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Abstract: Efficient retrieval of relevant information from large volumes of legal documents is both critical and challenging in the legal 

domain. Large language models (LLMs) offer a transformative opportunity to enhance the efficiency of legal research by enabling natural 

language - based interfaces for precise information retrieval. Among emerging techniques, Retrieval - Augmented Generation (RAG) has 

gained prominence as a powerful tool for information retrieval. However, basic RAG methods often fall short of meeting the specific 

needs of legal professionals in identifying accurate and contextually relevant information. This paper examines the limitations of existing 

RAG pipelines and proposes an enhanced RAG pipeline tailored for legal information retrieval, designed to improve both accuracy and 

relevancy. Our approach integrates a multi - layered chunking strategy, enhanced metadata annotations, a hybrid search mechanism that 

combines sparse and dense vector embeddings within a vector database. To refine query understanding, we employ query expansion 

techniques and dynamically apply metadata filters. Implementing these approaches can significantly enhance retrieval quality, thereby 

improving the overall effectiveness of legal information retrieval.  
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1. Introduction 
 

Legal research is a critical yet time - intensive aspect of legal 

practice. Legal research is the process of finding information 

that is needed to support legal decision - making. In practice, 

this generally means searching through both statute (as 

created by the legislature) and case law (as developed by the 

courts) to find what is relevant for a specific matter at hand 

[5]. It involves analyzing statutory provisions, judicial 

precedents, and secondary sources such as legal 

commentaries to synthesize a clear understanding of the law 

as it applies to a particular case. Lawyers face significant 

challenges during legal research, often needing to sift through 

hundreds of pages of statutes, case opinions, and supporting 

documents to identify relevant information. This process is 

further complicated by the complexity of interactions 

between statutes and case law, and the constant evolution of 

regulations and judicial interpretations. Despite these hurdles, 

thorough legal research remains essential for crafting 

persuasive arguments, ensuring compliance, and providing 

precise, evidence - based advice to clients, making it a 

cornerstone of effective legal practice.  

 

In this paper, we will explore the limitations of basic Retrieval 

- Augmented Generation (RAG) [18] methods, highlighting 

their shortcomings in the context of legal information 

retrieval. We will delve into advanced RAG techniques that 

have the potential to overcome these limitations and provide 

more accurate and contextually relevant results for legal 

professionals. To demonstrate the effectiveness of these 

approaches, we will conduct a comparative analysis using 

judgments from the Supreme Court of India. This analysis 

will showcase how the enhanced RAG pipeline outperforms 

the naive RAG methods in terms of precision and relevance.  

 

2. Research Background or Literature  
 

Since ChatGPT launched in November 2022 [26], Generative 

AI has made a significant leap forward, with Large Language 

Models (LLMs) [25] becoming powerful tools for boosting 

productivity in various fields, including law. Despite their 

impressive capabilities, these models have a major flaw: they 

sometimes generate content that looks factual but is 

completely fabricated, known as hallucination [34]. This 

issue became evident when a lawyer in the United States filed 

a legal brief citing fake case laws created by ChatGPT [3]. 

This incident revealed the dangers of using AI tools without 

proper guardrails and emphasized the challenges caused by 

the models’ limited expertise in specialized areas like law. To 

fully harness the potential of Generative AI for legal research, 

we must address these shortcomings.  

 

To build a Large Language Model (LLM), the process begins 

with pre - training, where a transformer based model [32] is 

trained on a massive collection of data. This data is usually 

general and not tailored to any specific domain or field, and it 

doesn’t update over time. Because of this, LLMs like GPT - 

4 [27] perform well on general questions but often struggle 

with specialized or advanced topics in areas like law. To solve 

this, we need to inject knowledge into the model. The two 

main ways to do this are fine - tuning [13] the model with 

domain - specific data and using in - context learning [7]. One 

of the most effective methods for in - context learning is 

Retrieval - Augmented Generation (RAG) [18].  

 

2.1 Fine - tuning 

 

Fine - tuning [19] [30] adjusts the parameters of a Large 

Language Model (LLM) to make it better suited for specific 

tasks or specialized domains. There are two main approaches: 

supervised fine - tuning, often called instruction fine - tuning, 

and unsupervised fine - tuning. Instruction fine - tuning trains 

the model to follow specific instructions more effectively by 

providing examples of tasks with clear inputs and expected 

outputs. On the other hand, unsupervised fine - tuning extends 

the pre - training process but uses domain - specific text 

instead of general data. Since this method relies on unlabeled 
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data, the model does not receive explicit instructions or labels. 

The goal is for the model to absorb and retain the knowledge 

from the additional training data, enabling it to handle specific 

domain - related tasks, like answering detailed legal 

questions. Unsupervised fine - tuning is more scalable 

because unlabeled data is easier to gather, but it often 

produces less reliable results compared to supervised 

methods. Additionally, even with domain - specific data, the 

model might not consistently retrieve the added knowledge, 

especially when the domain - specific dataset is small 

compared to the extensive corpus used during pre - training. 

Fine - tuning a model can be expensive due to the ongoing 

training costs required to update it as new data becomes 

available.  

 

2.2 Naive Retrieval Augmented Generation (RAG)  

 

Retrieval Augmented Generation enables Large Language 

Models (LLMs) to access new knowledge sources to answer 

questions. This approach improves pre - trained models by 

adding extra information to the input query, known as in - 

context learning. Instead of updating the model’s weights like 

fine - tuning, it simply modifies the query to include relevant 

knowledge. This method ensures the model can directly 

reference the provided information, avoiding the risk of it 

being lost in training data, as might happen with the 

unsupervised fine - tuning. However, since language models 

have a limited context window, only a small portion of the 

total knowledge can be added to a query at once. We also want 

to reduce the amount of content we pass into model to reduce 

latency and cost of inference. Retrieval Augmented 

Generation (RAG) simplifies in - context learning by 

providing only the most relevant information to the model. In 

legal research, there are often hundreds of thousands of 

judgments and statutes, each running hundreds of pages long. 

Passing an entire document into the model is neither practical 

nor efficient. When a lawyer searches for case law on a 

specific scenario, the system must find the right chunk of the 

document, and include it in the context along with the 

lawyer’s question. This helps the model provide accurate and 

efficient answers.  

 

As shown in Figure 1 The first step in building a RAG is to 

process the documents, first split documents into smaller 

chunks. Then, use an embedding model [21] to generate 

numerical vector rep - resentations for each chunk. Finally, 

store the embeddings in a Vectorstore [17]. 

 

 
Figure 1: Prepare documents. 

 

 
Figure 2: Ask questions. 

 

Once the document index is prepared, we can start asking 

questions as shown in Figure 2. The system will retrieve 

relevant documents based on the query. The process begins 

by creating an embedding for the input question. This 

embedding is then compared with the embeddings in the 

Vectorstore to identify the most relevant document chunks. 

The top N relevant chunks are fetched and added to the 

context of the prompt. This enriched prompt is then sent to 

the LLM, which uses the provided context to generate a 

precise and contextual answer.  

 

2.3 Limitations of the Naive RAG Pipeline for Legal 

Research 

 

The traditional RAG pipeline has several limitations that 

reduce its effectiveness in handling knowledge - heavy and 

specialized natural language processing tasks. Most RAG 

systems divide documents into equally sized chunks, without 

considering the document’s structure or content. These 

chunks typically contain the same number of words or tokens, 

with some overlap to maintain context. The retriever then 

selects the top k most similar chunks, which are usually of a 
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uniform size. Legal texts have a distinct hierarchical structure 

[6] that organizes legal provisions from broad areas to specific 

articles, clauses, and sub - clauses. In structured normative 

texts like constitutions, every detail carries significant 

semantic weight. Unlike everyday language, which often 

includes redundancy and informality, constitutions are 

meticulously crafted, with each word, phrase, and clause 

deliberately chosen to convey precise legal meaning and 

intent. This level of precision demands a detailed approach to 

information retrieval. By analyzing and representing legal 

knowledge at various levels, from individual clauses and sub 

- clauses to larger articles, chapters, and titles, we can fully 

capture the depth of meaning contained in these texts.  

 

One of the core components of RAG is semantic search. The 

semantic search have challenges such as retrieving irrelevant 

or opposing information, indicating the model’s sensitivity to 

language nuances and the potential for unexpected results. 

The most similar chunks are not necessarily the most relevant 

chunks, however many RAG pipelines make this assumption. 

In legal contexts, this can create issues. For example, newer 

statutes might override older ones. Users often need a way to 

filter results to find statutes published after a specific year or 

to answer questions based only on the latest version of a 

statute. Unfortunately, basic RAG systems do not provide 

these filtering features, making it harder to handle such use 

cases effectively. Additionally, most times, standard 

embedding algorithms do not have any domain - specific 

knowledge and therefore, they overlook nuances of certain 

words or phrases in the legal domain.  

 

3. Methodology 
 

Given the various limitations of current and naive RAG 

Pipelines, there is clearly a need to develop and implement 

different strategies in order to address the challenges for the 

legal research. Throughout this section, we will explore a 

variety of different techniques that are aimed to optimize 

RAG performance for the use case.  

 

3.1 Multi - layered Chunking and Embedding 

 

Chunking involves breaking down text into smaller, 

manageable units such as sentences, paragraphs, or specific 

legal provisions. By segmenting complex documents into 

these smaller parts, it becomes easier to closely analyze each 

segment’s content and understand its role within the overall 

context of the document. This approach is especially useful 

for processing and interpreting detailed legal texts. Semantic 

chunking, as implemented in systems like semchunk [4], 

takes this a step further by dividing text into semantically 

meaningful sections. It uses a recursive process that starts by 

splitting the text based on logical separators, such as 

punctuation or paragraph breaks. This process continues until 

each segment reaches a defined size, ensuring that each chunk 

represents a distinct theme or concept. However, this method 

has limitations when applied to legal documents. It fails to 

account for the inherent hierarchical structure of legislative 

texts, where the organization of provisions is carefully 

defined by the author. Traditional semantic chunking treats all 

segments as being on the same level, ignoring the multiple 

layers of structure that determine the legal importance and 

interconnections of different parts. Consequently, while it 

creates coherent and manageable chunks, it does not fully 

capture the layered and systematic organization essential to 

understanding legal documents.  

 

One of the better approaches for chunking and embedding the 

legal documents is to organize the legal documents into 

multiple hierarchical layers [6], each capturing different 

levels of detail. At the highest level, a document - level 

embedding represents the overall theme and purpose of the 

legal text for classification purposes. The document 

component level focuses on specific parts like main texts, 

justifications, or schedules, assigning each an embedding to 

reflect their unique contributions. The basic unit hierarchy 

level captures broader structures such as books, chapters, and 

sections, while the basic unit level creates embeddings for 

individual articles to represent specific legal issues. Further 

granularity is added at the basic unit component level by 

embedding article components like headings or paragraphs 

and at the enumeration level for detailed elements within 

these components. This multi - layered approach enables 

RAG models to provide detailed and contextually relevant 

responses to user queries.  

 

3.2 Query Expansion and Identifying the Filters 

 

Query Expansion [15], also known as query transformation, 

modifies the user’s original question to improve the retrieval 

of relevant information in a RAG pipeline. Often, user 

questions do not provide enough detail to guide the algorithm 

effectively, particularly when using cosine similarity for 

matching. This can result in the algorithm retrieving 

irrelevant chunks by focusing on the wrong sections of the 

document. For more complex queries and documents, 

additional reasoning steps are necessary, which basic RAG 

pipelines are not equipped to handle.  

 

An advanced method to address this is Hypothetical 

Document Embeddings (HyDE) [9]. HyDE enhances 

retrieval by using a large language model (LLM) to generate 

a hypothetical response to the user’s query [16]. The system 

then performs similarity searches using both the original 

question and the generated hypothetical document. This 

technique has been shown to outperform traditional methods 

and eliminates the need for custom embeddings. However, it 

is not without limitations, as the quality of results depends on 

the accuracy of the LLM - generated hypothetical document, 

which can occasionally lead to errors. Query expansion 

techniques can also be used to automatically identify and 

apply filters while searching the Vectorstore.  

 

3.3 Metadata Annotation 

 

Metadata annotation plays a vital role in enhancing the 

document processing phase of Retrieval - Augmented 

Generation (RAG) systems. This process involves enriching 

documents with structured information, such as titles, authors, 

publication dates, and categories, to improve both retrieval 

accuracy and contextual understanding. For example, when 

processing case laws, metadata may include details such as 

the names of judges, the year of judgment, the type of case, 

and the popular name of the case. Each document or its 

segmented parts is tagged with metadata that captures its 

content, origin, and relevance. This added layer of 
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information allows the RAG pipeline to conduct more 

targeted searches and prioritize results based on contextual 

factors like dates or legal jurisdictions. By integrating 

metadata, RAG systems can better align retrieved chunks 

with user queries, resulting in more accurate and meaningful 

responses. Additionally, metadata annotation enables 

advanced query features, such as filtering and sorting results, 

making it an essential component of effective document 

processing.  

 

3.4 Re - ranking To Improve Retrieval Relevancy 

 

Standard RAG pipelines allow users to specify how many 

documents or chunks the algorithm should retrieve and use as 

context for a query. Typically, the top 1 or 2 chunks 

determined by cosine similarity or k - nearest neighbors 

search are included as context. However, these methods 

prioritize similarity, which does not always align with 

relevance. Re - ranking algorithms [10] [12] address this 

limitation by reorganizing the retrieved chunks based on their 

relevance rather than similarity. For example, after ranking 

the top 10 chunks by cosine similarity, a re - ranking 

algorithm evaluates their relevance and selects the most 

pertinent chunks to include as context.  

 

3.5 Fine - tuning the Embedding Model 

 

Embedding algorithms are what convert text into numerical 

representations, and play a crucial role in RAG pipelines. It is 

possible to fine - tune [13] embedding models based on 

domain - specific knowledge to enhance retrieval [31] [2] [11] 

in that specific domain. Embeddings can also be dynamic 

where they adapt when words have slightly different 

meanings based on the context. Fine - tuning embedding 

models with legal documents could significantly improve 

models ability to differentiate meaning for different words in 

the legal context and improve overall accuracy.  

 

3.6 Hybrid Search for Retrieval 

 

A hybrid approach combining dense and sparse vector 

embeddings is a powerful method for improving accuracy and 

relevance in Retrieval - Augmented Generation (RAG) 

systems [22]. Dense embeddings, generated by transformer 

based models capture semantic meaning and are effective for 

finding contextually similar content [14], even when the exact 

words differ. Sparse embeddings, on the other hand, rely on 

traditional term - based methods like TF - IDF or BM25 [23] 

and excel at capturing ex - act matches and keyword - based 

relevance [24]. By integrating both methods, the hybrid 

approach leverages the strengths of each: dense embeddings 

ensure semantic richness, while sparse embeddings provide 

precision for keyword alignment. This combination enhances 

the retrieval pipeline by covering a broader spectrum of 

contextual and literal relevance, reducing the chances of 

missing critical information. Additionally, re - ranking 

mechanisms can further refine results by weighting dense and 

sparse contributions based on the query type, ensuring that the 

most pertinent chunks are selected as context for RAG 

responses. This dual - layered strategy leads to more accurate, 

relevant, and robust retrieval performance  

 

 

4. Evaluation 
 

When evaluating RAG systems in the legal domain, two 

primary aspects must be assessed: the system’s ability to 

retrieve relevant legal context and its capacity to provide 

accurate answers based on that context. The Legal dataset we 

have include ground truth context and answers curated by 

legal experts, such as case summaries or interpretations of 

statutes. Structured evaluation involves comparing the 

model’s responses to these ground truth answers, offering a 

robust measure of the model’s accuracy. On the other hand, 

unstructured evaluation assesses the quality of retrieved 

chunks and the generated answers without relying on 

predefined ground truth data. While structured evaluation 

provides a clearer picture of the model’s precision, 

unstructured evaluation is valuable in scenarios where ground 

truth data is unavailable, a common situation in the legal 

domain due to the complexity and variability of legal texts.  

 

4.1 Retrieval Quality 

 

The primary method to evaluate retrieval quality in the legal 

domain using structured evaluation is through document - 

level and section - level accuracy. Since the dataset includes 

entire legal documents and the specific sections referenced by 

legal professionals, we compare these referenced sections to 

the chunks returned by the system. If the retrieved chunks 

correspond to the same document or section cited by the 

expert, the retrieval accuracy is considered high. A similar 

approach is applied to evaluate section - level accuracy.  

 

For unstructured evaluation, the quality of retrieved chunks 

can be assessed using Context Relevance, as outlined in the 

RAGAS Framework [8]. This metric involves prompting a 

large language model (LLM) to identify the number of 

sentences within the retrieved context that are directly 

relevant to answering a legal query. The context relevance 

score is calculated as the ratio of relevant sentences to the total 

number of sentences in the retrieved chunk. This score 

penalizes redundant or irrelevant information and rewards 

chunks that predominantly contain sentences providing 

substantive answers to the legal question, ensuring the 

retrieval is both precise and meaningful.  

 

4.2 Answer Accuracy 

 

For structured evaluation of question - answering in the legal 

domain, we assess the accuracy of the model’s answers 

against ground truth answers provided in the dataset. Standard 

metrics like BLEU [29], Rouge - L [35] and cosine similarity 

[1] are used for comparison. However, these metrics often fall 

short in capturing the semantic nuances between two legal 

answers and may provide misleading results. To address this 

limitation, we also employ LLM - based evaluation [20], 

using tailored prompts with models like GPT to assess the 

accuracy of a model’s response compared to the ground truth 

answer.  

 

Additionally, we evaluate the quality of the generated 

answers in an unstructured manner by analyzing their 

alignment with the retrieved legal context. Metrics like 

Answer Faithfulness, introduced by the RAGAS [8] 

framework, are particularly valuable. Faithfulness measures 

Paper ID: SR25519041742 DOI: https://dx.doi.org/10.21275/SR25519041742 1249 

http://www.ijsr.net/


International Journal of Science and Research (IJSR) 
ISSN: 2319-7064 

Impact Factor 2024: 7.101 

Volume 14 Issue 5, May 2025 
Fully Refereed | Open Access | Double Blind Peer Reviewed Journal 

www.ijsr.net 

how well the model’s answers are grounded in the provided 

context by calculating the proportion of statements in the 

answer that are supported by the context. This score also 

serves as an indicator of whether the model is hallucinating 

information without relying on ground truth answers. A high 

faithfulness score indicates that the generated answer is well 

- supported by the retrieved legal documents and does not 

introduce information beyond the context, ensuring reliability 

and accuracy in legal applications.  

 

5. Results 
 

To evaluate the performance of the advanced RAG system, 

we developed a benchmark dataset based on judgments from 

the Supreme Court of India. This dataset consists of 300 

questions about case laws covering a wide range of legal 

topics. Each entry includes a question (e. g., “Which is the 

most important case law discussing LGBTQ rights in 

India?”), an answer (e. g., “Navtej Singh Johar vs. Union of 

India, Ministry of Law and Justice, September 6, 2018”), an 

evidence string (containing the necessary information to 

verify the answer), and the page number from the relevant 

document. This dataset enables a comprehensive assessment 

of the RAG model’s ability to retrieve relevant context and 

generate accurate answers to legal questions, showcasing the 

potential of large language models (LLMs) in advancing legal 

research. We compared the performance of a naive RAG 

setup against the advanced RAG. As illustrated in table 3, the 

advanced RAG approach outperformed the naive RAG setup 

across all evaluated metrics.  

 
RAG Cosine_Similarity Bert_Score Lim_Eval 

Naïve RAG 0.1 0.6 0.2 

Advanced RAG 0.28 0.8 0.6 

Figure 3: Results 

 

6. Conclusion 
 

Enhancing retrieval performance significantly improves the 

overall quality of systems designed for document - based 

question - answering in the legal field. Identifying the correct 

sections of text not only ensures more accurate legal 

references but also results in clearer and more precise answers 

to legal in - quiries. This underscores the critical role of 

effective retrieval mechanisms, as even the most advanced 

generation models rely on accurate context to produce reliable 

responses. We utilized various evaluation methods to 

highlight how advanced RAG techniques address known 

retrieval and generation challenges.  

 

Despite the significant progress made in enhancing Retrieval 

- Augmented Generation (RAG) systems, there are additional 

opportunities to improve the advanced RAG architecture. One 

such avenue is the integration of Corrective RAG approaches 

[33], which focus on dynamically refining the retrieval 

process and correcting errors during runtime. This method 

enables the system to iteratively improve its retrieval 

accuracy by analyzing feedback from earlier stages, ensuring 

more relevant context is provided for answering questions. 

Additionally, Agentic RAG [28] approaches offer a 

promising di - rection by introducing autonomous decision - 

making capabilities within the RAG framework. These 

approaches involve leveraging agents that can reason, plan 

retrieval strategies, and adapt to complex, multi - step queries 

often encountered in the legal domain. By incorporating these 

advanced method - ologies, the performance of RAG systems 

could be significantly enhanced, addressing limitations in 

retrieval accuracy and contextual understanding while 

pushing the boundaries of their application in specialized 

fields like legal research and beyond.  
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