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Abstract

Legal information retrieval has become more difficult because of the large increase in the number of legal
documents, statutes, and case records. Traditional systems depend mostly on keyword matching. This often
misses the deeper meanings behind complex legal questions and can lead to irrelevant results. To tackle this
issue, a new legal assistance system is proposed to improve both accuracy and relevance while providing
clear and user-friendly information. This approach combines keyword-based and semantic retrieval methods.
The Best Matching 25 (BM25) algorithm measures keyword relevance, while Facebook Al Similarity Search
(FAISS) helps with semantic similarity searches between queries and legal texts. Legal-Bidirectional Encoder
Representations from Transformers (Legal-BERT) creates context-specific embeddings. A retrieval-
augmented generation framework supported by the Large Language Model Meta Al (LLaMA) model ensures
responses are clear and aware of the context.

Keywords: Legal Information Retrieval, Hybrid Retrieval, BM25, FAISS, Semantic Search, Legal-BERT,

Retrieval-Augmented Generation (RAG), LLaMA, Natural Language Processing (NLP).

1. Introduction

The legal documents are growing fast including laws,
court decisions, regulations and judicial opinions.
This makes it very hard for both legal professionals
and the general public to find the information they
need quickly. As the amount of data gets bigger it
takes more time and is more complicated to find
accurate and useful information. The old search
systems mostly use keyword-based techniques,
which often do not understand what the user is really
looking for leading to results that're not relevant or
only partially useful and making research take longer
(Robertson & Zaragoza, 2009; Mitra & Craswell,
2018). New developments in intelligence and natural
language processing have made big improvements in
how machines understand human language. Models
like BERT are very good at understanding the context
of words in text, which helps to understand what the
user is looking for (Devlin et al., 2019). Specialized
models like Legal-BERT are even better at
understanding terms and structure which makes them

more effective(Chalkidis et al., 2020). Also
techniques like FAISS allow systems to find
documents based on what they mean rather than just
exact keyword matches, which makes the results
more relevant (Johnson et al., 2019). To make the
results even better some approaches combine finding
information with language models to generate
answers that're aware of the context and make sense
(Lewis et al., 2020; Izacard & Grave, 2021). Big
language models like LLaMA are very good at
reasoning, summarizing and generating human-
language, which makes them useful for simplifying
complex legal information (Touvron et al., 2023;
Raffel et al., 2020). These models help to connect the
legal text to explanations that are easy to understand.
This work is building on these developments and is
proposing a smart legal assistance system that
combines the old keyword-based search with
semantic search and generative Al techniques. By
using BM25 for keyword ranking, FAISS for
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understanding what is similar in meaning Legal-
BERT, for understanding the context and LLaMA for
generating answers the system is trying to improve
both how accurate the search results are and how well
the answers are explained. This approach makes sure
that both exact keyword matches and what the words
mean are considered, which results in relevant search
outcomes (Chalkidis et al., 2020; Johnson et al.,
2019). In the end the system makes it easier for
people to get information, reduces the time it takes to
do research and gives users trustworthy and easy-to-
understand legal guidance. [1-2]

2. Related Works

2.1.Traditional Legal Information Retrieval
The old way of finding information uses keywords to
search for things. This method is like using
something called BM25, which looks at how a word
is used in a document (Robertson & Zaragoza,
2009).1t works well but it does not really understand
what the person searching is looking for. It also does
not consider the context so it often gives us results
(Mitra & Craswell, 2018; Guo et al., 2016) This
shows that we need a way to search that understands
the context.[3]

2.2. Transformer Based Models in Legal NLP
Models like BERT are really good at understanding
language because they look at the context (Devlin et
al., 2019). Then there is Legal-BERT, which's even
better at understanding legal things because it knows
the special words used in law (Chalkidis et al., 2020).
However these models are not great at searching
through a lot of information (Gao et al., 2021).[4]

2.3.Semantic Search and Vector Based

Retrieval
When we search for something we want to find things
that mean the thing does not just have the same
keywords. This is called search and it uses something
called embeddings (Clinchant & Perronnin, 2013).
Then there is FAISS, which's a way to quickly search
through a lot of information to find similar things
(Johnson et al., 2019). This makes the search results
more relevant. Sometimes they are not precise
enough (Thakur et al., 2021).
2.4.Retrieval-Augmented Generation (RAG)

There is a way to combine searching and generating
text. It is called Retrieval-Augmented Generation or

RAG for short. This method uses searching to help
generate text that's aware of the context (Lewis et al.,
2020). It is really good at making sure the facts are
correct. It depends on how good the search is.
(Izacard & Grave, 2021; Althammer et al., 2021).

2.5.Large Language Model for Legal

Applications

There are language models like LLaMA that are
really good at reasoning and generating text that
people can understand (Touvron et al., 2023).
However these models can sometimes produce text
that is not supported by facts so we need to use them
with search systems to make sure they are reliable
(Chalkidis et al., 2021; Wehnert et al., 2024).
3. Methods

3.1.System Overview
The design of the system can be characterized as an
intelligent legal assistance system, which includes the
integration of traditional information retrieval
technologies with modern natural language
processing technologies. The main purpose of the
system is to increase the relevance of found legal
documents as well as generation of clear and
understandable legal explanations for a user. The
methodology used in the research involves the usage
of keyword searching (BM25) (Robertson and
Zaragoza., 2009), semantic searching through FAISS
(Johnson et al., 2019), context embedding generation
using Legal-BERT (Chalkidis et al.,2020), as well as
responses generation using the LLaMA language
model developed (Touvron et al.,, 2023). The
combination of approaches allows one to include
both keyword-based matching and semantic
understanding into the algorithm, thereby increasing
the relevance and precision of legal information
retrieval (Mitra & Craswell, 2018; Lewis et al.,
2020). Integration of retrieval and generation
approaches helps to increase the relevance of found
information and quality of generated responses
(Izacard & Grave, 2021; Raffel et al., 2020).[5]

3.2.Architecture of the Proposed System
The architecture of the system follows a pipeline-

based approach where multiple components work
together to process the user query and generate a final
response.The architecture of the system is based on
the pipeline approach. The pipeline begins with text
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preprocessing (Devlin et al., 2019), then continues
with hybrid retrieval based on BM25 (keyword-based
approach) and FAISS (semantic retrieval) algorithms
(Robertson & Zaragoza, 2009; Johnson et al., 2019).
Contextual embeddings are obtained from the Legal-
BERT (Chalkidis et al., 2020), and the next step is re-
ranking to increase the relevancy of results (Nogueira
& Cho, 2019). Then comes the use of RAG
framework (Lewis et al., 2020), and at the very end,
the LLaMA produces a user-friendly output (Touvron
etal., 2023).
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Figure 1 Proposed hybrid legal Al system
architecture showcasing retrieval, processing,
and response generation workflow [16]

3.3.Dataset Description
The system works with legal text corpora, which
contain case laws, legislation, and judgments
obtained from legally available sources and online
databases. The main corpora that will be used are the
Indian Legal Dataset (ILDC), the Supreme Court of
India Judgment Dataset, the Indian Kanoon Legal
Corpus, and the Custom Indian Legal Corpus, which
are built using online court websites and legal portals.
These datasets have become the standard corpora for
conducting experiments related to legal text
classification and retrieval tasks and represent real-
world legal queries (Chalkidis et al., 2020; Devlin et
al., 2019; Thakur et al., 2021). They have complex
legal language, domain-specific terminology, and
long documents that make them fit for testing not
only the precision of the retrieval but also the quality
of the responses generated by the system (Guo et al.,

2016; Mitra & Craswell, 2018). Domain-specific
embeddings and retrieval methods also improve the
results (Clinchant & Perronnin, 2013; Johnson et al.,
2019; Gao et al., 2021). Transformer-based methods
also help with the improvement of legal text analysis
and retrieval (Izacard & Grave, 2021; Lewis et al.,
2020; Nogueira & Cho, 2019; MacAvaney et al.,
2019).

3.4.Text Preprocessing
Before retrieval, the input query and documents go
through preprocessing techniques that improve
consistency and reduce noise. This covers
tokenization, which splits the text into smaller pieces
such as words or tokens to make it easier for models
to process (Devlin et al., 2019). Stopword removal
removes commonly used words like “the” and “is”
that add little actual value, thus reducing noise and
improving retrieval efficiency (Mitra & Craswell,
2018). Lemmatization changes words into their base
form (e.g., “running” to “run”), helping standardize
the text and improve matching between queries and
documents (Raffel et al., 2020). Jointly, these
techniques increase both keyword matching and
embedding quality, leading to finer overall retrieval
performance.[6]

3.5.Hybrid Retrieval Approach
The system chooses a hybrid retrieval plan that
merges keyword-based and meaning-based search
methods to handle individual limitations and enhance
retrieval effectiveness (Mitra & Craswell, 2018;
Thakur et al., 2021).

3.6.BM25-Based Keyword Retrieval
BM25 is used to fetch documents based on keyword
importance by considering term frequency and
inverse document frequency (Robertson & Zaragoza,
2009; Lv & Zhai, 2011). This method is powerful for
identifying apt matches but needs more semantic
understanding for complicated queries (Guo et al.,
2016).

3.7.FAISS-Based Semantic Search
To overcome this issue, FAISS is used for semantic
resemblance search by changing documents into
vector representations and using similarity measures
(Johnson et al., 2019; Clinchant & Perronnin, 2013).
This enhances retrieval by grabbing contextual
meaning instead of exact word matches (Thakur et
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al., 2021).

3.8.Embedding Generation using Legal-BERT
Legal-BERT gives contextual embeddings designed
for legal text, enhancing the understanding of
domain-specific language (Chalkidis et al., 2020;
Beltagy et al., 2019). These embeddings improve
semantic matching in retrieval systems (Devlin et al.,
2019).

3.9.LLM-Based Re-ranking
After accessing, re-ranking is carried out using
language models to filter document relevance based
on detailed contextual understanding (Nogueira &
Cho, 2019; Gao et al., 2021; MacAvaney et al.,
2019). This guarantees that the most relevant
documents are sorted.

3.10. Retrieval-Augmented Generation (RAG)
The system utilizes a RAG structure where top-
ranked records are used as context throughout
response generation (Lewis et al., 2020; Izacard &
Grave, 2021). This enhances exact accuracy and
lowers hallucination while generating safe responses
(Nallapati et al., 2016).[7]

3.11. Answer Generation using LLaMA
The final answer is made using the LLaMA model,
which  provides clear and human-readable
explanations (Touvron et al., 2023). It helps
reasoning,  summarization, and  explanation
generation for complicated legal questions (Raffel et
al., 2020).[8]

3.12. Workflow of the System
The workflow contains query submission,
preprocessing, keyword recovery using BM2S5,
meaning-based retrieval using FAISS, embedding
generation with Legal-BERT, re-ranking using
LLMs, and output generation by RAG and LLaMA
(Robertson & Zaragoza, 2009; Johnson et al., 2019;
Chalkidis et al., 2020; Lewis et al., 2020).[9]
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Figure 2: Visual representation of the proposed
system’s functional flow [1]
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3.13. Advantages of the Proposed Method

The proposed method enhances accuracy by joining
keyword and meaning-based findings (Mitra &
Craswell, 2018), improves understanding using
domain-specific representations (Chalkidis et al.,
2020), and gives context-aware outputs (Izacard &
Grave, 2021). It also lowers irrelevant results and
enhances efficiency in legal information retrieval
(Chalkidis et al., 2021).[10]
4. Experiment

4.1.System Setup
This system uses a hybrid approach, where traditional
information retrieval techniques have been combined
with advanced NLP algorithms. The algorithm BM25
is selected to retrieve the query based on keywords
since it is effective at ranking documents based on
terms and relevancy (Robertson & Zaragoza, 2009;
Guo et al., 2016). In addition, the FAISS library will
be used to perform similarity searches on dense
vector representations (Johnson et al., 2019). Legal-
BERT is chosen as the algorithm that can create
domain-relevant contextual embeddings to improve
the understanding of the terminology and documents
involved (Chalkidis et al., 2020; Devlin et al., 2019).
Finally, RAG is incorporated into the LLaMA
algorithm to generate responses in the form of
coherent legal explanations (Lewis et al., 2020;
Touvron et al., 2023).[11]

4.2.Implementation Details
This system was developed using established
approaches from the fields of natural language
processing (NLP) and machine learning. FAISS is
applied for indexing and similarity searches (Johnson
et al., 2019), and the implementation of legal BERT
and LLaMA uses the latest framework HuggingFace
(Devlin et al., 2019).
Tests are performed in the CPU-GPU setup as it
allows effective processing of embeddings and
inference in large-scale datasets. As prior studies
reveal, optimized utilization of hardware leads to
significant performance improvement in such
systems (Johnson et al., 2019; Nallapati et al., 2016).

4.3.Test Procedure
The architecture is tested using a pipeline-based
process that mimics real-life situations. The user's
query undergoes preprocessing before being run
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through the hybrid search engine. In this regard,
BM25 fetches relevant documents based on
keywords (Robertson & Zaragoza, 2009), and FAISS
finds similar documents based on vectorial similarity
(Johnson et al., 2019).These documents are then
merged and improved by re-ranking them to ensure
high relevancy (Nogueira & Cho, 2019; Gao et al.,
2021). The best-ranked documents are finally fed into
the RAG architecture (Lewis et al., 2020), and
LLaMA generates the final output (Touvron et al.,
2023).[12-13]

Model Performance Heatmap

Low Medium High Very High

S
o 0
Low B High

0.6 1.0
Figure 3: Heatmap showing the performance of
the proposed hybrid model across evaluation
metrics.[12]

It is important to note that the answer is clear and
understandable for users who do not have domain-
specific knowledge. Thus, the assessment ensures
that there is high retrieval and response accuracy.
Furthermore, previous studies have established that
combining retrieval and generation greatly enhances
performance (Izacard & Grave, 2021; Raffel et al.,
2020).

Distribution of Retrieval Scores

Fregenncy

0.0 0.2 0.4 0.6 0.8 1.0
Retrieval Score

Figure 4: Distribution of retrieval scores for the
proposed hybrid model [14]
5. Evaluation
5.1.Evaluation Metrics
The model is evaluated based on conventional
performance measures like Precision, Recall, F1-
Score, Accuracy, and Top-K Accuracy, which
indicate search effectiveness and the relevancy of the
generated response. The Precision and Recall
measures indicate precision and completeness,
respectively, whereas the F1-Score measure indicates
an evaluation between precision and recall. Accuracy
indicates the correctness of predictions, and Top-K
accuracy guarantees that all relevant responses
appear in the top retrieved results.[14]
Approximate Performance of each metric:
Precision = 0.84, Recall = 0.81, Fl1 =
0.82, showcasing strong retrieval
effectiveness.
5.2.Performance Comparison
The hybrid method was evaluated against BM25 and
FAISS semantic search engines. It has been found
that the hybrid system performs better through the
combination of both keyword matching and semantic
reasoning (Robertson & Zaragoza, 2009; Johnson et
al., 2019).

Table 1: Performance comparison of BM25,
FAISS, and the proposed hybrid model using
precision, recall, and F1-score metrics [7]

Method Precision | Recall Fl-
Score
BM25 0.68 0.64 0.66
FAISS(Semantic 072 0.69 0.70
Search)
Hybrid(Proposed
Model 0.84 0.81 0.82

5.3.Observations
The results show that the integration of keyword-based

retrieval and meaning-based retrieval greatly boosts
efficiency. Legal-BERT gives context comprehension,
whereas RAG guarantees factual responses (Chalkidis et
al.,, 2020; Lewis et al., 2020). [15] These outcomes
validate previous studies, which showcases that hybrid
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Q*J

retrieval generation models yield superior outcomes when
handling complex tasks (Izacard & Grave, 2021; Raffel et
al.,2020).
6. Results & Discussion

6.1.Results
Experiments were performed to compare the
developed approach with baseline approaches such as
BM25 and FAISS on the basis of the following
metrics: precision, recall, and Fl-score. For this
purpose, the approach was implemented in a pipeline-
based manner where queries were simulated,
including their preprocessing, hybrid retrieval,
reranking, and response generation (Robertson &
Zaragoza, 2009; Johnson et al., 2019).[16] Based on
the analysis, the results indicate superior performance
of the hybrid model (Precision ~ 0.84, Recall =~ 0.81,
F1 = 0.82) in comparison with the BM25 (F1 = 0.66)
and FAISS (F1 = 0.70) models.

100

90%

80

Accuracy (%)

BM25 FAISS Hybrid Hybrid + RAG

+ LLaMA
Methods

Figure 5: Performance comparison BM25,
FAISS, and proposed model using precision
recall and F1-Score [8]

Overall, the obtained results indicate that the use of
the integrated approach is helpful for ensuring better
performance in the context of legal information
systems (Mitra & Craswell, 2018; Lewis et al., 2020;
Touvron et al., 2023).
6.2.Discussion

These improvements result from the application of
keyword-based and semantic information retrieval
techniques that ensure both increased precision and
better context comprehension (Mitra & Craswell,
2018; Devlin et al., 2019). Legal-BERT can be also

applied to improve domain comprehension and
address complicated legal inquiries (Chalkidis et al.,
2020; Beltagy et al., 2019).[16-17] Combining
information retrieval and generation techniques
provides a basis for ensuring reliable answers through
their grounding in corresponding documents (Lewis
et al., 2020; Izacard & Grave, 2021). Large language
models used in legal information systems facilitate
interpretability due to user-oriented response
generation (Touvron et al.,, 2023; Raffel et al.,
2020).[18-19] In conclusion, the presented results
clearly demonstrate superiority of retrieval and
generation over other techniques in developing legal
information systems (Nogueira & Cho, 2019; Gao et
al., 2021).[20]

Conclusion

This research clearly proves that keyword-based
approaches alone do not provide adequate results for
complicated legal information retrieval (Robertson &
Zaragoza, 2009; Mitra & Craswell, 2018). In this
case, the combination of keyword searching,
semantic retrieval, and generating approaches is quite
successful, improving relevance and accuracy of
retrieval (Devlin et al., 2019; Johnson et al., 2019).
The involvement of Legal-BERT provides better
domain understanding, whereas RAG and LLaMA
contribute to obtaining accurate, context-specific
answers (Chalkidis et al., 2020; Lewis et al., 2020;
Touvron et al., 2023). In general, the suggested
solution  demonstrates  greater  effectiveness
compared to other approaches, as supported by
existing literature (Izacard & Grave, 2021; Nogueira
& Cho, 2019). In terms of future improvements, the
system can benefit from using dense retriever/re-
ranker techniques to increase its efficiency (Khattab
& Zaharia, 2020; Nogueira & Cho, 2019). Moreover,
increasing the size of the dataset and fine-tuning pre-
trained language models on legal data would allow
enhancing their generalization abilities and
decreasing the risk of hallucinations (Chalkidis et al.,
2021; Raffel et al., 2020). Lastly, adding explanation
capabilities and user feedback could make the system
easier to use (Gao et al., 2021; Izacard & Grave,
2021).
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