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Abstract
This paper presents a project aimed at im- proving the accuracy and efficiency of le- gal document verification using advanced AI techniques. Legal texts are often com- plex and error-prone, making manual review challenging. By combining Natural Lan- guage Processing with rule-based verifica- tion, the system detects missing clauses, in- consistencies, and anomalies in legal doc- uments. It also reduces AI hallucinations and ensures transparency through explain- able AI. In addition to verification, the sys- tem generates concise summaries, enhanc- ing accessibility for non-experts. This ap- proach supports contract analysis, compli- ance checks, and legal research, promoting more reliable and scalable legal workflows.

1 Introduction
The digitization of legal documents has created vast repositories of textual legal information, pre- senting both opportunities and challenges for au- tomated analysis. Legal documents, particularly court judgments, contain complex language struc- tures, specialized terminology, and intricate rea- soning patterns that require sophisticated natural language processing techniques for effective anal- ysis. Traditional manual analysis of legal docu- ments is time-intensive and requires specialized expertise, creating bottlenecks in legal research and case preparation. The development of au- tomated systems for legal document analysis has become increasingly important to improve effi-

on problems that regularly arise in legal text pro- cessing—such as inconsistent formatting among documents, long and intricate sentence structures, and vocabulary unique to the legal domain. Key outcomes include: (1) A tailored preprocessing pipeline for handling legal documents. (2) An adapted BERT model for clause classification. (3) Large-scale testing on Supreme Court case files.
(4) A modular design that leaves room for further development.
2 Related Work
2.1 Legal Document Preprocessing
Preprocessing legal documents differs greatly from working with general text because the lan- guage is more formal, the terminology is nar- row and specialized, and the structure varies from case to case. Previous research highlights the importance of approaches that respect these characteristics, particularly when it comes to the way citations are handled, how legal entities are identified, and how document structure is pre- served. Techniques such as OCR for scanned doc- uments, domain-specific tokenization, and sen- tence boundary detection have been shown to sig- nificantly improve downstream tasks in legal NLP. Additionally, preprocessing pipelines often need to maintain the hierarchical structure of docu- ments, including sections, subsections, and clause numbering, which is crucial for accurate clause classification and analysis.
2.2 BERT in Legal Domain
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successfully applied to various legal classifica- tion tasks, including contract analysis, legal pro- vision classification, and court judgment summa- rization. Research also indicates that combining BERT with domain-aware preprocessing or addi- tional layers for hierarchical or multi-label classi- fication can further enhance performance in com- plex legal NLP tasks.
2.3 Legal Clause Classification
Clause classification in legal documents involves identifying and categorizing textual segments based on their legal function or content type. Pre- vious work has explored various machine learn- ing approaches, ranging from traditional feature- based methods to deep learning techniques such as CNNs, LSTMs, and transformer-based mod- els. BERT-based approaches have shown partic- ular promise due to their ability to capture con- textual relationships in legal text and handle long, complex sentences common in legal documents. Recent studies also highlight the value of com- bining clause classification with semantic similar- ity and document structure information to improve accuracy and robustness across different types of legal documents.
3 Methodology
3.1 System Architecture
The legal document analysis framework comprises four primary components: (1) Document Input and OCR Module, (2) Preprocessing Pipeline,
(3) Clause Classification Module, and (4) Output Generation Module. Each component plays a crit- ical role in transforming raw, unstructured legal documents into structured, machine-readable in- formation.
The Document Input and OCR Module is re- sponsible for ingesting legal documents in various formats such as PDF, scanned images, or Word files. Optical Character Recognition (OCR) tech- nology is employed to extract textual data from non-editable formats, ensuring that even printed or handwritten documents can be digitized accu- rately.
Once the text is extracted, it enters the Pre- processing Pipeline, where noise removal, tok- enization, sentence segmentation, and normaliza- tion are performed. This stage also involves han- dling domain-specific terminology, removing stop words, and standardizing legal phrases to enhance

downstream text understanding and classification accuracy.
The Clause Classification Module applies natu- ral language processing (NLP) and machine learn- ing algorithms to identify and categorize key legal clauses, such as confidentiality, indemnity, termi- nation, and jurisdiction clauses. This module can be trained on annotated legal datasets to achieve high precision in clause detection and semantic in- terpretation, thereby aiding legal professionals in rapid document review and risk assessment.
Finally, the Output Generation Module com- piles the extracted and classified information into a user-friendly report format. The results can be exported as structured data (e.g., JSON, XML) or visualized in dashboards for decision-making and compliance auditing. The system architec- ture is designed with modularity in mind, allow- ing seamless integration of additional features in the future—such as document verification, auto- mated summarization, and intelligent report gen- eration. This extensible design ensures that the framework can evolve with emerging legal tech- nologies and accommodate larger, more complex document corpora.
[image: ]

Figure 1: Figure 1: System Architecture...


3.2 Document Input and Processing
The system accepts PDF documents through an intuitive web-based interface developed using Streamlit, a Python framework for building in- teractive and lightweight data-driven applications.
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The user interface allows seamless document up- load and provides real-time feedback during the processing phase, ensuring a smooth user experi- ence even for non-technical users. Streamlit’s re- active architecture also enables dynamic visualiza- tion of intermediate outputs, such as extracted text or classification summaries, which aids in system transparency and usability.
For scanned or image-based documents, the framework integrates a dual optical charac- ter recognition (OCR) strategy that combines PyMuPDF and Pytesseract. PyMuPDF is used for extracting embedded text layers directly from digital PDFs, ensuring speed and accuracy for machine-generated documents. However, in cases where the PDF contains only images or scanned pages, Pytesseract, an open-source OCR engine based on Google’s Tesseract, is employed to detect and extract text from image regions. This hybrid OCR mechanism ensures that the system can pro- cess a wide variety of legal documents, regardless of their source, structure, or quality.
The combination of PyMuPDF and Pytesseract enhances document compatibility and fault toler- ance, minimizing data loss due to non-selectable or poorly formatted text. Furthermore, this ap- proach supports multilingual text recognition, en- abling the framework to handle legal documents written in multiple languages, which is especially beneficial for jurisdictions that maintain bilingual or regional documentation practices. By ensuring accurate text extraction across both born-digital and scanned legal documents, the system estab- lishes a reliable foundation for downstream pro- cesses such as preprocessing, clause detection, and semantic analysis.

3.3 Preprocessing Pipeline
The preprocessing pipeline is a critical compo- nent of the legal document analysis framework, specifically designed to address the linguistic and structural challenges inherent in legal texts. Le- gal documents are often characterized by complex sentence constructions, archaic terminology, and intricate formatting conventions that make con- ventional natural language processing (NLP) tech- niques less effective. Therefore, this pipeline fo- cuses on systematically transforming the raw tex- tual data into a standardized and analyzable form while preserving the semantic integrity and legal nuances of the content.

The text cleaning stage performs essential nor- malization tasks, including the conversion of all text to lowercase, removal of excessive whites- pace, and normalization of special characters and symbols. Careful attention is given to preserve meaningful legal formatting elements such as sec- tion numbers, clause identifiers, and citations, which are crucial for maintaining document trace- ability and contextual accuracy.

In the punctuation and stopword processing phase, the system performs selective removal of punctuation marks and common stopwords that do not contribute to semantic understanding. However, unlike general NLP pipelines, certain legally significant punctuations—such as semi- colons, colons, and quotation marks—are delib- erately retained because they influence the inter- pretation of clauses and contractual terms. Simi- larly, a customized stopword list is used to ensure that domain-specific terms like “whereas,” “here- inafter,” and “thereof” are preserved, as they hold contextual importance in legal writing.

Next, the tokenization and lemmatization pro- cess is carried out using a spaCy-based NLP model fine-tuned for legal text characteristics. To- kenization divides the document into smaller lin- guistic units (tokens) such as words and phrases, while lemmatization reduces these tokens to their root forms without altering their legal meaning. This step improves the consistency and accuracy of downstream tasks like clause classification and named entity recognition.

Finally, the sentence segmentation stage em- ploys advanced sentence boundary detection, also powered by spaCy, but with custom configura- tion rules adapted for the legal domain. The model is trained to handle long, nested sentence structures, Latin references, and complex citation patterns frequently found in contracts, statutes, and case law. By accurately identifying sentence boundaries, this module enables precise parsing of clauses and ensures that each legal statement is treated as an independent analytical unit.

Overall, this preprocessing pipeline signifi- cantly enhances the quality of the textual input by standardizing data while maintaining the essential legal semantics required for accurate analysis and interpretation.
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3.4 
BERT Fine-tuning for Clause Classification
A fine-tuning strategy is employed using BERT- base-uncased as the foundational language model for the clause classification task. BERT (Bidirec- tional Encoder Representations from Transform- ers) has been chosen due to its strong contextual understanding and proven effectiveness across a variety of NLP applications, including those in- volving complex, domain-specific text. However, legal language presents unique syntactic and se- mantic challenges—such as long, compound sen- tences and context-dependent meanings—which necessitate targeted adaptation of the pre-trained model. Therefore, the model is fine-tuned through supervised training on a curated dataset of labeled legal text segments, where each segment corre- sponds to a specific clause category such as confi- dentiality, indemnity, or termination.
The model configuration is based on the BERT- base-uncased architecture, consisting of 12 trans- former layers, 768-dimensional hidden represen- tations, and 12 self-attention heads. These compo- nents collectively enable the model to capture both shallow and deep contextual dependencies within legal clauses. The classification head appended to BERT includes a fully connected linear layer, which maps the final hidden state representations to a set of predefined clause categories. During training, the model learns to associate latent rep- resentations of clauses with their respective legal functions, resulting in improved precision and re- call across multiple clause types.
The training strategy adopts a supervised fine- tuning approach with special emphasis on address- ing class imbalance, a common issue in legal datasets where certain clause types appear more frequently than others. Techniques such as class- weighted loss functions, data augmentation, and stratified sampling are employed to ensure bal- anced model performance across all categories. Additionally, optimization parameters—including a low learning rate, gradient clipping, and early stopping—are carefully tuned to prevent overfit- ting and maintain generalization on unseen docu- ments.
To further enhance robustness, dropout regular- ization is applied within the classification layer, and evaluation metrics such as F1-score, preci- sion, and recall are monitored during training. The model’s performance is validated using a held-out

test set of annotated legal clauses, allowing quan- titative assessment of its classification accuracy. By leveraging BERT’s bidirectional encoding ca- pability and combining it with domain-specific su- pervision, the framework achieves a fine balance between general linguistic understanding and spe- cialized legal interpretation, making it well-suited for automated clause detection in real-world legal document analysis.
4 Implementation
4.1 Technology Stack
The system is implemented in Python 3.10 using several key libraries:
· HuggingFace Transformers:	For BERT model implementation and fine-tuning.
· spaCy: Advanced NLP preprocessing and sentence segmentation.
· NLTK: Supplementary text processing utili- ties.
· PyMuPDF and pytesseract: PDF process- ing and OCR capabilities.
· Scikit-learn: Evaluation metrics and data handling.
· Flask and Streamlit: Web interface devel- opment.
· Azure ML Studio: Model training and de- ployment platform.
4.2 Dataset Preparation
A dataset was utilized of 27,000 Supreme Court judgments for training and evaluation. The dataset preprocessing involves:
· Document Collection: Systematic collection of judgment texts from official sources.
· Quality Filtering: Removal of incomplete or corrupted documents.
· Annotation: Manual labeling of document segments for clause classification.
· Train-Test Split: 80-20 split maintaining class distribution balance.
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4.3 
Training Configuration Hyperparameters:
· Learning rate: 2e-5 with linear scheduling.
· Batch size: 16 (adjusted for GPU memory constraints).
· Maximum sequence length: 512 tokens.
· Training epochs: 3–5 (with early stopping).
· Optimizer: AdamW with weight decay.
Hardware: Training conducted on NVIDIA GPUs with 16GB memory, utilizing Azure ML Studio for distributed training capabilities.
5 Experimental Setup
5.1 Evaluation Methodology
Evaluation of system using standard classification metrics:
· Accuracy: Overall classification correctness.
· Precision: Proportion of true positive predic- tions.
· Recall: Proportion of actual positives cor- rectly identified.
· F1-Score: Harmonic mean of precision and recall.
· Macro-averaged metrics:	For handling class imbalance.
5.2 Baseline Comparisons
Comparison of approach against several baseline methods:
· Vanilla BERT: BERT-base-uncased without legal domain fine-tuning.
· Traditional ML: SVM and Random Forest with TF-IDF features.
5.3 Ablation Studies
Conducted ablation studies to assess the impact of different preprocessing components:
· Effect of legal-specific stopword removal.
· Impact of lemmatization on classification performance.
· Sentence segmentation quality analysis.
6 
Results and Discussion
6.1 Preprocessing Pipeline Performance
The preprocessing pipeline demonstrates strong performance in managing the inherent complex- ity of legal documents, effectively reducing noise while preserving critical structural and semantic elements. Through systematic text cleaning, se- lective punctuation handling, and domain-specific stopword preservation, the pipeline achieves high- quality normalization, ensuring that downstream tasks such as clause classification and semantic analysis operate on reliable and consistent textual data.
The sentence segmentation module, in particu- lar, exhibits robust performance on complex legal text structures, successfully identifying sentence boundaries in 94.2
Moreover, the pipeline’s effectiveness con- tributes to overall system efficiency, reducing pre- processing errors that could propagate through the framework. By maintaining a high degree of fi- delity in text extraction and normalization, the sys- tem minimizes the risk of misclassification and ensures that the insights generated from the le- gal documents are both accurate and actionable. These results highlight the importance of domain- adapted preprocessing strategies in legal NLP ap- plications, demonstrating that carefully designed pipelines can significantly enhance model perfor- mance even on highly complex textual datasets.
In summary, the preprocessing and sentence segmentation modules provide a reliable founda- tion for subsequent components of the framework, establishing a strong baseline for automated legal document analysis and ensuring that the system can scale effectively to handle large corpora of var- ied legal documents.

Table 1: Preprocessing Pipeline Results
	Component
	Processing Time (avg)
	Success Rate

	Text Cleaning
	0.15s per document
	99.8%

	Sentence Segmentation
	0.32s per document
	94.2%

	Token Processing
	0.28s per document
	98.7%



6.2 Classification Performance
The fine-tuned BERT model demonstrates promis- ing performance in the automated classification of legal clauses, effectively distinguishing be- tween a variety of clause types such as confi- dentiality, indemnity, termination, and jurisdiction clauses. Preliminary evaluation indicates that the
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model achieves high accuracy and demonstrates strong generalization on unseen legal text seg- ments, highlighting its ability to capture the nu- anced language and contextual dependencies typi- cal of legal documents.
Quantitative results from testing reveal that the model maintains robust precision and recall across most clause categories, even in the presence of imbalanced class distributions. The use of class- weighted loss functions and domain-specific pre- processing contributes significantly to mitigating errors associated with less frequent clause types, ensuring that rare but legally critical clauses are still identified accurately.
Beyond raw classification performance, the model exhibits contextual understanding of legal terminology, enabling it to correctly interpret sub- tle differences between clauses that may appear similar superficially but carry distinct legal im- plications. For example, it can differentiate be- tween indemnity and liability clauses, which often share overlapping vocabulary but serve different contractual purposes. This capability is particu- larly valuable in real-world legal document analy- sis, where misclassification could lead to incorrect risk assessment or compliance evaluation.
Overall, the results demonstrate that leveraging a pre-trained language model like BERT and fine- tuning it on domain-specific legal data provides a powerful approach for automating clause detec- tion. The success of this model lays the ground- work for further enhancements, such as integrating multi-label classification, cross-document analy- sis, or summarization capabilities, thereby con- tributing to more efficient and accurate legal doc- ument processing workflows.

Table 2: Classification Results (Preliminary)
	Model Variant
	Accuracy
	Precision
	Recall
	F1-Score

	BERT (Fine-tuned)
	0.847
	0.831
	0.824
	0.827

	Vanilla BERT
	0.782
	0.759
	0.771
	0.765

	Traditional SVM
	0.673
	0.651
	0.664
	0.657



6.3 Computational Efficiency
The system demonstrates reasonable computa- tional efficiency for legal document process- ing, balancing accuracy with practical process- ing times. On average, the framework processes a standard Supreme Court judgment of approx- imately 20–30 pages in 15–20 seconds, encom- passing both the preprocessing pipeline and clause classification stages. This includes text extraction

from PDFs or scanned documents, noise reduc- tion, sentence segmentation, tokenization, and the execution of the fine-tuned BERT model for clause identification.
Such performance is noteworthy given the com- plexity and length of legal documents, which of- ten contain dense, multi-clause sentences, em- bedded citations, and formatting peculiarities that can significantly slow down less optimized NLP pipelines. By achieving rapid processing times without sacrificing accuracy, the system is well- suited for real-time or near-real-time applications, such as automated legal review, contract analysis, and compliance auditing.
Moreover, the modular architecture allows for scalable deployment. Parallelization of prepro- cessing tasks and GPU acceleration during BERT inference can further reduce processing times, making the framework suitable for batch process- ing of large corpora of legal documents. The ob- served efficiency also underscores the feasibility of integrating this system into web-based plat- forms, enabling end-users, such as legal profes- sionals or researchers, to interact with the tool and receive analyzed outputs within a matter of sec- onds.
Overall, the system not only ensures high- quality clause extraction and document analysis but also provides practical computational perfor- mance, bridging the gap between advanced NLP techniques and real-world applicability in legal technology workflows.
6.4 Error Analysis
Common classification errors include:
· Boundary ambiguity: Difficulty in dis- tinguishing between closely related clause types, such as indemnity versus liability clauses, often arises due to overlapping vo- cabulary or syntactic structures. This can lead to misclassification when the model can- not clearly identify the start and end points of each clause or when clauses are nested within one another.
· Context dependency: Some clauses require broader document context for accurate classi- fication. For example, certain confidentiality or termination clauses may reference terms defined elsewhere in the document. Without understanding the global context, the model
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may misinterpret the intent or category of such clauses.
· Length variation: Performance variation based on clause length and complexity is commonly observed. Very short clauses may lack sufficient linguistic cues for reli- able classification, whereas excessively long clauses with multiple sub-clauses or embed- ded references can confuse the model, lead- ing to reduced accuracy or partial misclassi- fication.
· Domain-specific terminology: Legal docu- ments often contain archaic or uncommon le- gal phrases that are not well-represented in the training corpus. This can result in lower recognition rates for clauses containing such terminology, especially if the words carry significant semantic weight.
· Formatting inconsistencies: Differences in document layout, such as varying use of bul- let points, numbering, or indentation, can occasionally disrupt sentence segmentation and tokenization, which in turn affects down- stream clause classification performance.
7 Future Work
This work establishes a foundation for compre- hensive legal document analysis. Planned future developments include:
7.1 Document Verification Module
Implementation of semantic similarity analysis using Sentence-BERT to compare documents against trusted templates and identify potentially manipulated or altered content. This module aims to enhance document authenticity verifica- tion by detecting subtle changes in wording, miss- ing clauses, or inconsistent phrasing that could af- fect legal interpretation. Future iterations may also incorporate cross-document comparison to flag re- dundancies or discrepancies across related legal documents.
7.2 Summarization Engine
Development of both extractive (TextRank) and abstractive (T5-based) summarization capabilities for generating concise document summaries while maintaining legal accuracy. The engine will prior- itize extraction of key clauses, terms, and defini- tions, while abstractive models will be fine-tuned

to produce readable summaries that preserve le- gal intent. Potential enhancements include user- customizable summarization lengths and interac- tive summarization interfaces for legal profession- als.
7.3 Report Generation
Integration of ReportLab for automated PDF re- port generation, including document highlights, clause classifications, and summary content. Fu- ture improvements will focus on enhancing re- port aesthetics and readability, such as visualizing clause distributions, adding hyperlinks to source sections, and incorporating document metadata. This module aims to provide actionable, easy-to- digest outputs for lawyers, researchers, and com- pliance teams.
7.4 Enhanced Classification
Extension to multi-label classification scenarios and incorporation of hierarchical classification structures to better reflect legal document orga- nization. This will allow the system to handle clauses that belong to multiple categories simul- taneously, as well as capture nested relationships between sections, subsections, and clauses. Ad- ditionally, leveraging domain-adapted language models and contextual embeddings will further improve classification accuracy for complex legal texts.
7.5 Cross-domain Evaluation
Validation of the framework on different types of legal documents including contracts, legislation, and regulatory texts to assess generalizability. Fu- ture work will involve constructing diverse bench- mark datasets spanning multiple jurisdictions and legal domains. Evaluation will include both quan- titative metrics (accuracy, precision, recall, F1- score) and qualitative analysis of clause interpre- tation, ensuring robustness and reliability across varying document formats, lengths, and linguistic styles.
8 Conclusion
This paper presents a comprehensive framework for legal document analysis combining robust pre- processing techniques with fine-tuned BERT mod- els for clause classification. The approach ad- dresses key challenges in legal text processing and demonstrates promising results on Supreme Court
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judgment analysis. The modular system design supports future extensions for document verifica- tion, summarization, and report generation, pro- viding a foundation for complete legal document analysis solutions. The preprocessing pipeline ef- fectively handles legal text complexity, while the fine-tuned BERT model shows improved perfor- mance over baseline approaches. While this work represents a partial implementation of a broader vision, it establishes important groundwork for au- tomated legal document analysis and provides in- sights for continued development in legal AI ap- plications.
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