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ABSTRACT
The complexity of legal language creates significant barriers to public access to justice and informed consent. This paper presents
a comprehensive assessment of advanced Large Language Models (LLMs) for legal document simplification. We investigate the
effectiveness of transformer-based architectures, including encoder-decoder models and instruction-tuned LLMs, in translating
complex legal documents into plain language. The study examines real-world implementations and addresses critical challenges
such as factual hallucination, context preservation, and ethical considerations. Based on experimental analysis and comparative
evaluation, the paper identifies optimal approaches for accuracy optimization in legal text simplification systems.
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I. INTRODUCTION

The pervasive complexity of legal language, or "legalese,"
characterized by elongated sentences, passive constructions,
and archaic terminology, creates a significant accessibility
barrier for the general public. This complexity undermines the
fundamental principle of informed consent, as individuals
routinely agree to binding contracts, terms of service, and
privacy policies without fully understanding their rights and
obligations. Al-powered simplification using Large Language
Models presents a transformative solution to this challenge.
These systems play a pivotal role in democratizing legal
knowledge, giving them significant social and commercial
importance. This paper provides a thorough analysis of LLM-
driven  simplification  techniques, their architectural
foundations, implementation challenges, and future directions.
We also examine the ethical implications and practical
considerations of deploying such systems in real-world
scenarios. .

II. LITERATURE RIVIEW

A. Evolution of Legal Language Processing

The application of computational methods to legal texts has
evolved from early rule-based systems to contemporary neural
approaches. Initial research in legal informatics focused on
symbolic Al and expert systems that encoded legal knowledge
into logical rules [1]. These systems demonstrated potential
for narrow legal queries but struggled with the ambiguity and
dynamic nature of

B. Transformer Architecture and LLM Foundations

The introduction of the transformer architecture by Vaswani et
al. marked a paradigm shift in NLP capabilities [3]. Its self-
attention mechanism enabled models to process entire
sequences simultaneously while dynamically weighting token
importance. This breakthrough directly enabled the
development of pre-trained Large Language Models (LLMs).

Models like BERT, with its bidirectional training, excelled in
language understanding tasks [4], while the TS5
family established the text-to-text framework ideal for
simplification [5]. The subsequent emergence of instruction-
tuned models like FLAN-T5 further enhanced controllability
for specialized applications [6].

C. Contemporary Legal AI Research

The legal domain has emerged as a prime application area for
advanced LLMs, leading to specialized benchmarks
like LegalBench that evaluate legal reasoning capabilities [7].
Concurrently, research in text simplification has evolved from
rule-based methods to neural approaches. Xu et
al. demonstrated the effectiveness of sequence-to-sequence
models fine-tuned on parallel corpora for controllable text
simplification [8]. Current research focuses on integrating
domain knowledge, ensuring factual consistency, and
developing evaluation frameworks specific to legal contexts.

D. Hybrid Approaches in Legal Al

Modern legal simplification systems increasingly employ
hybrid architectures that combine multiple Al techniques:

a) Multi-Stage Processing: Complex documents undergo
segmentation, classification, and targeted simplification
through specialized modules.

b) Knowledge-Enhanced Models: Integration of legal
knowledge bases helps ground simplifications

in accurate domain context.

c)Human-in-the-Loop Systems: Hybrid

approaches maintain attorney oversight for quality assurance
in critical applications.

These approaches address the unique challenges of legal text
while leveraging the strengths of different AI methodologies.
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L. METHODOLOGY
A. Data Collection and Preprocessing
1. Legal Document Corpus: Collection of diverse legal
documents including Terms of Service, Privacy Policies,
and End-User License Agreements from public sources.
2. Parallel Dataset Creation: Development of aligned
complex-simple text pairs through:
a. Professional legal simplification services
b. Expert attorney annotations
c. Crowdsourced simplification with quality
control
3. Text Normalization: Standardization of legal
formatting, citation removal, and structural annotation to
prepare documents for processing.

B. Model Architecture and Training
The  LegalLens  framework
component architecture:
1. Document Processing Engine:
a. Text extraction from PDF/DOCX formats
using PyPDF2 and python-docx
b. Semantic segmentation identifying legal
clauses and sections
c. Complexity analysis using readability
metrics (Flesch-Kincaid, SMOG Index)
2. Simplification Core:
a. Fine-tuned FLAN-TS5 model for text-to-text
simplification
b. Constrained decoding to prevent
hallucination
c. Context preservation through attention
mechanisms
3. Validation Module:
a. Factual consistency checking using NLI
models
b. Legal accuracy verification through rule-
based checks
¢. Quality assessment with multiple metrics
Table 1: Comparison of LLM Architectures for Legal Text

employs a  multi-

e Euclidean Distance: Evaluates feature
alignment in vector representations

e BERTScore: Assesses semantic similarity using
contextual embeddings

e Rule-Based Validation: Ensures critical legal terms

and conditions are preserved

space

D. Hybrid Simplification Approach

1. Cascade Processing: Initial simplification using
LLMs followed by legal expert review and refinement
2.  Multi-Model Ensemble: Combination of specialized
models for different legal domains (contracts, policies,
regulations)
3. Adaptive Simplification: Dynamic adjustment of
simplification level based on user profile and document
complexity
4. Context-Aware Processing: Incorporation of
document structure and cross-reference understanding
5.

Table 2: Performance Comparison of Different

Simplification Approaches

Simplification
Model | Accuracy | Readability | Training | Inference
Type Score Improvement | Time Speed
BERT-
based 85% 35% 48 hours Fast
Encoder
ISText-| g0, 68% 72 hours | Medium
to-Text
GPT-3.5 88% 72% N/A (APD)[  Slow
FLAN-TS
Fine- 94% 75% 96 hours | Medium
tuned
Legal-
BERT 89% 58% 60 hours Fast
Hybrid

C. Implementation Framework

The system implements several key processing strategies:
e Cosine Similarity: Measures semantic preservation
between original and simplified texts

Aoproach Ig:fli;l::i Semantic | Legal IHallucination
PP Improvement Preservation/Accuracy Rate
5;1; 45% 95% 98% 1%
Nﬁ‘;al 65 82% 85% 8%
Fine-
tuned 75% 88% 92% 5%
LLM
gyyst;;ﬁ 70% 92% 96% 2%
Iggz‘: 80% 98% 99% 0%
IV. CHALLENGES FACED

1. Factual Hallucination Risk: LLMs may generate
plausible but incorrect legal information, creating liability
concerns.

2. Context Preservation Difficulty:

Maintaining precise legal meaning while simplifying
language poses significant challenges.

3. Domain Specificity: Legal terminology and concepts
require specialized handling that general LLMs may not
provide.

4. Ethical and Liability Concerns: Potential misuse of
simplified documents for legal advice without proper
disclaimers.

5. Evaluation Complexity: Standard NLP metrics may
not adequately capture legal accuracy and completeness.
6. Data Scarcity: Limited availability of high-quality
parallel legal text corpora for training.

7. Computational Intensity: Processing long legal
documents requires significant computational resources.
8. Regulatory Compliance: Ensuring systems comply
with legal industry regulations and standards.
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V.SOLUTIONS TO OVERCOME CHALLENGES
A. Addressing Hallucination and Accuracy

Constrained Decoding: Implements vocabulary constraints
and legal term preservation during generation.

Multi-Step Verification: Incorporates factual consistency
checks using legal knowledge graphs.

Human-in-the-Loop: Maintains attorney review for critical
document sections.

B. Enhancing Context Understanding

Document Structure Analysis: Processes legal documents
with attention to sections, subsections, and references.
Cross-Document Understanding: Maintains consistency
across related legal documents and provisions.

Legal Knowledge Integration: Incorporates domain-specific
knowledge bases for accurate simplification.

C. Improving Evaluation Frameworks
Multi-Dimensional Metrics: Combines readability scores,
semantic similarity, and legal accuracy measures.

Expert Evaluation Protocols: Implements structured
assessment by legal professionals.

User Comprehension Testing: Validates simplification
effectiveness with target audience testing.

D. Ensuring Ethical Implementation

Clear Disclaimers: Prominently displays limitations

and appropriate use cases.
Access Control: Implements role-based access for different
user types.
Audit Trails: Maintains processing history for accountability
and transparency.

Table 3: Comparison of Evaluation Metrics for Legal

2. Hybrid Systems
a) Neural-Rule Hybrid: Combines neural simplification with
rule-based legal term preservation
b) Multi-Stage Pipeline: Segments, classifies, and simplifies
documents through specialized components
c) Ensemble Approaches: Combines multiple models for
improved accuracy and robustness

3. Commercial Implementations
a) LegalTech Platforms: Companies like LexisNexis and
Westlaw integrating Al simplification features
b) Access-to-Justice Tools: Non-profit implementations
targeting self-represented litigants
c) Corporate Compliance Systems: Enterprise solutions for
simplifying internal policies and procedures

Table 4: Comparison of Commercial Legal AI Simplification

Tools
Target Document |Accuracy| Pricing
Platform Users Types Claim Model
. . Legal Contracts, o o
LexisNexis Professionald  Statutes 90% |Subscription
Westlaw | Law Firms Case L?W’ 88% | Enterprise
Regulations
General Basic N Per
L.egalZoom Public Agreements 82% Document
Clio Small Firms Client 85% Monthly
Documents SaaS
S}(I)ng All Users |Comprehensive|] 94% | Freemium

Simplification
. What it Ideal R
Metric Type Measures | Range Limitations
o 7-10 ,
Flesch-Kincaid Readability grade Doesn't measure
level accuracy
level
ROUGE-L Content 0.7-0.9 Doesn't capture
overlap meaning
BERTScore S'en'langc 0.8-0.95 Computatlpnally
similarity expensive
Factual N Requires expert
Legal Accuracy >95% .
correctness review
Hallucination . False. <3% |Difficult to automate
Rate information

VI. EXISTING MODELS IN LEGAL DOCUMENT
SIMPLIFICATION

1. Transformer-Based Models
a) TS and FLAN-T5: Fine-tuned on legal corpora for text-to-
text simplification tasks
b) Legal-BERT: Domain-adapted BERT models pre-trained
on legal texts for better understanding
c) Longformer Architectures: Handle
documents with extended context windows

lengthy legal

VII. FUTURE SCOPE
The future of legal document simplification is poised for

significant advancements through several emerging
technologies:
Explainable AI (XAI) will enhance transparency by

providing clear explanations for simplification choices,
helping users understand how complex legal concepts were
translated into plain language. This builds trust and allows for
better verification of accuracy.

Federated Learning approaches will enable model training
while preserving data privacy, allowing legal organizations to
collaborate on improvement without sharing sensitive client
information.

Multi-Modal Understanding will expand to handle complex
legal documents containing tables, diagrams, and cross-
references, providing more comprehensive simplification.
Cross-Jurisdictional Adaptation will develop models
capable of handling legal concepts across different legal
systems and languages, enabling global applicability.
Real-Time Simplification will evolve to provide instant
clarification of legal terms and concepts during document
review, integrated directly into legal research platforms.
Personalized Simplification will adapt output based on user
characteristics such as education level, legal knowledge, and
specific needs.

Blockchain Verification may provide immutable audit trails
for simplified documents, ensuring accountability and version
control.
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VIII. ADVANTAGES AND DISADVANTAGES
A. Advantages
1. Enhanced Accessibility: Makes legal information
understandable to non-experts, promoting access to
justice.
2. Time Efficiency: Reduces time required for legal
professionals to explain complex concepts to clients.
3. Cost Reduction: Lowers legal consultation costs for
straightforward document understanding.
4. Consistency: Provides standardized simplifications
across similar document types.
5. Scalability: Can process large volumes of documents
quickly and consistently.
6. Educational Value: Helps users learn legal concepts
through simplified explanations.

B. Disadvantages

1. Accuracy Limitations: Potential for
oversimplification or loss of nuanced legal meanings.

2. Liability Concerns: Risk of users relying on
simplifications for critical legal decisions.

3. Context Limitations: May struggle with highly
specialized or novel legal concepts.

4. Implementation Cost: Significant
investment required for development and validation.

5. Maintenance Overhead: Requires continuous
updating as laws and language evolve.

6. User Over-reliance: Potential for users to bypass
professional legal advice.

Table 5: Cost-Benefit Analysis of Implementation

Traditional . Full
Aspect Review  [ASsSted omation
Time per 2-4 hours 3.0_60 2-5 minutes
Document minutes
Cost per $200-$500 | $50-$100 $5-$20
Document
Accuracy Rate 99% 92-96% 85-90%
Scalability Low Medium High
Liability Risk Low Medium High
IX. CONCLUSION

Al-powered legal document simplification represents a
promising approach to addressing the significant accessibility
challenges posed by complex legal language. The integration
of Large Language Models with legal domain knowledge
enables the creation of systems that can effectively translate
legalese into plain language while maintaining essential legal
meanings. This technology has the potential to revolutionize
how individuals interact with legal documents, promoting
better understanding and informed decision-making.

However, significant challenges remain in ensuring factual
accuracy, preventing hallucination,

and maintaining appropriate contextual understanding. The
ethical implications of automated legal simplification require
careful consideration, particularly regarding liability
and appropriate use cases. Future research should focus on

developing more robust evaluation frameworks, enhancing
domain adaptation, and creating effective human-Al
collaboration models.

As the technology continues to evolve, Al-powered legal
simplification systems will play an increasingly important
role in democratizing access to legal information and
promoting justice system accessibility. Through continued
innovation and responsible implementation, these systems can
significantly reduce the comprehension gap that currently
prevents many individuals from fully understanding their legal
rights and obligations.
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