Augmentation (BDA) requires addressing specific issues that ensure the augmented data

is both diverse and representative of the natural language use.

Ensuring Variability while Preserving Semantic Integrity

The overarching challenge in text data augmentation for Bangla lies in balancing lin-
guistic variability with the preservation of semantic integrity. This challenge manifests

in several key areas:

1. Diversity and Complexity: Bangla’s rich dialectical variations and linguistic
intricacies necessitate a sophisticated approach to text augmentation. Techniques
must not only recognize and adapt to these variations but also enrich the text
without distorting its original meaning. These augmented texts also are required

to be diverse in nature for models to benefit from it.

2. Authenticity vs Diversity: Striking the right balance between authenticity and
linguistic diversity is crucial. Augmented texts should align to the original texts

in contextual sense while having different structure to introduce diversity.
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3. Semantic Integrity: Ensuring that augmented texts maintain their original senti-
ments, themes, and informational content is paramount. This is especially critical
in domains like sentiment analysis, where the emotional tone must remain unal-

tered.

Careful Consideration of Augmented Texts

Effective augmentation requires careful consideration of the techniques used and their

impact on the data:

1. Context Handling: Augmentation techniques must ensure that the generated text
variations adhere to linguistic norms and maintain logical coherence. This in-
volves sophisticated handling of context dependencies and semantic relationships
within sentences. Sentence alteration should be applied while avoiding changes

in the text’s intended meaning.

2. Scalability and Robustness: As datasets’ size and models’ complexity increase,
augmentation techniques’ scalability becomes crucial. The BDA Framework must
be capable of handling large volumes of data efficiently without compromising
the quality of the augmentation. This will require us to maintain a balance be-
tween speed and quality. Moreover, the robustness of these techniques is es-
sential to ensure consistent performance across different sets of data and varying
linguistic scenarios. This includes the ability to handle diverse linguistic phenom-
ena such as idiomatic expressions, compound sentences, and regional variations
within Bangla. Ensuring robustness also means that the augmentation processes
should be resilient to errors in the original data, such as typographical errors or

inconsistencies in formatting, which are common in less-resourced languages.

Optimizing Parameters for Augmentation Methods

Properly tuning the parameters of augmentation methods is critical for maximizing their

effectiveness without compromising the linguistic integrity of the data:
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1. Parameter Tuning: Each augmentation method includes various adjustable pa-
rameters, such as the degree of synonym replacement or the extent of sentence
rearrangement. Tuning these parameters involves a careful balance to enhance

data variety while preserving the original semantics.

2. Experimentation and Validation: Optimizing these parameters for Bangla text
requires extensive experimentation and subsequent validation. This process en-
sures that the modifications made by augmentation do not distort Bangla’s natural
linguistic characteristics, maintaining the augmented data’s authenticity and us-

ability.

These challenges frame the scope of this research and underline the complexity and
necessity of developing a robust framework for Bangla Text Data Augmentation. By

addressing these issues,

1.2 Motivation

Although there is a significant need for Natural Language Processing (NLP) in Bangla,
the current environment lacks a comprehensive augmentation framework with effec-
tive text augmentation methods. The performance of NLP models heavily relies on the
availability and diversity of textual data. Unfortunately, Bangla is still vastly underrep-

resented in digital resources, highlighting the urgent need to develop such tools.
1. Limited Resources:
* Bangla, like many other languages, suffers from a lack of extensive and

diverse datasets Feng et al. [6] compared to languages like English.

» Data augmentation techniques can address this problem by increasing the
effective size of the dataset without requiring manual annotation. This is
crucial for training robust and accurate natural language processing (NLP)

models.

2. Variations in Language Usage:
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* Bangla encompasses a variety of dialects, regional differences, and varia-
tions in spelling and grammar. These inconsistencies can pose significant
challenges for NLP models in accurately understanding and processing text

Tareq et al. [7].

» Data augmentation can introduce these linguistic variations into the training
data, exposing models to different forms of the language. This helps models

become more versatile and capable of handling diverse linguistic patterns.
3. Cost of Annotating Large Datasets:

* Annotating a large volume of training data in Bangla is both costly and time-

consuming.

» Data augmentation offers a cost-effective solution by creating synthetic train-
ing examples, which reduces the need for extensive manual annotation and

enhances model performance.
4. Overcoming Bias:

* Bias is a frequent issue in machine learning, where a model becomes too
specialized in the training data, resulting in poor generalization to new, un-

seen data Keya et al. [8].

* Augmentation adds diversity to the training data, preventing the model from
memorizing specific instances and promoting the learning of more general-

izable patterns, thereby reducing the risk of overfitting Bhowmik et al. [9].
5. Improving Model Robustness:

* Models trained on homogeneous datasets can struggle with real-world text

data that exhibits syntactic and lexical variations.

* Augmentation enriches the training data with diverse linguistic forms, id-
iomatic expressions, and grammatical structures. This makes models more
robust, particularly for tasks like sentiment analysis, machine translation,

and text classification, where understanding context and nuances is crucial.
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1.3 Problem Formulation

Modifying a Bangla text instance 7', which is a sequence of word tokens W = {wy, ..., w,},
in order to produce an augmented version 7", using a set of augmentation techniques
A ={ay,as,...,a}.These techniques should alter the lexical or syntactic structure or
both of T to create T’, but still preserve the original meaning and context. Each tech-
nique must conform to and accommodate the unique grammatical and contextual aspects
of the Bangla language.

The main objective is to enhance the robustness, reduce bias, and improve the gen-
eralization of machine learning models by artificially increasing the size and diversity
of training datasets, especially when the available data is limited, imbalanced, or lacks
variety. Developing Bangla NLP models faces substantial challenges due to the scarcity

of robust training data, which is further compounded by several critical factors:

1. High-Quality Data in Large Quantity: Obtaining extensive, high-quality datasets

for Bangla, a language with limited resources, is a complex endeavor.

2. Diversity and Unpredictability of Real-World Data: Existing datasets may not
adequately represent the diverse and unpredictable nature of real-world language

usage.

3. Class Imbalance: Certain linguistic patterns are disproportionately represented,

leading to skewed model training.

1.4 Objectives

Our approach focuses on the following objectives:

1. Generation of Synthetic Text: To generate synthetic text data that closely mim-

ics real-world Bangla language usage in accordance with the given dataset.

2. Enhancement of Model Robustness for Noisy Real-World Data: To strengthen

the model’s ability to process and interpret noisy, real-world data effectively.
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3. Synthetic Sample Creation: To create synthetic samples that help balance the

class distribution in training data.

1.5 Approach

Our strategy includes implementing data augmentation techniques like Back Tra-

nslation (BT),Paraphrasing(PP) andrule-based methodssuchas Synonym Replacement
(SR) and Random Swapping (RS).To combat the issues of data diversity, unpredictabil-

ity, and class imbalance, we introduce the concept of Augmentation Threshold (AT).

This threshold ensures that augmented texts maintain a balance between syntactic and
semantic similarity to the original texts, enhancing data quality and quantity while re-

specting privacy concerns and ensuring diverse language representation.
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1.6 Thesis Layout

The thesis is thoughtfully structured, adhering to a well-crafted layout that encompasses
the following 6 chapters — In Chapter-1, we set the context for the reader by introduc-
ing the research problem and delineating the challenges encountered in this domain of
scholarly inquiry. We formulate the research problem in precise terms, list down the
contributions of this thesis work, and write about the circumstances that inspired us to
pursue the topic in this chapter. This thesis layout section is a constituent of the chapter
that aids in the readability of the thesis book by recapitulating a cohesive narrative of the
work. In Chapter-2, we critically examine the existing scholarly works, theories, and
empirical studies related to the research topic, establishing a strong theoretical foun-
dation for the study. We provide a proper taxonomy and chronological development
of the models used in the existing literature in this chapter and perform comparative
analyses among them. In Chapter-3, we outline our proposed methodology with the aid
of intuitive diagrams and explain the underlying mechanisms of the components that
are present within the architecture. Chapter-?? elaborates on the experimental results of
our proposed methodology. We provide a detailed statistical analysis of our datasets and
their performance, with and without our pipeline. We examine the results from multiple
perspectives and uncover insights. Chapter-5 presents an in-depth analysis and interpre-
tation of the obtained results along with a critical discussion of their implications and
relevance. We also bring to light some of the weaknesses of the existing models and pro-
vide a comprehensive ablation study to convey a deeper understanding of the pipeline’s
working process to the reader in this chapter. The epilogue of our thesis work, Chapter-
7, provides a concise summary of our research findings and insights into potential future

directions for further exploration towards the apotheosis of this research domain.
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Literature Review

2.1 Data Augmentation

Although data augmentation (DA) has been a widely applied field in computer vision,
such as cropping, flipping, rotation, etc. of images Simard et al. [10], it was intro-
duced in the Natural Language Processing (NLP) field fairly recently. Data augmenta-
tion helps in training more robust models and increasing their performance by adding
diversity and variance to existing data using modifications to existing data or generating
synthetic data. There are many well-received and general purpose augmentation tech-
niques explored in computer vision (CV). But in the field of NLP such methods are yet
unexplored or still not solidified, especially for resource-scarce languages like Bangla.
This is due to the complications presented by the discrete and complex nature of natu-
ral language. This inhibits the efficacy of DA methods like swapping words, inserting
words, synonym replacement, etc. For example not every word can be replaced with
generic words (articles, prepositions, conjunctions, common nouns, etc.) such as the,
this, that, a, an, the, etc. Not every word in the text may have synonym, in case of which
the meaning and context of the text will change. The language model will fail to classify
such ambiguous text. Another problem is that there is no unified valid opinion that any
specific augmentation technique will perform well for all datasets of all types and sizes.
Rather effective augmentation techniques must be found out through trial and error by

performing experiments Feng et al. [6].

10
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Despite these challenges, there is a surge in interest and popularity in the NLP re-
search community for identifying effective data augmentation (DA) techniques, evalu-
ating their efficacy, and determining suitable evaluation metrics. This surge in interest
is fueled by the widespread availability of large pre-trained models, leading to the emer-
gence of more tasks and domains. Numerous researchers have experimented with and
proposed a variety of DA techniques. In Natural Language Processing (NLP) field,
where the input space consists of distinct words or symbols, creating helpful augmented
examples that maintain the desired invariances (things that shouldn’t change) is a more
complex challenge. Surveys such as Feng etal. [6] and Lietal. [11] provide an overview
of the DA field in NLP and highlight the most prominent hurdles and challenges to in-
spire and drive interest in this area. The typical DA methods used in NLP can be gen-
erally divided into three main categories: rule-based, example interpolation-based, and

model-based techniques Feng et al. [6].

2.2 Goals and Trade-offs

The primary aim of data augmentation (DA) is to generate additional training samples
without the necessity of extensive data collection, which can be both expensive and
time-consuming. By artificially enlarging the training dataset, DA enhances the gener-
alization capabilities of machine learning models, especially when working with limited
or imbalanced datasets. For DA to be effective, it should meet two main criteria: ease
of implementation and enhancement of model performance. However, balancing these

criteria often requires making trade-offs.

2.2.1 Quality and Quantity Tradeoff

Simple, rule-based techniques are straightforward to implement but may not always
yield high-quality augmentations, as noted by Wei and Zou [12], Wei et al. [13], and
Li et al. [14]. Conversely, model-based techniques can generate high-quality data with
greater variation, resulting in better performance improvements; however, they are more

complex and resource-intensive. While these techniques can be tailored for specific
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downstream tasks to significantly enhance performance, they are challenging to develop

and apply.

2.2.2 Lexical and Semantic Similarity Trade-off

Moreover, a trade-off exists between selecting lexical and semantic similarity for the
original and augmented text. Our goal is to create augmented text that strikes a bal-
ance between lexical dissimilarity (diversity) and semantic similarity (fidelity). If the
augmented sample is too similar, it may lead to overfitting, causing poor performance
on the test set. Conversely, if it is too different from the original example, the model’s
performance might decline because it would be trained on examples that don’t accu-
rately reflect the target domain. Kashefi and Hwa [15] present an unsupervised method
to preemptively choose among data augmentation strategies, instead of the typical "try

everything” approach, which can be inefficient and expensive.

2.3 Techniques & Methods

Researchers have proposed numerous techniques to generate augmented samples with
varying quality and diversity. Here, we discuss some methodologically representative
and typical data augmentation (DA) techniques that are relevant to various tasks due to

to their adaptable formulation.

2.3.1 Rule-based Techniques

Rule-based DA approaches use simple, predefined manipulations to create new data
samples. These techniques operate directly on the input data, making the augmented

data easy to interpret and use.

* Easy Data Augmentation (EDA): Introduced by Wei and Zou [12], EDA in-
volves token-level perturbations including random insertion, deletion, and swap-
ping of words. These operations have improved performance across various text
classification tasks by enhancing the robustness of models against input varia-

tions.
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» Feature Space Analogies: Leveraging transformations between known class ex-
amples to generate data for novel classes, as discussed by Hariharan and Girshick

[16] and Schwartz et al. [17], this method enriches training data effectively.

* Iterative Affine Transformations: As described by Paschali et al. [18], this
technique uses affine transformations and projections to explore the class feature

space, uncovering new patterns beneficial for model training.

* Unsupervised Data Augmentation (UDA): Proposed by Xie et al. [19], UDA
adapts supervised DA techniques for unsupervised learning through consistency

training on pairs of original and augmented data.

* Paraphrase Identification and Sentence Pair Augmentation: Using a signed
graph approach, Chen et al. [20] infer augmented sentence pairs, enriching the

dataset with nuanced paraphrastic variations.

* Dependency Tree Morphing: Drawing from image manipulation techniques,
this approach employs operations like swapping or removing nodes in dependency
trees to enhance linguistic structure, which is especially beneficial for languages
with complex case marking systems. For sentences annotated with dependencies,
children belonging to the same parent are either exchanged (rotation) or some are

removed (cropping), as presented by Sahin and Steedman [21].

2.3.2 Model-based Techniques

This section offers an overview of advanced model-based data augmentation methods,

which utilize machine learning models to create new training data.

2.3.2.1 Backtranslation

The widely recognized Back-Translation technique, proposed by Sennrich et al. [22],
entails translating a sequence into another language and subsequently translating it back
to the original language to generate new data samples. This study builds upon the neu-
ral machine translation (NMT) architecture, which employs an encoder-decoder frame-

work using recurrent neural networks (RNNs) with bidirectional gated recurrent units
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DOBJ

AMO]

show me  the cheapest flight
VERB PRON DET ADJ NOUN

(a) Original sentence.

ROOT DOB)

DET
AMOI

show the cheapest flight
VERB DET ADJ NOUN

(b) Cropped sentence.

DATIVE

ROOT

DET

AMO

me  the cheapest flight .. show
PRON DET ADIJ NOUN ... VERB

Figure 2.1: Demonstration of the working of Dependency Tree Morphing

(GRUs). The encoder processes input sequences * = (zy,...,Z,,) into concatenated
hidden states to form annotation vectors /;, while the decoder predicts target sequences
y = (y1,-..,y,) using a context vector ¢; derived from a weighted sum of these anno-
tations. The alignment model, a single-layer feedforward network, estimates the align-
ment probabilities «;;, essential for contextual translation accuracy.

The authors introduce an innovative approach to enhance NMT models using mono-
lingual data through back-translation. This method involves generating synthetic source
sentences from monolingual target texts, effectively creating additional, contextually
enriched training data. The technique is mathematically grounded in improving the
prior probability p(7") of the target sentence, leveraging the sequence dependency con-
ditioned by the encoder-decoder architecture. By integrating both synthetic and human-
translated texts without freezing any network parameters, the approach maintains sen-
sitivity to the source context, crucial for preserving the integrity of translation outputs.
This dual strategy of combining real and synthetic data sets positions back-translation

as a pivotal technique for optimizing NMT systems’ performance by maximizing the
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use of monolingual resources.

2.3.2.2 Seq2seq Models

Seq2Seq (Sequence-to-Sequence) models are a type of neural network architecture em-
ployed in NLP tasks such as machine translation, text summarization, and speech recog-
nition. These models convert sequences from one domain (like text in one language) to
sequences in another domain (like text in another language), making them suitable for
tasks that require transforming input sequences into output sequences.

In their Diverse Paraphraser using Submodularity (DiPS) approach, Kumar et al.
[23] leverage Seq2Seq models to generate augmented data for various classification
tasks. DiPS optimizes a novel submodular objective function aimed specifically at para-
phrasing. This method learns context-sensitive transformations and has demonstrated
substantial effectiveness across tasks. Extensive experiments show that their method
can generate structurally diverse paraphrases while maintaining fidelity.

Previous paraphrasing techniques often relied exclusively on selecting the top-k se-
quences from a beam search to incorporate diversity. However, this limited selection
of best £ sequences doesn’t fully represent the possibilities within the search space, of-
ten leading to sentences that are very similar in structure, with only slight differences
in punctuation or morphological forms. To address this, Kumar et al. [23]. introduced
a new approach that combines a sentence encoder with a decoder designed to promote
diversity.

They use a SEQ2SEQ framework for paraphrase generation, beginning with an
encoder that processes tokenized source sentences. The decoder then generates para-
phrases, trained using cross-entropy loss £(generated, target). Their approach enhances
standard decoding techniques by incorporating a submodular objective to improve para-
phrase quality.

During the generation phase, following the initial encoding, the decoder iteratively
selects k < N from the /N most probable subsequences at each time-step ¢, proceeding

until the sequence reaches its target length 7" or an <eos> token.
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2.3.2.3 Pretrained Language Models

* Augmentation can be done by replacing words with recurrent language model
predictions, considering the current context.Kobayashi [24] introduced a method
utilizing Recurrent Neural Networks (RNNs) to create augmented examples. This
is achieved by stochastically replacing words in a sentence with other words that

are predicted by a bi-directional LSTM-RNN at the same position in the sentence.

The proposed model makes use of a bi-directional LSTM-RNN for estimating the
contextual word probability in a cloze sentence S{w;}, calculating p(-|S{w;})
for each position :. Words are encoded in both directions, and the concatenated
outputs are input into a feed-forward network that outputs a vocabulary-based

probability distribution.

For contextual augmentation, they sample substitute words from p(-|S{w;}) us-
ing a temperature-controlled annealed distribution p, (-|S{w;}) oc p(-|S{w; })*/".
This allows for diverse augmentation, from uniform sampling (7 — c0) to deter-
ministic high-probability word selection (7 — 0), enhancing model training by

introducing variability at each update.

the performances are fantastic
the films are fantastic =~ |
the movies are fantastic positive,
the stories are fantastic

films
movies
stories

A
the actors [ are | \\[fantastic]

[ the actors are fantastic )bositive:

Figure 2.2: Contextual augmentation with a bidirectional RNN language model
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* Yang et al. [25] propose Generative Data Augmentation for commonsense rea-
soning (GDAUGc), which uses pretrained transformer models to generate and
then select the most information-rich and lexically diverse text for augmentation.
To ensure that the most valuable examples are used for augmentation,they incor-
porated data selection methods based on influence functions (a way to measure
the impact of each data point on model predictions) and a heuristic (a rule of
thumb) designed to maximize the variety within the generated data pool. They
also proposed an effective training scheme for augmentation with synthetic data

consisting of two stages.

2.3.2.4 Soft Augmented Examples

In the paper by Gao et al. [26] suggest maintaining the complete data distribution by
using “soft” augmented examples, which have shown to be advantageous, especially in
machine translation tasks. In contrast to traditional augmentation methods, their tech-
nique enhances a randomly selected word in a sentence with a contextual blend of sev-
eral related words. In another work by Kobayashi [24], they recognize that although
this approach preserves semantics through contextual relevance, it faces a significant
limitation: to achieve new samples with sufficient variation, it requires multiple sam-
plings. The challenge arises because replacing a word can result in a potentially vast
number of candidates, given the extensive vocabulary of language models, making it
nearly impossible to explore all options for optimal performance.

In the work done by Gao et al. [26], they propose improving Neural Machine Trans-
lation (NMT) training data by substituting a randomly selected word in a sentence with
a ”soft word”, defined as a probability distribution over the vocabulary |V'|. For a token
t in V, the soft word for it is represented by P(t) = (p1(t), p2(t),...,py((t)), where
each p;(¢) > 0 and the sum of the probabilities equals one.

An embedding of soft word ¢ is calculated as e; = P(t)E = le‘go p;(t)E;, where
E is the embedding matrix for all words in |V/|. This process employs a pre-trained
language model to determine the probability of a word P(t), based on all preceding

words x;. Specifically for the ¢-th word z; in a sentence, the probability p;(z;) =
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LM (wj|x<¢) indicates how likely the j-th word in the vocabulary is to appear in the
sequence Ty, To, ..., Ti_1.

This distributional vector replaces the original word, providing a smooth approxi-
mation of the one-hot representation. During training, words in the training dataset are

randomly selected with a probability v and replaced with their soft versions.

2.3.3 Context-Sensitive Augmentation Techniques

Context-Sensitive Augmentation Techniques are methods in data augmentation that take
into account the surrounding words or overall context when modifying or creating new
data. This ensures the augmented data remains meaningful and relevant to the specific

task or domain.

Enhancing Named Entity Recognition with Semantic Augmentation

Detecting and labeling proper entities within text, known as Named Entity Recognition
(NER), plays an essential role in supporting subsequent tasks in natural language pro-
cessing (NLP). Challenges in NER often include issues related to the scarcity of data.
One effective method to mitigate this issue is through semantic augmentation, which has
been particularly successful in enhancing NER for texts on social media, as described
by Nie et al. [27]. This approach utilizes an attention-based, context-sensitive method to
integrate semantic neighbors from an existing pretrained embedding space, significantly

boosting the effectiveness of NER on social media platforms.

Self-Supervised Manifold-Based Data Augmentation (SSMBA)

Building on the concept of denoising autoencoders, Ng et al. [28] introduced the Self-
Supervised Manifold Based Data Augmentation (SSMBA), a novel strategy for creating
synthetic training samples. This technique employs a dual process of corruption and re-
construction to navigate a data manifold, leveraging BERT to manage domain variations
effectively in test sets from diverse datasets. Here, the corruption function ¢(z'|z) masks
several word positions randomly, while the reconstruction function r(x|z’) restores them

using BERT. Their approach demonstrates success in handling domain shifts across 9
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datasets encompassing sentiment analysis, natural language inference, and neural ma-

chine translation tasks.

2.3.4 Semantic Text Exchange

In their work, Feng et al. [29] introduced a technique called Semantic Text Exchange
(STE). This method modifies the meaning of a text to smoothly incorporate a new word
or phrase, referred to as the replacement entity (RE). This modification is executed
through a mechanism referred to as SMERTI, which integrates entity replacement
(ER), similarity masking (SM), and text infilling (TI) alongside a masked language
model (LM) strategy. Although this technique was not originally designed for Data
Augmentation (DA), it has since been effectively adapted for such applications, demon-

strating its adaptability.

2.3.5 Generative Data Augmentation

Generative Data Augmentation involves creating new, synthetic data samples using ma-
chine learning models, typically generative models like Generative Adversarial Net-
works (GANSs) or Variational Autoencoder (VAEs). These models learn the underlying
patterns and distributions of the original data and generate similar but novel examples,
increasing the diversity and size of the training dataset. This technique is particularly
useful when data is limited or imbalanced, improving model performance and robust-

ness.

Language-Model-Based Data Augmentation (LAMBADA)

The technique known as language-model-based data augmentation (LAMBADA)
introduces a specialized approach to data augmentation by fine-tuning an advanced lan-
guage model for specific tasks, as discussed in Anaby-Tavor et al. [30]. Initially, the
model undergoes training with a limited amount of labeled data to tailor its capabili-
ties. Once fine-tuned, the model, conditioned on a given class label, can produce new,
relevant sentences for that class. These sentences are subsequently screened using a

classifier developed from the original dataset. This method utilizes GPT-2, adapted
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through training to generate examples specific to various classes. The most relevant
examples are then chosen to enhance the dataset further. A comparative analysis of
this method against other data augmentation techniques like Easy Data Augmentation
(EDA), Conditional Variational Autoencoder (CVAE), and Conditional Bidirectional
Encoder Representations from Transformers (CBERT) across various datasets and clas-
sifiers including SVM, LSTM, and BERT, reveals its statistical superiority over tradi-

tional data augmentation algorithms.

Label-Conditioned GPT-2 Model for Active Learning and Data Augmentation

In parallel, the research in Quteineh et al. [31] explores the use of a label-conditioned
GPT-2 model within an active learning framework to validate the efficacy of this data
augmentation strategy. By employing Monte Carlo Tree Search (MCTS) as the opti-
mization technique and focusing on entropy to enhance the utility of the generated data,
this method contrasts sharply with the Non-Guided Data Generation (NGDG) approach,

which lacks a reward-based optimization.

2.3.6 Other Model-based Methods

Some other augmentation methods that use a pretrained model to generate augmented

text are briefly discussed below:

Controlled Syntactic Paraphrasing: Iyyer et al. Iyyer et al. [32] introduce syntacti-
cally controlled paraphrase networks (SCPNs). These networks are designed to generate
paraphrases of a given sentence that conform to a specified syntactic structure, such as

a constituency parse tree.

Story-level Paraphrasing: As described in Gangal et al. [33], the Narrative Reordering
(NAREOR) technique is applied to creatively alter the sequence of events in a story

without changing its original storyline, thereby rewriting the narrative in a new order.

Enriching Misclassified Examples: The study in Dreossi et al. [34] introduces a method
for data augmentation that focuses on incorporating examples that were initially misclas-

sified. This approach selectively enhances the training dataset with these new examples.
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Labeling New Inputs Using BERT: The method proposed in Thakur et al. [35] dis-
cusses the use of Augmented SBERT (AugSBERT), which employs a BERT cross-
encoder for labeling new input pairs. These pairs are then added to the SBERT bi-
encoder’s training dataset, leading to marked improvements in tasks involving pair clas-

sification and regression.

2.4 Existing Work in Bangla

2.4.1 BanglaParaphrase

Akil et al. [36] introduced a high-quality paraphrasing dataset for Bangla, created syn-
thetically and refined through a unique filtering process to guarantee both diversity and
semantic similarity. Although not directly a work on data augmentation, the availabil-
ity of a pre-trained language model fine-tuned on this dataset has proven beneficial for
paraphrasing tasks, effectively serving as a data augmentation technique in this context.

Here is a brief description on their dataset generation process and filtering pipeline.

Synthetic Data Generation

They generated a synthetic dataset by gathering high-quality Bangla sentences from an
online source and translating them to English using a state-of-the-art translation model.
For each English sentence, 5 new Bangla translations were generated through beam
search. Pairs with a Language Agnostic BERT Sentence Embedding (LaBSE) [37] sim-
ilarity score above 0.75 were chosen, resulting in a dataset of over 1.364 million sen-

tences, each with multiple reference translations for the original source.

Filtering Pipeline

The different components of the novel filtering mechanism for dataset preparation and

evaluation used by the authors are briefly discussed here:

PINC Score Filter: Ensures diversity by measuring lexical dissimilarity using PINC
(Paraphrase In N-gram Changes). The optimal threshold maximizes the PINC score
with over 63.16% yield.
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N-gram Punctuation
—— >» Repetiton ——>» Filter
Filter

PINC Score .| BERTScore
Filter Filter

A

For Semantic Similarity & Preserve Semantic Coherence Reduce n-gram repetition Prevent generating non-terminating
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Figure 2.3: BanglaParaphrase Filtering Pipeline

* BERTScore Filter: Ensures semantic similarity using BERTScore with BanglaBERT
embeddings. The threshold is set at a BERTScore > 0.92 based on human evaluation

of 300 samples.

* N-gram Repetition Filter: Addresses unnecessary length and repetition by checking

for N-gram repeats (N = 2) in the target dataset.

* Punctuation Filter: Removes sentences without terminating punctuation to ensure a

noise-free dataset.

Their work is of special significance in Bangla paraphrase generation, which, as seen
earlier, is a decent DA technique. They have analyzed different model performances
paraphrasing dataset and IndicParaphrase dataset. They have shown that BanglaPara-
phrase maintains better evaluation results on all metrics (BLEU, ROUGE-L, BERT-

Score, etc.).

2.4.2 BanglaNLG

In their work, Bhattacharjee et al. [38] developed a robust benchmark called BanglaNLG
for assessing the performance of natural language generation (NLG) models specific to
the Bangla language. This benchmark encompasses six diverse tasks tailored for condi-
tional text generation: Machine Translation (MT), Text Summarization (TS), Question
Answering (QA), Multi-turn Dialogue (MTD), News Headline Generation (NHG), and
Cross-lingual Summarization (XLS).

During this research, they also compiled a novel dataset tailored for dialogue gen-
eration. Additionally, they have utilized a substantial corpus of Bangla text, totaling

27.5 GB, to train a new model known as ‘BanglaT5’. This model, based on the Trans-
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former architecture and designed for sequence-to-sequence tasks, sets new benchmarks
in performance. In comparison to various multilingual models, BanglaT5 exhibits en-
hancements, achieving an absolute gain of up to 9% and a relative gain of 32% across

all tasks.

2.4.3 Bangla-English Code Mixed DA

By collecting online reviews of different products and constructing an annotated Bangla-
English code mix (BE-CM) dataset, Tareq et al. [39] addresses the issue of scarcity of

annotated code-mixed data in the Bangla-English segment.

Proposed Augmentation Process

They extend dictionary-based code-switching data augmentation by introducing hierar-
chical sampling rates to improve cross-lingual alignment in monolingual word embed-
dings. Words in Bangla are transformed to their English equivalents and vice versa at
different sampling rates. This method ensures better cross-lingual adaptation by con-
verting most words while preserving contextual integrity. Additionally, the original text
is included in the augmented corpus to increase training diversity, enhancing the align-
ment of word embeddings for tasks like sentiment prediction. Fig 2.4 illustrates the

augmentation process.

2.4.4 Bnaug

“bnaug” is a sophisticated text augmentation tool tailored for Bangla text, designed to
enhance the diversity and robustness of textual datasets. It offers a range of augmen-
tation techniques, allowing researchers to select and apply methods best suited to their
specific needs in Bangla Natural Language Processing (NLP). Below, we detail the aug-

mentation methods implemented in this framework:

1. Sentence Augmentation

* Token Replacement: This technique involves replacing individual tokens (words)

in a sentence with alternatives. The alternatives are selected based on predefined
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Figure 2.4: Augmentation Process in BE-CM

augmentation strategies, which could include synonyms, related words, or con-
textually appropriate substitutes. This helps in generating multiple versions of the

same sentence, enhancing the lexical variety in the dataset.
2. Mask Generation Based Augmentation

* Masking Based: This method generates augmented sentences by masking certain
words within the original sentence and then predicting replacements for these
masked words. This approach leverages language models trained on Bangla text

to ensure the replacements are contextually appropriate.
3. Word2Vec Based Augmentation

* Word2Vec Based: Utilizing Word2Vec embeddings, this method replaces words
in a sentence with semantically similar alternatives. Word2Vec is a neural network-
based model that captures word associations based on their co-occurrences in
large text corpora. This method ensures that the augmented sentences remain

meaningful while introducing slight variations.
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4. GloVe Based Augmentation

* GloVe Based: Similar to the Word2Vec method, GloVe (Global Vectors for Word
Representation) embeddings are used to find and replace words with semantically
similar alternatives. GloVe captures global statistical information about word co-
occurrences in a corpus, allowing for effective word substitutions that maintain

sentence coherence.
5. Back Translation

* Back Translation: This technique involves translating a sentence from Bangla
to another language (such as English) and then translating it back to Bangla. This
process often results in variations of the original sentence due to differences in lan-
guage structure and vocabulary. This method introduces natural diversity while

preserving the original meaning.
6. Text Generation

* Paraphrase Generation: Paraphrase generation involves creating different ver-
sions of a given sentence that convey the same meaning. Various models and
algorithms, such as transformer-based models, can be used for this purpose. This
method is valuable for expanding the dataset with contextually equivalent sen-

tences.
7. Random Augmentation

* Random Remove: This technique removes random parts of the sentence, such
as words, stopwords, punctuations, or digits, to generate new sentences. The ran-

domness introduces variability while testing the model’s robustness.

* Remove Digits: Specifically removes digits from the text. For instance, I am 25

years old” would become ’T am years old”.

* Remove Punctuations: Removes punctuation marks from the text, which can
affect sentence readability and meaning. For example, He said, ’I will come.’”

could become ”He said I will come”.
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* Remove Stopwords: Removes common stopwords, such as ”and”, ”but”, to al-
ter the sentence structure and highlight the impact of stopwords on text analysis.
For instance, ’I eat rice and listen to podcast” might become "I eat rice listen to

podcast”.

* Remove Random Word: Removes a random word from the sentence to create a

new variation. For example, "1 eat rice” might become I eat”.

* Remove Random Character: Removes a random character from the sentence.
This can introduce noise, useful for testing the robustness of text processing mod-

els. For example, I eat” might become I et” or ” eat”.

”bnaug” is a handy toolkit for increasing model robustness. This toolkit demon-
strates the potential of these DA methods in enriching Bangla training data but it lacks
performance benchmarks to prove its effectiveness. There exists no documentation or
research paper associated to this toolkit to the best of our knowledge. Additionally,
the token replacement approach is also prone to label-changing issues as discussed by
Kesgin and Amasyali [40], and requires an additional filtering process to work effec-
tively and it does not include any filtering mechanisms to ensure the quality of the aug-
mented text. Here, quality refers to introducing sufficient variation while preserving the

original text’s label and meaning.
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Proposed Methodology

Classification models generally exhibit suboptimal performance when trained on limited
data. To tackle this issue, our approach involved incorporating multiple data augmen-
tation methods to expand the dataset size, which was then evaluated to determine any
enhancements in model efficacy. The augmentation operations applied to each sentence

within the training dataset were:

. Synonym Replacement (SR): Randomly select » words that are not stopwords in a sen-

tence and substitute them with their closest synonyms based on Word2Vec embeddings.

. Random Swap (RS): Randomly generate two indices in the sentence and swapping the

words at those indices. This process is repeated n times.

. Back-Translation (BT): Convert a sentence from Bengali into a pivot language (En-

glish) and then re-translate it back to Bengali.

. Paraphrasing (PP): Rephrase the original Bengali text while maintaining its semantic

meaning.

For SR, we use Bengali Word2vec embeddings provided by bnlp-toolkit!. For BT,
we utilize the pre-trained checkpoint of the BanglaT5 model fine-tuned on the BanglaNMT
dataset Hasan et al. [41] to generate translations. The PP method is similar to BT but
employs a different aligner, using the paraphrase checkpoint of BanglaT5 fine-tuned on

the BanglaParaphrase dataset Akil et al. [42]. For the amount of augmentation, we pass

"https://github.com/sagorbrur/bnlp

27
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the whole dataset to BDA, create a 1:1 augmented version of it by randomly selecting
a method, and merge it with the normal dataset. Thus the augmented version contains
twice the samples of the normal version, half of which came from BDA. For rule-based
methods(synonym replacement and random swap), we choose a small value (n=2) as
suggested by Wei and Zou [43] for augmentation.

Longer sentences, having more words than shorter ones, can tolerate a higher level
of noise while preserving their original class label. This allows for introducing more
lexical variations by increasing the augmentation level (n, the number of words altered)

in the augmented text for rule-based methods SR and RS.

Preparing . :
dataset for BDA R Synonym Mergeand
P Replacement | ; \ Evaluate |
Dataset T T """"
. Above Trreshold
,—> Random Swap | { ...l
3 P Filtering ;
. BDA , ;
Preprocessing framework _> Sisnlz:sal:i{y | »] SacreBLEU |
Back- . i| score Score !
, Translation || .l
Text sample '
and
RRSTS > Paraphrasing

Figure 3.1: BDA Pipeline

Another challenge in text augmentation for Bengali is that many sentences can only
be represented in a limited number of ways without altering the label which requires us
to filter such low-quality augmented texts. To maintain lexical variation while ensuring
high semantic similarity, we set a threshold for filtering the generated augmented texts

from BDA.

3.1 Data Preprocessing

Before applying our data augmentation techniques, it is crucial to prepare the dataset

through a comprehensive data preprocessing phase. This phase ensures that the data is
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Operation Sentence
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Table 3.1: Sentences generated using BDA

in an optimal format for processing, leading to more effective and accurate augmentation

results.

Text Cleaning: Remove irrelevant or noisy elements from the text, such as HTML tags,
URLs, non-standard symbols, or extraneous white space. Regular expressions and text-
processing libraries are employed for systematic cleansing. Also, digits and stopwords

are removed as required.

Normalization: We used the normalizer Hasan et al. [44] module to normalize punctu-

ation and characters that have multiple Unicode representations to reduce data sparsity.

Tokenization: We broke down the text into smaller units (tokens) like words or sub-
words. Language-specific tokenizers handle the structural and linguistic nuances of

Bengali text.

This pre-processing phase is fundamental, laying the groundwork for effective and
accurate data augmentation. By preparing the text through these steps, we ensure that the
subsequent augmentation techniques are applied with optimal efficiency and precision,

leading to a robust and diverse dataset for Bengali language processing.

3.2 Data Augmentation Techniques

. Back Translation (BT): This process involves translating a sentence from Bengali to

a pivot language (like English) and then back to Bangla. This often results in a sen-
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tence with similar meaning but different phrasing, providing a nuanced variation of the
original text.

A key aspect of using BT in data augmentation is to ensure that the meaning of the
original text is retained throughout the translation process. The choice of models is
crucial here, as they need to be capable of capturing and preserving the semantic essence
of the text during translation. This is particularly challenging when dealing with the

linguistic and cultural nuances of Bangla.

e Translator Textin Translator Modified Input Text
(Source Model (A) Intermediate Model (B) (So L )
Language) language urce Language

The Linguistic Patterns are not similar between
source and intermediate language

5 ©vT I T 7Translate An accurate investigation must be Translate 5T TWT WIHTE FI(G 7@
fastga wieely wivte E kI)' h done and the person who did this back to ——> 932 @ TG 9Bt FAZ BIF
T (T 93 IS O A" ngfls should be brought to justice. Bengali faviaz @wissy @A 7@

Figure 3.2: Back Translation

In our data augmentation framework, we have utilized BT specifically focusing on the
language pair of Bengali and English. This approach is designed to generate linguisti-
cally varied yet semantically similar text to the original Bengali sentences. The process
involves two main stages: translation from Bengali to English and then back to Bangla.
The variance is introduced due to the linguistic differences between these two languages.
For the Bangla-to-English translation, we used the pretrained checkpoint of the BanglaT5
model fine-tuned on the BanglaNMT dataset, the largest Machine Translation (MT)
dataset for Bengali-English, proposed in Hasan et al. [41]. For the reverse translation

from English back to Bangla, we used the other fine-tuned checkpoint of the same model.

. Synonym Replacement: This is a rule-based technique. It randomly chooses an arbi-
trary number of words from the sentence that are not stopwords and replaces them with
one of their synonyms chosen randomly.

In BDA, Synonym Replacement (SR) is utilized to introduce lexical diversity into the
input text. This technique selectively replaces words in a sentence with their synonyms,
subtly altering the text while maintaining the original meaning. The following points

illustrate our implementation of SR:
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« Word2Vec Model: The BengaliWord2Vec model from the bnlp-toolkit® is em-

ployed to identify synonyms for Bengali words.

* Synonym Replacement Function: The function synonym_replacement takes
a text and a number n (maximum number of words to be replaced). It randomly
selects words, excluding stopwords, and replaces them with synonyms using the
get_synonyms function, which leverages BengaliWord2Vec. The rational is
that core-words have a better impact on model robustness compared to stopwords

which have very little contribution and might even lead to over-fitting.

Input Text Output Text

A

\ 4

Randomly Replace with
Select words Synonym

Figure 3.3: Synonym Replacement Pipeline

3f5s ov3 Ta© Wf$s evg da® | replace with
7@ i@ @3S | randomly |  T@BI@E | most similar
WIS 3@ T 92 | select words | SIISSIT WIAG 3@ @  synonym
FIST O FA2 a3 3% o F1AT (word2vec)

Figure 3.4: Synonym Replacement Example

* Word Replacement and Sentence Reconstruction: Up to n words in the text

are replaced with synonyms and the augmented text is returned.

3. Random Swap: This aims to increase syntactic diversity by swapping words within
sentences. For an arbitrary number of times, it randomly chooses two words and swaps

their positions. The implementation details are as follows:

(a) Random Swap Function (random_swap): Takes in text and a number n, indicating

how many swaps to perform. The text is split into tokens.

Zhttps://github.com/sagorbrur/bnlp
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(b) Performing Swaps: The function swap_word is executed n times to swap words.

Each execution randomly selects two indices in the word list and swaps the cor-

responding words.

(c) Swap Word Function (swap_word): Chooses two random indices and ensures
they are distinct, with a maximum of three attempts. If distinct indices are found,

the words at these positions are swapped.

(d) Output: Returns the text with swapped words, thereby enhancing syntactic vari-

ation.
Input Text Output Text
A
Y
Randomly
—>
Select words SRS
Figure 3.5: Random Swap Pipeline
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Figure 3.6: Random Swap Example

4. Paraphrasing: Paraphrasing is another method we employed for the augmentation of
Bengali text data. This is a very viable augmentation approach, allowing us to create
varied yet semantically equivalent versions of the original sentences. For our frame-
work, we have used the pre-trained checkpoint of the model BanglaT5 Akil et al. [36]
which is finetuned on the BanglaParaphrase dataset. The implementation details are as

follows:

* Model and Tokenizer Setup: The AutoModelForSeq2SeqLM and AutoTokenizer
from the transformers library are used. Then the pre-trained checkpoint of the

BanglaT5 model is used to instantiate the model and tokenizer.



Chapter 3: Proposed Methodology 33

* Normalization: The input sentence is normalized using the normalize function

to ensure standardization and consistency.

* Tokenization: The normalized sentence is tokenized with the tokenizer, preparing

it for model processing.

* Paraphrase Generation: The tokenized input is processed by the model to gener-
ate a new set of tokens, which are then decoded back into a paraphrased sentence

using tokenizer.batch_decode.
* Output: The generateParaphrase function outputs the paraphrased sentence.

This Paraphrasing method is integral to our data augmentation strategy, creating se-
mantically equivalent yet linguistically varied versions of sentences. It significantly
enhances the linguistic diversity of the dataset, crucial for the development of effective

and nuanced NLP models.

3.3 [Experimental Setup

To assess the effectiveness of the BDA Framework, we designed a comprehensive test
bench. To ensure our results are comprehensive and applicable to various scenarios, we
selected five datasets with diverse characteristics. These datasets encompass a range
of augmentation challenges, including class imbalance, data scarcity, and low sample
variation, as well as datasets without these issues. To study the impact of data scarcity,
we applied stratified clipping at 15%, 50%, and 100% of the original dataset size. This
allows us to observe how augmentation affects performance across varying levels of

data availability in BDA.

3.4 Text Classification Models

We chose BanglaBERT Bhattacharjee et al. [45] and linear SVM models to test the clas-
sification performance of BDA. SVM was used with traditional hand-crafted linguistic

features, word (1-3), and character (2-5) n-grams by vectorizing each instance with the
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TF-IDF weighted scores for each n-gram Islam et al. [46]. To ensure consistency across

experiments, we kept the following parameters for our BanglaBERT model: The ra-

Parameter Value
Maximum Sequence Length 256
Learning rate 2e-5
Number of epochs 6

Table 3.2: Classification Parameters for BanglaBERT

tionale for choosing these methods to represent classification performance is that SVM
shows superior performance while predicting the majority class while BERT-based clas-
sifiers predict the minority classes better as shown by studies such as Baruah et al. [47].

So testing on these two classifiers can cover a wide range of real-world scenarios.



Chapter 4

Experimental Design

4.1 Benchmark Datasets

To test how BDA performs, we chose 5 standard datasets with a training set split as
follows:

The BemoC dataset Igbal et al. [48] comprises 48,328 unique words and encompasses

Dataset Samples Classes
SentNoB 15,728 3
BemoC 48,328 6
ABSA (Cricket) 1,787 5
ABSA (Restaurant) 1,235 5
Bengali Sentiment 11,851 3
VITD 2,700 3

Table 4.1: Benchmark Datasets

6 labels, offering a substantial vocabulary and multi-class classification challenge. The
SentNoB dataset Islam et al. [46] contains 15,728 samples and 3 labels, this dataset ex-
hibits an average of 15.37 words per instance, mostly containing noisy text samples.
ABSA dataset Rahman and Dey [49] contains data from two origins (Cricket has 1787
samples and Restaurant has 1235 samples) and features 5 aspect categories. It allows us
to examine augmentation in aspect-based sentiment analysis tasks. Bengali Sentiment
Islam et al. [50] dataset contains 3 classes and 11851 samples, offering a standard sen-

timent analysis benchmark. Another extra dataset, VITD Saha et al. [51] was chosen

35
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which contains 2700 samples across 3 labels and highly informal language. This dataset
is slightly different from other datasets as it is the only dataset on violence-inciting texts,
with the label for violence being split into 2 similar classes (direct and indirect) which

makes it harder to understand and augment for BDA.

4.2 Evaluation Criteria:

The key characteristics of good augmented texts are lexical diversity, syntactic variance,
and semantic preservation. To evaluate the effectiveness of the BDA Framework in
producing high-quality augmented texts, we assessed these aspects using the following

four criteria:

. F1score Improvement: The F1 score, being the harmonic mean of precision and recall,
is less affected by class distribution compared to accuracy. This makes it a more reliable
metric for evaluating performance, particularly in imbalanced datasets. Solving this

issue is a primary concern of augmentation.

. Lexical Variance: To check how different the words and their order are, use Sacre-
BLEU (a standardized implementation of Bilingual Evaluation Understudy) Post [52]

which checks n-gram overlaps between the normal and BDA-generated text.

. Semantic Similarity: To address whether BDA’s texts contain the inherent meaning,
we used SBERT (Sentence BERT) Deode et al. [53] to generate embeddings of these

sentences which are then compared using semantic similarity.
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Results

Our results on BDA consist of five different datasets on 3 clipping ranges (15%, 50%,
100%) using BanglaBERT and variants of SVM. For all experiments, we average results
from all four of our approaches to determine how much improvement in F1 scores we

can obtain.

5.1 BDA’s Performance on Datasets

For each of the 5 datasets, we tested the performance of BanglaBERT and SVM as they
cover a wide range of use cases SVM is a lightweight model whereas BanglaBERT rep-
resents the effect on larger models. Also, SVM tends to work better with more amount of
samples provided whereas BanglaBERT generally improves according to the diversity
and quality of the dataset, as shown by Baruah et al. [47]. The F1 score improvement

across different clipping ranges are shown below:

Normal, T % Augmented, 7" % Difference (7" — T') %
15 50 100 15 50 100 15 50 100
BanglaBERT 64.86 6691 70.73 6497 68.10 72.04 0.11 1.19 1.31
SVM 53.69 5954 6242 5383 5976 6579 0.14 0.22 3.37
Average 59.28 63.22 66.58 59.40 6393 6891 0.12 0.71 2.33

Model

Table 5.1: SentNoB Dataset

37
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Normal, T’ % Augmented, 7" % Difference (T’ — T') %
15 50 100 15 50 100 15 50 100
BanglaBERT 42.82 6898 71.57 6194 6939 7056 233 0.41 -1.01
SVM 41.86 50.52 5416 4224 5044 54.18 038 -0.08 0.02
Average 4234 59.75 62.86 52.09 5991 6237 1.36 0.16 -0.49

Model

Table 5.2: BemoC Dataset

Normal, T’ % Augmented, 77 % Difference (7" — T') %
15 50 100 15 50 100 15 50 100
BanglaBERT 47.45 4895 49.64 47.74 49.19 49.08 0.29 0.24  -0.56
SVM 36.38 3790 3951 37.01 38.70 3990 0.63 0.80 0.39
Average 41.92 3746 4458 4238 4394 4449 046 0.00 -0.09

Model

Table 5.3: Bengali Sentiment Dataset

Normal, T’ % Augmented, 77 % Difference (7" — T') %
15 50 100 15 50 100 15 50 100
BanglaBERT 27.98 49.27 5483 4190 56.05 5745 1392 6.78 2.62
SVM 3480 4524 4443 3575 46.74 5054 095 1.50 6.11
Average 3837 4726 49.63 3883 5139 5399 743 4.13 4.36

Model

Table 5.4: ABSA Cricket Dataset

Normal, T’ % Augmented, 77 % Difference (7" — T') %
15 50 100 15 50 100 15 50 100
BanglaBERT 18.60 37.01 44.73 26.14 4559 5528 7.54 8.58 10.55
SVM 2432 3057 36.53 2555 31.67 36772 1.23 1.10 0.19
Average 2146 3379 40.63 2584 38.63 46.00 4.38 4.84 5.37

Model

Table 5.5: ABSA Restaurant Dataset

5.2 Analysis of the Results

To determine how effective BDA is, we calculated the difference in F1 values for a
particular model, between normal text, T, and its augmented version T’. The results are
as follows:

SentNoB Dataset (Table 5.1)

* BanglaBERT: Shows slight improvements in F1 score as the dataset size increases with
augmentation, especially from 15% to 100% dataset size (difference increases from

1.1% to 1.31%)).

* SVM: Also shows notable improvements with augmentation, particularly when 100%
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data is augmented we get 3.37% improvement, which aligns with the findings of Baruah
et al. [47] which also showed higher values for SVM when majority classes were well

understood.
BemoC Dataset (Table 5.2)

BanglaBERT: Has the highest increase in difference for the smallest dataset size (15%

dataset size shows a 2.33% increase) but shows a reduction for the largest dataset size.

SVM: A similar trend is seen here where an increase in sizes shows a decrease (0.38%
to 0.02% as size increases) in F1 after augmentation. This can be due to the dataset is

already saturated and augmentation is trying to overfit the models.
Bengali Sentiment Dataset (Table 5.3)

BanglaBERT: This shows a minor improvement through augmentation, but the improve-

ment declines as the dataset becomes saturated.

SVM: A similar scenario can be seen here as well, with minor improvements
ABSA Cricket Dataset (Table 5.4)

BanglaBERT: Shows a consistent decrease in F1 score improvement with the dataset
size; the largest improvement (13.92%) is seen in the 15% dataset size and it decreases

as the dataset gets saturated.

SVM: Shows the most substantial increase in performance(6.11%) in the 100% dataset,
again demonstrating that more data through augmentation helps improve SVM’s per-

formance.
ABSA Restaurant Dataset (Table 5.5)

BanglaBERT: It steadily increases as the dataset size increases, showing a massive

10.55% improvement when BDA is applied on 100% of the dataset.

SVM: Also shows improvements with augmentation, but only when the dataset size is

small.

We present the full results of the performance of all methods in each dataset in separate

tables in the Appendix(A) section.
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5.3 Augmentation Method Comparison

From the results shown in Tables 5.1-5.5 it is pretty evident that BDA methods con-
tribute to performance gain. But how one method fares against others is still a matter
of question. Table A.1 shows the comparison of the average model performance across
all 5 datasets for each method. A detailed analysis of the performance of each method

is shown in our ablation study.

Rule-based vs Model-based Methods

Rule-based approaches modify text via simple token-level perturbations, while model-
based approaches leverage pretrained models for more data variation. Figure 5.1 shows
both rule-based and model-based methods improve F1 scores as training data increases.
Model-based methods consistently outperform rule-based methods, particularly with
more data, due to their ability to generate diverse and contextually relevant modifica-
tions.

Rule-based vs Model-based Methods

wu
o

| —@ Rule-Based
| —&— Model-based

Avg. F1 for All Models
N
N f~ [e2] 3]

IS
o

15% 50% 100%
Percent of Dataset %

Figure 5.1: Performance Comparison of Rule-Based and Model-based Methods

5.4 Observations

1. Effect of Augmentation: Both models generally benefit from data augmentation, es-

pecially as the dataset size increases. Augmentation introduces variation in the dataset
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allowing the model to generalize better. We see across all clipping ranges of the Sent-
NoB and the ABSA Restaurant dataset, the F1 score improved with augmentation, along
with other datasets showing improvement in the majority of the cases. Also, the highest
amount of improvements can be seen in the 15% range as well, which is an indicator of

BDA’s ability to solve data scarcity.

. Model Comparison: BanglaBERT generally shows a more robust improvement in F1
scores with augmentation across different datasets and sizes compared to SVM. For
instance, in the BemoC dataset, BanglaBERT consistently outperforms SVM variants
with or without augmentation. This is due to BanglaBERT’s capabilities as a BERT
model, which is better at capturing contextual information from augmented text. On the
other hand, SVM’s performance improves with a larger amount of data but falls short in
comparison to BanglaBERT. A detailed study of each model’s performance on different

clipping ranges is shown in Table A.8.

. Impact of Dataset Size: The augmentation tends to have a more significant impact as
the dataset size increases, especially noticeable in more complex models like BanglaBERT.
This could indicate that while smaller datasets benefit from augmentation, larger datasets
provide a more substantial foundation allowing the models to leverage the augmented
data effectively. The ABSA Restaurant Dataset supports this, showing increased per-
formance gain with dataset size increase when using BanglaBERT (7.54%, 8.58% and

10.55%).

07 SentNoB (n=12575) 0.7 Bengali Sentiment (n=11851)

ABSA Cricket (n=1787) ABSA Restauran t (h=1235)

--@- Normal -#- Normal
0.6 —4— BDA 0.6 —&— BDA

100

100 s

100 15 100 s 50 50
Percent of Dataset (%) Percent of Dataset (%)

50
Percent of Dataset (%)

Figure 5.2: Improvement of F1 scores across various datasets, before and after aug-
mentation
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5.5 Effect of Training Set Size

Overfitting is known to be more pronounced with smaller datasets. We artificially cre-
ated data scarcity to test this hypothesis by clipping the dataset size into 15%, 50%, and
100% ranges using a stratified approach to maintain class balance, which was used for
both standard training and BDA-enhanced training. Our experiments, using a reduced
portion of the training data, reveal that BDA’s performance improvement is more pro-
nounced with smaller training sets, as depicted in Figure 5.2. We hypothesize that BDA
introduces impactful variation into constrained datasets with a limited number of origi-
nal samples, leading to improved F1 scores. For instance, the F1 score of BanglaBERT
without augmentation when trained on 100% dataset is 54.83%. When trained using
BDA this number is surpassed by achieving a score of 56.05% while only using 50% of

the available training data.

5.6 Conserving True Labels

A critical part of good-quality text augmentation is how well we can conserve the class
or label of the data. Since the lexical variation can be modified using parameters of
the BDA pipeline, we do not want to hard-limit these changes as long as they generate
good augmented texts, instead, we chose to pass these generated texts through a filtering
process as shown in Figure 5.3 that blocks the texts from appending to the generated

dataset based on it’s meaning retention.

Original i ‘ 5% Append to
Sentence, T | § e/ ; Dataset
SBERT RO s 3
J—> Embedding § ) . Above Threshold
sAugtmente_c:' E Check
entence, § . » Threshold
“Cosine Similarity ’
between Tand T'

SacreBLEU
Score

Y

Figure 5.3: Filtering Process
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The original sentence and the augmented sentence are passed through a multilingual
Sentence-BERT model Deode et al. [53] to create vector representations of them. Then
the cosine similarity is calculated to find how similar the texts are in terms of meaning.
If it is above the threshold the texts are forwarded to the second phase where the lexical
similarity is checked. In the case of lexical similarity, we use SacreBLEU to check n-
gram overlaps in the sentences, the lower the score, the lower the number of similar
words in the augmented sentence. If it is below the threshold, only then the texts are
appended to the dataset. The threshold mostly depends on the dataset and the trade-
off between lexical variance and the augmented dataset’s sample count as augmented

samples that defer from the original meaning will not pass through the filtering process.

5.7 Ablation Study: BDA Decomposed

The results obtained so far look promising. However one might speculate that only a
particular part of the pipeline is primarily responsible for BDA’s performance gains,
so we isolate each operation to assess their independent contributions. We individu-
ally check all four operations(SR, RS, BT, PP) for augmentation of BDA across all five
datasets. The results reveal that each of the four BDA operations plays a role in enhanc-

ing performance.

F1 vs Percent of Dataset (%)
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Figure 5.4: Performance Comparison of each Augmentation Method

The lexical and semantic analysis reveals that rule-based approaches, i.e. Synonym
Replacement, and Random swapping result in very high SacreBLEU scores compared

to Back-Translation or Paraphrasing, but are quite comparable in terms of meaning re-
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tention, as shown in table 5.6.

Similarity %

Method Lexical Semantic
SR 59.61 83.86
RS 48.57 94.06
BT 11.29 79.15
PP 15.40 86.97

Table 5.6: Assessing the Quality of the Augmented Texts for each method

N-gram Similarity between Normal and BDA Text
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Figure 5.5: Lexical Similarity

This is because, while Back-Translation and Paraphrasing alter the complete struc-
ture of the sentences, Synonym Replacement and Random swapping mostly depend
on the number of words chosen to be altered, using the provided parameters. Random
Swapping (RS) retains the highest amount of semantic similarity. This is likely because,
although the Sentence-BERT model Deode et al. [53] incorporates positional encoding
to capture word order, RS only involves swapping existing words without introducing
new ones. Therefore, the underlying semantics remain largely unchanged. To study the
impact in terms of F1 score, we checked the average F1 score for all the datasets'. Here,
in Figure 5.4, we can see that, there is no best augmentation method for all cases, but
rather each method plays a valuable role in generating variations. Notably, in highly
constrained datasets (15%), Back-Translation works the best as it usually introduces a

different sentence structure with high variance, while Random Swap does well when the

!Detailed table of comparison presented in the Appendix
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Semantic Similarity between Normal and BDA Text
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Figure 5.6: Semantic Similarity

dataset is saturated (100%) and has very little room to introduce variations. Synonym
Replacement shows decent results on highly constrained (15%) scenarios but it does
not work well when there are lots of samples in the dataset. Paraphrasing, on the other
hand, performs consistently across all splits and shows the best performance with mildly
constrained (50%) training data. But none of these are consistently the better method
across all conditions. However one might prefer the rule-based approach (SR, RS) as a

faster augmentation method.

Dataset Specific Observations

In the case of transformed-based approaches, we can expect a more realistic pattern of
observation as rule-based methods will alter word and meaning similarity in a predeter-

mined manner. Thus those can serve as a indicator of meaning similarity.

Sentiment and ABSA datasets: F1 score is particularly high on these datasets, which
could be due to the focused nature of the text (such as user reviews), where key seman-
tic elements are clear and maintained across different augmentation techniques. But a

concern is the high word similarity, which might lead to overfitting.

BeMOC: This dataset shows good semantic preservation across methods, suggesting
that its content, despite possible complex syntactic structures, is robust against semantic

distortion.
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Dataset Word Similarity Meaning Similarity
sentnob 13.433 0.850
bmoc 11.443 0.873
sentiment 13.561 0.865
absa cricket 15.709 0.866
absa restaurant 22.841 0.895

Table 5.7: Paraphrasing Similarity

Dataset Word Similarity Meaning Similarity
sentnob 9.211 0.752
bmoc 7.840 0.786
sentiment 10.100 0.801
absa cricket 12.054 0.779
absa restaurant 17.236 0.841

Table 5.8: Back Translation Similarity

Dataset Word Similarity Meaning Similarity
sentnob 57.404 0.838
bmoc 69.155 0.889
sentiment 59.954 0.848
absa cricket 53.421 0.811
absa restaurant 58.096 0.808

Table 5.9: Synonym Replacement Similarity

Dataset Word Similarity Meaning Similarity
sentnob 45.969 0.935
bmoc 56.454 0.954
sentiment 49.291 0.940
absa cricket 43219 0.929
absa restaurant 47.926 0.946

Table 5.10: Random Swap Similarity

Both analyses underline the importance of selecting the right text augmentation

method based on the specific needs of the dataset and the NLP task at hand. While

syntactic fidelity and semantic integrity are both crucial, the choice of method might

prioritize one over the other depending on the application, such as training data for ma-

chine learning models where syntax and semantics play differing roles depending on the

model’s use case.
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5.8 Ablation Study

This graph compares the impact of four different data augmentation techniques—synonym
replacement, random swap, back translation, and paraphrasing—on the F1 score across
three dataset sizes (15%, 50%, 100%). As the dataset size increases, all techniques show
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Figure 5.7: Performance of Each method

a progressive improvement in F1 scores, which indicates that augmentation helps in en-
hancing model understanding and generalization capabilities. The convergence of F1
scores at 100% dataset size suggests that the augmentation effects are maximized when
the dataset is small and become less distinguishable as the data volume increases. This
graph demonstrates that complex techniques like back translation and paraphrasing tend
to perform slightly better, possibly due to introducing more diversity into the training

data compared to simpler methods like synonym replacement.

5.9 Effectiveness of Augmentation

Augmentation generally improves model performance, particularly in scenarios where
data is limited. This is evident from the consistent higher F1 scores in augmented

datasets across most graphs.

Dataset Size Impact: As the dataset size increases, the relative benefit of augmenta-

tion decreases, but it still contributes to higher performance, suggesting its utility in
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overcoming data scarcity and enhancing model robustness.

* Technique Specificity: Different augmentation techniques may be more or less effec-
tive depending on the specific dataset and task. The choice of technique should be

guided by empirical results like these.

Across all these diagrams, data augmentation demonstrates a consistent ability to
enhance model performance, particularly in environments where data is scarce or the
task is highly specific. These graphs illustrate the strategic importance of choosing
the right augmentation techniques and applying them effectively to maximize model

accuracy and robustness.

5.10 Where augmentation fails

The two graphs provide insights into the performance and challenges associated with
BanglaBERT’s vocabulary coverage and the effectiveness of text augmentation in the

VITD model.

VITD Original vs Augmented F1 Score

The line chart compares the F1 scores of the VITD model on original and augmented
datasets across various dataset usage percentages. The original dataset consistently out-
performs the augmented dataset, with the original dataset achieving higher F1 scores
across all percentages. For instance, at 10% dataset usage, the original dataset scores
0.50, whereas the augmented dataset scores 0.45. This trend continues, with the original
dataset achieving an F1 score range of 0.72 to 0.81, while the augmented dataset lags
behind with scores between 0.68 and 0.72.

From these graphs, we can draw the following conclusions to understand the reason

behind the performance decline:
1. Effectiveness of Text Augmentation:

* The ineffectiveness of text augmentation in improving the model’s performance

(Graph 2) implies that the augmented data may not be adding meaningful diver-



Chapter 5: Results 49
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Figure 5.8: Performance hit (F1) after Augmentation in VITD dataset

sity. Instead, it might be amplifying existing issues like informal text and spelling

mistakes.

* The relatively better coverage of the Dev dataset highlights the importance of
having a well-aligned vocabulary. Augmentation techniques need to ensure that

they enhance this alignment rather than disrupt it.
2. Alignment and Noise:

* The Dev dataset’s higher vocabulary coverage and slightly better alignment with
BanglaBERT suggest that careful selection and preprocessing of data can signif-

icantly impact model performance.

* The introduction of noise through augmentation demonstrates that not all data
augmentation methods are beneficial, especially if they do not consider the spe-

cific vocabulary and linguistic characteristics of the dataset.

The comparative analysis of the two graphs underscores the crucial role of vocabu-
lary alignment in NLP model performance and the potential pitfalls of text augmentation
techniques if not applied judiciously. Improving vocabulary coverage and carefully de-
signing augmentation methods are essential for enhancing the effectiveness of language

models like BanglaBERT.
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Discussion

While our results indicate that BDA can improve the performance of models on a par-
ticular dataset, this is not always the case. The outcome depends largely on the dataset
itself, and how much of the train set can be effectively augmented so that it represents

the test. In the case of the VITD dataset, the results given in figure 6.1 show that BDA
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Figure 6.1: F1 score decreasing in VITD dataset

fails to improve the F1 score, and even leads to a decrease in F1 score compared to
without BDA. To identify the reason, we analyzed the confusion matrix before and after
applying BDA.

In the confusion matrix of the prediction set after augmenting via BDA shown in
Figure 6.3 we can see that the amount of False-positive and false negatives increased
for ’Non-violence’ text from the normal dataset shown in Figure 6.2. This can occur
due to noisy texts causing BDA to generate labels that alter the label of the text. Thus

the filtering process might need to be improved to prevent such label flipping. Another

50
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Figure 6.2: Before Augmenting via BDA (full dataset)
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Figure 6.3: After Augmenting via BDA (full dataset)

reason can be overfitting the augmented dataset.
A deeper analysis of our experimental results reveals some key aspects of Bangla

text augmentation. These are:

1. Transformer-based augmentation pipelines generate the most natural augmented
texts in general, according to similarity metrics. This can be because these models
alter the whole sentences instead of a set of tokens, thus leading to exposure to a wider

array of lexical variations.

2. Model vs. Rule-Based augmentation approaches are within roughly 1-2% of F1
scores across all datasets. This suggests that both approaches can yield comparable
results in some scenarios depending on the dataset. Transformer-based methods produce
more diverse and contextually relevant augmentations, rule-based methods are faster

and simpler.

3. No universal best augmentation method. The optimal augmentation technique may
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vary depending on the specific dataset, task, and model architecture as shown in figure
5.4, highlighting the need for a unified approach using a combination of augmentation

methods.

We propose BDA, a ”Bengali text Data Augmentation Framework,” a comprehen-
sive system designed to artificially enhance and enrich Bengali text datasets. BDA
integrates various text augmentation methods, encompassing existing state-of-the-art
techniques and pioneering new ones. We evaluate its performance across five distinct
datasets, presenting our results to substantiate our methodology. Additionally, we con-
duct syntactic and symmetric analyses to determine the most effective pipelines, noting
that augmentation does not consistently improve performance. In cases like out-of-
vocabulary (OOV), no performance gains were observed. Similarly, when datasets are
saturated and exhibit no scarcity, augmentation proves less effective. Conversely, the
best case for augmentation occurs when datasets are limited in size.

Our framework employs a range of augmentation techniques, including Back Trans-
lation (BT), Iterative Masked Filling (IMF), and Easy Data Augmentation (EDA) meth-
ods such as Synonym Replacement (SR), Random Deletion (RD), Random Insertion
(RI), and Random Swap (RS). The augmentation threshold (AT) concept ensures the
augmented texts maintain a balance between syntactic fidelity and semantic integrity.
This is crucial for Bengali due to its rich syntactic and semantic nuances.Our evaluations
indicate that not all augmentation techniques uniformly enhance model performance.
Specifically, in datasets with an abundance of data (saturated datasets), the impact of
augmentation diminishes. Conversely, in scenarios where data is sparse, augmenta-
tion techniques significantly improve model performance. This is particularly evident
in low-resource settings where the diversity introduced by augmentation helps models
generalize better.

Among the augmentation methods tested, BT and Paraphrase (PP) consistently out-
performed others across various metrics. These methods excel in introducing meaning-
ful variability while preserving the original context, thus enhancing model robustness.
However, techniques like SR and RS, while faster, demonstrated competitive perfor-

mance, especially in datasets characterized by high informality and out-of-vocabulary
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terms. In such cases, RS, being a meaning-independent approach, showed better perfor-
mance by introducing syntactic variations without altering semantic content. Our com-
parison using state-of-the-art classification models, including BanglaBERT and variants
of SVM, reveals consistent improvements in baseline performance when augmented
data is used. This underscores the efficacy of our augmentation framework in enhanc-
ing model training for Bengali NLP tasks.

Despite the successes, our research highlights that augmentation is not universally
beneficial. In cases like auto vocabulary tasks referenced in our VITD paper, augmen-
tation failed to yield significant improvements. This suggests that the efficacy of aug-
mentation techniques is context-dependent and varies with the nature and quality of the
dataset. Moreover, in datasets with significant noise and imbalance, augmentation needs

to be carefully managed to avoid introducing further inconsistencies.



Chapter 7

Conclusion and Future Works

We developed an augmentation framework, BDA for the Bangla language to address
the challenges inherent in processing a low-resource language like Bangla. We have
proposed and evaluated a novel set of text augmentation techniques, leveraging State-
of-the-Art (SOTA) models, to enhance the performance and robustness of Bangla NLP
models. Our results outperformed the baseline (non-BDA optimized dataset) of five
different datasets by generating high-quality synthetic samples and increasing the size
of the dataset. We incorporated a combination of transformer-based and rule-based ap-
proaches for generating a wide array of synthetic samples of semantically equivalent
variations. Through rigorous experimentation and evaluation, we have determined the
optimal settings and parameters for our augmentation techniques. This has led to a
framework that not only maintains the semantic integrity of the original text but also in-
troduces the necessary variability and complexity required for robust NLP models. We
are optimistic that the BDA framework can significantly contribute to the advancement
of Bangla Natural Language Processing research to mitigate data scarcity issues in the
Bangla language and enhance the robustness of models in low-resource settings. How-
ever, some limitations such as label flipping on datasets with very similar characteristics

among classes, require further exploration.
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Limitations

A limitation of this framework is its reduced effectiveness in augmenting noisy texts
containing spelling errors or out-of-vocabulary (OOV) words. The exception is the Ran-
dom Swap (RS) method, which remains unaffected by such noise due to its meaning-
independent nature; it simply swaps word indexes without semantic consideration. In
contrast, Synonym Replacement (SR), Back Translation (BT), and Paraphrasing (PP) re-
quire some level of semantic understanding, thus hindering their performance in noisy
texts.

Informal word structures, such as the growing trend of Banglish (Bangla written in
English characters) on social media, also pose a challenge. Back-translation, Paraphras-
ing, and Synonym Replacement within BDA do not apply to such datasets, necessitating
the development of specialized methods. Currently, BDA can only augment these texts

through Random Swapping.

Future Work

One of the primary issues that needs to be addressed is that we need a better model to
check the similarity of the sentences. Even though the Sentence-BERT model by Deode
et al. [53] does a decent job, but still, a better sentence similarity model can potentially
have a better outcome as the results of the VITD dataset suffer from label flipping as
shown in Figure 6.1, not prevented via filtering. There are several avenues for further

research and development:

Privacy Preserving Augmentation

Future work will involve exploring methods for privacy-preserving data augmentation.
This is especially pertinent given the increasing concerns regarding data privacy. De-
veloping techniques that can augment data without compromising individual privacy

will be a significant step forward in the field.
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Bengali-Optimized Language Model Implementation

Another area of future research is the implementation of Bengali-Optimized Large Lan-
guage Models (LLMs). These models, designed specifically for the Bengali language,
will potentially offer greater accuracy and efficiency in generating synthetic augmented

texts, thereby enhancing the overall effectiveness of the augmentation framework.

Domain-Specific Augmentation

The domain-specific augmentation of text data, particularly in specialized fields such as
medicine and law, is another promising area of research. Tailoring augmentation tech-
niques to suit the linguistic nuances and terminologies of these domains will be crucial

in expanding the applicability and relevance of Bangla NLP models.

Intergration of efficient LLLMs

Efficient, LLM-based models for Bangla can improve the quality of the generated syn-
thetic texts as seen by the Back-Translation and Paraphrasing method since we can per-
form sequence-to-sequence generation, which has a higher chance of changing the struc-
ture of the sentence. Creating augmentation techniques tailored to specific domains like
medical or legal documents can also be a potential area to explore as BDA does not

specialize in these use cases.



Appendix A

Detailed Results from Test-bench

The table A.2 gives the in-depth performance of the BDA framework across the dis-
cussed 5 datasets, on 3 clipping ranges (15%, 50%, and 100%). We used BanglaBERT
and variants of SVM as models for evaluation. The F1 scores are reported in order to
verify the actual improvement in the robustness of the model, as it only improves if
the model is truly getting better at identifying all classes. The tables A.3-A.7 demon-
strate the F1 performance after augmentation using BDA using each method: Synonym

Replacement, Random Swap, Back-Translation, and Paraphrasing on all the datasets.
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Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 49.11 57.13 6039 4936 57.76 61.06 49.45 57.83 6133 4622 5793 60.75
Unigram (U) 39.94 4585 50.08 39.57 4543 49.04 4128 4626 49.15 38.80 46.89 49.08
Bigram (B) 33.16 39.25 4428 33.10 38.89 43.59 33.58 40.25 44.89 32.82 39.69 44.39
Trigram (T) 2346 29.68 3518 23.60 31.27 3528 23.66 3022 36.13 23.66 30.05 35.73
U+B 39.68 4544 49.25 39.86 4530 50.61 40.75 45.81 50.02 38.55 45.37 49.08
B+T 3234 3848 4356 32.67 3847 43.04 3336 39.22 4440 3577 39.60 44.26
U+B+T 40.03 4576 5093 40.18 4576 51.34 4122 4748 51.44 3941 4591 50.23
Char 2-gram (C2) 39.63 46.01 47.54 3920 4590 4872 40.59 4547 48.05 38.74 45.66 48.04
Char 3-gram (C3) 4090 46.92 50.13 4034 46.89 5095 41.70 47.79 50.41 4039 47.06 50.50
Char 4-gram (C4) 39.43 46.53 50.57 40.13 46.21 51.50 4023 46.79 5095 39.01 46.72 50.25
Char 5-gram (C5) 38.47 4532 49.41 38.62 4523 5037 3939 46.14 5091 37.87 4593 49.48
C2+C3 40.76 47.68 50.09 3996 47.19 5091 41.77 47.52 50.79 39.79 47.87 51.03
C3+C4 39.94 4757 S51.11 4025 4748 S1.71 4092 47.58 51.69 3949 4789 50.82
C4+C5 39.27 4644 5042 3946 4596 51.19 40.13 46.74 51.34 38.82 46.99 49.81
C2+C3+C4 4020 47.62 5097 3994 4750 51.04 41.18 47.80 51.99 3949 4772 5131
C3+C4+C5 39.26 47.33 5141 39.67 46.95 51.56 4036 47.66 51.62 39.12 4795 51.19
C2+C3+C4+C5 39.60 4721 51.23 39.88 47.06 51.42 4087 47.86 51.63 39.27 4830 51.38
U+B+C3+C4+C5 39.84 46.75 5120 39.97 46.30 51.92 40.85 47.60 51.96 40.01 47.12 51.14
U+B+C2+C3+C4+C5 40.01 4698 51.14 4026 46.48 51.84 4148 4778 5191 40.02 4786 51.41
U+B+T+C2+C3+C4+C5 39.66 47.02 51.64 40.10 46.66 5230 4094 4732 51.65 39.83 47.59 52.06
Embeddings (E) 4239 4537 4575 4259 4522 4742 4342 4443 4637 42.61 4548 46.03
U+B+C2+C3+C4+C5+E 41.19 48.53 5252 41.14 48.64 53.08 42.80 4843 5279 4148 49.17 52.75
U+B+T+C2+C3+C4+C5+E  41.03 48.67 52.81 40.88 49.00 5322 4243 4842 53.05 41.60 49.08 53.15

Table A.1: Average F1 scores of all datasets for Each method

Model SentNoB BemoC Bengali Sentiment ABSA Cricket ABSA Restaurant
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 64.97 68.10 72.04 61.94 6939 70.55 47.74 49.19 49.08 41.90 56.05 57.45 27.98 4558 55.28
Unigram (U) 5449 6093 66.61 4248 5026 54.66 37.43 38.96 40.04 37.71 46.92 50.77 27.38 33.49 34.59
Bigram (B) 46.79 54.19 61.65 29.81 38.00 42.74 3441 36.78 37.99 31.75 43.12 4721 23.06 25.50 31.86
Trigram (T) 31.66 43.70 54.06 11.54 21.69 2549 2579 28.44 3042 3037 37.77 4240 18.61 19.93 2553
U+B 5593 6090 67.71 43.21 51.27 5582 37.05 37.87 39.40 35.81 4496 50.50 26.55 32.40 35.29
B+T 46.86 54.24 62.03 29.85 37.72 4322 3342 3570 36.53 3475 4248 46.28 22.82 24.57 31.03
U+B+T 56.12 60.77 67.19 4325 51.08 5594 37.08 3833 3997 37.19 46.80 52.29 27.42 34.18 39.55
Char 2-gram (C2) 5275 57.99 61.46 39.78 47.96 5090 37.78 38.19 39.03 38.11 49.03 51.63 29.28 35.63 37.42
Char 3-gram (C3) 56.83 60.77 66.44 4510 52.69 5573 39.08 39.77 40.48 37.35 48.60 52.08 25.80 34.00 37.74
Char 4-gram (C4) 56.14 6135 67.63 4498 5390 57.61 3842 40.08 4099 3492 4693 51.19 24.03 30.55 36.65
Char 5-gram (C5) 55.10 61.94 67.70 4277 53.12 57.52 36.51 39.70 41.04 35.86 4637 50.12 2270 27.13 33.84
C2+C3 5575 61.67 67.25 4478 52770 56.02 38.65 39.68 4036 37.81 4898 52.47 25.84 3480 3743
C3+C4 56.94 61.69 67.94 4526 5426 57.82 38.80 40.30 4091 3529 48.01 51.86 2446 33.88 38.12
C4+C5 5636 6248 6825 44.82 5422 5842 3736 40.02 41.56 3535 47.02 49.58 2322 28.93 3562
C2+C3+C4 56.24 62.01 68.47 4545 5426 57.78 38.52 40.09 4097 3575 48.17 52.03 25.05 33.79 37.36
C3+C4+C5 56.32 6237 6891 4526 54.60 59.15 37.81 39.92 41.42 35.06 47.93 50.79 23.57 32.54 36.94
C2+C3+C4+C5 56.32 6229 68.94 4571 5484 59.06 37.76 39.87 4136 35.18 4840 50.79 24.53 32.62 3692
U+B+C3+C4+C5 5442 6192 6799 4557 5383 56.71 3731 39.52 4098 36.08 47.00 52.75 27.47 32.46 39.34
U+B+C2+C3+C4+C5 54.87 62.11 6820 4578 53.62 56.62 37.42 39.64 40.82 36.22 47.60 52.55 27.92 33.42 39.68
U+B+T+C2+C3+C4+C5 55.01 62.10 68.50 45.89 54.06 57.24 37.40 39.25 41.20 35.61 47.92 5248 26.75 3242 40.14
Embeddings (E) 55.54 5440 5327 5044 5390 56.62 38.86 38.72 38.78 38.03 4558 4554 30.88 33.02 37.75
U+B+C2+C3+C4+C5+E 56.44 6233 68.54 48.86 55.58 5823 3876 4032 41.66 36.58 49.17 5334 27.61 36.07 42.15
U+B+T+C2+C3+C4+C5+E  57.36  62.50 68.66 48.66 56.05 58.71 38.62 40.30 41.87 3576 49.60 53.18 27.04 35.52 42.86

Table A.2: Table of average F1 scores for each dataset after using BDA
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Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 63.86 67.31 7045 6540 6849 7131 6540 6839 72.04 6521 68.22 7433
Unigram (U) 5524 6193 6730 53.62 60.11 66.81 5522 60.61 6634 53.87 61.05 65.99
Bigram (B) 4721 5416 62.01 4639 5395 61.89 47.19 5476 61.70 4635 53.90 61.01
Trigram (T) 31.41 43.58 53.58 3230 43.67 5444 3140 43.80 5420 31.53 43.74 54.01
U+B 56.21 61.04 67.10 5559 60.43 68.82 5623 60.84 6693 5572 61.29 67.99
B+T 46.80 53.46 62.41 4720 5429 6235 46.79 54.64 61.68 46.62 54.55 61.68
U+B+T 56.35 60.83 66.94 56.10 60.77 68.06 56.34 60.63 66.77 55.68 60.84 67.01
Char 2-gram (C2) 53.51 5733 6126 51.85 57.55 6251 534 59.76 61.06 52.14 57.33 61.00
Char 3-gram (C3) 57.42 60.68 6591 5593 60.72 6698 57.44 61.39 6589 56.54 60.29 66.98
Char 4-gram (C4) 55.66 61.08 67.84 57.11 60.46 67.87 55.67 61.89 66.82 56.15 61.96 67.99
Char 5-gram (C5) 5519 61.60 67.85 55.06 61.25 68.19 5517 62.39 67.78 5496 62.53 67.01
C2+C3 56.40 61.61 66.87 5438 61.62 67.66 56.41 61.83 6648 5581 61.61 67.99
C3+C4 56.86 6143 68.03 5722 61.57 68.18 56.66 61.80 67.57 56.81 61.96 68.01
C4+C5 56.55 62.68 68.61 56.45 62.26 6839 56.65 6241 68.00 5587 62.55 67.99
C2+C3+C4 56.02 61.81 68.02 56.47 61.09 6828 56.01 62.73 68.58 56.44 6240 68.99
C3+C4+C5 56.01 62.63 69.39 57.03 62.16 69.24 56.01 62.16 68.03 5621 62.54 68.98
C2+C3+C4+C5 56.52 6241 69.19 56.12 6142 69.14 56.54 62.10 6845 56.13 63.23 69.02
U+B+C3+C4+C5 5396 6121 67.85 5573 61.62 68.70 53.99 62.37 67.40 54.04 62.48 67.99
U+B+C2+C3+C4+C5 5487 6146 6823 5535 61.82 68.74 5485 62.51 67.85 5438 62.64 67.99
U+B+T+C2+C3+C4+C5 5491 61.39 68.67 5517 61.86 68.84 5492 6236 6748 55.05 62.77 69.01
Embeddings (E) 55.67 54.86 55.18 56.14 54.94 5586 53.88 53.65 54.05 5649 54.17 48.01
U+B+C2+C3+C4+C5+E 56.06 61.96 6840 5630 61.99 69.30 56.61 62.50 67.45 56.79 62.87 68.99
U+B+T+C2+C3+C4+C5+E  56.77 62.02 69.08 57.35 62.14 68.71 57.65 62.80 67.85 57.65 63.02 68.99
Table A.3: F1 scores of SentNoB dataset for Each method
Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 60.99 69.01 7047 64.11 69.61 70.61 60.87 69.63 70.62 61.78 69.31 70.52
Unigram (U) 42.16 49.70 53.87 41.92 49.75 5420 4502 50.51 55.14 40.82 51.08 5544
Bigram (B) 29.25 36.24 4150 30.04 37.64 42.41 30.02 3876 4190 29.94 39.38 45.15
Trigram (T) 11.23 18.67 24.07 10.85 27.07 24.44 12.04 20.26 26.37 12.03 20.77 27.09
U+B 42.66 50.70 5532 43.06 51.43 56.44 4468 5191 5567 4245 51.04 5583
B+T 29.49 36.40 4197 29.25 36.75 4255 3034 38.09 43.02 3033 39.64 4536
U+B+T 4242 50.13 5547 4274 51.01 5581 4517 52.03 56.15 42.67 51.13 56.31
Char 2-gram (C2) 38.43 4845 5097 39.06 4790 4986 41.57 47.79 51.49 40.05 47.70 51.29
Char 3-gram (C3) 4437 52779 5524 4523 5171 55.09 4569 53.58 56.40 45.11 52.68 56.18
Char 4-gram (C4) 45.00 54.07 58.18 4494 54.63 58.09 4564 5381 56.84 4434 53.07 5734
Char 5-gram (C5) 4238 5271 57.08 43.64 53.48 57.12 4233 5338 57.62 42.74 5293 5824
C2+C3 4380 53.55 5559 4439 52.00 5553 46.06 5293 56.84 4489 5234 56.11
C3+C4 4488 54.17 5727 4516 54.69 58.18 4594 5437 5857 4506 53.80 57.27
C4+C5 44.18 54.07 58.60 44.80 54.59 5835 4574 5424 58.18 4457 5398 5857
C2+C3+C4 4520 54.40 5733 4506 5475 5726 4638 5434 5896 45.17 53.55 57.59
C3+C4+C5 45.03 5422 59.06 4500 5435 5878 4525 55.06 5931 4575 5477 59.46
C2+C3+C4+C5 4477 54.62 58.61 4621 5510 59.07 46.07 5491 5933 4580 54.73 59.25
U+B+C3+C4+C5 45.04 5376 5628 4545 5277 56.78 4594 54777 56.85 4584 54.02 5692
U+B+C2+C3+C4+C5 45.07 5323 56.00 46.11 5228 5692 4580 55.00 56.79 46.14 5397 56.78
U+B+T+C2+C3+C4+C5 4491 54.06 5699 46.09 5291 5733 46.05 5486 56.67 46.52 5443 5798
Embeddings (E) 49.40 5442 56.15 5023 53.43 5597 51.64 53.04 56.66 5049 5472 57.70
U+B+C2+C3+C4+C5+E 48.44 5557 57773 47.81 5544 5853 50.18 56.00 5839 49.03 5529 58.26
U+B+T+C2+C3+C4+C5+E  47.93 5573 58.10 47.61 5636 59.04 49.77 56.27 58.87 49.31 5583 58.84

Table A.4: F1 scores of BemoC dataset for Each method
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Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 48.58 49.20 49.59 4793 5028 4932 37.68 4851 4870 48.00 48.76 48.79
Unigram (U) 37.73 38.14 3938 37.72 38.62 39.92 3452 39.87 39.87 36.57 39.22 39.61
Bigram (B) 3420 36.38 3697 3449 36.66 37.73 2590 37.34 3734 3443 36.74 37.46
Trigram (T) 25.66 2821 3032 2586 28.08 3032 37.11 29.78 29.78 25.75 27.68 29.89
U+B 37.12 37.69 3891 3733 37.25 38.69 33.50 39.29 39.29 36.63 37.26 38.98
B+T 3293 35.74 3552 33.44 35.60 3649 3728 35.78 35.78 33.80 35.68 35.54
U+B+T 36.74 37.78 3932 3720 38.54 3937 36.87 39.39 3939 37.08 37.60 39.65
Char 2-gram (C2) 38.63 37.99 3895 38.01 37.71 38.14 39.03 38.38 3838 37.60 38.68 38.39
Char 3-gram (C3) 3931 39.20 4034 39.47 39.65 40.05 38.61 40.49 4049 3850 39.73 40.12
Char 4-gram (C4) 38.12 39.55 41.02 3898 39.59 4140 3697 40.94 40.94 3798 40.26 40.59
Char 5-gram (C5) 36.54 38.56 4035 36.53 39.75 4039 39.11 4091 4091 36.01 39.58 40.68
C2+C3 39.20 39.46 40.59 38.89 39.10 40.07 3896 40.40 40.40 37.41 39.74 39.98
C3+C4 38.64 40.00 40.24 39.41 39.73 4091 37.72 40.50 40.50 3820 40.99 40.53
C4+C5 3733 3941 41.06 37.22 39.85 40.43 39.00 40.78 40.78 37.16 40.05 41.10
C2+C3+C4 38.53 39.54 3998 3887 39.82 40.81 3827 40.67 40.67 37.66 40.31 40.36
C3+C4+C5 37.80 3931 4098 38.18 3931 41.13 3821 40.86 4086 37.00 40.18 4097
C2+C3+C4+C5 37.85 38.98 40.83 38.04 39.28 40.79 36.92 40.92 40.92 36.95 40.31 40.96
U+B+C3+C4+C5 37.52 3870 40.61 37.17 3872 40.74 3736 4122 4122 37.63 39.43 40.71
U+B+C2+C3+C4+C5 37.47 3941 4035 37.12 38.83 40.54 3732 4129 4129 37.75 39.03 40.51
U+B+T+C2+C3+C4+C5 3720 3891 40.67 3747 38.69 40.84 3890 40.16 41.64 37.62 39.24 4098
Embeddings (E) 38.57 39.14 38.87 39.13 38.98 38.18 39.11 38.19 37.13 3885 38.59 37.85
U+B+C2+C3+C4+C5+E 38.48 40.16 41.15 3849 40.01 4055 38.77 4096 4139 3898 40.14 41.26
U+B+T+C2+C3+C4+C5+E  38.37 40.19 4090 3840 40.12 41.00 36.90 41.13 41.71 38.94 39.77 4151
Table A.5: F1 scores of Bengali Sentiment for Each method
Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 4572 5585 5728 4557 56.01 59.78 4832 56.72 5790 4832 55.60 54.83
Unigram (U) 3742 4727 51.69 37.42 46.37 4995 39.53 47.05 52.10 39.53 46.97 49.35
Bigram (B) 32.05 43.24 48.14 32.05 4441 4726 31.60 41.82 46.55 31.60 43.01 46.87
Trigram (T) 30.37 38.04 4254 3037 37.62 4236 3037 3729 4236 3037 38.13 4236
U+B 36.15 4496 49.53 36.15 45.11 52.15 3692 45.74 51.68 34.01 44.02 48.62
B+T 30.37 43.50 46.75 3037 43.16 46.17 31.64 40.63 4631 46.62 42.64 4587
U+B+T 37.32 45.18 52.61 3732 46.64 5326 3882 49.46 52.06 3529 4590 51.24
Char 2-gram (C2) 38.47 50.03 50.75 3847 50.58 5332 3928 46.80 5035 3623 48.70 52.09
Char 3-gram (C3) 37.09 47.72 52.19 37.09 47.60 53.10 38.15 4840 52.12 37.07 50.70 50.93
Char 4-gram (C4) 3441 47.11 4877 3441 4559 5322 3597 4690 53.82 3491 48.12 4896
Char 5-gram (C5) 3591 46.42 49.07 3591 44.66 50.53 38.02 47.13 52.12 33.60 47.28 48.76
C2+C3 38.04 48.51 51.86 38.04 48.83 5294 3797 47.77 53.02 3721 50.81 52.06
C3+C4 35.01 46.52 51.42 3501 47.12 5252 36.70 4827 53.57 3445 50.14 4993
C4+C5 35.04 46.78 47.84 35.04 44.75 50.53 36.71 47.62 52.15 34.63 48.92 47.81
C2+C3+C4 3538 4771 51.59 3538 4738 5236 3743 48.19 5284 3483 49.40 51.32
C3+C4+C5 3435 47.04 4939 3435 46.92 50.72 37.09 47.77 5321 3445 50.00 49.84
C2+C3+C4+C5 3477 4737 4939 3477 46.83 51.00 36.74 4934 5218 3526 50.07 50.58
U+B+C3+C4+C5 3536 47.57 5296 3536 4538 53.16 3833 47.60 53.26 34.96 4745 51.62
U+B+C2+C3+C4+C5 3536 4792 5288 3545 4554 5222 3920 48.05 5297 3416 4887 52.12
U+B+T+C2+C3+C4+C5 3545 48.07 5276 36.94 46.09 53.24 3739 48.73 5227 37.63 48.77 51.65
Embeddings (E) 36.94 4596 43.84 36.07 44.81 47.81 40.63 4581 4336 3584 4575 47.13
U+B+C2+C3+C4+C5+E 36.07 49.19 53.63 35.11 5042 5290 3835 4856 53.09 3591 4852 53.75
U+B+T+C2+C3+C4+C5+E  35.11 49.23 53.02 35.11 50.60 53.25 36.90 4854 53.07 3591 50.04 53.39

Table A.6:

F1 scores of ABSA Cricket for Each method
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Model Syn. Replacement Random Swap Back-translation Paraphrasing
15% 50% 100% 15% 50% 100% 15% 50% 100% 15% 50% 100%
BanglaBERT 2642 4430 54.14 23.78 4439 5435 2622 4591 5737 28.15 47.74 5528
Unigram (U) 27.16 3223 37.92 27.17 3232 34.61 28.94 3327 30.82 2624 36.15 35.00
Bigram (B) 23.08 2622 3231 2253 21.80 2894 2455 2857 3471 22.08 2541 31.48
Trigram (T) 18.63 19.92 2581 18.60 19.90 2529 18.60 1995 2573 18.60 19.93 2529
U+B 26.25 32.80 3534 27.18 3227 36.68 2882 3127 3514 2396 3326 33.99
B+T 22.13 2332 31.13 23.11 2254 28.61 2453 2695 31.51 2149 2547 3285
U+B+T 2734 3487 40.00 27.53 31.86 39.93 2849 3590 4130 2632 34.09 3695
Char 2-gram (C2) 29.11 36.27 3633 28.60 35.76 39.51 31.72 34.61 36.39 27.68 35.89 37.45
Char 3-gram (C3) 26.30 3423 37.18 2397 3478 3944 2821 35.08 36.09 2472 3191 38.26
Char 4-gram (C4) 2398 30.84 37.45 2519 30.76 37.74 2529 3039 3506 21.67 3021 3634
Char 5-gram (C5) 2235 2733 3236 2196 2699 3534 2442 2687 3492 2206 2732 3272
C2+C3 2634 3526 36.14 24.08 34.40 3845 2933 34.66 36.12 23.63 34.87 39.02
C3+C4 24.33 3572 3832 2446 3431 39.15 26.12 3294 36.67 2293 32.55 38.36
C4+C5 2327 2927 3593 2380 2835 37.57 2394 28.67 3541 21.85 29.44 3356
C2+C3+C4 2589 34.66 37.53 2390 3445 3692 27.06 33.09 36.74 2335 3294 3826
C3+C4+C5 23.11 3346 3823 2379 3199 38.07 2520 3247 3479 22119 3225 36.66
C2+C3+C4+C5 24.07 32.66 37.99 2427 32.66 3695 26.79 32.02 3566 23.00 33.14 37.09
U+B+C3+C4+C5 27.33 3253 3820 26.14 32.66 40.25 29.10 32.03 4049 2730 32.23 38.44
U+B+C2+C3+C4+C5 2726 32.86 38.07 2737 32.86 4083 30.16 32.06 40.17 26.89 34.81 39.63
U+B+T+C2+C3+C4+C5 25.84 32.68 3879 2633 33.77 41.13 29.04 3047 3997 2578 32.74 40.68
Embeddings (E) 31.38 3248 3574 3051 3394 39.61 32.06 31.47 3620 29.59 34.18 39.47
U+B+C2+C3+C4+C5+E 26.88 3578 41.56 27.05 3533 4340 29.75 34.13 42.16 26.78 39.02 41.47
U+B+T+C2+C3+C4+C5+E 2698 36.18 4232 2592 35.76 43.61 29.08 33.37 4248 26.18 36.75 43.01

Table A.7: F1 scores of ABSA Restaurant for Each method

Model Normal, T Augmented, T’
15% 50% 100% 15% 50% 100%
BanglaBERT 40.34 51.84 5830 48.54 57.66 60.88
Unigram (U) 3026 4546 47.60 3990 46.11 49.34
Bigram (B) 32,57 38.86 4137 33.16 39.52 44.29
Trigram (T) 23.34 28.88 33.67 23.60 30.30 35.58
U+B 38.52 4320 46.71 39.71 4548 49.74
B+T 3229 3936 4292 33.54 3894 4382
U+B+T 3042 4512 4795 4021 46.23 5098
Char 2-gram (C2) 38.52 4491 46.50 39.54 4576 48.09
Char 3-gram (C3) 40.34 47.20 48.09 40.83 47.16 50.50
Char 4-gram (C4) 38.92 46.28 48.69 39.70 46.56 50.82
Char 5-gram (C5) 37.64 4454 4775 3859 4566 50.04
C2+C3 39.96 4721 4847 40.57 47.56 50.70
C3+C4 39.37 46.88 49.01 40.15 47.63 51.33
C4+C5 39.07 45.68 48.20 3942 46.53 50.69
C2+C3+C4 39.58 47.00 48.64 4020 47.66 51.33
C2+C3+C4+C5 3042 46.69 48.81 39.60 47.47 51.44
U+B+C3+C4+C5 39.64 46.27 49.18 3990 47.61 51.42
U+B+T+C2+C3+C4+C5 39.50 46.51 49.78 40.17 46.94 51.55
Embeddings (E) 42.59 45.08 47.53 40.44 47.28 51.57
U+B+C2+C3+C4+C5+E 41.01 48.19 51.82 41.65 48.69 52.78
U+B+T+C2+C3+C4+C5+E  41.06 48.29 52.07 41.48 48.79 53.06

Table A.8: Comparison of F1 scores across all five datasets between Normal, T, and
BDA augmented T’ datasets
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