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Abstract— The surge of digital legal documents has significantly expanded their usage. This has
resulted in the sheer number of papers being used by various members of the judiciary, as well
as by advocates and judicial officers. It can be incredibly challenging to keep up with all of them.
Over four crore cases are still pending in Indian courts, and manually reviewing them can be a
tedious and time-consuming process\cite{rl}. As machine learning has advanced, various text
summarization models have been created to help legal professionals manage their documents.
Due to the lack of publicly accessible datasets, it is difficult to fine-tune domain-independent
models for Indian legal systems. The methodology proposed in this paper seeks to improve the
overall performance of these models, and it also explores Indian legal documents' summarization
techniques. In addition, this research also provides a study of the several summarization methods
in-depth that have been on Indian legal documents, including PEGASUS, Bidirectional Auto-
Regressive transformers (BART), TextRank, and Bidirectional Encoder Representations from
Transformers (BERT). Through the process of extractive and abstract summarization, BART
and PEGASUS will be able to gain a deeper understanding of the text normalization process. The
outcomes of the text normalization process are evaluated by experts using the ROUGE metrics
and multiple parameters. It shows that the proposed approach can work well in legal texts that
have domain-independent frameworks.

Index Terms— Text-Rank, BERT, BART PEGASUS.

|. INTRODUCTION

Over the past few years, there has been a huge increase in the number of text resources found on various websites,
like social network sites, Wikipedia, Legal Text Datasets, and content farm sites. Because of the growth of
information, the process of properly utilizing these resources has become a major challenge [2].A well-organized
summary of a lengthy ruling may be just as informative and useful as reading the whole documents itself [3]. The
process of automatic text summarization (ATS) involves selecting the most crucial ideas in a text to help the reader
comprehend the documents. In India, a judgment is a legal decision that a court makes regarding a case. Due to
the rapid emergence and evolution of new technologies, the documents related to this process are now stored
digitally, making them available in a short time. This has made it easier for the law enforcers to keep track of the
judgements [4]. Typically, a legal practitioner would begin preparing his statement about an issue by researching
similar court documentation or rulings to utilise as references and as explanations presenting the appeal. These
court documents are so wordy that sometimes include repetitive information [5, 6]. In the US alone, courts and the
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laws create vast amounts of text each day. Caseworkers and judges handle millions of cases every year, and these
file cases with thick legal content that can sometimes go several hundred pages long [7]. Therefore, that is useful
to select sections that might also contribute towards the synopsis of the document. Thus, an overview might
preserve the original document’s key ideas while minimizing the vocabulary size, processing time, and space needs
for any future analysis. Some method of automating or streamlining the review process might aid legal
professionals in managing their workload. It is also beneficial for novices and average individuals to comprehend
a judgment. Manually creating case summaries is a time-consuming operation. As a reason, having the material
condensed into a concise form is both more practical for human readers and more advantageous to machine reading
systems [8]. Accelerating advancements in areas including Artificial intelligence (Al) [9,10], data analysis and
Deep Learning (DL) [11,12] made the automatic summarization of texts feasible [1]. DL techniques have recently
made considerable strides in numerous Natural language processing (NLP) applications [13, 14]. In particular,
Text Generation (TG) activities are among the hardest NLP jobs because they need automated text interpretation
and precise semantic and lexical analysis. MT, IC, and ATS are examples [15, 16]. The two broad categories of
summarization that are presented in automatic tools are abstractive and extractive summarization. These are
respectively focused on the synthesis and examination of diverse textual materials [8]. The initial article subject’s
rank is assigned to every word in the text during the extractive summarization process. Top-scoring statements
then summarize the document [17]. Text-Rank is a widely used method for extractive summarization. The goal of
this study is to analyse the various strategies that can be used to improve the efficiency of text summarization in
the context of legal texts. The scope and related work were discussed in section Il, and the detailed technology
usages in the text summarized was discuss in section Il1. Section IV represents the experience setup and obtained
results and discussion were presented in section V. Finally, the concluding remarks with future recommendation
were discuss in section V1.

Il. RELATED WORKS

The usage of several domain-specific acronyms makes legal case judgements often long and convoluted. A lot of
research is conducted on the legal text summarizing in different countries, such as the UK, Canada, and Denmark.
For legal text summarization, the majority of research attempted to build supervised or semi-supervised DL
techniques [18]. It was introduced by K. U. Manjar et al. [19] in 2020.1n addition, various conventional extraction
techniques, such as textual summaries, based on the terms’ frequency analysis, were presented [20]. It pioneers
the use of the graph model in the realm of autonomous summarizing. Methods for the graph-oriented
summarization use phrases or paragraphs to make the "modules" inside a network, which are then ranked by how
important they are and how much they are alike. Different graph-based techniques are additionally available for
extracting summary [21], which often do well on textual summarization challenges. Great improvements in the
domain of DL have led for development of extractive summarization algorithms that use DL techniques [22, 23].
Abstractive summarization has been studied using RNN-based DL, reinforcement learning, and pre-training
models [24, 25]. Though modern NLP is propelled by models based on transformers for tackling sequence to
sequence modelling issues, it appears there is a dearth of study when the topic at hand is the abstractive summary
of legal discourse. A machine learning-based prediction model known as eLegPredict was developed by Sharma
et al [26]. It was able to predict the cases decided by India’s Supreme Court. The model was trained using X
Gradient Boost classifier, The model was able to achieve an accuracy of 76 over 3072 judgements. When a new
case is added to a directory, the prototype automatically goes through the details and provides a prediction.
According to the study conducted by Pillai et al. [27], in order to predict a legal case, using convolutional neural
network (CNN) [28,29] and NLP, they proposed the Bag of Words algorithm, which is a mechanism that allows
users to select the words from the legal text. The CNN algorithm was then used to classify the cases into IPC
section, and the outcome was predicted to be either a non-bailable or bailable case. The researchers were able to
achieve an accuracy of 85% in the prediction of the outcome based on the IPC. They noted that the model
performed better when the case only had one charge. The accuracy of their prediction decreased as the number of
charges rose. According to Shaikh et al [30], the model was developed to predict the outcome of a case involving
homicide. The researchers used different machine learning techniques to analyze and interpret the data collected
from the Delhi district court. Some of the classification algorithms that were used in the study included the
regression and classification tools known as CART, LR, SVM, and NB.The results of the experiment revealed that
the classification system performed well in terms of both accuracy and F1 score. It was able to achieve an accuracy
range of 85% to 92% But it did not perform well when it came to cases with more than one accused individual.
El-Kassas et al. [31] developed a system in which "EdgeSumm® was assessed using the most popular automated
assessment programme ROUGE and the famous short text summing datasets DUC2001 and DUC2002.This
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evaluation uses ROUGE measurements, with EdgeSumm receiving the top ROUGE ratings on DUC2001. In his
suggested framework, generic single-document summary has been implemented, and the assessment findings are
quite encouraging. A. Joshi et al. [32] provide an overview of the various parameters that are involved in the
creation of a comprehensive summary of a legal document. S. Polsleyet al. [7] then developed a technology that
automatically produces a summary based on the word frequency. Gupta et al. [33] then suggest that a customized
summary can be extracted from online sources.The methods for legal text summarizing have been briefly
mentioned by Nasar et al. [34], who have instead focused on discussing text summary in general. Our paper offers
the full-fledged dissection for text summarization models for Legal Text Datasets by making use of preprepared
language models such as BART, TextRank, BERT and PEGASUS models.

I11. TECHNIQUES USED

A. Pegasus

It is a method similar to an extractive summary in that it extracts or masked important sentences from an input text
and creates them as a single output sequence from the remaining phrases [25].The figure 1 shows the architecture
of the PEGASUS transformer-decoder base used for implementing various pre training objectives of the program.
In this example, three sentences are used as targets for the pre-training objectives. The first sentence is masked
using MASK1, while the other two are masked using MASK2. The purpose of this pre training is to improve the
program’s ability to understand and summarize text, particularly legal documents. The PEGASUS model is one
of the summarization methods studied in the paper.

B. Text Rank

In this technique, a weighted network is generated using text units as nodes and a similarity metric based on word
overlap to define edges, Similar to PageRank, this method determines the ranking of text units [35].

C.BERT

It’s a model that’s already been trained and allows us to do NLP tasks with ease. It is created to address the
shortcomings of LSTM and RNN [36].

Disadvantages of LSTM

— LSTM are really susceptible to overfitting.

— It takes additional resources.

— However, LSTM cannot totally eliminate gradient issues
Disadvantages of LSTM

— It cannot properly manage lengthy sequences.

— High chance of vanishing gradient and ballooning gradient issues.
— Its training requires massive quantities of time and is challenging.
Advantages of BERT

— This pre-trained model needs no further training.

— The summary is based on key phrases from the larger text.

— It contains transformer-layered power encoder and decoder

D. BART

BART [37-39] is a transformer-oriented sequence model, that uses a denoising goal to learn appropriate
approximations of input sentence for a variety of datasets. The model creates tokens from input sentence and use
for machine translation and text summarization. Bart serves as both an encoder and a decoder. The encoder is
responsible for extracting meaningful data from the provided text, while the decoder is used to determine the
probability of the following word, so that the text may be rendered in a human-readable manner [40]. The BART
algorithm architecture as shown in Figure 2. The model requires a data source, which is the input text that needs
to be summarized. The work used the BART text summarization techniques for legal documents, including the
use of machine learning models.

IV. EXPERIMENTAL SETUPS.

In this part, we go into depth about how we collected the dataset and how we evaluated its accuracy.

A. Dataset Preparation

The dataset contains case reports from the Federal Court of Australia, which were collected from 2006 to 2009.
These reports were extracted from the AustLI1 free online legal database. This provides researchers with valuable
insight into citation analysis and automatic summarization procedures. The goal of summarization experiments is

819



to explore the relationships between various elements. This dataset was collected from the public database
repository of Kaggle [41].

B. Performance measures used

ROUGE [42] is a collection of performance criteria being used assess different summarized texts and various
automation transcriptions. It evaluates a computer-generated synopsis to a collection of standard summaries.
ROUGE-N [37,42] It serves in assessing template matching, word embedding, and higher cognitive overlapping
based just on n-gram overlaps. ROUGE-L [42] It determines the outputs of our algorithm in comparison to the
benchmark and measures the frequent item sets subsequence of those outputs. Usually, summary is evaluated using
ROUGE ratings or expert evaluation. We have determined the ROUGE-3, ROUGE-L, ROUGE-2, and ROUGE-
1 scores. On the data, Recall, Precision, and F-measures, are calculated, and the superior of two strategies is
advised for the IT LAW legal cases dataset.

Masked tokens Target text
effective agreemen The iation for C ional <cos>
Transformer encoder | | Transformer Decoder
Pegasus is MASK2 . MASK1] it MASK2] the model <5> The association for Computational.
- -
—~ —
\\ - - -
Input text \>\/ ~Target text [shifted Right]
> il e
o

Pegasus is effective. The association for Computational. It names the model.
Fig. 1: In this example, three sentences are used as targets. The first sentence is masked using MASK1 while the other two are masked using

MASK2 [25].
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Fig. 2: Proposed BART model flowchart for text summarization

RECALL [37, 42, 43] It displays the proportion of human description covered by the conclusion reached. The
formula for word overlap is as follows:

Thenumberofwordsthatoverlap
Recall =

1
Overallwordsinthecitationabstract ( )

Precision [37, 42] It evaluates the proportion of the system summary that is pertinent to the job. Formula for
measuring accuracy in terms of overlapped of words:
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Thenumberofwordsthatoverlap (2)

Precision=
Overallwordsinthesystemabstract

F1-Score [37, 42, 44] This is the harmonc mean of recall and precision. The optimal value of f-measure is 1 while
the worst value is 0.
Precision * Recall

F1 — Score =2 * (3)

Precision + recall

V. RESULT AND DISCUSSION
The following section summarizes the major findings from the evaluation phase of the collected datasets.

TABLE |: RECALL SUMMARIZATION EVALUATION RESULTS

Model Model | Rouge- | Rouge-
2 L
PEGASUS 0.357 | 0.313 0.357

Text-Rank 0.507 0.429 0.508

BART 0.534 | 0.462 0.536

TABLE Il: PRECISION SUMMARIZATION EVALUATION RESULTS

Model Model | Rouge-2 | Rouge-L
PEGASUS | 0.939 | 0.887 0.939
Text-Rank | 1.0 1.0 1.0
BART 0.957 0.925 0.957

Python language utilised throughout the implementation of each and every method. The experiments were
performed on three different models: BART, Text Rank, and PEGASUS. When it comes to summarization, BART
performs better than its three counterparts. One of the main factors that contributed to this is the model’s multi-
head attention, which helps it learn a sentence better. This is because it allows it to pay attention to various parts
of a sentence. The experiment Learning rate and Loss model performance Graph of BART is presented in Figure
3.

TABLE l11: F1-SCORE SUMMARIZATION EVALUATION RESULTS

Model Model | Rouge-2 | Rouge-L

PEGASUS | 0.517 0.462 0.517

Text-Rank 0.673 0.601 0.673

BART 0.678 0.616 0.687
24 valley |
22 {
20 /
5 /
S | J
N [N\ /
141 \ SRR | /
\ ~~ /
12 N /
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Leaming Rate

Fig. 3: Curves depicting the Learning rate vs Loss for the suggested model
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Experiment Results (Bart)

| Text Target [Prediction
i[l is not a necessary consequence of an order appointing ASIC |[[ ASIC v Burke
|a eiver that the receiver should deal with or liquidate|v [2000] NSWSC
|the assets in question. The interlocutory and protective|Burke [604 at 18]
{r-hnr;\r-tvr of orders made under s 1323 must be borne in|[2000] |(Austin 1) ;
|mind when defining the powers of the receiver. The ap-| NSWS([14] ACSC
|pointment of a receiver has rightly been described as “an|694 28 ; [15] 14
|extraordinary step’ ASIC v Burke [2000] NSWSC 694 at ACSR 580 ; [16]
|[8] (Austin J). However depending upon the nature of the 14 SCR 580;
|powers conferred on the receiver it may be less drastic [17] 13SR 580;
|than a freezing order which can only be varied by order of (14) 14 SCRA
|the Court. The interlocutory history of this case has al- 3556; (15) 13SR
ernri_\' demc ted that circumstances not contemplated GO0, Appellant
|when the c | interim freezing orders were made have 5305/2002 v
»‘ruulinxl tk I me to time. I accept, with Minister for
|respect, the observation made by Austin J in Burke at [8]: Immigration
|"'Without wishing to lay down any general rules, it appears and Multicul-
‘in- me that the extraordinary step of appointing a receiver tural Affairs
|may be justified, even though Mareva Orders are in place, [2003] HCA 71 ;
jm a case where there is real doubt about the existence (2003) 216 CLR
|and location of assets such as investments, and about the 173 (  Appel-
|number and identity of claimants and the nature of their lants S306,/2002
%(l.lillh. and additionally the defendants are engaged in 3 (2013) 14
|business activities which entail that any Mareva Orders ACSR 580
%7:1|1~| {13 ACSR 550 ;
(2014) 14 CLR
580

Fig. 4: Experiment Results (Bart)

BART, Text Rank, and PEGASUS were utilized to process the data collected from Australian court cases. The
ROUGE system then performed a comprehensive analysis of the recall data and determined the recall score for
each category. The corresponding scores were then determined using the system’s optimized strategy. The
evaluation was carried out by comparing the summarized data from the model with the results from the experts
who were responsible for the analysis.

The table 1 shows the recall summarization evaluation results for three models: PEGASUS, Text-Rank, and
BART. The evaluation metrics used are Rouge-and Rouge-L. PEGASUS has the lowest recall score for both
Rouge-2 and Rouge-L, with scores of 0.357 and 0.313, respectively. Text-Rank has a higher recall score than
PEGASUS, with scores of 0.507 for Rouge-2 and 0.429 for RougeL. BART has the highest recall score among
the three models, with scores of 0.534 for Rouge-2 and 0.536 for Rouge-L. So, BART is the best model among
the three for recall summarization, as it has the highest scores for both Rouge-2 and Rouge-L. PEGASUS has the
lowest recall scores, indicating that it may not be the best choice for recall summarization. Text-Rank has moderate
recall scores, but it is still outperformed by BART. Table 2 shows the precision summarization evaluation results
of three models: PEGASUS, Text-Rank, and BART. The evaluation metrics used are Rouge-2 and Rouge-L.
PEGASUS has a Rouge-2 score of 0.939 and a Rouge-L score of 0.939. Text-Rank has a perfect score of 1.0 for
both Rouge-2 and Rouge-L. BART has a Rouge-2 score of 0.957 and a Rouge-L score of 0.957. Text-Rank has
the highest precision score among the three models. PEGASUS and BART have similar precision scores, with
BART having a slightly higher Rouge-2 score. All three models have high precision scores, indicating that they
are effective in summarizing legal documents. Table 3 shows the F1-Score summarization evaluation results for
three models: PEGASUS, Text Rank, and BART. The table includes the Rouge-2 and Rouge-L scores for each
model. BART has the highest F1-Score of 0.678, followed closely by Text-Rank with a score of 0.673. PEGASUS
has the lowest F1-Score of 0.517. The Rouge-L scores are higher than the Rouge-2 scores for all three models.
BART and Text Rank are better models for summarization compared to PEGASUS. Rouge-L is a better metric
for evaluating summarization performance than Rouge-2. BART has the highest F1-Score among the three models,
indicating that it is the most effective model for summarization.

The paper’s analysis suggests that the additional comparative test’s score is inferior to that of the BART
framework. BART’s results were the most outstanding in the tests. The results of this BART experiment can be
seen in Figure 4. The Figure has three columns: Text, Target, and Prediction. The Text column contains a long
sentence from a legal document. The Target column contains the summary of the sentence in the form of a case
citation. The table shows the performance of the BART model on a specific sentence from a legal document. The
Target column provides a reference to a relevant case, which can help legal professionals quickly understand the
context of the sentence.

BART is the most efficient model when it comes to addressing the task of summary generation in terms of both
performance and efficiency. Based on the results, it can be regarded as an effective and efficient method for
tackling the abstract summarization problem.
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V1. CONCLUSIONS

The text summarization research field is a fascinating area of study that involves analysing the various applications
of web scrapping technique. This process is mainly used to extract online cases. It is additionally utilized to analyse
the performance of different algorithms. The goal of the research is to help the various lawyers gain a better
understanding of the information presented in their large documents. Through the analysis of the results, the BART
is the best algorithms for summarization were identified. Our method has several benefits, but it also has some
drawbacks which we want to address in our next works. Our model uses the summary output length as a parameter,
thus even if a phrase is incomplete, it will chop off any excess tokens created outside the token length. To prevent
incomplete sentences, build a longer output and leave off the final sentence.
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