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Abstract

Accessing legal information in Nepal is diffi-
cult due to complex terminology, limited re-
sources, and misinformation . We introduce
an AI-powered legal assistant that is tailored
for Nepali legal texts and is built on a fine-
tuned large language model. The technology
provides precise, streamlined answers to nat-
ural language legal inquiries when integrated
into a Retrieval-Augmented Generation (RAG)
framework. It was trained using a custom
dataset of high-quality question-answer pairs,
and according to BERTScore, it obtained strong
F1 scores of 0.82 (simple), 0.77 (moderate),
and 0.71 (complex). Its usability is further con-
firmed by expert reviews. Our method shows
how merging generation and retrieval can effec-
tively democratize access to legal knowledge
in Nepal by focusing on customized legal data
and incorporating RAG.
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1 Introduction

The intersection of Artificial Intelligence (AI) and
law presents transformative opportunities to en-
hance access to justice and legal knowledge glob-
ally (Alarie et al., 2016). However, people speaking
low-resource languages like Nepali have suffered
greatly as a result of these developments, which
have disproportionately benefited high-resource
language regions. The complexity of legal ter-
minology and structures, along with low public
knowledge and limited access to judicial resources,
frequently makes it difficult for people in Nepal to
grasp their legal rights and duties.Although NLP
has advanced information retrieval and question
answering in various domains, its application to
Nepali legal texts is constrained by the scarcity of

annotated datasets and the specialized nature of le-
gal language (Paudel et al., 2024). The urgent need
for customized AI solutions is highlighted by the
fact that Nepal’s current legal information systems
frequently rely on keyword matching and lack the
semantic depth necessary to correctly comprehend
user inquiries.

Large Language Models (LLMs), such the
Llama series (Touvron et al., 2023; Grattafiori
et al., 2024), GPT-4 (OpenAI et al., 2024), and oth-
ers (Zhao et al., 2023), have greatly improved nat-
ural language processing (NLP), allowing for more
complicated task-solving capabilities and more nat-
ural human-computer interaction . Despite their
ability in understanding and generating text, even
in languages like Nepali (Duwal et al., 2024) ,
LLMs may display factual errors or ”hallucina-
tions,” particularly in fields that need a lot of ex-
pertise or are changing quickly . To address these
problems, Retrieval-Augmented Generation (RAG)
has surfaced, which combines LLMs with an exter-
nal retrieval step and grounds responses in reliable
sources prior to generation. (Lewis et al., 2020).
This procedure enables the integration of domain-
specific knowledge and establishes the output in
validated facts, greatly enhancing accuracy and
traceability, particularly for knowledge-intensive
tasks (Gao et al., 2024).Since RAG provides con-
textually appropriate responses, its application has
demonstrated promise in enhancing the dependabil-
ity of legal information systems (Ryu et al., 2023).

Addressing the challenges of accessing legal in-
formation in Nepal, this paper’s key contributions
are:

• Creation of a domain-specific, superior
dataset that includes Nepali legal question-
answer pairs in order to fill the gap in anno-
tated legal data.

• Design and implementation of a RAG-based
system that generates precise, context-aware



answers to legal queries by utilizing an
LLaMA 3.2 3B model that has been refined
on a unique Nepali legal QA dataset.

2 Related Work

The goal of improving the accessibility and man-
ageability of legal information has led to significant
advancements in the application of NLP techniques
in the legal field. Legal text NLP tasks have been
greatly influenced by transformer-based models,
which include foundational models like BERT (De-
vlin et al., 2019) and subsequent large language
model variants (OpenAI et al., 2024).

Efforts have been concentrated on adapting these
general-purpose models to the particular character
of legal language. For instance, the Legal-BERT
family was created by Chalkidis et al. (2020) and
pre-trained on a variety of legal corpora from the
US, UK, and European countries. This domain-
specific pre-training improved performance on
downstream legal tasks such as classification and
named entity recognition. However, its reliance on
English data limits its applicability to non-English
legal systems.Work in non-Western contexts, such
as (Paul et al., 2023), pre-training on Indian court
rulings , emphasizes the importance of adapting
models to specific legal systems and languages.

In the context of Nepali, which is considered
a low-resource language, foundational linguistic
work by (Bal, 2004) has been essential for com-
prehending the structure of the language and fa-
cilitating the development of fundamental NLP
tools.Efforts have focused on developing general-
purpose Nepali language models, such as Nep-
BERTa (Timilsina et al., 2022) trained on large
monolingual corpora, and investigations into dif-
ferent Transformer-based models for Nepali text
classification (Maskey et al., 2022) . These works
represent significant steps in building foundational
NLP capabilities for Nepali.However, direct appli-
cations to the complex Nepali legal domain remain
limited. A notable contribution is by (Poudel et al.,
2024), who developed a transformer-based bidi-
rectional Neural Machine Translation system for
English-Nepali legal texts, alongside a pioneering
parallel corpus of 125,000 sentences. Their work
demonstrates the feasibility of transformers in legal
NLP for Nepali, while highlighting the challenge
of data scarcity for question answering and simpli-
fication for the general public.

Despite these advancements, easily accessible

and intelligible legal information for Nepali speak-
ers remains scarce. Our work builds on prior
contributions by creating an AI-powered legal
question-answering system that combines RAG
with a Nepali law-specific LLM.

3 Methodology

Figure 1: Overview of the workflow for AI assistance
in Nepali law

3.1 Data Preparation
A high-quality, domain-specific dataset was nec-
essary to modify the LLM to answer Nepali le-
gal questions. We began curating a dataset with
over 16,000 entries gathered using a hybrid strat-
egy that involved online scraping from the Supreme
Court website and pertinent news sources as well
as processing PDF legal documents.To align with
common user queries, these texts were transformed
into question-answer pairs specifically designed
for instruction tuning using prompt engineering.
PyTesseract for Devanagari script (Paudel et al.,
2024) was used to digitize the scanned documents,
and they underwent essential manual validation. A
systematic data cleaning pipeline, involving dedu-
plication and correction of OCR-induced errors,
yielded the final 10,000 high-quality entries uti-
lized for model fine-tuning.

3.2 Fine-Tuning
We selected the Llama 3.2 3B instruct model (Meta
AI, 2024), noting its balance of model size, per-
formance characteristics, and suitability for multi-
lingual instruction-following tasks. We employed
Parameter-Efficient Fine-Tuning (PEFT), specifi-
cally Low-Rank Adaptation (LoRA) (LoRA) (Hu
and et al., 2021) and Quantized LoRA (QLoRA)



(Dettmers and et al., 2023). Low-rank matrices are
introduced by LoRA to decrease trainable parame-
ters, and the base model is quantized to 4-bit preci-
sion by QLoRA to further increase efficiency. The
Unsloth library (Han and Schick, 2023) was used
to implement these strategies, which were tuned
for quicker LoRA fine-tuning and lower memory
consumption.

3.2.1 Training Configuration
The fine-tuning process utilized the following hy-
perparameters:

Parameter Value

Learning Rate 3e-4 and 2e-4
Weight Decay 0.01
Scheduler Cosine
Optimizer AdamW (8-bit)
Mixed Precision BFloat16
Max Sequence Length 2048 tokens

Table 1: Hyperparameters for fine-tuning LLaMA 3.2
3B

The LoRA rank was set to 16, updating approxi-
mately 24 million parameters. Using L40s GPUs,
the training was carried out in the Lightning AI
Studio (Lightning AI, 2024).

3.3 RAG Methodology

We used a Retrieval-Augmented Generation (RAG)
architecture to make sure the produced responses
are correctly based on reputable legal materials
(Lewis et al., 2020). RAG systems are especially
well-suited for fields like law, where having access
to accurate, validated data from a particular corpus
is crucial (Gao et al., 2024). The framework com-
bines a generative component (the refined LLM)
that synthesizes the final response based on the re-
covered context and the user query with a retrieval
component that finds relevant data chunks from a
knowledge base.

3.3.1 Knowledge Base Construction and
Preprocessing

Important Nepali legal texts, such as the Consti-
tution of Nepal 2072 and portions of important
legislation (such as the Environmental Act and Mu-
luki Ain), served as the main source of information
for the RAG system. PyTesseract for OCR was
used to handle a large number of documents that
were available as scanned PDFs. For efficiency,

a caching mechanism was included. We used a
structure-aware chunking technique that divided
text according to these logical divisions in order
to maintain the semantic structure present in legal
documents, which are frequently arranged hierar-
chically (e.g., into Parts, Chapters, and Articles).

3.3.2 Vector Embedding and Indexing
A multilingual SentenceTransformer model, based
on architectures like Sentence-BERT (Reimers and
Gurevych, 2019), was used to transform processed
text chunks into dense vector embeddings. This
model was selected because it can capture semantic
linkages across languages, including Nepali. A
vector embedding of 384 dimensions was used to
represent each piece. ChromaDB (Contributors,
2023), an open-source vector database designed for
effective similarity search, was used to index and
store these embeddings.

3.3.3 Retrieval and Generation
Initially, a user’s query is embedded into the same
384-dimensional vector space. The retrieval com-
ponent does a similarity search to find the most
relevant ChromaDB pieces. To enhance contextual
coverage, we used Maximal Marginal Relevance
(MMR) (Carbonell and Goldstein, 1998) to choose
the top k = 9 document chunks, weighing variety
across the retrieved sections against relevance to
the query. The generating component, the fintuned
Llama 3.2 3B model, receives the retrieved doc-
ument chunks concatenated with the initial user
query. The LLM incorporates data from the given
context to provide the final response. The model’s
prompts and queries were carefully developed in
Nepali to guarantee useful and contextually rele-
vant results.

4 Results and Discussion

4.1 Automated Evaluation
Objective metrics were used to assess output qual-
ity. While ROUGE (Lin, 2004) and BLEU (Pa-
pineni et al., 2002) are common, their reliance
on surface-level token overlap limits their effec-
tiveness for evaluating semantic correctness, par-
ticularly in legal settings where paraphrasing can
convey the same meaning. Therefore, we used
BERTScore (Zhang et al., 2019), which measures
semantic similarity using contextual embeddings
from pre-trained BERT models.

BERTScore provides Precision, Recall, and F1
values by comparing token embeddings, offering



a more robust evaluation of semantic alignment.
After evaluating the system across a spectrum of
questions of varying complexity, we obtained the
F1 scores shown in Table 2.

Query Type Simple Moderate Complex

F1 score 0.82 0.77 0.71

Table 2: F1 scores for different query complexities

4.2 Human Evaluation
A panel of Nepali lawyers and law students per-
formed a human review in addition to the com-
puterized one to evaluate the system’s practical-
ity. Five-point ratings were assigned to responses
based on five important metrics: Faithfulness: Con-
sistency with legal texts; Relevance: Alignment
with the query; Logical Correctness: Soundness of
reasoning; Completeness: Coverage of necessary
details; Interpretability: Clarity for users.

Metric Sample Query Rating
Faithfulness 4.5/5
Relevance 5/5

Logical Correctness 4/5
Completeness 4/5
Interpretability 4/5

Table 3: Evaluation ratings for a sample query across
various metrics

4.3 Discussion
The outcomes demonstrate how well the algo-
rithm handles simple legal questions. Strong per-
formance in providing precise and query-aligned
answers for factual questions is indicated by the
BERTScore of 0.82 for basic queries and a flawless
Relevance score of 5.0/5 in human evaluation. The
RAG framework’s ability to anchor responses in
legal texts and guarantee factual consistency is fur-
ther demonstrated by the high Faithfulness score of
4.5/5.However, when query complexity increases,
a noticeable drop in performance is observed. For
complicated queries, the BERTScore falls to 0.71,
while the human ratings for Completeness and Log-
ical Correctness decrease to 4.0/5. These find-
ings suggest that the system struggles to synthesize
and explain nuanced or ambiguous legal concepts,
particularly in complex queries. This highlights
the problem that previous legal NLP studies have
shown (Chalkidis et al., 2020) (Ryu et al., 2023),

which is that automated measures frequently fall
short of capturing complex legal thinking, partic-
ularly for ambiguous laws. Although the system
is a useful tool for retrieving basic legal informa-
tion, it has to be improved in order to handle more
in-depth legal analysis.

5 Conclusion

This work represents a significant advancement in
legal AI for low-resource languages, as demon-
strated through our Nepali legal assistant system.
We have created a tool that provides precise and
straightforward responses to legal questions in
Nepali, based on reliable sources, by combining a
RAG framework with a refined LLM. This work
democratizes legal information by offering a work-
able way to improve legal accessibility in Nepal.
Our system gives people a basic grasp of their legal
rights and duties, but it does not take the place of
expert legal assistance, particularly in complicated
instances.

6 Future Work

Future enhancements will focus on increasing the
system’s robustness and broadening its impact.
Key areas include implementing mechanisms for
automatic updates to the legal knowledge base
to incorporate new laws and rulings, potentially
through direct integration with official govern-
mental databases, subject to privacy and technical
constraints. Incorporating multimodal inputs like
speech queries and extending language support to
regional Nepali languages are also important direc-
tions aimed at creating a more accessible AI-driven
platform for legal information in Nepal and poten-
tially other low-resource contexts.

7 Limitations

The effectiveness of RAG retrieval may be lim-
ited by the absence of embedding models that are
especially trained for the Nepali legal area. Al-
though the 10,000-pair Q/A dataset is of good qual-
ity, its size may limit generalization by failing to
completely capture rare or extremely complicated
legal issues. Peak model performance was proba-
bly affected by efficiency-focused fine-tuning con-
straints (QLoRA, trained on only two epochs) as
opposed to more thorough training. Reliability in
intricate legal reasoning may also be impacted by
the model’s difficulties with ambiguous or inter-
pretable legal texts.
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