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Abstract

In a country where laws and regulations are as difficult to understand as the cases
they govern, the path to justice is anything but straightforward. For many in
Bangladesh, the legal system’s complexity acts as a gatekeeper because most of the
people can not simply comprehend its complex language. Our research presents a
Retrieval Augmented Generation (RAG) system that integrates large transformer-
based language models like Mistral-7B, deCILM-7B, LLaMA 3.1-8B, and others
with a specialized legal retrieval module containing Bangladeshi laws and regula-
tions. This allows the system to interpret user inquiries using natural language,
retrieve relevant legal information from the corpus, and generate detailed responses
grounded in and applying the country’s legal code - complete with applicable ci-
tations. At the heart of it all is an embedded Retrieval Augmented Generative
system that combines neural automation and strong encoder-decoder transformers
for generating legal documents and classifications quickly, ensuring legal accuracy.
And the human-in-the-loop verification process to review and modify output allows
users to get even more accurate results. This can massively improve general people’s
understanding of legal matters as well as it can work as a lawyer’s helping hand too.

Keywords: Retrieval-Augmented Generation (RAG); Large Transformer-Based
Language Models; (Mistral, deCILM-7B, LLaMA 3.1-8B); Natural Language Pro-
cessing (NLP); Human-in-the-Loop Validation; LangChain Framework; Machine
Learning, Artificial Intelligence.
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Nomenclature

The next list describes several symbols & abbreviations that will be later used within
the body of the document

LLM Large Language Model
RAG Retrieval-Augmented Generation
BanglaNMT Bangla Neural Machine Translation



Chapter 1

Introduction

Navigating the legal landscape in Bangladesh can feel like deciphering an elaborate
code without a key. A gap between the complex legal framework and the general
people’s understanding of legal concepts remains to date [3], [13]. Being complex and
difficult to understand is one thing however, when it comes to legal procedure the
burden for the mass people feels even heavier [12]. Legal procedures in Bangladesh
are often lengthy, costly, scarce, and filled with complicated languages making the
navigation procedure through the legal system impossible for many. Lack of legal
knowledge, shortage of lawyers, absence of legal resources, and high costs of legal
services all of these together combined make the problem even more exacerbated.
Resulting in people not getting any legal help they need. Not only does this problem
hinder people’s ability to defend their rights but also undermines access to justice.
The barriers that keep us away from the desired legal aid are rooted in several factors.
Firstly, the legal system in Bangladesh is highly specialized, secondly, legal texts are
often being written in a language that is hardly comprehensible for a non-expert.
In addition, the unavailability of lawyers in rural [1], the legal representation being
highly costly, and the protracted nature of legal proceedings all together create such
a system that often becomes out of reach for ordinary citizens|2]. There are some
legal aid programs out there taking the initiative to provide legal assistance to the
mass people. However, lack of resources, reaching the entire population becomes a
big challenge resulting in a significant gap in service provision.

The traditional ways to solve such a problem or we can say addressing the ac-
cessibility of legal aid have heavily relied on legal aid clinics, non-governmental
organizations, and governmental programs. These aid systems try to provide legal
services to underrepresented populations [4]. The fact can not be denied that the
above-mentioned initiatives have tried to make some impact. However, they are
often limited by the constraints of funding, geographical isolation, and insufficient
number of trained legal professionals. On the other hand, the legal resources that
are available online typically offer static information that lacks personalization. To
be more specific, the online platforms lack to adapt to specific user needs, and have
fewer options for scenario-based problems, making it less useful in practical legal
contexts. Even in the era of Al, the Al-based legal system suffers from inaccuracies,
hallucinations, and lack of domain-specific knowledge resulting in an unreliable le-
gal assistant. With the rapid evolution of Al, we are witnessing the dawn of a new
age. Where science fiction becomes a reality the challenges we are facing regarding
legal aid can be tackled with an Al-driven legal aid system[17]. It not only will be



more accessible to the mass people but also be reliable in providing accurate legal
information. Recent advancements in LLMs and NLP techniques have opened many
promising pathways to solve our problem [36]. However, integrating these technolo-
gies in a manner that ensures high accuracy, relevance, and legal compliance remains
an obstacle. Especially for the legal domain of Bangladesh, this sector is yet to be
explored.

1.1 Research Problem

In this thesis we will try to develop an Al-driven legal assistance system for Bangladesh,
integrating advanced large language models and legal retrieval to deliver precise, ac-
cessible legal information and case references to general people, law students, and
professionals.

1.2 Research Objective

o We will try to develop a retrieval-augmented generation system integrating
large language models with a Bangladeshi legal corpus for natural language
legal querying and response generation with citations.

o Evaluating the effectiveness of transformer language models and neural re-
trieval in interpreting and applying Bangladeshi legal code to user inquiries,
focusing on accessibility and precision.

o Implementing a human validation system for legal experts to review will refine
Al-generated legal outputs, ensuring accuracy and compliance.

o« We will try to create an Al legal assistance, democratizing access to legal
knowledge for individuals facing barriers, students, professionals, and others
across Bangladesh.

« LangChain’s integration of language models and retrieval techniques for robust
natural language legal querying specific to the Bangladeshi context will be a
part of our investigation.

o Developing techniques for scraping, curating, and structuring a large-scale
Bangladeshi legal corpus for efficient retrieval and RAG system integration.

1.3 Research Contribution

o Introducing the very first Bangladesh’s Al-based legal assistant for legal queries
in natural language and retrieving relevant legal documents.

o With no existing dataset, we manually created three legal datasets for this
research from scratch. i.e. Laws of Bangladesh(Golden Dataset), DailyStar
law dataset, and Judgement dataset from open source.

o We fine-tuned two large language models, LLaMA 3.1 8B Instruct and Mistral
7B, using unsupervised learning techniques on our unlabeled law dataset.



o We implemented strategies such as semantic text splitting to mitigate halluci-
nation in Al responses, thereby enhancing the accuracy and reliability of the
assistant.

o We introduced a new evaluation metric called Legal-BERTScore, a domain-
adapted evaluation metric that combines an F'1 score based on semantic sim-
ilarity and a hallucination score to comprehensively assess the semantic cor-
rectness and factual reliability of Al-generated legal responses.

1.4 Research Structure

The remainder of this paper is structured as follows:

In Chapter 2, we provide a thorough literature review. In Chapter 3, we show our
datasets with visualizations of each data. It also shows the steps of preprocess-
ing and cleaning the data with techniques like BS4, Selenium, Regular Expression,
Pandas Library, and the translation model. Chapter 4 defines the model we have
used for this research, specifically Llama3.1-7B Instruct RAG, Mistral-7B RAG,
DeciAi, mxbai-embed-large-v1, etc., and how they work. Chapter 5 concludes the
Human-In-The-Loop evaluation process. Chapter 6 is the detailed qualitative and
quantitative result analysis that includes public and expert evaluation scores, BERT
scores, Legal BERT scores, and some comparative analysis. In Chapter 7 we discuss
error analysis where we show what our system is doing wrong and why. Finally,
Chapter 8 concludes what this paper is about and suggests some future work.



Chapter 2

Literature Review

In our pursuit of Advancing Legal Accessibility in Bangladesh through Al-Powered
Assistance and Natural Language Interfaces, we dedicated our efforts to thoroughly
examining research papers within the domains of LLM, NLP, and RAG. Our se-
lection process was intensive, particularly emphasizing papers containing high cita-
tion counts and recent publication dates. We have organized these selected papers
chronologically based on their publication date, enabling us to build a cohesive and
current knowledge foundation for our research efforts.

The paper of Soha Khazaeli et al. [11] introduced a sophisticated legal QA (Question-
Answering) system aimed at answering complex legal questions without limiting the
predefined patterns or specific legal practice areas. This system is mainly designed to
assist legal professionals by providing answers to both factoid (simple, specific) and
non-factoid (open-ended, explanatory) questions, in simple words according to the
need. The primary contribution of this study lies in the retrieval-based approach it
has made. In this retrieval-based approach, the combination of sparse vector search
using BM25 with dense vector techniques like Legal GloVe and Siamese Legal BERT
embeddings is used. In addition, these methods help the system to capture both
keyword based and semantic relationships in the legal texts. Resulting in significant
improvement in the relevance of retrieved passages. For this study the dataset used
has over 100 million passages from legal documents, primarily case law headnotes.
These headnotes help the system to learn nuanced legal language patterns. Moving
on, fine-tuning was performed here on more than 10,000 annotated legal question-
answer pairs, supplemented with additional general domain data to enhance model
generalization. The authors have used a two-stage retrieval and ranking approach.
In this approach, initial retrieval selects relevant passages, and a BERT-based re-
ranking model (fine-tuned on Legal BERT) improves answer precision by scoring
the likelihood. Here the likelihood is the chances of a passage correctly answering
the input question. Now coming to the performance, a test set of 100 questions
showed that the best system configuration achieved a DCG@3 (Discounted Cumu-
lative Gain) score of 7.75. This score came through a combination of BM25 and
Siamese Legal BERT embeddings, demonstrating the efficacy of combining differ-
ent retrieval methods and deep learning techniques. The reason behind using such
techniques is that they provide accurate and contextual relevant legal answers in
a commercial setting. Overall it can be said that this work marks a significant
advancement in legal NLP(Natural Language Processing). It also addresses the



challenges of varied legal language and high stakes associated with legal decision
making.

Cheol Ryu et al. in their paper [18] introduced a novel approach for the evalua-
tion of LLM (Large Language Model) model generated texts in the legal domain by
proposing Eval-RAG. It is a retrieval-augmented evaluation framework. The pri-
mary contribution of this study lies in addressing the limitations of traditional LLM
evaluations by integrating relevant legal documents into the evaluation process. The
reason behind this is that the evaluation often overlooks factual errors and lacks
domain-specific knowledge. In the paper, the mentioned dataset comprises three
types of publicly available legal documents. Those are legal question-answer pairs,
legal provisions, and legal case precedents, amounting to 287 QA pairs, 84 legal
provisions, and 240 cases. This dataset provided a robust foundation for evaluating
legal QA tasks. The study in their methodology part involved retrieving relevant
documents based on a given query using a retriever which eventually uses sentence
embeddings for similarity matching and then evaluates the generated answer against
those documents to verify its factual accuracy. Models like ‘test-embedding-ada-022’
and GPT-4 were employed for embedding generation, generating relevant question-
answers. Also, Eval-RAG was used to enhance existing evaluation methods like
FairEval and ChatEval through incorporating retrieved documents into the eval-
uation prompts. By combining Eval-RAG with FairEval on GPT-4 the research
yielded the highest correlation with human evaluations. It achieved a Pearson cor-
relation of 0.5923. The results clearly outperformed standard LLM-based evaluation
approaches. In the field of NLP, this research contributes by improving the reliabil-
ity of LLM-generated text evaluation, particularly in tasks that need precise legal
knowledge and document-based reasoning.

The research [21] by Shamane Siriwardhana et al. addresses a novel approach to en-
hance RAG models’ performance in domain-specific open-domain question answer-
ing (ODQA). The authors found that RAG primarily trained on Wikipedia-based
knowledge, struggles to adapt to specialized domains like healthcare and news. Af-
ter that, they introduced RAG-end2end as an extension that allows joint training of
the retriever and generator components of RAG. This method not only ensures the
model adapts more effectively to domain-specific contexts but also updates both the
knowledge base and the retriever during training. In addition, the authors proposed
an auxiliary training signal that injects domain-specific knowledge by reconstructing
sentences from a knowledge base. This dual of joint retriever-generator training and
auxiliary signals helped the study to achieve significant performance improvements.
For the study, the authors used three distinct datasets: 1.COVID-19 research, News,
and Conversations. They used the CORD-19 dataset for the COVID-19 domain. It
helped to create a knowledge base of over 250,000 passages and generated synthetic
QA pairs using a BART model. Also, the authors created datasets for the News and
Conversations domains in a similar fashion. The experiments from the study show
that RAG-end2end outperformed the original RAG significantly with improved ma-
trices across all domains. To be more specific, in the Conversations domain, the
RAG-end2end model achieved an EM (Exact Match) score of 25.95% and an F1
score of 37.96%, while in the News domain, the highest F1 score was 23.7% with the
RAG-end2end-QA+R model. The study highlighted that for better domain adap-



tation fine tuning the retriever, alongside the question encode was crucial. With
the use of the RAG-end2end-QA+R model the study achieved a Top-20 retrieval
accuracy of 50.95%, its highest recorded accuracy was for the News domain. The
highest accuracy was clearly a big jump from the original RAG model.

The research by Akari Asai et al. [14] introduces a novel framework called SELF-
RAG to address factual inaccuracies in LLMs (Large Language Models) by integrat-
ing retrieval and self-reflection mechanisms. The authors’ motivation behind this
work is that while RAG (retrieval-augmented generation) improves factual ground-
ing in language models by fetching relevant information from external sources, it
often retrieves irrelevant or unnecessary passages, eventually reducing generation
quality. This problem is tackled by SELF-RAG by allowing the model to dynam-
ically decide when to retrieve information and critically assess both the retrieved
passages and its own generated outputs using self-reflection tokens. After that the
reflection token allows the model to determine the relevance of retrieved passages
and evaluate its generated outputs for factuality and quality. After all these rigorous
processes the model becomes more controllable during the interface. Furthermore,
retrieval tokens are used by SELF-RAG to decide whether to retrieve external docu-
ments. Also, critique tokens were used to evaluate the relevance, support, and utility
of the generated outputs. After that, this method went through several tasks to be
tested with open-domain question answering (QA), reasoning, and fact verification.
Coming to the performance, The proposed model outperformed models like Chat-
GPT with strong baselines. Also, it outperformed retrieval-augmented Llama2-chat
across various benchmarks. In this study, PopQA and Trivia QA named datasets
were used. On PopQA SELF-RAG got an accuracy of 55.8% and on TriviaQA it got
74.5%, which is also the highest accuracy. The importance of retrieval mechanisms
and critique tokens to achieve better factual accuracy and citation precision was
highlighted in this study. The significant enhancement in the performance of LLM
in knowledge-intensive tasks is not ignorable.

The authors Ruihao Shui et al. [20] presented the capabilities of large language mod-
els (LLMs) in the domain of law, specifically for legal judgment prediction(LJP),
in their study. Determining charges based on case facts was quite a challenge and
essential task in a legal system according to the authors. They explored mod-
els like GPT-4, ChatGPT, Vicuna, BLOOMZ, and ChatGLM and compared them
with simpler models or information retrieval (IR) systems in handling complex legal
reasoning tasks. The motivation behind this work comes from the doubts surround-
ing the performance of LLMs. To be more specific, GPT-4 claims its proficiency
in real-world legal tasks, despite its proficiency in standardized law exams. As a
result, the authors implemented two work scenarios for evaluation, 1. LLMs inde-
pendent operations, 2. LLMs collaboration with IR system. The second method
will help to retrieve similar legal cases or legal candidates. For the evaluation part,
a dataset named CAIL was used. The dataset includes Chinese legal cases. After
that the models were tested in four settings: 1. zero-shot, 2. few-shot, 3. open
questions, 4. Multiple-choice questions. Four of these settings allowed the authors
to test how models benefit from having similar cases or label candidates included in
their prompts. The results indicated that adding the domain-specific information
through retrieval systems helped improve accuracy. Specifically, complex models



like GPT-4 and ChatGPT, with GPT-4 achieved the highest accuracy of 74.46%
in few-shot multiple-choice questions. However, the authors have left us in a para-
dox as in some cases, the IR system itself outperformed the combination of LLM
and IR, suggesting that LLMs did not fully leverage the additional information. A
comprehensive evaluation framework that can be applied across different domains
and the retrieval-augmented generation’s potential to significantly improve legal Al
systems is the main contribution of this paper. It also added that LLMs can better
integrate retrieved knowledge.

The study [30] of Nishchal Prasad et al. addresses the challenge of legal judgment
prediction for long, unstructured legal texts that sometimes exceed tens of thousands
of words. The study also raised the issue of legal documents being highly complex
not for only being lengthy but also for their inconsistent structure and specialized
language. To tackle this issue, the authors developed a hierarchical classification
framework named MESdc (Multi-stage Encoder-based Supervised with Clustering).
This framework divides the documents into smaller parts, then extracts embeddings
from the last four layers of a fine-tuned LLM (Large Language Model), and finally
approximates the document structure using unsupervised clustering. All of these
embedding and structure approximations are then processed through additional
transformer encoder layers for classification. For the models, the study utilized
LLMs like GPT-Neo and GPT-J and compared their performance both in isolation
and within the hierarchical MESc framework. The datasets used in this research are
ILDC (Indian Legal Document Corpus) and subsets of the LexGLUE dataset, which
includes European and U.S. legal documents. The authors showed that the hier-
archical MESc framework yielded a 2% improvement over previous state-of-the-art
models by fine-tuning these LLMs and conducting extensive ablation studies. The
GPT-J model provided the highest accuracy, especially when fine-tuned with longer
input lengths (2048 tokens). It also highlighted the importance of processing longer
sections of documents. In the field of legal NLP, this paper contributes significantly
by demonstrating the potential of LLMs in handling large, unstructured texts and
establishing new baselines for legal document classification.

In this paper [37], the authors have proposed a new method called ConvRAG which
enhances Conversational Question Answering (CQA) using fine grained retrieval
augmentation and self check mechanism. The authors take two challenges: i. bet-
ter understanding of context based questions and ii. getting proper knowledge for
open-domain queries. To solve this they have proposed a three component method:
a question Refiner for better understanding, a Fine-Grained Retriever, and a Self-
Check Response Generator to filter garbage info. They also introduced a new Chi-
nese CQA dataset with extended features. They test their approach with existing
systems like QReCC and TOPIOCQA and also their own dataset. They compared
ConvRAG with ChatGPT, WebPCM, and Perplexity.ai. They tried various evalua-
tion metrics such as BLEU, ROUGE, METEOR, and GPT-4. The results show that
the ConvRAG works better than the baseline achieving a 10% increase in ROUGE-
L scores on the test dataset. This approach also outperformed the GPT model
and Perplexity.ai. This shows the effectiveness of this approach. In this paper, the
highest reported accuracy is BLEU-1 on the test dataset using the full ConvRAG
model.



This study [31] shows the method of improving current RAG pipelines in the context
of answering financial documents. Shetty et al. show major limitations in current
RAG pipelines. They focused mainly on enhancing text retrieval for LLMs in domain
specific tasks. They show many difficulties with current RAG pipelines including
uniform chunking, limitation of semantic search, inability to control complex rea-
soning, etc. for financial analysis. To address these they proposed some techniques
like sophisticated chunking methods, query expansion using HyDE, metadata an-
notation, and fine tuning embedding models. The authors used the FinanceBench
dataset which consists of 10,231 questions about publicly traded companies from
2015-2023. They used metric systems like BLEU and ROGUE-L. Though the pa-
per doesn’t disclose the results, it emphasizes the importance of effective retrieval.
It highlights that the best generators can even give incorrect answers. They also
contribute to improving the RAG system, particularly in finance.

In this paper [32], the authors aimed to highlight the limitations of current RAG
approaches while solving long context based documents in question answering. This
paper by Shi et al. shows a concept based RAG framework that works with Ab-
stract Meaning Representation (AMR) to improve questions answering in context
based problems. First, they address the problems with current RAG pipelines such
as not being able to handle complex scenarios and including irrelevant informa-
tion. They proposed AMR based algorithms that take a lot of information and
compress it into a small informative chunk. They used two datasets: PopQA and
EntityQuestions. They modified these datasets to focus on mainly scenarios. They
compared their work against various compression techniques such as keyword extrac-
tion, summarization, etc, and LLMs like GPT-Neo, OPT, BLOOM, and LLAMA-2.
Their suggested framework outperformed all of them. The authors reported signif-
icant improvements over baseline methods in solving context based problems. The
LLAMA-2-13b-chat-hf- model combined with RAG achieved the high performance
improvement. On the PopQA dataset, it performed 71.43% better with RAG in long
context scenarios. The authors in this paper demonstrated AMR to combine with
RAG and developed an AMR based algorithm. They also highlighted the approach’s
ability to compress a context by over 60% while not changing the core information.

This paper [28] shows the performance of LLMs and traditional legal contract re-
viewers, specifically junior lawyers and LPOs. The authors aimed to show whether
LLMs can outperform humans in terms of accuracy, speed, and cost efficiency.
Though Al has shown great potential to solve problems in different fields, still there
is a help in retrieving legal information correctly and factually in contracts. To
address this gap, this paper focuses on three questions : (1) Do LLMs outperform
Junior Lawyers and LPOs in determining and locating legal issues in contracts?
(2) Can LLMs review contracts faster than Junior Lawyers and LPOs? and (3)
Can LLMs review contracts cheaper than Junior Lawyers and LPOs? They utilized
a dataset of contracts from real world agreements. A senior lawyer established a
ground benchmark and they compared the results with this benchmark. Various
LLMs like GPT-4, GPT-3.5, Claude2.0, and Palm2 were competing. The authors
used metrics like precision, Recall, and F-score. They also checked efficiency and
cost effectiveness. They found that GPT4-1106 outperformed humans. GPT4-1106
and LPOs both scored the highest F-score of 0.87. Notably, the LLMs were much



faster and cost efficient. The Palm2 took an average of 0.73 minutes compared to
Junior Lawyers 56.17 minutes and 201 minutes for LPOs. It was also cost effective.
The Claude 2.0 cost $0.02 per document whereas Junior Lawyers cost $74.26. The
study clearly suggests that the LLMs are performing better in reviewing contracts
than traditional lawyers and LPOs. It is also fast and cost-effective. It truly shows
the potential of Al in legal work frames.

In this paper [16], the authors have proposed a framework named Prompt, Gener-
ate, Train (PGT) to develop a question answering model for open book questions
answering over exclusive document collection. The authors have attempted to ad-
dress the challenge of adapting retrieval augmented generation (RAG) models to
specific domains using supervised fine-tuning and reinforcement learning with syn-
thetic feedback in a few-shot setting. Recent advancements in large languages. The
PGT framework tries to overcome this problem. The framework uses synthetic data
generation, fine tuning smaller RAG models, and reinforcement learning. The pro-
posed approach includes several key components: a synthetic generation pipeline
to create training data, fine-tuning of a smaller RAG model comprising a dense
retriever and a smaller LLM, training a Reward model to score domain-grounded
answers, and aligning the RAG model using reinforcement learning. The authors
here explore different innovative techniques such as modified retrieval procedures,
Reinforcement Learning with Synthetic Feedback (RSLF), etc. The paper does not
disclose results but it aims to compete with GPT-4 while using smaller models(10
billion parameters) for cost efficiency. The authors suggest that the cost efficiency
can be 99.97% compared to GPT-3.5/4. The main contributions of this paper are
the PGT framework, synthetic data generation, modified RAG structure, and RSLF
approach.

This paper [19] of Saad-Falcon et al. introduced UDAPDR (Unsupervised Domain
Adaptation via LLM Prompting and Distillation of Rerankers) which is an approach
for adapting neural information retrieval models to new domains without the require-
ments of labeled data. The author has addressed the challenges of domain shifts in
IR tasks where models that are trained on general datasets usually perform imper-
fectly on domains that are specialized. UDAPDR leverages large language models
(LLMs) like GPT-3 and Flan-T5 XXL to generate synthetic queries for target do-
main passages. The method takes on a two-stage query generation process: first
using an expensive LLM (in this case GPT-3) to create a small set of high-quality
queries, later the queries are used to prompt less expensive LLM (Flan-T5 XXL) to
generate larger numbers of queries efficiently. These synthetic queries are used to
fine-tune multiple passage rerankers using DeBERTAV3-Large, which are then dis-
tilled into a single efficient ColBERTV2 retriever. The authors evaluated UDAPDR
on various datasets including LoTTE, BEIR Natural Questions, and SQuAD while
demonstrating significant improvements in zeroshot retrieval accuracy across vari-
ous domains. For example, on the LoTTE pooled dataset, UDAPDR has improved
Success@5 from 63.7% (zero-shot ColBERTV2) to 72.2% (using 10 rerankers with
10000 queries each). On the BEIR datasets, UDAPDR has achieved an average
improvement of 5.2 points in nDCG@10 compared to zero-shot ColBERTv2. The
highest reported accuracy was obtained on the BEIR Covid dataset, UDAPDR has
achieved an nDCG@10 of 88.0. The authors had conducted tests to understand
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how different factors like the number of rerankers, synthetic query counts and dis-
tillation methods affected the system’s true performance. Notably, UDAPDR keeps
query response times comparable to other retrieval systems but at the same time it
focuses on the significant improvement of accuracy which makes it a strong choice
for real-world use scenarios.

This paper [23] by Eschbach-Dymanus et al. explores the effectiveness of Large
Language Models (LLMs) for domain-specific machine translation while focusing on
business IT texts. In this paper, the authors have conducted a very comprehensive
study to determine whether large language models (LLMs) could ever outperform
their current neural machine translation systems. After testing a number of open-
source models in both zero-shot and few-shot scenarios, including Llama-2, BLOOM,
and Falcon, they concluded that Llama-2 13B was the most promising model for
fine-tuning. In contrast to SAP’s internal MT models, the authors have examined
a variety of adaptation strategies in this work, ranging from prompting to com-
plete fine-tuning. For testing and fine-tuning, the researchers used carefully selected
SAP-internal parallel data, which included software user interface strings, training
materials, user support messages, and commercial content. The researchers have
used BLEU and COMET metrics to evaluate the performance on domain specific
and general domain (FLORES) test sets. Many configurations of full fine-tuning
were used here like LoRA (Low-Rank Adaptation), and QLora (Quantized Low-
Rank Adaptation). These fine-tuning configs helped the researchers in analyzing
effects of different configs on model performance and computational efficiency. The
authors have also found out that full fine-tuning always outperformed parameter-
efficient methods. When it comes to capturing domain-specific terminologies the
outperformance is more noticeable. They have investigated the impact of training
data volume and epochs on the model’s performance. Insights into strategies fo-
cused on budget efficiency is provided in this study. The researchers have observed
that when it comes to the general domain, LLMs could match SAP’s MT mod-
els. On the other hand, even with extensive training it struggled when it came to
closing the gap on domain-specific content. The highest reported accuracy score
was achieved by the fully fine-tuned Llama-2 13B model which is trained on 400000
parallel segments. The score was 0.888 COMET / 0.686 BLEU on the SAP domain
test set for English to French translation. The score of the LLM model advanced to-
wards the performance of SAP’s MT system on domain specific tasks. The research
also included experiments on English to Japanese and English to Slovak language
pairs. This comprehensive study has contributed many valuable insights into the
challenges and the potential of adapting LLMs for translation tasks.

This technical report [33] by Siriwardhana et al. presents a very comprehensive
study on domain adaptation of the Meta-Llama-3-70B-Instruct model for Securi-
ties and Exchange Commission (SEC) data. The researchers conducted extensive
experiments to increase this model’s domain-specific capabilities while mitigating
catastrophic forgetting at the same time. Continual pre-training (CPT) with 70
billion tokens of SEC data had been employed in this case even though the report
focused on an intermediate checkpoint that is trained on 20 billion tokens. The re-
searcher team used Megatron-Core for distributed training on the AWS SageMaker
HyperPod cluster, consisting of 4 nodes with 32 H100 (Nvidia Tensor Core GPU)
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GPUs each. To mark the catastrophic forgetting, the researchers applied TIES
merging techniques using MergeKit, combining the domain-adapted model with the
original instruct model. Model performance on both domain-specific and general
benchmarks was evaluated in the study. For domain-specific tasks, the researchers
used subsets of TAT-QA and ConvFinQA, as well as financial classification and sum-
marization tasks. General evaluations involved metrics from AGIEval, BigBench,
GPT4all, and TruthfulQA. The researchers observed how significant improvements
in domain-specific tasks can be noticeable after CPT and merging. For example, in
financial classification, accuracy improved from around 60% (Llama-70B-Instruct)
to nearly 100% after CPT, settling at about 90% after merging. In general, evalu-
ations, while CPT initially led to some performance drops, merging helped recover
much of the lost general capabilities. This study also measured perplexity on both
domain-specific and general datasets. The researchers found that CPT reduced per-
plexity across all datasets. The highest domain-specific performance was achieved
by the Llama-70B-CPT model before merging, while the Llama-70B-CPT-Merge
model provided the best balance between domain-specific and general capabilities.
For instance, when it came to the ConvFinQA task, the Llama-70B-CPT-Merge
model achieved the highest score of approximately 0.62, which outperformed both
the original Instruct model and the CPT model. The researchers also contributed
by demonstrating the effectiveness of large-scale CP'T on domain-specific data, com-
prehensive evaluation of domain-specific performance, and the successful mitigation
of catastrophic forgetting through model merging. They also highlighted future di-
rections for further improvements, such as exploring advanced alignment techniques
and optimizing data processing methods for large-scale models.

This paper [8] by Farahani et al. provides a comprehensive review of domain adap-
tation, a subfield of machine learning that aims to address the challenge of distri-
butional shifts between training and test data. The authors, Farahani et al., begin
by explaining the motivation behind domain adaptation: in real-world applications,
the assumption that training and test data come from the same distribution often
doesn’t hold, leading to performance degradation when models are applied to new
domains. They thoroughly discuss the categorization of domain adaptation from
various perspectives, including closed set, open set, partial, and universal domain
adaptation. The paper then delves into different approaches to tackle domain adap-
tation, broadly categorizing them into shallow and deep methods. For shallow meth-
ods, they describe instance-based adaptation techniques like Kernel Mean Matching
(KMM) and Kullback-Leibler Importance Estimation Procedure (KLIEP), as well
as feature-based methods such as subspace alignment, transformation-based ap-
proaches like Transfer Component Analysis (TCA), and reconstruction-based meth-
ods like Robust visual Domain Adaptation with Low-rank Reconstruction (RDALR).
The researchers have explored discrepancy-based methods in the deep domain adap-
tation section. Methods like Deep Adaptation Network (DAN), reconstruction-based
approaches using autoencoders, and adversarial-based techniques were explored.The
authors have provided detailed explanations of how these methods work and their
underlying principles with mentioning each’s strengths and limitations. Even though
this paper does not present any new experimental results or accuracies but it does
offer findings from numerous other studies in this field. This review serves as an
excellent resource for researchers and practitioners looking to understand the land-
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scape of domain adaptation techniques.

This paper by [6] Gururangan et al. in their study discussed adapting pre-trained
language models for specific domains and tasks. The authors investigate whether
it’s beneficial to tailor a pretrained model like RoOBERTa to the domain of a tar-
get task, even though such models are trained on diverse corpora. They conduct
experiments across four domains (biomedical and computer science publications,
news, and reviews) and eight classification tasks. The study introduces two main
adaptation techniques: domain-adaptive pretraining (DAPT) and task-adaptive pre-
training (TAPT). DAPT involves continued pretraining on domain-specific unla-
beled data, while TAPT uses the unlabeled data from the target task. With a
combination of these techniques, the authors proposed a method that performs se-
lecting task-relevant data when additional unlabeled data in unavailable. For this
study, RoBERTa was used as a base model and evaluated performance on tasks like
CHEMPROT, RCT, ACL-ARC, SCIERC, HYPERPARTISAN, AGNEWS, HELP-
FULNESS, and IMDB. Domains that were the most distant fromRoBERTa’s origi-
nal training data surprisingly showed consistent improvements with DAPT. On the
other hand, TAPT also showed its effectiveness in matching or exceeding DAPT’s
performance even after using less data. However, when these both are combined it
achieved a macro-F1 score of 75.6. The score is quite improved compared to 63.0
for the base RoOBERTa model. Data selection techniques like KNN-TAPT were also
mentioned in this study to improve the performance of DAPT with less computa-
tional cost. The highest from this study was 95.6% on the IMDB dataset using
the combination of DAPT+TAPT. The effectiveness of adaptive pretraining tech-
niques was the main highlight of this study. Also, it provides practical strategies
for improving model effectiveness on domain-specific tasks.

This paper [35] by Wang et al. a Context Enhancement and Domain Adaptation
method for Textbook Question Answering (CEDA-TQA). This proposed method
is empowered by Large Language Models (LLMs) and Retrieval Augmented Gen-
eration (RAG). Moving on, TQA could be a very complex challenge as it requires
enough processing and understanding of different types of information such as text,
diagrams, and formulas. However, with the proposed framework by the authors,
they could manage to improve accuracy in education contexts of question answer-
ing. The power of LLMs and RAG took them to this point. A dataset named
TQA was used in this research. It is an open-source science curriculum, specifically
the earth science portion to manage resources related to computation focused. In
their methodology, they preprocessed the dataset, formulated the TQA problem,
and developed a framework for handling diagram and non-diagram questions. For
the diagram related question authors especially employed a Multimodal Large Lan-
guage Model. With the help of the mLLM, they extracted context from images
and transformed them into non-diagram questions. Coming to the experiments,
in this study the authors implemented the Mistral-7B-Instruct-v0.2 model, LoRA
(Low-Rank Adaptation) method, and fine tunined using the PEFT (Parameter-
Efficient Fine-Tuning) technique. Also, RAG was implemented for this study using
the LanceDB vector database and benefited from efficient storage and retrieval of
embeddings. With all these rigorous experiments the highest accuracy they got was
81.91% while both fine-tuning and RAG techniques were used together with the
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Mistral-7B model. This research highlights the capabilities of medium-sized LLMs
when it comes to specialized domains like education.

Setty, Sparty, and others, in their paper [29] aim to address the limitations of exist-
ing Retrieval Augmented Generation (RAG) pipelines for large language samples by
answering questions about domain-specific documents, and thus ignoring financial
documents and therefore have suboptimal incomplete references generated answers 9
or incorrect They can be incomplete. The study did not propose alternative sampling
protocols; Instead, it sought ways to improve the reclamation of the existing RAG
pipeline segment. These techniques include sophisticated chunking techniques that
compute document features such as the table of contents, query expansion by insert-
ing additional documents, modifying metadata descriptions for additional context,
and algorithms that prioritize relevance over similarity when returning the Added
testing, and domain-specific knowledge . While the paper did not specify the results
because of the rapidly developing Al landscape, it noted that the proposed methods
overcame some of the major limitations of the traditional RAG pipeline. Researchers
used a variety of analytical parameters, such as page-level and paragraph-level ac-
curacy for lists, contextual relevance, response fidelity, and LLM-based analyses for
unstructured, aggregate objectives and to provide a comprehensive assessment of
system performance, with baseline and shallow true data. Although the methods
examined addressed some limitations, the paper acknowledged the potential for fur-
ther improvement; The main challenge mentioned was recovering contextual data
spanning multiple document types, which requires the development of a model to
identify and integrate all relevant aspects to generate the response The authors
suggest subscribed data-based knowledge accounts are not used, with fine tuning
of input systems Potentially enhance the ability of the retrieval system to under-
stand domain-specific nuances and retrieve relevant information in different aspects
in many cases.

Nelson F. Liu et al. in their paper [27] talked about the performance of large lan-
guage models (LLMs) while working with long input contexts. Specifically focusing
on how these models handle information placed at different positions in lengthy
texts. The motivation behind this study comes from the increasing importance of
LLMs in applications that require processing long sequences. For instance, multi-
document question answering and key-value retrieval. The authors in their research
tried to understand whether LLMs can robustly use longer context. The reason
behind this is that models like GPT-3.5-Turbo, Claude, and others that are trained
on limited context windows (between 512-2048 tokens) are now deployed for tasks
requiring much longer inputs. Also, they analyzed how different LLMs perform
when the relevant information is located at the beginning, middle, or end of the
input sequences through multiple controlled experiments. In addition, the authors
wanted to test the models’ ability to retrieve and use information from long con-
texts so they conducted experiments on multi-document question answering and
key-value retrieval tasks. A key finding was the “U-shaped performance curve”. In
this curve, the models exhibited a primacy bias where models exhibited a primacy
bias (best performance with information at the beginning) and recency bias (good
performance at the end), while accuracy dropped significantly for information in
the middle of long contexts. For example, GPT-3.5-Turbo got a substantial 20%
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performance drop when accessing mid-context information. The study contributed
by providing a comprehensive analysis of how LLMs use long contexts and propos-
ing new evaluation protocols for future models. Coming to the performance part,
GPT-3.5-Turbo achieved an accuracy of 56.1% in closed-book settings and 88.3% in
oracle settings. The research concludes by saying that further improvements in how
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Chapter 3

Dataset

3.1 Dataset Source

Our research leverages three distinct datasets shown in Figure:[3.1], each contribut-
ing unique perspectives to the landscape of legal information in Bangladesh:

Figure 3.1: Distribution of Datasets

3.1.1 Laws of Bangladesh Dataset (1,380 entries)

At first, a model needs to know about the basic laws and regulations to precisely
answer questions on those topics. So we developed a dataset called the ‘Golden
Dataset’. This dataset contains the official legal documents and rules which form
the backbone of our legal system. We have scraped these laws from our official
government website ‘bdlaws.minlaw.gov.bd.. This dataset contains constitutional
laws, criminal statutes, civil regulations, etc shown in Figure:[3.2]. There are 1380
entries in this dataset which serves as the primary reference for legal interpretations.
Also, we have generated a world could for this dataset shown in Figure:[3.3] that
shows the most prominent words like "Act”, "section”, "Government”, and "person”.
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Figure 3.2: Laws of Bangladesh

The focus here is on legislative language, governmental authority, and individual
rights or responsibilities in the country’s laws.

Figure 3.3: Word cloud for Laws of Bangladesh dataset.

3.1.2 Daily Star Dataset (2,276 entries)

So the first dataset is mostly single point based questions and answers. It has no
context, no scenarios. It can not answer questions based on some specific context.
So to train our model in some context based questions we created another dataset
manually named The Daily Star dataset. We sourced our data from one of the

17



prominent newspapers of Bangladesh The Daily Star. It has a section where peo-
ple would give questions based on their own context or scenarios and a prominent
lawyer or a professor of law would give the answers based on his/her situation. This
dataset is impressive for capturing the public discourse surrounding legal issues and
providing context to the application of laws in real-world scenarios. We have 2276
entries here one of the examples is shown in Figure:[3.4].

Figure 3.4: Laws of Bangladesh

Also, we have created a word cloud shown in Figure:[3.5] for this dataset Prominent
words like "Bangladesh”, "case”, "law”, "right”, and "court” suggest a focus on legal
and political news coverage, with emphasis on national issues and governance.

Figure 3.5: Wrod cloud for Daily Star dataset.

We got 455 categories of subjects from the Daily Star newspaper from which we
took 9 prominent subjects to showcase the data, shown in Table:[3.1].

3.1.3 Judgement Dataset (5,633 entries)

Our model still was not good enough to answer all the context based questions.
Sometimes it hallucinated and gave irreversible answers. So to solve this problem
we created another dataset manually named the Judgement dataset. There are a lot
of cases and their judgments online but most of them are copyrighted. So we looked
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for open source cases and manually created a dataset with 5633 entries of text files.
These judgments are a testament to the Bangladeshi judiciary. This dataset provides
insights into the interpretation and application of laws. The dataset includes case
name, case category, case note, and judgment shown in Figure:[3.6]. This also
helps the model to give relevant information and relevant cases that have the same
context as the users. We have also generated a word cloud shown in Table:[3.7] for
this that shows prominent legal terms such as "case,” "petitioner,” "respondent,”
and ”section” indicating frequent references to legal proceedings and court rulings.

Figure 3.6: Judgement Data

This multifaceted analysis not only validates the richness and diversity of our datasets
but also provides crucial insights that inform the development of our Al model, en-
suring its relevance and effectiveness in the Bangladeshi legal context.

3.2 Data Collection Tools

Our research includes web scraping techniques to gather information efficiently and
systematically:

e Selenium: Selenium was instrumental in automating web browsers, allow-
ing us to navigate complex web pages and extract data from the Internet.
Selenium’s ability to interact with web elements was particularly useful for
accessing legal databases and news archives like the Daily Star.

« BeautifulSoup4 (BS4): We utilized BS4 for HTML parsing, extracting rel-
evant information from the scraped web pages.
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Figure 3.7: Word cloud judgment Data

o Pandas Library: The data we got from BS4 parsing was then saved to
Pandas DataFrame. Then we have extracted the data from DataFrame and
saved it in a .csv file. Then again using Pandas Library we converted those
data in .txt files.

3.3 Data Translation

Bangla Neural Machine Translation (BanglaNMT) is an NMT system developed by
BUET CSE. It was trained on various Bangla datasets. It is designed to translate
Bangla to English and English to Bangla. It is specialized in preprocessing tech-
niques that really work well with complex documents. In our three datasets, many
of the data were in Bangla. So we have used this translation model to convert those
data to English for better understanding and also deleted Bangla stop words. Before
translation, the data looked like Figure:[3.8] and after translation the data looked
like Fiture:[3.9].

3.4 Data Preprocessing

Our goal is to maintain the best quality and most usable data possible. It is very
important for RAG systems. Often data contains a lot of noise such as HTML tags,
code snippets, and special characters. This can cause difficulties for the retrieval sys-
tem to generate accurate data. Our preprocessing method addresses these problems
while maintaining the original form of the documents.

3.4.1 Preprocessing Method

There are three types of methods we used. Those are (I).HTML tag removal, (II).
Code snippet removal, (IIT). Special character cleaning. To further explain,
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Figure 3.8: Before Translation

I. HTML Tag Removal

The BeautifulSoup (BS4) is used to remove any HTML content from the datasets.
It removes the tags but maintains the original text structure. It specifically targets
the tag <br> and <p>. These two represent line breaks and paragraphs. This BS4
code snippet replaces these tags with a new line (\n). By doing this it maintains
the original text formatting. After removing it returns the texts without any HTML
content. It also ensures that the text contents are structured and readable.

II. Code Snippet Removal

To remove code snippets from any documents we used regular expressions (regex).
It generally removes two types of codes - i. multi-line code blocks and inline code
blocks. The first regex which is (r’“‘[\s\S]*;“’) eliminates any data surrounded by
triple backticks(‘ © ‘). And the second regex (r’[\n]+’) matches and nullifies inline
code surrounded by single backticks(‘). After the removal process of both types of
code blocks, it returns the text without any code snippets.

II11. Special character cleaning

Using a regular expression we also remove special characters from text documents
but we keep some of the punctuation that is necessary. We split the text documents
into single lines and using a regular expression we remove any special characters.
Also, it removes any extra space between words if there is any. After removing the
special character and extra spaces, the lines are joined together again.

Then we combine these three components into a single preprocessing function. And
now the data is clean, readable, and free from any noise elements.
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Figure 3.9: After Translation

3.5 Document Processing

We apply these preprocessing methods to every document. Then we save that clean
content with the original file names. So first the method retrieves documents from
the list and processes them using the above mentioned preprocessing function. It
eliminates any kind of HTML tags, special characters, and code snippets. Then it
retrieves the original document name from metadata creates an output file with that
same name and saves the clean text.

Our preprocessing method effectively cleans text documents for RAG systems by
removing HTML tags, code snippets, and special characters while preserving doc-
ument structure and original file names. This approach ensures that the cleaned
documents maintain their integrity and organization, making them suitable for ef-
fective retrieval and generation tasks in RAG systems

3.6 Semantic Chunking

In the semantic chunking process text is divided into smaller, meaningful segments
on the basis of content rather than arbitrary measures like character count. With the
help of this advanced method, embedding-based models it becomes easy for models
like HuggingFaceBgeEmbeddings to generate vector representations of text while
capturing semantic information. The most interesting part of this method is that
whenever there is a significant shift in meaning the method identifies a breakpoint.
This finding of a breakpoint is done by using statistical techniques like standard
deviation. This helps to keep the semantically coherent ideas to remain together
while different topics are separated. The benefits of this method are that it helps in
improved context preservation and creating adaptive chunk sizes eventually allow-
ing complex ideas to remain intact and distinct sections to break-down. However,
computational-wise it is quite intensive as it requires processing the text through
a language model to generate embedding. Nonetheless, for any task that needs
contextual understanding like summarization or question-answering, with seman-
tic chunking a better result can be achieved when compared with simple character
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based methods. From a word cloud shown in Figure:[3.10], from that we can see

% 9 % 9

that frequently occurring legal terms and phrases, such as ”section,” "case,” "order,”
and ”"Penal Code,” suggesting a focus on legal documents or court proceedings.

Figure 3.10: Word cloud after chunking.
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Main Category Subcategory Count
Law Review 5
Law Analysis 22
1. Legal Analysis and Review ?jggige]r?te Il)%tilview i
Law Opinion 89
Constitutional Analysis 3
Rights Watch 63
Rights Advocacy 44

2. Human Rights and Advocacy

Human Rights Advocacy
Rights Corner

Writing for Equality

Women’s Rights

Child Rights

Climate Justice

Technology and Human Rights
Law Reform

Law Campaign

3. Specialized Legal Areas

Law and Gender
Environmental Law
Intellectual Property Rights
Business and Human Rights

4. Legal Education and Awareness

Law Interview
Legal Education
Legal Awareness
For Law Students

Year-End Judgment Review
Year-End Law Review

— o= = =W W N = = OO e s = O

5. Current Affairs and Updates New Law
Global Law Update
Law News 37
Court Corridor 6
6. Legal System and Institutions Lower Courts 1
Parliament Scan 4
: Constitution Day Special 2
7. Special Features World Human Rights Day Special 3
Law Observation 1
Law Letter 61
8. Legal Commentary Law Vision A7
Reviewing the Views 18
Book Review 18
. Law Event 48
9. Miscellaneous Your Advocate 17
People’s Voice 7

Table 3.1: Categories of Legal Articles in The Daily Star Newspaper
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Chapter 4

Model

4.1 Transformer

The transformer architecture shown in [4.1], Large Language Models and Natural
Language Processing is considered a holy trinity in the field of AI research. It
especially works in the domain of understanding context and text generation. [9]
These transformer models have their own high-level self-attention mechanism. It
enables them to capture long dependencies within text. [36]It is also very good at
efficient learning and fast computation. Large Language Models like Mistral 7B work
very well on the architecture of transformers. It utilizes the models by training a huge
amount of extensive textual documents. Then The LLMs can learn comprehensive
knowledge by self-supervised learning. Then we can fine tune the LLM for domain
specific tasks like question answering and classification. The specification of Mistral
7B is shown in Figure:[4.2]

4.2 Mistral7B

Mistral 7B is one of the biggest achievements in the Large Language Models world.
It has a massive 7.3 billion parameters. [15] It is specially fine tuned to deliver
high performance in different Natural Language Processing (NLP) related tasks.
Although its scale is massive, it can adapt to different tasks and fields. Mistral 7B
can reach the levels of Codelama 7B on coding tasks while maintaining proficiency.
Two of the core innovations of Mistral 7B are i. Grouped Query Attention(GQA)
and ii. Sliding Window Attention(SWA) mechanisms. GQA helps to boost the
speed of processing queries faster and more efficiently. On the other hand, SWA
solves the problem of handling longer sequence texts. It allows the model to enter
hidden states with a little computation cost.

Mistral 7B’s architecture shown in Figure:[4.3]improves Mistral’s capabilities as well
as helps to process documents faster with speed, accuracy, and efficiency.

At the heart of it, Mistral 7B utilizes transformer architecture. Its self-attention
mechanism makes the sequence processing very easy. The architecture is made of
various layers of self attention and feed forward neural networks. Every layer’s
self attention mechanism allows the model to work with different types of context
and information. And by this, it holds a contextual relationship between the long
sequences. The model gives an attention score to each word in the sequence and
assigns importance levels to those words based on their contextual relevance. The
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Figure 4.1: Transformer Model Architecture

model also used its feed forward neural network to process the information it gets
from self-attention. Mistral 7B works really well in the fields of reasoning, knowledge,
and reading comprehension. This makes it a fine choice for NLP tasks.

4.3 Llama 3.1

Llama 3.1 developed by Meta is another milestone in LLMs world. It is fine tuned
with billions of parameters for specifically high performance and to balance speed,
accuracy, and efficiency. It is specialized in both general knowledge and domain
specific fields. It also has introduced attention mechanisms that make it very versa-
tile for handling complex tasks like text generation, summarization, and translation.
The main version has a massive 405B parameters and the other two versions have
80B and 8B parameters respectively. [22]. The architecture of the model is shown
in Figure:[4.4]

It has several key specifications. It introduces highly improved attention layers that
help it to focus on important parts of the input. This helps it to handle longer texts
and makes a great relationship between words and concepts. Because it is fine tuned
so greatly it always gives higher accuracy. The most impressive feature is its ability
to adapt to certain domain specific fields like medical, legal, and technical fields. It
is also based on transformer architecture which is now a standard for NLP models.
The architecture’s self-attention mechanism helps to get the context of different
parts of the input sequence. Then the feed forward neural networks process the
information they get from self-attention layers and enable efficient transformation.
It excels in tasks such as reading comprehension, commonsense reasoning, text sum-
marization, and code generation. It also has the ability to control more complex
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Figure 4.2: Mistral 7B Specification

Figure 4.3: Mistral 7B Architecture

datasets that produce contextually relevant responses. The implementation of this
model’s process is shown in Figure:[4.3].

4.4 Deci Al

Deci Al is an advanced artificial intelligence platform that is designed to optimize
deep learning models for improved performance and efficiency. Deci Al considerably
improves speed and accuracy while maintaining the high quality of the model by tai-
loring it for various hardware and deployment settings through the use of automated
neural architecture search (NAS) and optimization approaches. [25] The platform
automates the process of designing and training deep learning models which enables
the developers to achieve superior inference performance with reduced computa-
tional costs. Deci Al is a highly versatile platform that can be used across many
industries, from computer vision to natural language processing (NLP). It helps cre-
ate efficient models that handle complex tasks in real time. Deci Al has become an
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Figure 4.4: Llama 3.1 Architecture

essential tool for organizations that are looking to deploy Al at scale while using
fewer resources.

4.5 SOLAR-10.7B-v1.0

SOLAR-10.7B-v1.0 is a cutting-edge large language model which is developed by
Upstage. This LLM is a significant leap forward when it comes to natural language
processing capabilities. This advanced model is built on the foundation of the trans-
former architecture. This model is both powerful and efficient at the same time. It
consists of 10.7 billion parameters. [24]It has a very good balance between com-
putational power and high performance. SOLAR-10.7B-v1.0 language model uses
Stability-Oriented Language Refinement. It is a technique that is used to make the
model better at almost all kinds of language tasks. Stability-Oriented Language
Refinement keeps the language tasks stable and reliable at the same time. The
Stability-Oriented Language Refinement methodology enhances adaptive learning,
encompassing meticulous data curation, and advanced training paradigms mecha-
nisms. The architecture of this model is shown Figure:[4.6].
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Figure 4.5: Mistral 7B Implementation
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Figure 4.6: SOLAR-10.7b-v1.0 Arthitecture

4.6 Embedding: mxbai-embed-large-v1

The mxbai-embed-large-v1 is a groundbreaking creation from the innovative mixedbread-
ai company that stands as a paragon of excellence in the domain of semantic rep-
resentation. This cutting-edge embedding solution is precisely engineered to excel
when it comes to capturing the nuanced semantics of textual data across differ-
ent spectra of domains. The mxbai-embed-large-vl model uses the latest neural
network technologies to demonstrate the core essence of language in complex (high-
dimensional vector spaces) ways to facilitate an unmatched accuracy score in tasks
like comparing meanings (semantic similarity tasks) and searching information (in-
formation retrieval applications).[26] This model’s architecture or design is based on
advanced attention mechanisms that have new features to help pick up on subtle
changes in context. Another feature is understanding a long range of connections
in the texts with great accuracy. As the model is trained on a very large and care-
fully chosen dataset, it understands everyday language and specialized jargon which
makes it a very highly adaptable model in many different fields. Its capacity to pro-
duce intricate, context-aware representations enhances the efficiency of a range of
natural language processing tasks and provides opportunities for more sophisticated
applications, such as text analysis, sentiment analysis, and content recommenda-
tion. Optimized for efficient processing, the model offers a strong balance between
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computational speed and quality of its language representations which makes it
valuable for both research and practical use cases that require a deep understanding
of language on a large scale.

4.7 Bangla NMT

BanglaNMT is a state of the art Neural Machine Translation system which is devel-
oped by the NLP group at Bangladesh University of Engineering and Technology
(BUET). The system addresses the historically low-resource status of Bangla lan-
guage translation through a comprehensive parallel corpus of 2.75 million Bangla-
English sentence pairs[7]. The system uses OpenNMT’s implementation of the
Transformer model with specialized preprocessing including a custom sentence seg-
menter and a novel "aligner ensembling” approach with batch filtering. The key
innovations were: (1) a customized Bengali sentence segmenter, (2) aligner ensem-
ble combining multiple aligners with LASER-based filtering, and (3) batch filtering
for efficient noise removal [7]. The model uses the SentencePiece tokenizer with sub-
word regularization and a 32k vocabulary for both languages. The reason we used
BanglaNMT as our translation model is because their approach was particularly
effective for legal documents due to their unique solution. As per authors, stan-
dard aligners struggle with legal texts because they contain bullet points ending in
semicolons that would incorrectly fragment sentences. To address this, the authors
developed a specialized regex-based segmenter and aligner specifically for legal doc-
uments. Also, they trained their model on 28,218 law related sentence pairs. These
sentences were sourced from The Legislative and Parliamentary Affairs Division of
Bangladesh website and "Heidelberg Bangladesh Law Translation Project”[7]. This
represents about 1% of their total dataset of 2.75 million sentence pairs. As a result,
their model achieved significant improvements, surpassing previous approaches by
more than 9 BLEU points on the SUPara-benchmark test set (32.10 vs 22.68 for
Bengali-to-English)[7].

4.8 Domain Adaptation

A base language model like Llama 3.1 8B, while powerful and broadly knowledgeable,
is not ideal for specialized legal queries. Without fine-tuning on the legal corpus the
model would suffer due to the lack of in-depth domain-specific knowledge, outdated
legal information, misinterpretation of complex legal concepts, inability to repli-
cate specific legal reasoning patterns, and inconsistency in responses to similar legal
questions [9]. Additionally, general models may struggle with jurisdiction-specific
information, have a higher risk of hallucinating in specialized contexts. Fine-tuning
the model on a specific legal corpus addresses these limitations, making it more
accurate and reliable. To address this issue we load base Large Language Models
- either Llama-3.1-8B-Instruct RAG or Mistral 7B v0.3 RAG - using the Trans-
formers library along with their corresponding tokenizers. To optimize for memory
efficiency and performance, we employ the bitsandbytes library for quantization. We
employed a Parameter efficient Fine-tuning technique called Qlora. Then we opted
for an approach to unsupervised self-training on our laws of Bangladesh dataset
without explicit labels or supervised fine-tuning targets [19]. The process begins by
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Figure 4.7: Domain adaptation process

preprocessing the legal texts, tokenizing them, and creating a dataset.Through mul-
tiple epochs of training on our unlabeled legal corpus, the model gradually improves
its understanding and generation capabilities for legal content, essentially teach-
ing itself through repeated exposure and prediction tasks[31]. The whole process is
demonstrated in the Figure:xxx.

4.9 Full Analysis of BanglaLawBot

At first, our system loads all the appropriate libraries to cover all the various func-
tionalities including text processing, document handling, vector storage, embed-
ding generation, language modeling, and the overall pipeline for retrieval-augmented
generation. The system combines components from Hugging Face’s Transformers,
LangChain, and PyTorch to create its legal information retrieval and response gen-
eration capabilities. At first, we combined all three of our datasets dailystar, judg-
ment, and laws of Bangladesh which we named as golden dataset, and store them in
one folder. Then we create a dictionary of keyword arguments for the text loader.
While loading the document we make sure the text loader can detect the text files
encoding and load them. Then we actually execute the loading process, reading all
the ".txt” files in the specified directory and its subdirectories, and storing the re-
sulting documents in the docs variable. Then using a specialized text splitting tool
from the langchain_ experimental.text splitter module we split the docs variable
into manageable chunks. However, Unlike simple text splitter that split text based
on character or word count, SemanticChunker splits texts in a way that preserves
the semantic meaning of our documents. This is done by mxbai-embed-large-v1 by
mixedbread-ai which is used to understand the semantic content of the text. Using
"standard deviation” means the fragments would analyze the semantic similarity
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of sentences and create breaks where there are significant deviations in meaning.
This approach solves the challenge that the traditional chunking methods face. Tra-
ditional chunking processes are incapable of preserving context and coherent ideas
within each segment. However, our method of chunking preserves contextual seman-
tic insights which can be particularly useful for processing legal documents where
maintaining the integrity of legal concepts is crucial.

Once the documents are chunked, each chunk needs to be converted into a vector
representation. This is done using our mxbai-embed-large-v1l embedding model. The
embedding process works as follows: a) The text chunk is fed into the embedding
model. b) The model processes the text and outputs a high-dimensional vector
(usually hundreds or thousands of dimensions). c¢) This vector captures the semantic
meaning of the text in a way that’s understandable to machines. After embedding,
these vectors are stored in Chroma vector database for quick retrieval

Figure 4.8: RAG Architecture.

After That, we load our proposed Large Language Models - either Llama-3.1-8B-
Instruct RAG or Mistral 7B v0.3 RAG which were fine tuned using our legal dataset
which is mentioned in the domain adaptation part of our paper. After loading the
model we create a text generation pipeline, using the pipeline function from the
Transformers library. This pipeline encapsulates the process of converting input
text to tokens, passing those tokens through the model, and decoding the output
back into text. Furthermore, we lower the temperature of our model to get a more
deterministic output from the model.

When a query is made, the system can quickly search through these pre-computed
embeddings to find the most relevant chunks, without needing to re-process the
original documents. The system does that by calculating the similarity between the
query embedding and all the stored document chunk embeddings using cosine simi-
larity. The system then ranks the document chunks based on their similarity scores
and retrieves the top k most similar chunks. Then by importing the PromptTem-
plate function using the langchain library we send all the corresponding context of
the respected query and a set of instructions to guide the model’s response, helping
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it understand the context and generate relevant and coherent language-based out-
put. Then this generated output is reviewed by an expert preferably by a lawyer for
verification. Keeping a human in the loop in the heart of our model. Once verified,
the output is sent to the user and also stored in a vector database to enhance future
responses. This process ensures accuracy, relevance, and continuous improvement
of the system’s performance by leveraging expert knowledge and building a growing
repository of verified information[14].

Figure 4.9: Model Pipeline.
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Figure 4.10: Model Input & Output.
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Chapter 5

Human In The Loop

Our proposed system Human-in-the-loop shown in Figure:[5.1] includes a human
certification system by hiring legal experts to evaluate the accuracy and relevancy.
The model takes the queries from the users and generates answers with relevant
sources and laws. But before sending it to the users, those answers will go through
legal experts to check if the answer is correct or not shown in Figure:[5.2]. They
will carefully test the answers and will improve it if necessary. And then the model
will also learn from it for future reference. This process makes the information more
accurate and reliable.
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Figure 5.1: Human in the loop (HIL)

Figure 5.2: Pipeline after HIL
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Chapter 6

Result Analysis

6.1 Results

In this research we have done two kinds of result analysis for evaluating our model’s
performance: i. Quantitative analysis and ii. Qualitative analysis.

6.2 Quantitative Analysis

6.2.1 Mass People Ratings

One of the important reasons behind our RAG based embedding system is that we
wanted to make law accessible through easier methods as Delving into legal docu-
ments is difficult for the broader users. Thus we wanted to perform a readability
test. For that reason we conducted an informal public survey in which we received
120 questionnaires from 12 people where each person asked 10 questions in a Google
form then using the contact information from that same form we asked the par-
ticipants to rate the answers on a scale of 1 to 10 based on their readability. A
histogram shown in Figure:[6.1] of the distribution of ratings performed by the par-
ticipants:

Figure 6.1: Readability Scores by participants.
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From the histogram, we can see that the average readability score is 8.03. Depending
on the score we classified the score into two categories:

o Category A: Readability between 6.0 and 8.0: There were 69 questions that
were rated between 6.0 and 8.0. An example is shown in Figure:[6.2]

Query: Q purchased at auction an immovable property belonging to a co-
operative society at Tk. ninety lac. It was proved through evidence that X,
secretary of the said co-operative society, in collusion with Y and Z, forged a
document in favor of Z mentioning therein Tk. forty-five lac as the value of
the property. Under which sections of the Penal Code, 1860 X, Y, and Z may
be found guilty and sentenced? Answer with reference to relevant provisions.

Figure 6.2: Example answer for category-A.

After using the TextStat python library to analyze the lowly generated test in
Figure:[6.3] we can see:

Figure 6.3: Readability test for category-A.

o Category B: Readability between 9.0 to 10: There were 69 questions that
were rated between 9.0 to 10.An example is shown in Figure:[6.4]

Even though this query has been highly scored shown in Figure:[6.5] the Text-
Stat shows medium readability with Very High academic wording.
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Figure 6.4: Example answer for category-B.

Figure 6.5: Readability test for category-B.

6.2.2 Overall Readability Score

The overall readability score is shown in Figure:[6.6] using Textstat library from
Python on ten answers to the query using llama 3.1 8b instruct model:

The survey results demonstrate that our model performs well in readability in test
scores. This performance is promising but the test result from the Textstat library
shows otherwise. The reason will be discussed in the error analysis section.

6.2.3 Expert Evaluation

For further testing our model we have involved a legal expert to evaluate. First, we
asked the expert to give us some queries. We generated answers to those queries
and sent them back. We asked him to rate the questions out of 0 to 100. After
getting the results we saw that the average score was 69.3 shown in Figure:[6.7].
The highest score given by the expert was 82 and the lowest was 52. Here question
number 2,5,6,7 score was above average and questions number 3 and 4 showed that
we need to improve on those areas.

6.2.4 Legal BERTScore

While BERTScore provides valuable insights into the precision, recall, and F1-
score based on contextual embeddings, it has certain disadvantages. Specifically,
BERTScore does not account for the hallucinations of domain-specific text, such as
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Figure 6.6: Overall readability score.

Figure 6.7: Expert evaluation scores.

legal language, where subtle differences in terminology and phrasing can significantly
impact the accuracy of answers. This is why we opted for Legal-BERT Score, a
domain-adapted version of BERT, which is more suited to tasks involving legal texts.
Our metric utilizes two primary scores to evaluate the performance of models.

The first score is an F1 score. Which is measured using the semantic similarity be-
tween the generated answers and the correct answers using cosine similarity of em-
beddings produced by a legal-specific BERT model called legal-bert-base-uncased.
[34] The difference between the F1 score produced by bertscore is that it compares
exact token by token which is good for fine-grained information context similarities
checking. It is not a suitable metric for domain-specific evaluations. In the legal
domain, we already know that both the query and generated response will con-
tain domain-specific terminology and concepts. Our approach operates at a higher
semantic level by computing cosine similarities between entire sentences. This ap-
proach is suitable for us, where understanding the overall semantic meaning and
relationship between sentences is more important than exact token matches.
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The second score termed the hallucinations score, is a composite measure that com-
bines assessments of misinformation, unnecessary sentences, and entity-based hal-
lucinations.

By employing these two scores Shown in Table:[6.1], LegalBertScore provides a more
comprehensive evaluation of both the semantic correctness and the factual reliabil-
ity of generated legal responses. Legal-BERT is fine-tuned for understanding the
unique semantics and structure of legal documents such that we feel obligated to
take LegalBertScore into account in our overall research analysis.

Model F1 Score Hallucination Score
ChatGPT-3.5 0.625 0.617023
ChatGPT-4 1.000 0.649219
Claude 3.5 0.875 0.585438
LLama 3.1 8b Instruct RAG 0.875 0.500484
LLama 3.1 8b Instruct 0.625 0.603831
Mistral RAG 0.750 0.570872

Table 6.1: F1 Score and Hallucination Score Comparison

To further evaluate the model we used bar at law MC(Q question 2023 to test our
hypothesis shown in Table:[6.2].

Model Total Questions | Correct | Incorrect | Accuracy
ChatGPT 100 64 36 64%
Claude 100 54 46 54%
Mistral 100 47 53 47%
Llama 100 68 32 68%

Table 6.2: AI Model Performance Comparison

The performance of AI models on the Bar at Law MCQ 2023 exam reveals impor-
tant insights into the current state of legal Al. Firstly we would like to emphasize
that both Chatgpt 4 and Claude 3.5 are larger models with 1.7 trillion parameters
and 175 billion parameters respectively. Although parameter size does not equate
to performance, a larger context window and better reasoning help in any generaliz-
ing tasks. That’s why these results highlight that specialized training and domain-
specific knowledge, rather than sheer model size, are crucial for legal reasoning tasks.
The strong performance of the RAG-enhanced LLama model suggests that domain
specific tasks such as this nature require the LLM and continuous finetuning with
retrieval mechanisms for legal applications. As Al approaches human-level perfor-
mance on such standardized tests, it sets new benchmarks for legal Al capabilities
while also revealing areas for further improvement in accuracy and reasoning within
the legal domain.

6.3 Qualitative Results

Upon our research, we found that Evaluating RAG-based legal question-answering
systems using generative Al is very challenging. Traditional metrics like ROUGE
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and BLEU scores fall short because they primarily focus on surface-level text simi-
larity and exact word matches, which isn’t suitable for legal content. These scores
were made to test the quality of text summarization and machine translation. Both
heavily focus on ngrams formation which is not suitable for LLM based tasks. Legal
answers often require precise interpretation of laws, accurate citation of precedents,
and complex reasoning chains that can be expressed in multiple yet valid ways. Two
completely different phrasings could both be legally correct answers, but metrics
like ROUGE and BLEU scores would score them differently.

This makes it necessary to often rely on expert human evaluation or develop special-
ized metrics that can account for legal domain-specific requirements, such as citation
accuracy, reasoning validity, and proper application of legal principles. However,
because of resource limitations and lack of proper funding the Human evaluation
part was difficult to be constructed at a satisfactory level. So in order to do a
proper evaluation, we found BERTScore. Unlike traditional metrics like BLEU or
ROUGE, which rely on exact n-gram matching, BERTScore leverages semantic sim-
ilarity, meaning it can account for the contextual meaning of word by word basis.
[5] While BERTScore provides valuable insights into the precision, recall, and F1-
score based on contextual embeddings, it has serious disadvantages. Specifically,
BERTScore does not account for domain specific text where subtle subtle differ-
ences in terminology and phrasing impacts the accuracy of answers. [10]Therefore,
we decided to go for new evaluation metrics that are more suited to tasks involving
legal texts and also lack the overall disadvantage of BERTScore. For an overview,
the BERTScore is shown in Table:[6.3].

Model Precision | Recall F1

ChatGPT-3.5 0.8514 0.8246 | 0.8377
ChatGPT-4 0.9003 0.8751 | 0.8875
Claude 3.5 0.8398 0.8684 | 0.8538
LLama 3.1 8b Instruct RAG 0.8932 0.8635 | 0.8780
LLama 0.7876 0.8408 | 0.8132
Mistral 7b instruct v0.3 RAG 0.6365 0.8027 | 0.7094

Table 6.3: BERTScore Results for Various Models

BERTScore provided valuable insights through precision, recall, and F1 scores based
on contextual embeddings. However, it too presented limitations, particularly in
accounting for the subtle differences in terminology and phrasing that significantly
impact answer accuracy in domain-specific legal texts. For example one of the ques-
tions: How are divorces, dissolution of marriages, or judicial separations
handled for Christians, Hindus, Buddhists, or people of other religions
except for Muslims in Bangladesh?, Chatgpt4 mentions in Figure:[6.8].
Despite it being not a real law according to the government of the People’s Republic
of Bangladesh. In another portion of the answer, the model is getting the act
correctly but explaining it wrongly shown in Figure:[6.9].

The statement chatGPT4 provided is partially accurate but the main contradiction
lies in how divorce grounds are answered in the prompt. A similar problem also is
present in Claude 3.5 sonnet and in chatGPT3.5 also in llama instruct

Finally despite being specifically mentioned in the query answers for Christians,
Hindus, Buddhists, or people of other religions except for Muslims in Bangladesh
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Figure 6.8: First portion of the answer.

Figure 6.9: Second portion of the answer.

both chatGPTs, Claude, and even mistral for some reason mentioned laws from India
instead of Bangladesh. Answer generated by Claude 3.5 sonnet shown in Figure[6.10]:

Figure 6.10: Second portion of the answer.

The act is not clear or accurate. Despite searching for this information. It was not
available on the "bdlaws” website. The only reference we could find to the existence
of the act is shown in Figure[6.11]:

Then we asked our proposed Llama Instruct model to give answers to the same
questions shown in Figure:[6.12]. It gave a detailed and relevant answer.

Again, we asked our proposed Mistral RAG model the same question, and the answer
is shown in Figure:[6.13]. It gave a detailed and relevant answer.

Thus after these obvious blunders showcased by non-RAG models, the limitations
of using BERTScore as a sole metric for performance evaluation were obvious.

6.3.1 Comparative analysis of the performance of different
models on recent events:

We asked different AI models a question based on recent topics in Bangladesh to
see how relevant the answer is. The question was:

Question: What is the legal validity of the current Interim government?

First, we asked this question to ChatGPT(the response is shown in Figure:[6.14])
and Claude sonnet(the response is shown in Figure:[6.15]). But the result was not
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Figure 6.11: Reference of the Hindu Marriage Act.

Figure 6.12: Generated answer from proposed Llama RAG model.

that impressive; they gave very vague answers. Both models gave these answers
after 3 shots.

Then we asked our proposed Llama Instruct model to give answers to the same
questions shown in Figure:[6.16]. It gave a detailed and relevant answer.

We can clearly see that despite being a large model ChatGPT and Claude sonnet
fails to match the performance of our proposed model.

6.3.2 Insights about the model’s performance

Through our results, we got some important insights about the performance of
these models for legal question-answering tasks. Specifically, for the Bar at Law
descriptive questions of 2023.

o Limitations of Large, General-Purpose Models: Even after having an
impressive number of 1.8 trillion parameters and a large context window,
ChatGPT-4 lacks in providing accurate and reliable answers to specific le-
gal questions. Such limitations indicate that model size and general language
understanding on their own do not ensure domain-specific expertise.
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Figure 6.13: Generated answer from proposed Mistral RAG model.

Figure 6.14: ChatGPT(After 3 shots).

o Limitations of Large, General-Purpose Models: Another powerful LLM,
Claude 3.5 shows its inability to make consistent distinctions when it comes
to Bangladeshi law vs other legal systems. This inability points to the critical
need for models to have accurate and jurisdiction-specific legal knowledge. As
legal knowledge does not have any scope to be a bit slightly wrong, so Al ap-
plications can not mix up different legal systems eventually leading to serious
consequences.

o Limitations of Large, General-Purpose Models: With low hallucination
scores and good bar exam performance, our proposed model LLama3.1-8b
instruct RAG has the potential of Retrieval Augmented Generation in legal
applications. With the help of nine thousand plus (9000+) legal documents,
our model achieved a balance between general language understanding and
specific legal knowledge.

e Limitations of Large, General-Purpose Models: There is a clear dif-
ference between ChatGPT-4’s high BERTScore and its actual performance
in answer quality and reliability. This difference highlights the limitations of
purely semantic similarity-based matrices in the evaluation of legal question-
answering systems. Ultimately suggesting the need for more comprehensive
evaluation methods that take factual accuracy and legal relevance under con-
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6.4

Figure 6.15: Claude 3.5 sonnet (After 3 shots).

LLama instruct model:

The legality of the interim government is justified based on both Kelsen's theory and the existing
constitutional law of Bangladesh. According to Kelsen's theory, the legality of a government is
determined by its ability to maintain effective control over the state's machinery. In the case of
the interim government, the president, with the utmost responsibility of the state, swore in this
interim government, giving it legality and enunciating it as a de jure government. Additionally,
the effective control the interim government gained over state machinery, through the controlling
of civil servants, law enforcement agencies, and the emphatic and visible support of the people
at large, proves this interim government to be the de facto government as well. Furthermore, the
recognition of the international community, including the United Nations and various countries,
and their willingness to work with this new government is also a very important characteristic of
a valid government of a country in this era of modern international law. The formation of the
interim government led by Dr Muhammad Yunus was overseen by the president, which goes in
line with the aforementioned constitutional law principle, since the vacuum created by the
absence of the prime minister altogether elevates the duties of the president, thus instating this
government as legal and de jure.

Figure 6.16: LLama instruct model.

sideration.

Limitations of Large, General-Purpose Models: The competitive per-
formance of our proposed model LLama 3.1 8b Instruct RAG compared to
much larger models like ChatGPT-4 clearly shows that smaller models like
ours when combined with domain-specific retrieval mechanisms, become highly
effective in specialized domains like law in our case. On the other hand, mis-
tral 7b instruct RAG is also sufficiently capable of answering the queries with
minimal hallucination.

Error Analysis

Limited Context Window Leads to Insufficient Retrieval One of the
key challenges faced in our model is the limitation of the token size of our
proposed model llama 8b instruct rag and mistral 7b instruct 128K tokens
and 32K tokens respectively, but due to our V-ram limitations, we could not
utilize more than 8k tokens. Unfortunately this results in insufficient retrieval
of relevant documents. Due to this restriction, the model is unable to con-
sider a broad enough range of contextually relevant documents, leading to
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inaccuracies in the generated answers. When the model processes a query,
it sometimes retrieves an incomplete or inadequate set of documents, which
significantly impacts the correctness and completeness of the response. This
can be mitigated by using a better GPU with a bigger V-ram.

Complex Vocabulary from Domain Adaptation Previously we men-
tioned that our model had a higher readability score but performed less on the
Textstat python library this is because after performing domain adaptation on
our legal corpus the vocabulary of the model became more specialized, aligning
with domain-specific jargon. While this improves performance in technical or
legal contexts, it poses a problem for general users or those unfamiliar with the
domain. The language generated by the model may become overly complex
or difficult for non-experts to understand, reducing accessibility and usability
for a broader audience.

Decreased Reasoning Ability for Scenario-Based Questions As a LLM
our model lacks in parameter size also compared to SOTA models our LLM
lacks in reasoning performance. That’s why many of our generated prompts
lacked a deeper understanding of the overall context. While it performs well
in direct or fact-based queries, its ability to understand and logically infer
answers in situations requiring deeper reasoning or hypothetical scenarios, is
limited. This can be mitigated by using Paid LLM services like chatGPT
or using bigger parameter sized open source models like LLama 3.1 70B or
LLama 3.1 405B models.
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Chapter 7

Conclusion

This paper aims to advance the field of legal expertise through an Al-powered legal
assistant, 'BanglaLawBot,” for Bangladesh, an innovative system that combines a
standard LLM model with retrieval-augmented generation. Legal practice requires
critical knowledge that is often inaccessible to the general public, and by addressing
these challenges and tackling the language barrier, we have taken a significant step
by creating three unique datasets, fine-tuning large language models, and integrat-
ing them with a robust RAG system. Key contributions of this research include
the introduction of these datasets, the combination of RAG systems with powerful
LLMs, and the development of the Legal BERT score. Despite the challenges, our
model outperforms available LLMs like ChatGPT and Claude in various aspects,
even with a smaller model size. We also introduced a Human-in-the-Loop system
and validation processes involving public and legal experts, furthering the field while
addressing societal needs. However, it still has several limitations. To explain, the
primary challenge we faced is with resource constraints. Most of the legal data
are copyrighted making it impossible to get access to high-quality datasets with-
out proper funding. Not only datasets but also financial limitations prevented us
from hiring a full-time expert for evaluation. This challenge was also mentioned
by Zhong et al. (2020). Additionally, with our limited resources, the sample size
of our expert evaluation was a collection of only ten questions. This small sample
size might lead to bias while not covering all the legal domains. a limitation also
identified by Chalkidis et al. (2020) due to the lack of large language datasets for
non-English speakers. Again the evaluation of the small sample size was done by
only one evaluator making it a concern. Another undeniable challenge we faced
is with computational power limiting the use of better models and getting a bet-
ter outcome from our proposed framework. To address these limitations and get
better output with our framework we will look for funding to acquire high-quality,
copyrighted legal corpora and scale up computational infrastructure to train larger
models. Also, we plan to deploy our legal embedding system as an app and a ded-
icated website for the Legal RAG system. We also intend to fine-tune embedding
models specifically for the legal domain and explore the use of state-of-the-art LLMs
such as ChatGPT and Claude for enhanced performance. This work marks the be-
ginning of a legal literacy revolution in Bangladesh, making legal documents and
knowledge accessible to the broader population.
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