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Overview

• Legal documents are often complex and difficult for non-specialists to 
understand.

• This creates barriers to legal access, complicating interactions between 
lawyers, clients, and the public.

• Simplifying this language can enhance comprehension, reduce 
misunderstandings, and promote access to justice.

Ordinary Documents
• Created for everyday purposes
• Use everyday language
• Flexible in structure
• Do not carry significant legal 

consequences (Do not carry legal 
significance)

Legal Documents
• Created for special purposes
• Utilize specialized language
• Follow a structured format
• Have legal implications and 

consequences (Carry legal 
significance)

Research Importance 

• Addressing complexity in legal language

• Enhancing understanding of legal documents

• Advancing legal technology

• Comprehensive legal knowledge representation

• Bridging Legal-NLP gap for practical applications

Application

• Legal document processing: automated classification, summarization, and 
extraction of key information

• Legal chatbots and assistance: offer precise, context-aware responses 

• Legal compliance monitoring: identify risks or potential violations 

• Translation for legal language: precise translation conserving legal meaning 

Research Challenges

The challenges can be both technical and domain-specific due to the nature of 
legal language and the complexity of NLP tasks.

Complexity of Legal Language: Ambiguity and Vagueness, Highly Structured 
Jargon.

Ontology Design and Integration: Domain Adaptation, Dynamic Nature of Law

Preserving Legal Accuracy: Balancing Simplification with Precision, Semantic 
Loss.

Technical Challenges in NLP: Contextual Understanding, Handling Complex 
Sentence Structures.

Approach

Step Approach

Ontology construction Develop a comprehensive ontology for the specified legal 
domain.

Data Collection and 
Preprocessing

Gather a dataset of legal texts. Preprocess the data, including 
cleaning, tokenization, and structuring.

Initial Pretraining Pretrain the LLM on data using a language modeling 
objective to provide a basic understanding of legal language 
patterns.

Fine-Tuning Fine tune with Direct Preference Optimization (DPO). 
Base model with Legal data + simplified legal corpus.
Base model with ontology assisted legal corpus.

Evaluation Evaluate the final fine-tuned model and its performance.

Current Status

1. Evaluated the base model (Llama2-7b) with the legal corpus

2. Finetuned the base model with legal text and simplified corpus

3. Evaluated the Finetuned model

Steps Training Loss Validation Loss

200 2.203 2.1782

400 2.1447 2.1700

600 2.1292 2.1642

800 2.1653 2.1615

1000 2.1479 2.1595

Steps Training Loss Validation Loss

200 1.8571 1.8469

400 1.8196 1.8125

600 1.7887 1.7709

800 1.7494 1.7247

1000 1.7256 1.7187

Table 2 : Evaluation: base model with original legal 
corpus

Table 3: Evaluation: base model with simplified 
legal corpus

Future Works

1. Finalize the ontology annotation

2. Use a more diverse set of legal corpus, covering various domains (contracts, 
patents) to assess the base model's generalization ability

3. Finetune the model with ontology assisted and simplified legal corpus

4. Fine-tune the model separately for specific legal subdomains (contracts vs. 
case law)

5. Evaluate the model performance

Evaluation 
metric

Base 
Model

Fine-tuned 
Model

BLEU 0.1046 0.1528

ROUGH-1 0.353 0.4049

ROUGH-2 0.2181 0.2487

ROUGH-L 0.3432 0.3891

Results

Proposed metrics for the final model 
evaluation
• Summarization Performance: ROUGE-1, 

ROUGE-2, ROUGE-L
• Performance Evaluation: Accuracy, 

Precision, Recall, F1 Score
• Language Modeling: Perplexity 

Measurement
• Evaluating automatic text simplification: 

SARI metricGenerated prompts for evaluation

Figure 1: Methodological approach of Proximal Policy Optimization (PPO) 

Figure 2: Methodological approach of Direct Preference Optimization (DPO) 

Table 1: Detailed methodological approach 

Table 4 : Evaluation metric scores
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