
 
 

 
 
 
 
 
 
 
 
 
 

 

Configuration Manual 
 
 
 
 

 

MSc Research Project 
 

MSc in Data Analytics  
 
 

 

Nithin Reddy Yelala 
 

Student ID: 23416858 
 
 
 

School of Computing 
 

National College of Ireland 
 
 
 
 
 
 
 
 
 
 
 

Supervisor: Barry Haycock 



 

 
National College of Ireland 

 

MSc Project Submission Sheet 

 

School of Computing 

 

Student 

Name: 

Nithin Reddy Yelala 

…….…………………………………………………………………………………………………………… 

 

Student ID: 

23416858 

……………………………………………………………………………………………………………..…… 

 

Programme: 

MSc in Data Analytics 

……………………………………………………………… 

 

Year: 

2025 

………………………….. 

 

Module: 

Research Practicum 

………………………………………………………………………………………………………….……… 

 

Lecturer: 

Barry Haycock 

………………………………………………………………………………………………………….……… 

Submission 

Due Date: 

11-12-2025 

………………………………………………………………………………………………………….……… 

 

Project Title: 

Embedding Model Evaluation in Legal RAG systems for Automobile Law 

Question Answering 

………………………………………………………………………………………………………….……… 

Word Count: 

1043 

……………………………………… Page Count: ………10………………………….… 

 

I hereby certify that the information contained in this (my submission) is information 

pertaining to research I conducted for this project.  All information other than my own 

contribution will be fully referenced and listed in the relevant bibliography section at the 

rear of the project. 

ALL internet material must be referenced in the bibliography section.  Students are 

required to use the Referencing Standard specified in the report template.  To use other 

author's written or electronic work is illegal (plagiarism) and may result in disciplinary 

action. 

 

Signature: 

Nithin Reddy Yelala 

……………………………………………………………………………………………………………… 

 

Date: 

11-12-2025 

……………………………………………………………………………………………………………… 

 

 

PLEASE READ THE FOLLOWING INSTRUCTIONS AND CHECKLIST 

 

Attach a completed copy of this sheet to each project (including multiple 

copies) 

□ 

Attach a Moodle submission receipt of the online project 

submission, to each project (including multiple copies). 

□ 

You must ensure that you retain a HARD COPY of the project, both 

for your own reference and in case a project is lost or mislaid.  It is not 

sufficient to keep a copy on computer.   

□ 

 

 

Assignments that are submitted to the Programme Coordinator Office must be placed 

into the assignment box located outside the office. 

 

Office Use Only 

Signature:  

Date:  

Penalty Applied (if applicable):  



1 
 

 

 
 

Configuration Manual  

Embedding Model Evaluation in Legal 

RAG Systems for Automobile Law 

Question Answering 

Nithin Reddy Yelala 

23416858 

1. Introduction 

Retrieval-Augmented Generation (RAG) has become a crucial technique for building 

domain-specific question-answering systems, especially in fields where legal, regulatory, and 

procedural knowledge must be retrieved with precision. The complexity of Indian automobile 

laws, combined with the need for accurate interpretation, creates challenges for traditional 

NLP models that rely solely on prompt-based LLM responses. These models lack grounding 

in authoritative legal sources and cannot guarantee factual accuracy. 

To address these issues, this project develops a comprehensive RAG pipeline capable of 

extracting, embedding, retrieving, and reasoning over legal texts derived from The Motor 

Vehicles Act, 1988 (Government of India). The system converts law documents into 

structured text chunks, encodes them into semantic embeddings, stores them in a vector 

database, retrieves relevant chunks based on user queries, and finally generates context-

aware, legally grounded answers using an LLM. 

A major focus of this project is evaluating multiple embedding models—including All-

MiniLM-L6-v2, bge-large-zh, UAE-Large-V1, Qwen3-Embedding-0.6B, InLegalBERT, 

KoSimCSE-roberta-multitask, all-mpnet-base-v2, and multilingual-e5-large—to determine 

which model provides the highest semantic alignment and retrieval quality for Indian 

automobile law queries. 

This system is designed for: 

• Legal assistants and law researchers 

• Traffic enforcement analysis 

• Automobile law consultancy 

• Intelligent legal chat systems 

• AI-assisted legal document search 

Through structured text preprocessing, embedding comparison, RAG assembly, and 

performance evaluation, this project aims to establish an efficient and reliable legal QA 

pipeline grounded in authoritative legislative sources. 
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2. Research Question 

Primary Research Question: 

How effectively do different embedding models support retrieval-augmented legal 

question answering for Indian automobile laws, and which model provides the most 

accurate and semantically aligned responses within a RAG pipeline? 

Detailed Explanation 

Indian automobile laws are highly specific, context-driven, and text-dependent. The quality 

of retrieval depends strongly on the embedding model’s ability to: 

(A) Legal Semantic Understanding 

Evaluate whether embeddings accurately capture: 

• Legal terminology and definitions 

• Penalties, clauses, sections, and subsections 

• Contextual interpretation of legal obligations 

• Domain-specific phrasing found in government legislation 

The research question investigates whether some models—particularly multilingual or legal-

domain models—encode legal semantics more effectively. 

(B) Retrieval Precision and Ranking Quality 

Determine how embedding choice affects: 

• Retrieval of correct law sections 

• Ranking of relevant chunks at higher positions 

• Reduction of noise in retrieved legal text 

• Ability to match a user query to its specific legal counterpart 

Because correct retrieval is critical for proper answer generation, the study compares models 

on recall@k, precision@k, and nDCG to show how embedding models influence retrieval 

quality. 
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3. Environment Setup 

Proper environment setup ensures consistent processing, embedding creation, retrieval 

operations, and LLM-based answer generation. 

3.1 Recommended Hardware 

Component Recommended 

GPU 
NVIDIA T4 / RTX 3060 / A100 (optional but beneficial for large embedding 

models) 

RAM Minimum 8 GB, recommended 16–32 GB 

CPU Quad-core or better 

Storage 5–10 GB for datasets + embeddings + vector DB 

Most steps run smoothly on CPU; GPU helps for faster embedding generation for large 

models. 

 

3.2 Operating System 

Compatible OS: 

• Windows 10/11 

• macOS 

• Linux (Ubuntu recommended for scalability) 

 

3.3 Python Version 

Python 3.10 or 3.11 is recommended. 

The codebase and dependencies have been tested successfully on these versions. 

 

3.4 Required Libraries 

Core Libraries 
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• numpy 

• pandas 

• matplotlib 

• seaborn 

NLP + Embedding 

• sentence-transformers 

• HuggingFace transformers 

• langchain 

• langchain-community 

• chromadb 

Machine Learning / Evaluation 

• scikit-learn 

Utility 

• os 

• re 

• json 

• tqdm 

 

3.5 Installation Commands 

pip install numpy pandas matplotlib seaborn scikit-learn 

pip install sentence-transformers transformers 

pip install langchain langchain-community 

pip install chromadb 

pip install pypdf python-dotenv 

If GPU is available: 

pip install torch --index-url https://download.pytorch.org/whl/cu118 

 

4. Dataset Description 

The dataset is the Motor Vehicles Act, 1988 from indiacode.nic.in. It includes definitions, 

licensing rules, offenses, traffic regulations, and legal procedures. The PDF is converted to 

structured text for embedding creation. 

5. Data Preprocessing 

Text is extracted, cleaned, and chunked (512–1000 tokens) while preserving sections. 

Metadata like section numbers and chunk IDs are added. This ensures uniformity for vector 

database storage. 

https://download.pytorch.org/whl/cu118
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6. Exploratory Data Analysis 

EDA examines text distribution and legal complexity using word clouds, frequency plots, 

section-wise volumes, and n-gram patterns. Insights guide chunking and preprocessing 

decisions. 
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7. Embedding Model Architectures 

Eight embedding models are evaluated, including multilingual-e5-large (best) and 

InLegalBERT. Each model uses identical pipelines to ensure fair comparison. 
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8. Training / RAG Pipeline Execution 

Text chunks are embedded and stored in ChromaDB. User queries are matched to relevant 

chunks, which are fed to an LLM for context-aware answer generation. 
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9. Evaluation Metrics 

Retrieval quality is measured via Recall@k, Precision@k, nDCG, and cosine similarity. QA 

outputs are evaluated using EM, F1, ROUGE-L, BLEU, and embedding similarity. 
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