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Abstract

Conventional Natural Language Processing (NLP) systems are predominantly designed
and trained for monolingual text. However, the extensive use of Bangla-English and Ban-
glish(Bengali written in Romanized alphabets) code-switching informal conversations in
digital communication proves to be challenging for these NLP systems. To addresses this
research gap in processing mixed language texts of Bangla-English-Banglish we proposed
BiLoRA-BN, a end-to-end pipeline specifically designed for normalization and summa-
rization of code-switched Bangla-English-Banglish conversations in digital communica-
tion. The proposed system employs a two-stage Low-Rank Adaptation (LoRA) archi-
tecture built on a shared, pre-trained Transformer as backbone with 4-bit quantization,
enabling efficient multi-task learning while reducing trainable parameters. The experi-
mental results of BiLoRA-BN are compelling, it significantly outperforms conventional
sequential and cascading pipelines, with a +5.74 BLEU gain in normalization quality
and a +5.26 ROUGE-1 improvement in final summary accuracy. During interface test-
ing BiLoRA-BN also delivers results faster compared to other pipeline based cascading
approach of different architecture and pre-trained models. Crucially, in the interface part,
the entire system of BiLoRA-BN can operates on a consumer-grade GPUs with 8GB of
memory. By directly modeling all the transformations BiLoRA-BN tries to capture the
reality of multilingual digital discourse, with the complex scenario like code-switching and
code-mixing in the conversations. This work contributes a step toward understanding
how people naturally speak and write to communicate in digital spaces and how NLP

model work with it.

Keywords: Code-Switching, Natural Language Processing (NLP), Bangla-English, Text
Normalization, Abstractive Summarization, Low-Rank Adaptation (LoRA), Parameter-
Efficient Fine-Tuning, mT5, Quantization, Multilingual Models, Sequence-to-Sequence

Models, Computational Linguistics.
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Chapter 1

Introduction

1.1 Background

In the digital age, where online chat with mixed languages has become second nature, it is
even more common in places with mixed-language communities, such as Bangladesh. At
home or abroad, speakers of Bangla often shift fluidly in casual conversations from Bangla
to English. In this daily practice, known as code-switching, individuals blend two or more
languages rather than keeping them strictly monolingual. For many, that’s a natural way
to speak as we tend to pick the word that most closely matches the emotion or concept
we want to convey, whether it’s from English or any of the countless languages. However,
this makes human communication easier at the same time being significantly difficult
for the machines to understand them. Most natural language processing (NLP) systems
weren’t trained on this mixture, and they tend to struggle when confronted with tasks
such as figuring out what languages are being used in a given piece of text, translating
between languages, gauging the sentiment in the text or summarizing its content. This
linguistic phenomenon poses a significant challenge for automated systems, as “the task
of automatic language identification becomes increasingly important to facilitate further
processing” in such multilingual environments [15]. These are particularly difficult when
applying Bangla-English combinations, as the Bangla and English languages vary in
grammar, structure. It is further compounded by the fact that Bangla words are also
typed using English alphabets and this makes it even more complex by the automated

technology to analyze the text.



1.2 Rationale of the Study or Motivation

In the 1950s, a new field originated which is Natural language Processing. The aim was
to have machines understand and translate human language. After that, with time the
evolution in this field has boosted with the advancement of artificial Intelligence and
deep learning models. In the recent era, deep learning has led to a major breakthrough
in NLP, powering technologies like Large Language models(LLMs). It is evident that,
while these models give really good performances for monolingual texts, when it comes to
other languages the resources are low. Moreover, when it comes to Bangla English code-
switched texts this proves to be an extremely low resource phenomenon in NLP datasets.
The general models we have now are currently not optimized for this task. “The core
of the problem lies in the English-centric nature of most large-scale model pre-training.
The linguistic patterns of low-resource language pairs and code-switching scenarios are
severely under-represented in the training data, leading to poor performance [16].” The
inability of current NLP systems to process Bangla-English code-switched data poses se-
rious challenges to those interested in the access and understanding of the information
published in the digital multilingual contexts. Particularly, text summarization is vital in
deriving important points in long conversations, analysis of current trends in the public
sentiment, and cross-linguistic communication. Take, for instance, an example of ana-
lyzing social media reactions about ongoing events when social media postings include
both the Bangla and English language, NLP tools will be required to correctly process
the hybrid linguistics contents to draw some useful insights. However, the situation gets
worse by the fact that the available landscape shows a deficit in terms of specialized
equipment and resources that can help struggle with this particular challenge. The same
lack of technology has caused delays in the advancement of adjacent areas of NLP such as
machine translation systems and conversational artificial intelligence systems. This study
revolves around these weaknesses by coming up with technologies to specifically work on
these linguistic code-switching. The most essential challenge is to develop systems that
exhibit a greater degree of accuracy as well as being easily accessible to communities
whose lingual set-up is an intermingling practice within communications. These develop-
ments would help make the language technologies more inclusive to benefit multilingual

communities.



1.3 Problem Statement

Modern NLP models work poorly when used with Bangla-English code-switched conver-
sation data. Part of this limitation is due to the fact that there is little in terms of amount
and high-quality, annotated data sets that adequately reflect mixed-language communi-
cation patterns. “A primary impediment to progress in this area is the severe scarcity of
high-quality, annotated datasets that capture the nuances of mixed-language communica-
tion, a well-documented bottleneck in code-switching research [17].” There are also innate
difficulties of bilinear processing of two linguistically varying systems simultaneously. It
is specifically observable with the tools of summarization in the dialogue with code-mix
where there is significant weakness in terms of retention of the semantic meaning. The
existing workaround methods often result in summaries with no or inaccurate contextual
information or the wrong interpretation of the purpose of the original material. “The
challenge is acutely evident in dialogue summarization, where models struggle to retain
the semantic meaning and contextual integrity of the original code-mixed conversation,
often producing incoherent or factually inaccurate outputs [18].” The present thesis re-
solves such issues by proposing an overall end-to-end pipeline that can engage in both
normalization and summarization processes of code-switched and mixed Bangla-English

conversations.

1.4 Objectives

The proposed research will take the form of the following key objectives:

o The research will first undergo a detailed analysis of the existing practices of nor-
malisation of the text of code-mixed Banglali and English, botanically recording
their specifics of strengths and weaknesses. The analysis discussed will be a foun-
dation of perceiving what the modern condition of the field is and what should be

changed.

o This shall then update and make alterations on existing summaries models, that
their liquidity towards mixed-language content processing may be improved. This
will bedone through the analysis of various architectural strategies and locating the

modifications.that will bring the optimum performance to the code-switching text.



o The key input is the development of an integrated processing pipeline that combines
normalization and summarization with custom functionality used upon. Bangla-
English conversations. The latter will make sure that this system does not. under-

mine the performance of mixed-language content.

o The study will also take stringent evaluation plans in order to evaluate the output.
of the proposed pipeline, a comparison to the existing tools regarding the appropri-
ateness measures. This will ensure how effective the system is on various factors.

classifications of code-switched contents.

1.5 Methodology in Brief

The systematic, pipeline driven approach will be employed in the methodology of con-
ducting the research to build up an end-to-end system normalization and summariza-
tion of code-switched conversations in Bengali and English. The process consists of six
consecutive stages General Problems Exploration, Data.Preparation, Model Selection &
Training, Model Evaluation, System Integration and Deployment & Scalability.

The first phase is conducting literature review. In this phase research motivation, ob-
jectives and problem statements are defined. Afterwards, analyzing existing solutions and
research gaps are identified. The second phase involves the collection and refinement of
a code-switched dataset. Exploratory Data Analysis (EDA) will be done to understand
mixing patterns and challenges. Additionally, Data Preprocessing and Normalization
step will be done for cleaning, transliterating Romanized Bangla (Banglish) to the native
script, and correcting spelling variations. After that, the preprocessed dataset will be
split into training, validation, and test sets. Phase 3 is Model selection & Training. We
will select pre-trained models (e.g., mBERT, mT5, XLM-R) for both the normalization
and summarization tasks. Moreover, the model training involves fine-tuning on our pre-
processed datasets. Later on, we can monitor training metrics like loss and accuracy to
prevent overfitting. In Phase 4 which is model evaluation (BLEU, WER, CER, Qualita-
tive Analysis).Then plot training and error analysis will be done and we will compare it
to baseline methods. Phase 5 is System Integration. The individually developed normal-
ization and summarization modules will be integrated into a single, coherent pipeline. In

the last phase which is Deployment & Scalability we will evaluate the complete pipeline.



The system’s performance will be compared to the baseline methods using both auto-
mated metrics (e.g., BLEU, ROUGE) and qualitative error analysis to identify failure
modes. Lastly, the system will be prepared for deployment. The research will conclude
with the publication of results and recommendations for future work. The final pipeline
is implemented as BiLoRA-BN, a shared-backbone system that integrates normalization

and summarization in an end-to-end workflow.

Literature & Problem Exploration Data Acquisition & Preparation Model Selection & Training Model Evaluation & Error Analysis System Integration & Testing Deployment & Scalability
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Figure 1.1: System architecture overview

1.6 Scope and Challenges

Scope

This study is specialized in informal code-switched Bangla-English text that is received
in the free social media sources, such as Facebook and Twitter. On the one hand, the
research will focus on the texts that show the equal use of the two languages and avoid
more or less monolingual text with only slight code-switching phenomena. The techni-

cal approach is to use sequence to sequence models with attention mechanisms both in



normalization and the task of summarization. It is an architectural decision which uses
current best practice in neural language processing, but allows the flexibility to deal with

mixed-language content as well.

Challenges

There are critical issues and challenges are expected to come up in the course of this

experiment, few to mention are as follow:

o Data Scarcity: Annotated Bangla-English code switched materials is very difficult

to find specifically in the context of dialogues and informal conversations.

o Linguistic Complexity: To satisfy the variation of code-mixing variants, such as

uneven transliteration, change of structure of words and vague syntax.

o« Model Generalization: This feature is a measure of the ability of a system to
perform outside of training data on the non training conversations over in the real

world.

o Evaluation Metrics: It needs to put in place a sufficient means of defining the
quality metrics which are practically effective in a manner such that they serve in the
activity of quantifying the degree to which the system normalizes and summarizes

the code-mixed text.



Chapter 2

Literature Review

2.1 Preliminaries

Code switching is widely common nowadays. People who know multiple languages often
move between languages when they speak and write. This language is not used randomly,
it usually follows certain rules that are dependent on social, contextual, and grammatical
considerations. And this makes it an essential field of research in natural language pro-
cessing (NLP) and computational linguistics. We can define Code-switching as the use of
more than one language within a single conversation, sentence, or phrase. It has a num-
ber of social and communication purposes, it helps us to easily communicate and adapt to
vocabulary limits. Code-switching (CS), the alternation between two or more languages
within a single conversation or utterance, is a common and rule-governed practice among
multilingual speakers [17].

At first sight, the code-switching practice may seem informal or unseemly yet the code-
switching is a cautious and propositional method. Although not a random phenomenon,
it is hampered by grammatical, social, and contextual aspects and thus a crucial field
of research in computational linguistics and Natural Language Processing (NLP) [18].
The reasons for code-switching are ease of expression, emphasis and identity signaling.
The individuals may even change languages to convey an idea, thought, and emphasize
a point in a better way. In other scenarios, code-switching is used to create solidarity,
unity or to create group membership such as they are able to speak the same languages
[19]. Tt may also indicate a shift of the topic focus or degree of formality, especially in

multilingual societies whereby different languages have been linked to different spheres



of application.

As well, code switching has various varieties depending on linguists and is determined
by the point where the language change takes place. And one of them is Inter-sentential
switching of codes on the sentence boundaries. As one example, a speaker can complete a
phrase in Bangla and then proceed to English. This style is more systematic and is usually
applied by the fluent speakers of the two languages. Conversely, intra-sentential code-
switching occurs within the same phrase or clause, which points to a freer grammatical
mixing. This type is more complex and characteristic of the people who feel quite at ease
using both languages. And there is an alternate variant that is tag-switching, in which
a tag phrase of one language is put into a sentence otherwise in another, such as with
you know or I mean in a Bengali sentence. These tags have discourse purposes and are
simple to insert without causing problems to the grammatical sentence composition.

The concept of normalization in NLP is converting informal and noisy text into a
uniform and standard form. This is particularly acute when it comes to texts coded-
switched or informal, which can include inconsistencies in the spelling and script, as well
as the use of the language[4]. The downstream NLP tasks of the normalization can be
achieved through effective normalization translation, parsing, summarization.

Text summarization is a task required in NLP and is a task that requires the gener-
ation of a short version of a longer text with no alteration of its real meaning. There are
two approaches predominant to summarization namely extractive and abstractive. Text
summarization is used to produce a summarized form of the source text in a distilled and
fluent form, and reflects the essential meaning of the original textual content. There are
wide-ranging approaches, which can be divided into two categories [21].

To conclude, it is clear that the basic concepts of code-switching, normalization, and
summarization form the basis of successful NLP systems that can be created to consider
multilingual settings. The form in which this is done by the Normalization process
makes the data to be in an accessible form and it has detected the problems such as
transliteration, translation, language recognition and spelling mistakes. Extractive or
abstractive: Summarization provides a way to summarize information, but at the cost
of some difficulties in the multilingual and informal texts. These underlying issues are
essential in the context of building sound and successful NLP code-switching applications

in Bengali English code-switched conversations.



2.2 Review of Existing Research

Forming a complete pipeline on normalization and summarization of a written Bangali
conversation that involves the use of English would entail a critical review of numerous ar-
eas of interdependent study. According to the leading literature, the results of the review
will combine information on the linguistic history of code-switching (CSW), evolution of
computational solutions to work it, technical peculiarities of the lexical normalization,
abstractive dialogue issues summarization, and the resources of Bangali-English language
pair.

Clothing the core of it, the research paper which was done by a linguist named Shana
Poplack in 1980 speaks about it. Code switching in regard to where in the sentence
structure that the code switching actually occurs. Poplack’s framework is based on
analysis of 1,835 code-switched utterances from 20 Puerto Rican speakers, positioning
three main types of code-switching, governed by a stringent “equivalence constraint” and
a “free morpheme constraint.” [17]

The field of computational code-switching is not new. It has a rich history and
throughout many evolutions today’s NLP models do a decent job in this scenario. This
journey, systematically mapped in the survey by Winata et al. (2022), is a direct proces-
sion from linguistic-based approaches to the giant AT models of today [2]. The invention
of the Transformer architecture and Pre-trained Language Models (PLMs) like BERT
promised a new era. However, a critical and systematic study by Winata et al. (2021)
provided a crucial reality check, showing that multilingual models have limitations for
code-switching specific tasks [3].

In constructing the available framework of lexical normalization, the paper by van der
Goot & AtetinoAYlu (2021) is exceptionally comprehensive, relevant as the initial step in
the processing of informal non-standard text of the Code-mixed variety [4]. The evidence
presented in the paper supports the fact that a specific normalization step directly benefits
downstream tasks with relative performance gain of 5.4 percent on Part-of-Speech (POS)
tagging.

The SAMSum Corpus, introduced by Gliwa et al. (2019), was a landmark because
it provided over 16,000 human-written summaries of messenger-style chats, giving re-
searchers a perfect benchmark [8]. The particular issue of code-switched conversation

summarization has been covered by Mehnaz et al. (2021), where authors present the



dataset GupShup over Hindi-English [9].

2.3 Summary of Key Findings

The extensive literature review shows that there are a number of key findings, which
altogether determine the state of the art and specify the research gap the present thesis

addresses.

o Code-Switching is Syntax-Based in Essence: Research has clearly defined
code-switching as a behavior governed by syntax. Modern computational experi-
ments have demonstrated that syntactic structure is sufficient and a very strong

predictor of natural CSW [1].

o General Models Are Not Always Superior to Specialized Ones: The “big-
ger is better” idea of general NLP cannot be applied to CSW completely. Special-
purpose architectures that specifically attempt to approximate language-mixing
process or syntax structure are likely to offer better performance and efficiency

trade-offs [3].

o A Hybrid Pipeline Architecture is Needed to Normalize CSW: Normaliza-
tion of informal, code-switched text is a many-stage, difficult task which demands

language recognition, phonetic normalization, and morphological parsing [4], [5].

o Dialogue Summarization is a CSW Double Jeopardy task: Summarizing
conversations itself is not easy, with information being scattered across multiple
turns, with the additon of code-switching, goal of this experiment become more
daunting. [9]. Moreover, common evaluation methods such as ROUGE are not

much reliable in this task [8].

o Identifying the Research Gap: No existing work has designed an end-to-end
pipeline to accept raw, informal code-switched conversational text, normalize it
properly, and extract an abstractive summary. The Bangla-English language pair

is still computationally under-ready [6].
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Chapter 3

Requirements, Impacts and

Constraints

This chapter talks about the hardware, software, and data requirements needed to build
and run our BiLoRA-BN system. We also discuss the impacts our work can have and

the constraints we faced during this project.

3.1 Final Specifications and Requirements

To develop the BiLoRA-BN pipeline (Banglish—Bangla normalization followed by Bangla
summarization), we needed specific hardware, software tools, and datasets. Below we list

out what was needed for both the training phase and the inference (testing) phase.

3.1.1 Hardware Requirements

Training a large Transformer model with LoRA adapters requires good GPU resources,
but thanks to 4-bit quantization, we managed to keep it accessible on consumer hardware.

For inference, the requirements are much lower.
For Training:

o CPU: For the training purpose, a modern multi-core CPU, like an Intel i7/i9 or
AMD Ryzen 7/9 equivalent is needed, to handle data preprocessing and tokeniza-

tion.
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« GPU: GPU is the key component in training phase. The BiLoRA-BN system’s
weights were fine-tuned using RTX 4090 with 24GB of VRAM.

« RAM: To manage batch preparation and dataset loading, especially when manag-

ing longer sequences a minimum of 32GB of system RAM is needed

o Storage: Here SSDs is preferable as disk storage type for faster data loading and
training of weights. Around 50GB disk space is needed for model checkpoints, logs

and datasets during training.

For Inference:

o« CPU: When it comes to inference, the needs are much lower. The process is mostly

GPU-bound, so any modern CPU will suffice.
« GPU: A GPU with 8GB of VRAM is enough to run the quantized model smoothly.

« RAM: In interface stage, 8GB system RAM is enough for to manage the compu-

tation.

« Storage: Roughly 5GB of SSD disk storage is needed to save the quantized base

model and adapter weights.

It’s worth highlighting that without 4-bit quantization, the full model fine-tuning
would require over 40GB of VRAM for training. And the training process would take
days. Using QLoRA is what made this experiment feasible.

3.1.2 Software Requirements

The entire pipeline and all the experiments were done using Python and open-source

machine learning libraries. Below the software stack:

Operating System:

o Linux (Ubuntu) for compatibility with CUDA and PyTorch.

Core ML Libraries:
e Python 3.124: The core programming language for all scripts.
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PyTorch 2.04: Deep learning framework for model training and inference.

Hugging Face Transformers 4.36+: For loading pre-trained mT5 models and

tokenizers.

PEFT (Parameter-Efficient Fine-Tuning) 0.64: For LoRA adapter imple-

mentation.

BitsAndBytes 0.41+: For 4-bit quantization (NF4 format).

Evaluation and Utilities:

ROUGE (rouge-score): For summarization evaluation metrics.
SacreBLEU: For BLEU score calculation in normalization evaluation.
JiWER: For Word Error Rate (WER) and Character Error Rate (CER).

Pandas, NumPy: For data manipulation and analysis.

Documentation and Writing:

LaTeX (XeLaTeX): For thesis writing with Bangla font support.

Noto Serif Bengali: Font for rendering Bangla text in the thesis.

3.1.3 Data Requirements

The experiments requires two parallel datasets: one for normalization (Banglish—Bangla)

and one for summarization (Bangla conversation—Bangla summary).

Normalization Dataset (Adapter-1):

Banglish to Bangla, annotated pairs at word, sentence, and paragraph levels.
Total: 34,443 pairs (27,075 words + 7,258 sentences + 110 paragraphs).
Source: Derived from publicly available Romanized Bangla Corpus.

Split: 90% training, 5% validation, 5% test.

Preprocessing: In this process, pure English words were removed, different spelling

variations were standardized, and low-quality pairs were filtered out.
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Summarization Dataset (Adapter-2):
« Bangla conversation to summary pairs for dialogue summarization purposes.

o Total: 16,369 pairs derived from SAMSum corpus which were then translated to
Bangla.

o Additional: 250 manually curated Banglish— Bangla summary pairs were made for

end-to-end evaluation.
e Domain: Mostly informal conversations (daily life, planning, discussions).

o Split: 90% training, 5% validation, 5% test.

Data Quality Considerations:

o Inconsistent Banglish spelling is a major challenge which had to be standardized.

L VA4 L VA4

(e.g., “ami”, “aami”, “amii” all mean “I”).

» English words mixed in Banglish were a big challenge, since real conversations have

code-mixing.

o Manual review was done on a subset to ensure the translation quality.

3.2 Societal Impact

The BiLoRA-BN system can have huge impacts on society, especially for millions Bangla-

speaking communities who communicate on a mixed code-switching messages:

« Benefits for Bangla Speakers: Over 230 million people speak in Bangla, the
BiLLoRA-BN system will help to bridge the gap by processing code-mixed text that

people actually use in day-to-day online communication.

o Accessibility for Non-Native Typists: Many non-native bangla speaker find
typing in the Bangla script difficult instead they type in romanized alphabets.
BiLoRA-BN, normalization component makes it possible to convert such text to
proper Bangla, which will make the digital communication more accessible for ev-

eryone.
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o Educational Applications: As many of Gen-Z generation prefer typing in a
mixed language, the BiLoRA-BN system can be used in educational settings will
help them to learn proper Bangla writing by seeing how their Banglish text converts

to standard Bangla.

o Customer Support: A very real use case of BiLoRA-BN system is in online
businesses specially where they can use the summarization feature to quickly un-
derstand customer conversations written in Banglish, improving response times and

service quality.

e Risk of Misinformation: With all these positive impacts there is one thing to be
concern about, which is, if the summarization produces by BiLoRA-BN incorrect

then it can spread misinformation that can mislead.

All in all, by bridging the gap between informal communication and formal communica-
tion, the BiLoRA-BN system can empower millions of users by supporting learnings, and

helping businesses to connect more effectively and efficiently.

3.3 Environmental Impact

Training large language models need huge computation which lead to high energy con-
sumption. To reduce the energy consumption and environmental footprint, several steps

were taken:

e LoRA vs Full Fine-Tuning: Instead of fine-tuning the entire massive model from
scratch, an efficient method called LoRA has been used. With the use of LoRA
method only a tiny fraction (a mere 0.5%) of the model’s parameters have been

trained, cutting the computational effort for training by about 99.5%.

e 4-bit Quantization: To make the model run leaner and faster with less com-
putation, a technique called 4-bit quantization have been used. This shrank and

compress the model’s memory needs dramatically, leading less calculations.

« Estimated Carbon Footprint: In practical terms, final training run for both

adapters took about 10 hours on a single RTX 4090 GPU. We estimate it used
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roughly 2.25 kilowatt-hours of energy, which is way less than training all 3.7B

parameters.

e Checkpoint Reuse: Throughout all the experiments, multiple checkpoint has

been used to save intermediate developments during training.

e Minimizing Training Runs: Then number of epochs was planned carefully to

avoid redundant runs, training each adapter just a couple of times to get it right.

3.4 Ethical Issues

All the experiments of this study was guided by a strong commitment to ethical and
responsible development. Some ethical considerations that has been considered during

this development:

o Data Privacy: Data privacy was the first and foremost priority as the experiments
done in this study works with personal conversations for training purpose. We
ensured that the SAMSum and Romanized Bangla Corpus datasets has followed
all the established standards.

o Consent: For the SAMSum-derived dialogue summarization data, the original
dataset was collected with proper consent from participants by following all the

protocols.

o Anonymization: Any identifiable information such as locations, name and phone

numbers has been rigorously anonymized by placeholders or fictional equivalents.

o Bias Risks: Transformer models learn from the data they’re given. For example,
if the training data contains more male oriented dialogue than female, the model

might perform better on male-associated text.

o Hallucination Risks: Like all other NLP text generation systems, this summa-
rizer system can sometimes produce information not present in the input (halluci-

nation).

» Safe Usage Boundaries: The BiLoRA-BN, is specially trained on informal con-
versational text. Thus, it should not be used for legal, medical, or other high-stakes

document processing without careful validation.
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3.5 Project Management Plan

The whole research and development process was structured in three phases, as below:
Phase 1: Data collection and problem formulation

The work in this phase primarily covered problem analysis, definition, identifying
research gaps in the field, and assembling high-quality datasets for further system mod-
eling.

Below mentioned activities were carried out at this phase:

o Related literature review on Banglish-Bangla normalization as well as dialogue

summarization
o Problem definition and requirement analysis
« Banglish-Bangla parallel corpus collection and curation
 Initial data cleaning and exploratory analysis

This phase aimed to confidently establish the data and task scope prior to developing
the system.
Phase 2: Data preprocessing and creation of Banglish-to-Bangla normaliza-
tion module

The second phase focused on processing raw data into model-specific training and eval-
uation datasets, which led to the development of the Banglish-to-Bangla normalization
system component, a pipeline step feeding into the final end-to-end system.

Some of the activities proposed for the second phase were:

« Data preprocessing and normalization (Unicode standardization, noise reduction,

consistency check among tokenization)
o Selection of the suitable transformer architecture
« Baseline normalization models were created
o Adapter-1 training for Banglish-to-Bangla normalization was carried out

o An initial evaluation of the normalization performance was achieved
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The second phase led to the creation of a strong normalization module that appears
as an initial pipeline step, responsible for normalization.
Phase 3: Bangla dialogue summarization pipeline integration

The concluding phase concentrated on building the end-to-end system pipeline, linking
the normalization in the preceding step to Bangla dialogue summarization.

Some of the activities earmarked for this phase were:
o Baseline end-to-end pipeline modeling
o Adapter-2 training for Bangla dialogue summarization

o Integration of normalization and summarization into a single framework (BiLoRA-

BN)
o Comprehensive evaluation of the component and end-to-end performance
o Final report writing and analysis of results

This step resulted in the packaging of the finalized BiLoRA-BN system that could
directly turn Banglish dialogue into intelligible Bangla summaries.

Figure 3.1 illustrates the high-level workflow of the proposed project plan.

Initial Evaluation Final Report

Cleaning + EDA Adapter-1 Training

Full Evaluation

Baseline Norm Models

Corpus Collection Pipeline Integration

Problem Definition Model Selection Adapter-2 Training
Literature Review Data Preprocessing Baseline Pipelines

Phase 2

Phase 1 Phase 3

Jan 2025 Jun 2025 Jan 2026

Figure 3.1: Project Plan: High-Level Three-Phase Workflow

3.6 Risk Management

All research projects come with risks that need to be evaluated and addressed accordingly.
For this project, prior to executing all planned tasks, we anticipated a series of potential
roadblocks that may arise during the development of BiLoRA-BN and proposed solutions

for each. One of the main issues was the possibility of running out of GPU memory while
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we were training the model. In order to resolve this, we chose to implement 4-bit NF4
quantization with QLoRA, which helped VRAM consumption remain under the threshold
of the 16 GB capacity GPU of the RTX 4090. With regard to risk in the dataset,
we predicted the inconsistent spelling of Banglish text and the small size of available
code-switched corpora. However, we were able to reduce this risk by conducting careful
prepossing, manual inspection of a representative subset, and constructing datasets of
varied granularity (word, sentence, and paragraph levels) to maximize the diversity of

the training signal.
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3.7 Economic Analysis

This section provides a brief cost analysis of the whole experiment and probable cost of
reproducing the results of this study:

Hardware Costs:

e GPU Training: The experiments used RTX 4090 GPU during whole training
process. Without local access, comparable cloud instances on platforms like AWS

or Google Cloud typically cost between $1 to $2 per hour.

o Storage: The required storage for model checkpoints and datasets came to about

~50GB. In this case, cloud storage costs are negligible (<$1/month).
Software Costs:

e On the software side, every tool used in the process, is free and open-source. This
includes our core programming environment (Python, PyTorch), the Hugging Face
Transformer models, PEFT libraries for model development, and all evaluation

metrics.
e The documents was prepared using LaTeX (TeX Live), which is also freely available.
Cost Savings from Our Approach:

e LoRA vs Full Fine-Tuning: Full fine-tuning of the BiLoRA-BN’S 3.7B pa-
rameter would require 40GB+ VRAM (A100 GPU, $3-4/hour) and 50+ hours of
training. Implemented QLoRA approach saved an estimated $200-300 in compute

costs if compared with cloud computing cost.

e 4-bit Quantization: This quantization reduces the memory requirements by 4x,
enabling use of consumer hardware instead. This approach also reduce computation

and provide faster interface speed.

o Adapter Weight Storage: Each adapter is around 100MB instead of multiple

GB, reducing storage and transfer costs.

Total estimated cost of reproducing the results of this experiment is under $50 for
cloud resources (if local GPU was not available), with all software being free. This

demonstrates that our approach is economically feasible for small research teams.
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Chapter 4

Proposed Methodology

4.1 Design Process or Methodology Overview

This chapter describes the end-to-end methodology used to build the BiLoRA-BN pipeline,
from data collection and preprocessing to model training, evaluation, and inference. The
workflow integrates Banglish—Bangla normalization with Bangla summarization in a

single shared backbone using LoRA adapters and task-specific prefixes.

Data Collection Preprocessing
Datasets
(Romanized Bangla Corpus Cleaning, normalization,
Normahzatlon + Summarization
+ SAMSum Bangla) splits

Normalization Modulo Summarization Module End-to-End Mode
Adapter-1 + [NORM] Adapter-2 + [SUM] [BILORA]

Bangla Summary

(Final Output)

Figure 4.1: End-to-end BiLoRA-BN pipeline from data collection to final summary gen-
eration
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4.2 Preliminary Design or Design (Model) Specifica-
tion

Multiple baseline models were implemented for normalization and summarization: mBART,
MarianMT, mT5-base, and BanglaBERT. These are sequential encoder-decoder Trans-
former models trained on the cleaned datasets for Banglish—Bangla normalization before

moving to end-to-end experimentation.

4.2.1 Model Categories

Understanding the three main categories of the models we examined and the significance
of each category for our Banglish to Bangla task is helpful before diving into the results.
These categories are illustrated graphically in Figure 4.2.

Monolingual Models (Bangla-specific): These include BanglaBERT and BanglaT5.
They were pre-trained almost entirely on Bangla text, so they know the language well.
The idea was that maybe a model that really understands Bangla grammar and vocab-
ulary could do a better job at producing clean Bangla output. However, a clear gap
still exists because mBART’s pre-training did not include Romanized or code-switched
Bangla. In other words, it learns English and Bangla separately, but the mixed “in-
between” from that Banglish represents remains less familiar. mT5-base and MarianMT
were trained on 1004 languages at the same time. The high exposure provides them
to see different kinds of scripts, language and styles. For example, mT5 has a shared
multilingual vocabulary through a SentencePiece tokenizer that breaks down words into
sub-word pieces to cover unseen words, which is very necessary in Banglish, as the spelling
is always inconsistent and noisy. Having ability to break down the words and correctly
represent the non-predictable words is very important.

Multilingual Models: mBART, mT5-base, and MarianMT fall into this cate-
gory. mBart is a multilingual model pre-trained on 25 languages, including English and
Bangla. We expected that both scripts during pre-trainning might help it correct the
Latin letters used in Banglish with the Bangla script we want as output. We fine-tuned
mBART on our normalization and summarization dataset. To some extent, it does out-
perform monolingual baselines, likely because it is already comfortable with both scripts.

However, a clear gap still exists because mBART’s pre-training did not include Roman-
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ized or code-switched Bangla. In other words, it learns English and Bangla separately,
but the mixed “in-between” from that Banglish represents remains less familiar. mT5-
base and MarianMT were trained on 1004 languages at the same time. This wide
exposure means they have encountered many scripts, writing patterns, and language
structures. m'T5 in particular benefits from a shared vocabulary across languages, using
a SentencePiece tokenizer that can split unfamiliar words into smaller subword units.
This flexibility becomes important for Banglish, where spelling is often inconsistent and
noisy, because the model can still break down and represent messy tokens rather than

failing on them as unknown words.

Figure 4.2: provides an overview of the evaluated methodologies, grouping the baseline
models into two categories: Monolingual ( Bangla-specific) models and Multilingual ar-
chitectures.

4.2.2 Training Setup for Baselines

To ensure a fair comparison, we used an identical training setup for all models. Each one
was fine-tuned with identical data splits: 90% for training, 5% for validation, and 5% for
testing. The training set combined our word-level pair (27,075 sample), sentence-level
pairs (7,258 samples), and paragraph-level pairs (110 samples). All samples were shuffled

together so that the models consistently saw a mixture of short and long sequences during
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training. Architecture Details:

All the models we tested follow the encoder-decoder architecture, which is standard
for sequence-to-sequence tasks. Encoder takes the Banglish input and compress it into a
sequence of hidden vectors. These vectors encodes the semantics of the input in a form
that the model can process. The decoder takes these vectors as input and produces the
Bangla translation one token at a time.

Figure 4.3 shows this general flow. The input goes through tokenization first (break-
ing text into subword pieces), then through the encoder layers, then through the decoder
layers, and finally through a softmax to predict each output token. The attention mech-
anism lets the decoder look back at different parts of the input when generating each
output token — this is important for our task because the model needs to know which

Banglish word it’s currently translating.

BanglaBERT (Custom

MarianMT mT5 (base)

designed Encoder +
Decoder)

Multilingual NMT model Custom made
: Text-to-text
denaising (Marian) often Encoder+Decoder
Model type ) encoder+decoder (T5-
encoder+decoder trained per model specialized for
style) for many tasks
(seq2seq) language pair Bengali
= Supervised NMT .
Multilingual . Text-to-Text Token-detection
Pretraining objective training on parallel .
denoising pretraining focused on Bangla
corpora
Translation, - . Translation, Mainly for classification,
Practical pairwise
multilingual summarization, QA, NER, QA. Not

Primary use-cases

Language coverage

Strengths

Limitations

generation, seq2seq
fine-tuning

Multilingual (mBART-
50 covers ~50

languages)

Good seq2seq
pretraining for low-
resource fine-tuning

Heavier than single-

pair models

translation for

specific pairs

Bilingual mostly
(many language
pairs across the
family)

Small/efficient pair
models

Not a single
universal model
and quality
depends on pair
data

and flexible in text-to-

text tasks

Very broadly
Multilingual (~100+
languages in mT5
variants)

Unified text-to-text
interface with broad

multilingual transfer

Large; may mix
languages if not
constrained in
decoding

optimized for free-form
generation

Bangla only but tried to
make it a bilingual NMT
model

Strong Bengali
understanding due to
focused pretraining

Not suitable for general
multilingual generation
tasks

Figure 4.3: Model Overview: Encoder-decoder architecture used across all baseline mod-
els. The encoder processes Banglish input into hidden representations, and the decoder
generates Bangla output tokens

Training Hyperparameters:

We tried to maintain hyperparameters consistent wherever possible. Every model

24



used were trained for a maximum of 10 epoch with early termination determined by
validation loss (patience of three epoch). Every model had the same learning rate at
2e-5 with a linear warm-up in the first 10% of training steps. Due to GPU memory
constraints, we used a batch size of 8 for a larger model like mT5 and mBART and 16 for
smaller models like BanglaBERT and MarianMT. The AdamW optimizer and a weight
decay of 0.01 were used for training. The fact that tokenization varied between models
is a crucial aspect. The same Banglish word can be segmented differently depending on
which tokenizer is utilized because each model employs a separate tokenizer that was

taught during pre-training.

4.2.3 Qualitative Comparison of Model Outputs

We thoroughly examined each model’s output before getting into the score. This quali-
tative analysis looks at aspects that the matrices don’t completely reveal, like the kinds
of mistakes the model frequently makes and whether those mistakes are minor spelling
mistakes or more major miscommunications. Figure 4.4 presents side-by-side outputs
from multiple models on the same test inputs. From these examples, a few clear patterns

emerged:

Monolingual Model Behavior:

BanglaBERT & BanglaT5 performed the worst on our task. Since they were
trained on Bangla script, the model was confused once seeing the romanized input. At
times, they gave outputs that appeared to be Bangla but were rendered nonsensical by
the model even though it had produced it entirely from valid tokens in Bangla.

One specific thing we saw from monolingual models was that sometimes, these models
would “hallucinate” Hanglish words/phrases that were unrelated to the input. They
would just start producing common Bengali phrases that themselves were irrelevant to
the input. The model instead produced the output they were most likely to produce
during the pretrain phase. This behavior was more prevalent in longer inputs where the

model lost track of what it was trying to produce.

mBART Behavior:
mBART performed better than the monolingual models but still had its quirks. The

good news was that it rarely produced completely nonsensical output — it seemed to
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understand that the task was to convert one form of text to another. The bad news was
that it sometimes confused similar-sounding words, producing Bangla words that sound
similar to the intended word but have different meanings.

For example, in some instances of the input containing "bari” (home), mBART simply
translating to bangla words with the same sound patterns such as "bari” for "outside” or
”jol” (water). This may have been an indication of the model attempting to use sound
cues rather than learning their actual meaning. It also sometimes failed to translate
an English word in the middle of a string of Banglish, more specifically more common

English words such as "office” or "phone”.

Multilingual Model Behavior:

mT5-base and MarianMT showed the most consistent performance. mT5 in par-
ticular seemed to handle the task well — its outputs were usually grammatically correct
Bangla and preserved the meaning of the input. When mT5 made mistakes, they tended
to be minor: a slightly different word choice that still conveyed the same meaning, or
occasional spelling variations in the Bangla output.

Since MarianMT was trained for translation, it knew the input-output mapping quite
well. Yet we found its translations to be a bit too literal at times and a little stiff
- they didn’t feel quite as natural in Bangla. The outputs of mT5 felt more natural in
comparison—we think its txt-to-txt pretraining might have given it more experience with

different kinds of generation tasks.
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Figure 4.4: Model Performance Comparison: Side-by-side comparison of outputs from
different models on the same Banglish inputs. Monolingual models struggled with Ro-
manized input, while multilingual models (especially mT5) produced more accurate and
fluent Bangla

Error Patterns Summary:
We clustered the main errors observed in our qualitative analysis into the following

groups:

 Script confusion: Model does not read Romanized input correctly (predominantly

monolingual).

e Phonetic errors: Sounds like the original input, but is incorrect in meaning

(predominantly mBART).

o Untranslated tokens: English words present in output that were not in input

(present in all, but fewest for mT5).
e Truncation: Output is too short, information is lost (predominantly monolingual).
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e Hallucination: Additional information is added to the output which was not

present in the input (predominantly monolingual).

 Literal translation: Syntactically correct, but linguistically unnatural. (predom-

inantly MarianMT)

Using the above, we gained an insight into not just the performance of each model,
but also why it performed as well /poorly, ultimately leading to the decision to implement

the BiLoRA-BN model.

4.2.4 Quantitative Results and Model Selection

While qualitative analysis gives intuition, we needed hard numbers to make a fair com-
parison. We evaluated all models on the held-out test set using three metrics that capture

different aspects of normalization quality.

Metrics Explanation:

BLEU-4 (Bilingual Evaluation Understudy) looks at the overlap of output with
the reference at the n-gram level( up to 4- grams). The higher the score, the closer the
output is to the reference. It’s very common in machine translation tasks and gives a
rough estimate of translation quality. It is notend-all, however, as it is purely surface-
based.

Word Error Rate (WER) the minimum number of edits at the word level (inserts,
deletes or subs) to change the generated output into the reference divided by the number
of words in the reference. Lower WER is better. WER is useful because it directly
measures how many words the model got wrong.

Character Error Rate (CER) is similar to WER but operates at the character
level. This is especially significant for Bangla, where there is using a large number of
complex conjunct characters when a single visual unit can encapsulate more than one
Unicode character. CER can further capture errors missed by WER such as misspellings

within the correctly identified words. Results Analysis:

Figure 4.5 presents the quantitative results across all models. The pattern in the
numbers matched what we observed qualitatively:

Monolingual models (BanglaBERT, BanglaT5) had the lowest BLEU scores (around
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8-12) and highest error rates. BanglaT5 did a bit better than BanglaBERT overall. We
think its because the T5 setup is made for turning text into text tasks, while BERT is
more of an encoder that we had to tweak for generating stuff. Still, both of them had a
hard time keeping up with models that got trained on way more varied data before.

That diverse input during pre-training really seemed to make a difference for the
stronger ones. mBART ended up somewhere in the middle, with BLEU scores around
15 or 16. It was definitely an improvement over those monolingual models we tried first.
But it did not get close to something like mT5. The bigger multilingual training data
probably helped a lot more, or at least that’s how it looks from the results. When it
comes to multilingual models, they came out on top pretty much.

MarianMT got about 17 to 18 on BLEU, which feels solid enough. Then mT5-
base took the lead with roughly 19 BLEU, and it had the lowest WER at around 28
percent too, plus CER down to about 22 percent. The difference between mT5 and
MarianMT showed up the same way in all those metrics, so it does not seem like just

random variation. That part stands out, we guess.

Figure 4.5: compares BLEU, WER, and CER across the evaluated models. Among them,
mT5-base recorded the best overall result, with the highest BLEU score (19.10) and the
lowest error rates. MarianMT ranked next. In contrast, the monolingual models struggled
on Romanized Banglish inputs and performed noticeably worse.

Why mT5 Won:
Looking back at the results, mT5’s success makes sense for several reasons:

Going over the results, mT5 success is plausible due to a number of reasons. The mT5
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was initially trained on mC4 corpus that contains web text of 101 languages. This implies
that it has undergone an immense diversity of writing forms, and also learned hardly.
Internal representation which does not decompose when presented with uncharacteristic
input. Banglish may be uncharacteristic of Bangla-only model, but in the case of mT5
it is simply another variation. Second, mT5’s text-to-text framework is a natural
fit for normalization. The model was pre-trained to take text in and produce text out,
with various transformations in between (translation, summarization, question answering,
etc.). Normalization is just another text-to-text task, so mT5 didn’t need to adapt to a
new paradigm.

Third, mT'5’s tokenizer handles multilingual input well. It uses SentencePiece with
a large vocabulary (250k tokens) that covers many languages. This means Romanized
Bangla gets tokenized into reasonable subword units rather than being broken into indi-

vidual characters or unknown tokens.

Implications for BiLoRA-BN:

Based on these baseline experiments, we made the decision to use mT5 as the back-
bone for our BiLoRA-BN system. The logic was straightforward: if mT5-base gives
the best normalization performance among all the models we tested, then using a larger
mT5 variant with LoRA adapters should give us even better results while remaining
efficient.

The baseline mT5-base model trained in this phase wasn’t thrown away — it became
the normalizer component in Pipeline P1 and P2 that we compare against in Chapter
5. This lets us directly measure how much improvement our BiLoRA-BN approach

provides over the best baseline we could build with standard fine-tuning.

4.2.5 BiLoRA-BN Architecture

BiLoRA-BN uses a high-capacity pre-trained Transformer seq2seq backbone (mT5-
family) with two LoRA adapters: Adapter-1 for Banglish—Bangla normalization
and Adapter-2 for Bangla summarization. Task prefixes ([NORM], [SUM], [BILORA])

route inputs through the correct adapter path while keeping the backbone frozen.
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Figure 4.6: BiLoRA-BN Two-Stage Architecture: Banglish input flows through Adapter-
1 (normalization) then Adapter-2 (summarization)

4.3 Data Collection

4.3.1 Data Cleaning

The dataset titled “Romanized Bangla Corpus” (December, 2024) was obtained from
the Bangladesh government ICT division [24] and is publicly available on Huggingface
[25]. Three balanced and diverse datasets were created: word-level normalization corpus,
sentence-level parallel corpus, and paragraph-level parallel corpus. Data preprocessing
included Unicode normalization, cleaning, shortening stretched words, and manual vali-

dation.
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4.3.2 Data Transformation

Figure 4.7: Overview of the data collection process
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Construction of Three Labeled Datasets from Romanized Bangla Corpus
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Figure 4.8: Overview of the Data Preprocessing

4.3.3 Summary of Preprocessed Data

For summarization, the SAMSum dialogue dataset [8] was translated to Bangla while
preserving conversational style. The summarization dataset contains 16,369 Bangla
conversation-summary pairs, and an additional 250 Banglish—Bangla summary pairs

were curated for end-to-end evaluation.

4.4 Implementation of Selected Design

4.4.1 Training Configuration

Training uses 4-bit NF4 quantization (QLoRA) to fit the large backbone on consumer
GPUs, while updating only LoRA adapter parameters. Adapter-1 focuses on normaliza-
tion and Adapter-2 focuses on summarization, with separate training runs and shared
tokenizer settings. The model configuration and adapter hyperparameters are summa-

rized in Table 5.1.
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4.4.2 Evaluation Methodology

Word Error Rate (WER), Character Error Rate (CER), and BLEU-4 are used to assess
the quality of normalization. ROUGE-1, ROUGE-2, and ROUGE-L are used to assess
summarization quality. By Processing Banglish inputs through the entire pipeline and
comparing the final Bangla summaries with the relevant reference summaries, end-to-end

performance is ascertained. Latency is reported to assess practical deployment viability.

4.4.3 Inference Workflow

At inference time, raw Banglish conversations are processed in three modes: (i) [NORM] for
standalone normalization, (ii) [SUM] for standalone summarization, and (iii) [BILORA]
for end-to-end Banglish—Bangla summary generation. This unified workflow reduces

cascading errors while minimizing memory footprint.
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Chapter 5

Result Analysis

Asin the previous chapter, preliminary model assessments and design process for Banglish-
to-Bangla normalization was discussed. This chapter presents a comprehensive evalua-
tion of the the proposed BiLoRA-BN system through semantic comparison with multiple
baseline approaches. Results are organized from setup and baselines to normalization,

summarization, end-to-end performance, efficiency, and qualitative analyses.

5.1 Performance Evaluation

5.1.1 Research Gap Statement

It is important to note that no existing public end-to-end Banglish—Bangla di-
alogue summarization baseline was found in the literature review. Existing work
either addresses normalization in isolation [4], [5] or summarization for monolingual con-
tent [8], [9]. Therefore, this evaluation employs modular pipeline baselines to provide a

rigorous comparative analysis.

5.1.2 Models and Approaches Compared
To provide a rigorous evaluation, three distinct approaches were implemented and com-

pared:

1. Proposed (BiLoRA-BN): Our customized end-to-end pipeline built on a high-
capacity pre-trained Transformer seq2seq backbone (mT5-family, large-scale vari-

ant) with two LoRA adapters—Adapter-1 for Banglish—Bangla normalization and
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Adapter-2 for Bangla summarization—using task prefixes ([NORM], [SUM], [BILORA]).

The base model is frozen with 4-bit NF4 quantization.

2. Sequential Pipeline P1: Phase-2 best normalizer (mT5-base, fine-tuned for
Banglish—Bangla) cascaded with an mT5-base summarizer (separately fine-tuned

for Bangla summarization).

3. Sequential Pipeline P2: In this method, the best normalizer (mT5-base) found
on Phase-2, cascaded with a more larger pretrained Transformer that was fine-
tuned for summarization. This represents a stronger baseline than Pipeline 1, with

increased model capacity for the summarization stage.

5.2 Analysis of Design Solutions

5.2.1 Proposed BiLoRA-BN

BiLoRA-BN is the customized end-to-end pipeline built by extending a pre-trained Trans-
former seq2seq backbone with a two-stage LoRA adapter design and task-specific pre-
fixes. Where, Adapter-1 specializes in Banglish—Bangla normalization and Adapter-2
specializes in Bangla—Bangla summarization within the same backbone. The BiLoRA-
BN architecture includes, the dual-adapter training setup, task formulation with prefixes,

dataset preparation pipeline, and an end-to-end inference workflow.

Key Contributions:

« Two-stage LoRA adapter setup in a single seq2seq backbone model (Normalization

+ Summarization)
o Task-prefix based multi-task routing for adapters ([NORM], [SUM], [BILORA])

e End-to-end Banglish—Bangla conversations summary pipeline design and evalua-

tion

« Continuous improvement cycle and logging module (logs input/output for offline

periodic fine-tuning)
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5.2.2 Architecture Overview

The fundamental principle of BiLoRA-BN is to leverage a single, powerful multilingual
backbone (a high-capacity pre-trained Transformer seq2seq model from the mT5-family)
while training only small adapter modules for each task. In the process, while the weights
of base model remain frozen, only the LoRA adapter weights are trained and updated
according to need. BiLoRA-BN architecture has two separate adapters to achieve the

objective of the research. Below are the processes of the proposed architecture:

« Stage 1 (Normalization): In this step, the Banglish mixed input with the [NORM]
prefix is processed through Adapter-1 and the Base Model, which converts the
Banglish mixed input text to standard Bangla script.

» Stage 2 (Summarization): The input of this step is the normalized Bangla con-
versation text, with the [SUM] prefix. The input then processed through Adapter-2

and Base Model, which generates a concise summary of the overall conversation.

o End-to-End Mode: With [BILORA] prefix, both Adapter-1 and Adapter-2 are
combined with the Base Model and invoke a single inference operation for perform-
ing the complete processing of Banglish and mixed conversation text to standard

Bangla summary of the conversation.

Figure 5.1: BiLoRA-BN Two-Stage Architecture: Banglish input flows through Adapter-
1 (normalization) then Adapter-2 (summarization)
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The training of BiLoRA-BN was doable within consumer hardware because of the
using of LORA architecture. Similarly, deploying such a big backbone on consumer
hardware, pose a significant challenge due to its memory requirements. To address this,
4-bit NF4 quantization technique was used, which compresses model weights while pre-
serving most of its representational quality. With these, optimization the entire system

could operate within 16GB of GPU memory for training and 8 GB for inference.

Table 5.1: BiLoRA-BN Model Configuration

Component Specification
Base Model Pre-trained mT5-family seq2seq (large-scale variant)
Quantization 4-bit NF4 (QLoRA)

Adapter-1 (Normalization) LoRA r=32, a=64, dropout=0.1
Adapter-2 (Summarization) LoRA r=16, «=32, dropout=0.05
Target Modules q, k, v, o projections

Trainable Parameters ~18.5M (0.5% of base)

For training and evaluation, the following datasets were employed:

5.2.3 Normalization Dataset (Adapter-1)

The normalization training data used for Adapter-1 consists of three parallel corpora
derived from the “Romanized Bangla Corpus” [25] and constructed during the dataset
development stage of this work. The three corpora complement each other across different

text length, improving both lexical transliteration and context-sensitive normalization:

1. Word Level Normalization Corpus: This word level corpus is in csv format,
focus on translating individual words. This process first identifies unique Banglish
(Bangla in Roman alphabet) word forms and pair each one with its correct Bangla
equivalent using transliteration rules. In the process, the pure English word (iden-
tified via dictionary lookup) were excluded. The final corpus consists of 27,075

aligned word pairs.

2. Sentence Level Parallel Corpus: This sentence level dataset is in csv format,

helps the model to understand syntax and semantic meanings with context. This
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corpus is a collection of Banglish sentences alongside their proper Bangla transla-
tions, containing 7,258 labeled sentence pairs. Fine-tuning a pre-trained model on
this dataset helps models to learn how word choice and grammar adapt within a

complete thought.

3. Paragraph-Level Parallel Corpus: Finally, to train the model in maintaining
coherence over longer passages and larger context, a paragraph-level csv fromat
dataset has been compiled. This set of multi-sentence Banglish text blocks with
their full Bangla translations includes 110 paragraph pairs, this dataset will train

the model to produce fluid and contextually consistent outputs.

By combining these three datasets in csv formate, the training process addresses nor-
malization task from the ground up. A clean and balanced dataset ensuring the LoRA
adapter learns both precise character-level mapping and the contextual awareness re-

quired for high-quality text generation in large context.

Table 5.2: Dataset Statistics for Training and Evaluation

Dataset Training Validation Test
Normalization — Word-Level 24,368 1,354 1,353
Normalization — Sentence-Level 6,532 363 363
Normalization — Paragraph-Level 99 6 )
Normalization Total 30,999 1,723 1,721
Summarization (Bangla dialogues) 14,732 818 819
End-to-End Evaluation — — 250

5.2.4 Summarization Dataset (Adapter-2)

To train Adapter-2 for the summarization task, we adapted the existing SAMsum corpus
[8], which consists of human-written dialogues. The original English SAMsum corpus
were translated into Bangla and stored in csv file format. In the process, 16369 pairs of
informal dialogues and its summarization has been translated with careful attention paid
to maintaining a natural and conversational tone in the target language. Afterward, for

the final evaluation phase, a dedicated test set containing 250 Banglish conversations was
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created, each paired with a high-quality, human-written Bangla summary to assess the

model’s end-to-end performance.

5.3 Final Design Adjustments

In real-world deployment, it is important that BiLoRA-BN system can get better over
time by using user feedbacks. Thus, to add a continuous improvement cycle, the BiLoRA-
BN system architecture needed some final design adjustments, which supports a contin-

uous offline learning.

5.3.1 Design Principles
The continuous improvement cycle follows three core principles:

 No online weight updates: In the improvement cycle the model never update
weights during inference phase. This keeps the whole system stable, and the outputs
remain consistent and reproducible. This core principle ensures that there is no

instability in the system coming from the continuous learning cycle.

o A feedback driven improvement cycle: The system was adjusted to log the
inference samples. Then the logs can be corrected with manual observation. These

log records are later used for periodic offline fine-tuning.

o« Modular adapter updates: Because BiLoRA-BN uses separate LoRA adapters
for normalization and summarization, each adapter can be updated independently

using task-specific feedback.

5.3.2 Inference Logging System

Every inference input through the BiLoRA-BN pipeline is automatically logged in a
structured JSONL (JSON Lines) format. This process captures each log entry:

e Input: The inputs are original Bangla, English and Banglish Romanized mixed

code-switching text conversations submitted by the user.

« Normalized Output: The normalized JI%1l (Bangla) texts produced by the first

Adapter, based on the user input text.
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Summary Output: The € summary produced by second Adapter, based on
the output of the first Adapter.

Model Version: They interface log system has version identifiers for the base
model, Adapter-1, and Adapter-2. This enables traceability through every ver-
sion change of the BiLoRA-BN system, which can be used to observe the model

performance with each log updates.

Optional Feedback Fields: The interface logging system includes two placehold-
ers, one for corrected normalized bangla and another for correct bangla summary,

that can be stored if any users provide feedback.

Timestamps: To make every step traceable, the log also stores the precise times-

tamps for each stage. (Adapter-1 and Adapter-2)

This logging in interface, all happens quietly in the background. Since every log

are written asynchronously and anonymously, the system collects all this valuable data

without slowing down the user’s experience.

5.3.3 Growth Dataset Builder

A dedicated script, (build_growth_set.py) was developed to process the accumulated

inference logs and export them as trainable files:

o growth_ norm.jsonl: Contains Banglish—Bangla normalization pairs. When a

user- provided correction is available, the corrected Bangla is used as the target;

otherwise, the model’s generated output is kept as a consistency reference.

o growth_ sum.jsonl: Contains Bangla—Summary pairs following the same rule,

where human corrections take priority whenever available.

The script also supports filtering by specific date ranges, an optional correction-only

mode to keep higher-quality samples, and automatic deduplication to reduce the risk of

overfitting to repeated inputs.
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5.3.4 Periodic Offline Fine-Tuning

The system is designed to support periodic offline fine-tuning for the both LoRA adapters.

As the log file dataset grows, below procedures are followed on a periodic timeline:

1. Fewer Epochs: Each periodic offline fine-tuning cycle is set to runs for 1-2 epochs.
Which is enough to learn new patterns without overwriting existing outcomes of

adapters.

2. Lower Learning Rate: As the data size of log files are smaller than the initial
dataset for training adapters, the offline periodic fine-tuning has a lower learning

rate to get a stable outcome.

3. Separate Adapter Updates: Two LORA adapters of BiLoRA-BN system, Adapter-
1 (Normalization) and Adapter-2 (Summerization), both are fine-tuned indepen-

dently with different log file datasets for each one.

After training on the log datasets, updated Adapter-1 and Adapter-2 both has to
be evaluated and compared with existing versions of both adapters before replacing it
with the updated version. This offline continual learning loop allow BiLoRA-BN to
be more familiar with real-world usage cases while preserving the existing stability and

reproducibility.

5.3.5 Retrieval-Augmented Memory (Future Extension)

As a complementary option to fine-tuning, a retrieval-based memory system can be
possible future extension. The idea is to index corrected examples using dense embed-
dings and, during inference, retrieve the most similar past corrections to guide generation
or support post-processing. This addition of a retrieval-based memory system, would al-
low the system to benefit immediately from new feedbacks without updating model

weights, offering a lightweight alternative when fine-tuning is not practical always.

Summary: The continuous improvement module allows BiLoRA-BN to improve over
time through an offline feedback loop. By keeping inference-time behavior fixed (no
weight updates) and performing improvements through periodic offline fine-tuning, the

system maintains production stability while remaining adaptable.
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5.4 Statistical Analysis

5.4.1 Handling Longer Context: From Pipelines to BiLoRA-BN

Prior to BiLoRA-BN, few baselines models and pipelines has been constructed to exam-
ine and observe. Where Pipeline 1 and Pipeline 2 using mT5-base for normalization.
Pipeline 1 used mT5-base for the summarization, while Pipeline 2 used a larger summa-
rizer of mT5-family to experiment whether scaling a single adapter alone would improve
long-context behavior. In practice, both pipelines struggled with longer context, often
losing coherence on extended sequences as errors accumulated and propagated from the
normalization to summarization stages. This limitation motivated the shift to a larger
pre-trained model specialized on translation and summarization task, with higher pa-
rameters using two-stage LoRA-adapter approach, where dedicated LoRA adapters could
specialize per task while sharing a single backbone. BiLoRA-BN improves long-context
with the addition of a larger base model with adapter, which keeps representations con-
sistent across stages and reduces compounding errors. With a larger base model, it can
maintain coherence across longer sequences of conversations. As a result, BiLoRA-BN
achieves overall better performance and provides a more stable normalization and sum-

marization output under extended-context inputs.

5.4.2 Normalization Performance

The normalization quality was measured using BLUE-4, Word Error Rate (WER), and
Character Error Rate (CER), following the same evaluation protocol used throughout

this study.

Table 5.3: Normalization Results (Banglish — Bangla)

Approach BLEU-4 1 WER | CER |

Pipeline P1 (mT5-base norm) 18.46 28.40%  21.70%
Pipeline P2 (mT5-base norm) 18.46 28.40%  21.70%
BiLoRA-BN (Proposed) 24.20 22.90% 17.80%

Analysis: Since both P1 and P2 use the same mT5-base normalizer, their normalization

scores are identical across BLEU-4, WER, and CER. While BiLoRA-BN achieves the
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strongest normalization performance (BLEU-4 24.20 with the lowest WER and CER),

this indicates that the adapter-based design improves quality with bigger backbone model.

5.4.3 Summarization Performance

The summarization quality was measured using ROUGE-1, ROUGE-2, and ROUGE-

L metrics, which measure n-gram overlap between the generated output and reference

summaries.
Table 5.4: Summarization Results (Bangla — Summary)
Approach ROUGE-1 1+ ROUGE-2 t ROUGE-L 1
Pipeline P1 (mT5-base summ) 27.22 11.20 24.10
Pipeline P2 (Larger backbone summ) 28.40 12.30 25.80
BiLoRA-BN (Proposed) 32.48 14.56 28.34

Analysis: The approach of P2 has the better numbers comparing with P1 on stan-
dalone summarization, because of P2’s stronger summarization backbone. But overall
the BiLoRA-BN design remains the best, figure and numbers of the table proves that a
bigger backbone with task-specific adapters provides better output.

5.4.4 End-to-End Pipeline Performance

After evaluating each phase individually the most critical evaluation is the end-to-end
performance, measuring the quality of Bangla summaries produced from raw Banglish
mixed conversation input.

Measurement Setup: The BiLoRA-BN experiments was done using a single NVIDIA
RTX 4090 (16GB VRAM) with 20-core CPU and 64GB RAM. Base weights used 4-bit
NF4 (QLoRA), compute dtype was bfl6, and optimization used AdamW. Max input
length was 512 tokens; max new tokens were 128 for normalization and 128 for sum-
marization. Training used micro-batch size 4 with gradient accumulation 8 (effective
batch size 32). Latency was measured end-to-end with batch=1, identical token limits,

averaged over N=100 samples and reported as mean.
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Table 5.5: End-to-End Results (Banglish — Bangla Summary) — Main Comparison

Approach R-1 1T R-21 R-L 1 Latency
Pipeline P1 (mT5-base + mT5-base) 29.12 1210  26.30 1.34 s
Pipeline P2 (mT5-base + Larger summ of mT5-family) 31.14 13.65  27.87 1.52's
BiLoRA-BN (Proposed) 36.40 16.90 32.10 1.58s

Metric choice: ROUGE is the standard for summarization because it measures n-gram
overlap with reference summaries; BLEU is more common for translation and is less
informative for summarization quality.

Key Findings:

BiLoRA-BN uses single-model deployment (one backbone loaded) with two-pass
decoding.

o Pipeline P1 with two mT5-base models shows the baseline performance when using

smaller models for both tasks.

o Pipeline P2 shows that a larger summarizer alone does not guarantee better end-

to-end results when normalization quality is weaker.

o BiLoRA-BN achieves 36.40 ROUGE-1, a +7.28 improvement over end-to-end
pipeline baseline (P1).
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5.4.5 Efficiency Analysis

One of the primary advantage of BiLoRA-BN is its computational efficiency through

parameter-efficient fine-tuning.

Table 5.6: Resource Efficiency Comparison

Metric P1 P2 BiLoRA-BN
Total Params 1.16B  1.78B 3.7B
Trainable Params (PEFT/LoRA) 24.0M  33.5M 18.5M
Trainable % 2.07%  1.88% 0.50%
Storage Size 4.5 GB 53 GB 2.1 GB
Peak VRAM (Inf.) 10 GB 12 GB 8 GB
Training Time 12 hrs 14 hrs 5 hrs

Key Observations:

o Pipelines P2 require two separate models in memory, increasing total parameters

and storage even when both use PEFT adapters.

o BiLoRA-BN keeps a single backbone loaded with two lightweight adapters, reducing
trainable parameters (0.50%) and deployment overhead.

o BiLoRA-BN, training completes in 5 hours on a single RTX 4090 GPU, compared

to 12—14 hours for pipeline approaches of P1 and P2, because P1 and P2 has
higher rank of LoRA.
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5.5 Comparisons and Relationships

To illustrate practical differences, Table 5.7 presents representative examples comparing

system outputs.

Table 5.7: Qualitative Comparison: Sample Outputs from Different Approaches

Component Content

Input “ami kal office jabo na karon amar khub headache ache ar weather o
(Banglish)  kharap tai ghore thakbo”
Reference (37 SRl 5201 @3 L9 ARSI FRC SSTNFS S0 K |
(Bangla)
(Translation: He will not go to office tomorrow due to headache and
bad weather.)
Pipeline 1 &Rt e Al IRV YT | (Loses weather reason and temporal refer-
P1 ence)
Pipeline C31 1=l PR FIFC ARFCHA AE 1 | (Missing weather detail)
P2
BiLoRA- (37 WX I3 € <RI SRS G5 S5 SIpCT AR T |
BN
(Complete: captures headache, bad weather, and tomorrow)
Observations:

e Pipeline P1 with two mT5-base models correctly normalizes but loses the weather-

related reason and temporal reference in summarization.

o Pipeline P2 captures the headache reason but omits the weather factor.

o BiLoRA-BN produces a complete summary capturing all three key elements: headache,

bad weather, and the temporal reference (tomorrow).
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Additional Example:

Input “bro tui ki exam er jomno ready? ami to porar time paina, job er

pressure onek beshi”

Reference (37 91219 G5 &B© 73 TG BB BICH PG SN AR 1 |

BiLoRA- (7 SIS BT IR AT G5 TS AR |
BN

(Captures: exam, job pressure, unable to study)

5.5.1 Conversation Pipeline Demonstration

To illustrate the complete BiLoRA-BN pipeline with realistic conversational data, the
following tables show three test cases with Bangla speaker names demonstrating the
end-to-end transformation from Banglish input to normalized Bangla and finally to the

summarized output.

Table 5.8: Conversation Pipeline Demo — Test Case 1: Exam Preparation

Test Case 1: Exam Preparation Discussion

Stage 1:

Banglish PR “bro tui ki exam er jonno ready? ami to porar time paina”

Input
SSIF: “same here yaar, job er pressure onek beshi. raat e pori kintu
tired hoye jai”

Stage 2:

Normalized fF: ©2 92 [ AIFR Ty eg©? W (Sl FGIF T A1 |

Bangla TS WWRKS GF WF], SR biof W & | e IS T % 2w
RIEY

Stage 3:

Summary 37 S SIS G2 BIFRT BT HIFHG S5 I AT AT 7 |
(Both Sakib and Tanvir cannot find time to study for exams due to

job pressure.)
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Table 5.9: Conversation Pipeline Demo — Test Case 2: Weekend Plans

Test Case 2: Weekend Plans
Stage 1:
Banglish AN “ei sonibar ki plan? movie dekhte jabi naki?”
Input
FE: “arre yaar, budget nai. ghor e boshe netflix dekhbo”
Stage 2:
Normalized 3f2: @3 =fa< & a2 fe mrere if T2
Bangla FEAN: ANF T, JACSH 12 | T 0T (630 H (AT |
Stage 3:
Summary RN #RE Ife @Ure @S vEREE FRAT ACSET W I iR
M|
(Rahim wants to watch movie on Saturday but Karim will watch
Netflix at home due to his budget constraints.)
Table 5.10: Conversation Pipeline Demo — Test Case 3: Health Discussion
Test Case 3: Health Discussion
Stage 1:
Banglish JifF: “ami kal theke oshusto, fever ar headache. Doctor er kache
Input jabo maybe”
T “hmm take care. rest kor ar medicine kha time moto”
Stage 2:
Normalized F: SN FIeT (WF F, G A A I52 | SIS FICR TN /0O |
Bangla IR 2, TR A1 | RN I AR FRANCS] S 418 |
Stage 3:
Summary I GF 8 NRARFART AFF 3R TS (MRS TMJ | =R SIS AN @

G (TS ICACK |
(Nafis is sick with fever and headache, planning to see a doctor.

Shahriyar advised rest and medicine.)
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Pipeline Stages Explained:

« Stage 1 (Input): Raw conversations which contain Banglish, Bangla and English

code-mixed informal spellings.

« Stage 2 (Normalization): Adapter-1 with Base model converts the Banglish,

Bangla and English code-mixed informal conversations into standard Bangla script.

« Stage 3 (Summarization): Adapter-2 with Base model produces a concise Bangla
summary of the standard Bangla conversation scripts, which try to capture the main

points of the speakers.

5.6 Discussions

To systematically understand the model’s shortcomings, we performed a detailed error

analysis.

Table 5.11: Error Analysis: Percentage of Samples Exhibiting Each Error Type

Error Type P1 P2 BiLoRA-BN
Untranslated Tokens 21.8% 18.4% 7.6%
Transliteration Errors 14.2% 12.8% 5.4%
Information Loss in Summary 32.6% 28.4% 16.8%
Factual Hallucination 6.4%  5.2% 3.8%
Cascading Errors 38.4% 35.6% 22.4%

20



Jor1loP2lIBiLoRA-BN

40 38.4 .
< o0
X 32.6 (]
N—
% 301 8.4 :
<
p=
5 22.4
© |
L 16.8
Ay
S
ms-' .
6.
RE
. (bl»‘:\O“ ‘(‘O‘
\\\)C’\“ 6\060
o A s
\Sﬁ\)ﬂx Q(&Q&“

Figure 5.2: Error Analysis: Distribution of Error Types Across Approaches

Analysis:

o Cascading Errors: The proposed BiLoRA-BN model reduces cascading errors

from 38.4% (P1) and 35.6% (P2) to 22.4

e Information Loss: The information loss evaluation metric measures the elimi-
nation of core details and overall semantic meaning in final output. To evaluate,
Pipeline P1 had 32.6% information loss and Pipeline P2 had 28.4%, whereas the
BiLoRA-BN demonstrated 16.8% information loss rate, which is significantly lower
than both pipeline baselines P1 and P2. The result of this quantitative analysis
indicates that the integrated BiLoRA-BN approach has better semantic meaning

preservation from the source text to end-to-end final output text.

o Untranslated Tokens: The untranslated token error occurs in the normalization
stage when the input words or character blocks from mixed code switched conversa-
tions remain unchanged in final output. Here; P1 and P2 consecutively score 21.8%
and 18.4%, but the BiLoRA-BN exceeds both by reducing untranslated tokens to
7.6%.

To conclude the error analysis, number from this quantitative error analysis establish

that the integrated BiLoRA-BN architecture with larger pre-trained transformer as base
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model; produces more accurate, less hallucinating, robust and semantically meaningful

outputs compared to the staged pipeline based alternatives P1 and P2.
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Chapter 6

Conclusion

6.1 Summary of Findings

6.1.1 Key Findings

Table 6.1: Summary of BiLoRA-BN Advantages

Criterion Result

Normalization (BLEU-4) 24.20 (+5.10 over P1)

End-to-End Normalization and Summarization (ROUGE-1) 36.40 (+5.20 over best baseline P1)
Trainable Parameters Per Adapter 18.5M (0.50% of 3.7B backbone)
Inference Latency 1.18 s (end-to-end, batch=1)
Cascading Error Rate 22.4% (vs 38.4% for P2)

Consumer GPU Compatible Yes (8GB for inference, 24GB for train

6.1.2 Concluding Remarks

Bangla, English and Banglish Code-switching texts represents a fundamental communi-
cation mode for millions of speakers across Bangladesh and the global Bengali diaspora.
In the process of day to day informal communication they use a lot of Bangla-English
& Banglish mixed words and alphabets in their digital communication while writing
messages in chats. To address the situation, this research propose BiLoRA-BN, which
establishes that a parameter-efficient fine-tuning, through LoRA adapters applied on a

quantized multilingual transformer models, enables efficient and effective processing of
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code-mixed text and messages for complex scenarios and use case like normalization and
summarization of texts and informal conversations.

BiLoRA-BN approach provides a scalable template for under-resourced, mixed-language
scenarios. BiLoRA-BN model contributes to the prior absence of end-to-end informal
Bangla, English and Banglish mixed code-switching conversations to Bangla summariza-
tion systems and the lack of resources in mixed code-switching NLP in low resource lan-
guage domains like Bengali. Through this, BiLoRA-BN provides a more inclusive NLP
system that serves low resource language communities, delivering strong performance

while maintaining practical deployability on consumer-grade hardware.

6.2 Contributions to the Field

6.2.1 Summary of Contributions

This thesis addressed the chalenging problem of processing Bangla-English and Banglish
code-switched conversation or dialogues. To achieve this task of converting informal and

Banglish conversations into proper Bangla summaries. The primary contributions are:

1. BiLoRA-BN Architecture: A two-stage LoRA adapter architecture that chains
normalization and summarization on a shared high-capacity pre-trained Trans-
former seq2seq model. This represents the first end-to-end system specificaly de-
signed for Banglish-to-Bangla and Banglish conversation or dialogues summariza-

tion.

2. Efficient Multi-Task Learning: Through LoRA adapters and 4-bit quantiza-
tion technique BiLoRA-BN maintaining strong end-to-end performance with fewer

parameters training. This approach made this thesis reproducible on a consumer

garde GPU.

3. Comprehensive Comparison: This thesis tested monolingual and multilingual
comparison. With different models, layers and size of parameters. Based on these
observations, a systematic evaluation was made with two sequential pipeline ap-
proaches (P1 and P2) with different model configurations to observe the metrics

difference with our BiLoRA-BN’s architecture.
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4. Continuous Improvement Module: To improve the models weights a continu-
ous inference logging and offline fine-tuning infrastructure was implemented. This
wi 1 improve the model for real-world practical deployment with user feedback in-

tegration.

5. Task-Specific Prefix Routing: The objective was to achieve, "One Model, Many
Jobs.” With custom prefixes ([NORM], [SUM], [BILORA]) flexible task switching
without model reloading was achieved. Without Prefix Routing a completely dif-
ferent model from disk had to be loaded, which would be a massive, monolithic
model loading, that’s inefficient cause it always runs the computations for each

task.

6.2.2 Limitations

As this is a research on low resource language the research had limitations that should

be acknowledged:

e Domain Coverage: The proposed model’s weights were primarily trained on
informal conversational of SamSum’s dataset. Thus, the performance on formal,

legal, business and technical domains remains to be evaluated.

o Dataset Size: The end-to-end test set samples was very limited, because this

requires manual, experts work effort in Banglish-Bangla-Summary domain.

e Human Evaluation: The study relied on metrics like BLEU and ROUGE to
judge output quality. While these techniques are useful for comparing between
different approaches, they are not equivalent of human judgment. These evaluation
techniques can not evaluate the fluency, accuracy, and usefulness of the outputs in

real world use case.

6.3 Recommendations for Future Work

As our study mentioned limitions, the logical next steps is to build upon the current

research research. Below future works wil improvise BiLoRA-BN:
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o Additional Adapters: The introduced model, BiLoRA-BN, has two adapter, one
for normalization and one for summarization purpose. Extending BiLoRA-BN with

adapters for related tasks, such as:

— Question Answering Chatbot: Finding answers in a Banglish text.

— Sentiment Detection of Banglish conversation: Determining if the text

is positive, negative, or neutral.

— Real-time Situational Observation On Social Media: As many of the
communication on social media like, posts and comments happens in Bangla-
English and Banglish mixed code-swithing text, a model trained on that type

of dataset wil help to understand real-time situation on any social media.

This will make the system more versatile by adding more specialized modules

("adapters”).

e Cross-lingual and Cross-domain Adaptation: Extending the BiLoRA frame-
work to other prevalent code-mixed informal, fromal domains to validate its gener-

alizability across different mixed language conversations.

o Comprehensive Human Evaluation: As we focused on generating abstractive
summary than extractive summary, thus, designing a rigorous human assessment
studies to evaluate generated summaries across critical dimensions: fluency, ade-

quacy, and factual consistency are needed.

« Larger Datasets Labeling: Collecting more diverse Banglish-Bangla and Ban-
glish across different domains (social media, customer service, educational content)
and labe ling them. Specia ly, biger paragraphs, which will help model to under-

stand larger context.

e Inference Optimization: By optimizing and enhancing inference level efficiency,
future BiLoRA-BN versions can support latency-sensitive applications such as, so-

cial media content monitoring and live chat summarization etc.

26



Bibliography

1]

I. Sterner and S. Teufel, “Code-Switching and Syntax: A Large-Scale Experiment,”
arXiv preprint, 2025.

G. I. Winata, A. F. Aji, Z. X. Yong, and T. Solorio, “The Decades Progress on
Code-Switching Research in NLP: A Systematic Survey on Trends and Challenges,”
arXiv preprint arXiw:2212.09660, 2022.

G. I. Winata et al., “Are Multilingual Models Effective in Code-Switching?,” in Proc.
o5th Workshop Comput. Approaches Linguist. Code-Switching, 2021, pp. 142-153.

R. van der Goot and O. Cetinoglu, “Lexical Normalization for Code-switched Data

and its Effect on POS Tagging,” in Proc. 16th Conf. EACL, 2021, pp. 2252-2263.

S. Manghat, S. Manghat, and T. Schultz, “Normalization of code-switched text for
speech synthesis,” in Proc. Interspeech, 2022, pp. 2693-2697.

S. Alam et al., “BNSENTMIX: A Diverse Bengali-English Code-Mixed Dataset for

b

Sentiment Analysis,” arXiv preprint, 2024.

F. S. Khan, M. Al Mushabbir, M. S. Irbaz, and M. A. A. Al Nasim, “End-to-End
Natural Language Understanding Pipeline for Bangla Conversational Agent,” arXiv

preprint, 2021.

B. Gliwa, I. Mochol, M. Biesek, and A. Wawer, “SAMSum Corpus: A Human-
annotated Dialogue Dataset for Abstractive Summarization,” in Proc. 2nd Workshop

New Frontiers in Summarization, 2019, pp. 70-79.

L. Mehnaz et al., “GupShup: Summarizing Open-Domain Code-Switched Conversa-
tions,” in Proc. EMNLP, 2021, pp. 6177-6192.

o7



[10]

[15]

[16]

[17]

[18]

[19]

[20]

R. R. Chowdhury, T. T. Mim, M. T. Nayeem, M. S. R. Chowdhury, and T. Jan-

2

nat, “Unsupervised Abstractive Summarization of Bengali Text Documents,” arXiv

preprint, 2021.

N. H. Nurrohmah, “An Analysis of Code Switching Used by English Teacher in the
Classroom,” M.S. thesis, IAIN Surakarta, 2020.

A. S. Dogruoz, S. Sitaram, B. E. Bullock, and A. J. Toribio, “A Survey of Code-

I

switching: Linguistic and Social Perspectives for Language Technologies,” in Proc.

ACL, 2021, pp. 1654-1666.

S. Sitaram, K. R. Chandu, S. K. Rallabandi, and A. W. Black, “A Survey of Code-

Y

switched Speech and Language Processing,” arXiv preprint, 2020.

N. Jose, B. R. Chakravarthi, S. Suryawanshi, E. Sherly, and J. P. McCrae, “A survey
of current datasets for code-switching research,” in Proc. ICACCS, 2020, pp. 136—
141.

U. Barman, A. Das, J. Wagner, and J. Foster, “Code mixing: A challenge for lan-
guage identification in the language of social media,” in Proc. 1st Workshop Comput.

Approaches Code Switching, 2014, pp. 13-23.

A. Fan et al., “Beyond English-Centric Multilingual Machine Translation,” JMLR,
vol. 22, no. 107, pp. 1-48, 2021.

S. Poplack, “Sometimes I'll start a sentence in Spanish Y TERMINO EN ESPANOL:
toward a typology of code-switching,” Linguistics, vol. 18, no. 7-8, pp. 581-618, 1980.

T. Solorio et al., “Overview for the first shared task on language identification in
code-switched data,” in Proc. 1st Workshop Comput. Approaches Code Switching,
2014, pp. 62-72.

C. Myers-Scotton, Social motivations for codeswitching: Evidence from Africa. Ox-

ford University Press, 1993.

B. King and S. Abney, “Labeling the languages of words in mixed-language docu-
ments using weakly supervised methods,” in Proc. NAACL-HLT, 2013, pp. 1110—
1119.

o8



[21]

[22]

[25]

[20]

[27]

28]

[. Mani, Automatic Summarization. John Benjamins Publishing, 2001.

M. Lewis et al., “BART: Denoising sequence-to-sequence pre-training for natural
language generation, translation, and comprehension,” in Proc. ACL, 2020, pp. 7871—

7880.

Anonymous, “CS-Sum: A benchmark for code-switching dialogue summarization

b

and the limits of large language models,” arXiv preprint, 2025.

“Bangla  Text Corpus,” corpus.bangla.gov.bd. [Online]. Available:
https://corpus.bangla.gov.bd/

Hishab, “Titulm Bangla Corpus (Romanized),” Hugging Face Datasets. [Online].
Available: https://huggingface.co/datasets/hishab/titulm-bangla-corpus

L. Xue et al., “mT5: A massively multilingual pre-trained text-to-text transformer,”

arXiv preprint arXiv:2010.11934, 2020.

Y. Liu et al., “Multilingual Denoising Pre-training for Neural Machine Translation,”

TACL, vol. 8, pp. 726-742, 2020.

E. J. Hu et al., “LoRA: Low-Rank Adaptation of Large Language Models,” arXiv
preprint arXiv:2106.09685, 2021.

T. Dettmers et al., “QLoRA: Efficient Finetuning of Quantized LLMs,” arXiv
preprint arXiv:2305.14314, 2023.

29



	Introduction
	Background
	Rationale of the Study or Motivation
	Problem Statement
	Objectives
	Methodology in Brief
	Scope and Challenges

	Literature Review
	Preliminaries
	Review of Existing Research
	Summary of Key Findings

	Requirements, Impacts and Constraints
	Final Specifications and Requirements
	Hardware Requirements
	Software Requirements
	Data Requirements

	Societal Impact
	Environmental Impact
	Ethical Issues
	Project Management Plan
	Risk Management
	Economic Analysis

	Proposed Methodology
	Design Process or Methodology Overview
	Preliminary Design or Design (Model) Specification
	Model Categories
	Training Setup for Baselines
	Qualitative Comparison of Model Outputs
	Quantitative Results and Model Selection
	BiLoRA-BN Architecture

	Data Collection
	Data Cleaning
	Data Transformation
	Summary of Preprocessed Data

	Implementation of Selected Design
	Training Configuration
	Evaluation Methodology
	Inference Workflow


	Result Analysis
	Performance Evaluation
	Research Gap Statement
	Models and Approaches Compared

	Analysis of Design Solutions
	Proposed BiLoRA-BN
	Architecture Overview
	Normalization Dataset (Adapter-1)
	Summarization Dataset (Adapter-2)

	Final Design Adjustments
	Design Principles
	Inference Logging System
	Growth Dataset Builder
	Periodic Offline Fine-Tuning
	Retrieval-Augmented Memory (Future Extension)

	Statistical Analysis
	Handling Longer Context: From Pipelines to BiLoRA-BN
	Normalization Performance
	Summarization Performance
	End-to-End Pipeline Performance
	Efficiency Analysis

	Comparisons and Relationships
	Conversation Pipeline Demonstration

	Discussions

	Conclusion
	Summary of Findings
	Key Findings
	Concluding Remarks

	Contributions to the Field
	Summary of Contributions
	Limitations

	Recommendations for Future Work

	Bibliography

