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Abstract— Al-powered framework designed to summarize complex legal and financial documents using
modern Natural Language Processing techniques. The system combines two advanced models,
COLBERT and TS5, to improve both the relevance and readability of generated summaries. COLBERT is
used to understand the contextual meaning of the document and rank important sentences effectively,
while TS generates concise and meaningful abstractive summaries from the selected content. Unlike
traditional extractive methods, this approach focuses on capturing the true intent of the text and
expressing it in a simplified manner. The model was trained using a dataset consisting of legal and
financial documents along with their summaries. Due to computational limitations in Google Collab, a
smaller dataset was used, containing 2,000 training samples and 300 testing samples. Despite these
constraints, the system achieved a Rouge-1 score of 30%, indicating promising performance. The results
highlight that even with limited resources, transformer-based models can produce useful summaries for
domain-specific texts. This framework offers a scalable and cost-effective solution, with potential for
significant improvement when trained on larger datasets & powerful hardware.
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deep learning techniques to automate tasks such as
document retrieval, classification, and
summarization. Early work in this area explored
document representation using vector embeddings
and deep learning methods to improve retrieval

I. INTRODUCTION

The rapid growth of digital information in legal and
financial domains has created a strong need for
efficient document processing systems. Legal
documents, contracts, case reports, and financial
statements are often lengthy, complex, and filled
with domain-specific terminology, making manual
analysis time-consuming and error-prone. As a
result, researchers have increasingly focused on
applying Natural Language Processing (NLP) and

accuracy in legal corpora [1]. Similarly, the use of
word embeddings has enhanced full-text search
capabilities by capturing semantic relationships
within legal documents [2].

With the advancement of neural networks, several
studies have investigated the use of deep learning
models for legal text classification and analysis.
Comparative studies have shown that neural
architectures outperform traditional methods in
classifying legal documents due to their ability to
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capture contextual information [3]. Deep learning
techniques have also been applied in large-scale
legal document review processes, demonstrating
improved  efficiency and  accuracy  [4].
Additionally, convolutional neural networks have
been successfully wused for document type
classification in judicial systems, highlighting their
effectiveness in handling structured legal data [5].

Recent research has expanded beyond classification
to more complex tasks such as translation,
summarization, and multi-task learning. Multi-task
deep learning frameworks have shown promise in
simultaneously performing multiple legal text
processing tasks, including summarization [6].
Other studies have explored unsupervised
approaches to analyze relationships in legal
language, further enhancing understanding of
document structure [7]. Sequence-based models
such as LSTM and GRU have also been applied to
predict judicial decisions and evaluate case
outcomes, demonstrating the potential of deep
learning in legal reasoning [8][14].

Moreover, identifying logical components within
legal texts and extracting key contract elements
have become important research areas, supported
by neural network-based approaches [9][10].
Classification of linguistic features such as
modality in legal language has also contributed to
improved interpretation of regulatory documents
[11]. Active learning strategies and ranking-based
methods have further optimized legal document
review and question-answering systems [12][13].

Despite these advancements, generating concise
and meaningful summaries of legal and financial
documents remains a challenging task due to their
complexity and length. This project aims to address
this challenge by leveraging advanced transformer-
based models to produce accurate and context-
aware summaries, thereby improving accessibility
and decision-making efficiency in professional
domains.

II. RELATED WORK

Sugathadasa et al. [1] proposed a deep learning
approach for improving legal document retrieval
using vector embeddings. Traditional keyword-
based search methods often fail to capture the true
meaning of queries, leading to less relevant results.
To overcome this limitation, the authors introduced
document embeddings, where legal texts are
represented as numerical vectors that preserve
semantic relationships. This allows the system to
understand context rather than relying only on
exact word matches. By applying deep learning
techniques, the model can identify similarities
between documents even when different

terminology is used. The study demonstrated that
embedding-based retrieval significantly improves
accuracy and relevance in legal searches. Their
work highlights the importance of semantic
understanding in handling complex legal language.
This approach has influenced further research in
legal NLP tasks such as classification and
summarization, as it provides a strong foundation
for building systems that require deeper contextual
analysis and improved information retrieval
efficiency in large document.

Landthaler et al. focused on enhancing legal
document search by incorporating  word
embeddings into full-text search systems.
Traditional search engines rely heavily on keyword
matching, which limits their ability to identify
documents with similar meanings but different
wording. The authors addressed this issue by
representing words as vectors in a semantic space,
allowing the system to capture relationships
between terms. This enables more flexible and
accurate search results, especially in legal contexts
where similar concepts may be expressed
differently. Their approach improves retrieval
performance by identifying contextually relevant
documents rather than exact matches. The study
showed that integrating word embeddings leads to
better search quality and user satisfaction. This
work is important because it demonstrates how
semantic understanding can enhance information
retrieval systems. It also laid the groundwork for
more advanced NLP techniques, encouraging the
use of deep learning models in legal applications
such as summarization, classification, and
intelligent document analysis. [2]

Undovia et al. conducted a comparative study on
legal document classification using neural network
models. The aim was to evaluate how effectively
deep learning techniques can categorize legal texts
compared to traditional ~machine learning
approaches. Legal documents are often complex
and require accurate classification for efficient
organization and retrieval. The  authors
experimented with different neural network
architectures and found that deep learning models

perform better in capturing contextual and semantic
information. This leads to improved classification
accuracy and better generalization. The study also
highlighted challenges such as the need for large
labeled datasets and handling class imbalance.
Despite these issues, neural networks proved to be
more reliable than conventional methods. The
findings emphasize the growing importance of deep
learning in legal text processing. This research
supports the adoption of advanced Al models for
handling complex documents and contributes to the
development of systems for summarization.[3]
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Wei and Qin presented an empirical study on
applying deep learning techniques to legal
document review, focusing on text classification
tasks. Legal document review involves analyzing
large volumes of text, which can be time-
consuming and labor-intensive. The authors
proposed using neural networks to automate this
process and improve efficiency. Their approach
enables the system to learn patterns and
relationships within the text, resulting in more
accurate classification. The study compared deep
learning models with traditional methods and found
that deep learning achieved better performance in
terms of precision and recall. It also demonstrated
the ability to handle large datasets effectively.
However, the research pointed out challenges such
as the need for significant computational resources
and high-quality training data. Overall, the study
highlights the potential of deep learning in
transforming legal document review by reducing
manual effort and improving accuracy. It also
supports the use of Al-based solutions in complex
text processing tasks.[4]

Da Silva introduced a convolutional neural
network-based approach for classifying legal
documents from Brazil’s Supreme Court. The study
aimed to improve the organization and
management of judicial data by accurately
identifying document types. Traditional
classification methods often struggle with the
complexity of legal language, making automated
solutions necessary. The proposed CNN model
processes text by extracting important features
through convolutional layers, which helps in
identifying patterns within the data. This approach
allows the system to effectively distinguish
between different categories of legal documents.
The results showed that the CNN model achieved
higher accuracy compared to traditional techniques.
The study demonstrates the effectiveness of deep
learning in handling structured and unstructured
legal text. It also highlights the potential of CNNs
for other applications such as summarization and
information extraction. This work contributes to the
advancement of Al in legal systems by providing a
reliable method for document classification and
analysis.[5]
I11. PROPOSED METHODOLOGY

The proposed system adopts a hybrid architecture
that integrates COLBERT and T5 models to
perform  efficient and accurate document
summarization. The process begins with
preprocessing the input text, where unnecessary
symbols and noise are removed to improve data
quality. The cleaned text is then passed to the
COLBERT model, which wuses contextual
embeddings to analyse and rank sentences based on

their importance within the document. This step
ensures that only the most relevant content is
selected for further processing. Once the important
segments are identified, they are forwarded to the
T5 model. T5, a transformer-based sequence-to-
sequence model, converts the selected content into
a concise and coherent summary. Unlike extractive
methods, TS5 generates new sentences, making the
summary more natural and easier to understand.
The system is implemented in Python using Google
Colab, making it accessible and cost-effective. It
also includes a simple user interface where users
can sign up, log in, train the model, and generate
summaries for custom input text. This structured
approach enhances both usability and performance,
making the system suitable for real-world legal ,
financial applications.

Legal and Financial
Documents Dataset |
Research & Development Environment
Load Dataset | DalaPreprocessing & Model Trauning & Text Summarization
| - B
|
v
Backend Logic & Al Core
Dataset Tokenization Language Model }, Evaluation ‘
— 2 —» » 5
———

Figure [1]: System Architecture

Figure [1] illustrates a specialized text
summarization pipeline tailored for legal and
financial documents, divided into two distinct
execution layers. At the top, the Research &
Development Environment handles the initial
heavy lifting by loading the raw dataset, executing
pre-processing and tokenization, and training the
model to handle complex domain-specific text.
This phase flows directly into the Backend Logic &
Al Core below, which represents the operational
system. In this production-oriented layer, managed
data is fed through a tokenization engine and
processed by the language model, where it is
measured against specific evaluation metrics to
ultimately produce the final summarization output.

IV.RESULT AND DISCUSSION

The performance of the proposed system was
evaluated using standard metrics such as Rouge
scores, which measure the similarity between
generated summaries and reference summaries. The
model achieved a Rouge-1 score of approximately
30%, indicating that the generated summaries
captured a reasonable portion of the key
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information from the original text. In some test
cases, the system also demonstrated high recall
values, suggesting that important content was
successfully retained during summarization. The
results show that combining COLBERT with T5
improves both sentence selection and summary
generation. COLBERT effectively identifies
relevant parts of the document, while T5 transforms
them into meaningful summaries. This combination
addresses the limitations of traditional methods,
which often fail to capture deep contextual
meaning. However, the performance is somewhat
limited by the size of the dataset and computational
resources. Training on a larger dataset with better
hardware would likely improve accuracy and
fluency. Additionally, domain-specific fine-tuning
could further enhance performance for complex
legal language.

Figure [2]: NLP Summary &
Transformer Summary

Figure [2] illustrates This image displays the Model
Performance  Comparison  screen for the
summarization framework. It presents a table and a
corresponding bar chart evaluating two approaches:
"NLP Summary" and "Transformer Summary".
The algorithms are compared using three standard
statistical evaluation metrics: Precision, Recall, and
F-Measure (F1 Score), with the Transformer model
demonstrating higher overall balanced
performance.

Figure [3]: Summary Generation Screen

Figure [3] illustrates Summary Generation Screen
of the web application. It features a text area
labelled "Input Text" where users can paste their
long-form documents. A paragraph discussing
machine learning models and cybersecurity has
been entered into the field, and a "Generate

Summary" button is located directly beneath it to
trigger the Al processing.

Figure [4]: Output Screen

Figure [4] illustrates Output Screen of the "Al-
Powered Document Summarization Framework for
Legal and Financial Texts." It displays the original
"Input Text" that was submitted in the previous
step, now laid out on the page. In a full view, the
generated concise summary produced by the
system would typically appear directly below this
section.

DISCUSSION

The performance of the proposed system was
evaluated using standard metrics such as Rouge
scores, which measure the similarity between
generated summaries and reference summaries. The
model achieved a Rouge-1 score of approximately
30%, indicating that the generated summaries
captured a reasonable portion of the key
information from the original text. In some test
cases, the system also demonstrated high recall
values, suggesting that important content was
successfully retained during summarization. The
results show that combining COLBERT with T5
improves both sentence selection and summary
generation. COLBERT effectively identifies
relevant parts of the document, while T5 transforms
them into meaningful summaries. This combination
addresses the limitations of traditional methods,
which often fail to capture deep contextual
meaning. However, the performance is somewhat
limited by the size of the dataset and computational
resources. Training on a larger dataset with better
hardware would likely improve accuracy and
fluency. Additionally, domain-specific fine-tuning
could further enhance performance for complex
legal language. Overall, the system demonstrates
promising results and validates the effectiveness of
transformer-based  approaches in  document
summarization tasks
V. CONCLUSION
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This project successfully demonstrates the use of
advanced Al models for summarizing legal and
financial documents. By combining COLBERT and
TS5, the system achieves a balance between accurate
content selection and natural language generation.
The approach overcomes many limitations of
traditional summarization techniques, particularly
in handling complex and lengthy texts. The
implementation on Google Collab shows that
effective models can be developed even with
limited computational resources. Although the
dataset used for training was relatively small, the
system still produced meaningful summaries with
acceptable performance metrics. This highlights the
potential of transformer-based models in real-world
applications. Future improvements can focus on
increasing the dataset size, optimizing model
parameters, and using more powerful GPUs to
enhance performance. Additional features such as
multilingual ~ support and  domain-specific
customization can further expand the system’s
usability. In conclusion, the proposed framework
provides a strong foundation for intelligent
document summarization. It offers a practical
solution for professionals dealing with large
volumes of legal and financial data, saving time
and improving information accessibility.
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