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Abstract

This paper presents the systems we submitted
to the JUST-NLP 2025 Shared Task on Legal
Summarization (L-SUMM). Creating abstrac-
tive summaries of lengthy Indian court rulings
is challenging due to transformer token limits.
To address this problem, we compare three sys-
tems built on a fine-tuned Legal Pegasus model.
System 1 (Baseline) applies a standard hierar-
chical framework that chunks long documents
using naive token-based segmentation. System
2 (RR-Chunk) improves this approach by using
a BERT-BiLSTM model to tag sentences with
rhetorical roles (RR) and incorporating these
tags (e.g., [Facts]. . . ) to enable structurally
informed chunking for hierarchical summariza-
tion. System 3 (WRR-Tune) tests whether ex-
plicit importance cues help the model by as-
signing importance scores to each RR using
the geometric mean of their distributional pres-
ence in judgments and human summaries, and
finetuning a separate model on text augmented
with these tags (e.g., [Facts, importance score
13.58]). A comparison of the three systems
demonstrates the value of progressively adding
structural and quantitative importance signals
to the model’s input.

1 Introduction

Automatic text summarization of legal documents
is a critical, high-impact challenge in applied NLP.
It offers the potential to help legal professionals
quickly distill lengthy and complex case judgments,
thereby improving judicial efficiency (Shukla et al.,
2022). In a multilingual nation like India, this task
is further complicated by the need to ensure access
to justice across different languages (Datta et al.,
2023). As the volume of legal text continues to
grow, the development of robust benchmarks and
models for the Indian legal domain has become an
active area of research (Joshi et al., 2024).

The JUST-NLP 2025 Legal Summarization (L-
SUMM) shared task provides a key benchmark

for this problem, focusing on the abstractive sum-
marization of Indian court judgments. A primary
difficulty in this task, as noted by Sharma et al.
(2023), is the extreme length of legal documents,
which often exceeds the input-token limitations of
modern transformer models like PEGASUS. This
necessitates intelligent strategies beyond naive trun-
cation.

A promising avenue for handling long docu-
ments is to leverage their inherent logical struc-
ture. Prior work has shown the value of seman-
tic segmentation of legal texts (Kalamkar et al.,
2022). A powerful way to represent this structure
is through the identification of rhetorical roles (e.g.,
Facts, Reasoning, Decision), a technique that has
been successfully applied to legal texts for sum-
marization and analysis (Saravanan et al., 2008;
Bhattacharya et al., 2019; Malik et al., 2022).

In this paper, we present our three systems sub-
mitted to the L-SUMM task, which explore a pro-
gressive integration of this structural information.
Our baseline system uses a standard hierarchical,
token-based chunking method. Our second sys-
tem introduces a more context-aware hierarchical
approach, using "rhetorical chunks" based on se-
mantic roles. Our final, most advanced system
fine-tunes a model on text embedded with data-
driven importance scores for each rhetorical role,
explicitly teaching the model to weigh information
based on our analysis of the summary-generation
process.

2 Methodology

2.1 Base Model and Fine-Tuning

All three systems leverage the Legal Pegasus
(nsi319/legal-pegasus) model, chosen for its
fine-tuning on legal text. We fine-tuned this model
on the full 1200-document InLSum training set.
Due to GPU memory constraints with long se-
quences, we employed memory-saving techniques:
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the Adafactor optimizer, a per-device batch size
of 1, and gradient accumulation steps of 8 (effec-
tive batch size of 8). The learning rate was set to
2× 10−5.

2.2 Handling Document Length
A primary challenge in legal summarization is the
extreme length of judgments, often exceeding the
1024-token limit of models like PEGASUS. We
implemented a two-pronged strategy:

• Short Documents: Judgments approximated
as shorter than 1024 tokens were summarized
directly by feeding the entire text to the model.

• Long Documents: Judgments exceeding the
threshold were processed using a hierarchical
summarization approach, detailed differently
for each system below.

2.3 System 1: Baseline Hierarchical
Summarization

Our baseline system addresses the challenge of
long documents using a standard hierarchical sum-
marization technique, illustrated in Figure 1. For
documents exceeding the model’s input limit (ap-
proximated by a 4096-character threshold), the text
is first divided into overlapping chunks of approx-
imately 900-1000 tokens. This naive token-based
splitting often disrupts the natural semantic flow of
the legal text. Each chunk is then summarized inde-
pendently by our fine-tuned Legal Pegasus model,
capturing primarily local context. These initial
summaries are recursively combined in pairs (or
small groups) and re-summarized, building a tree
structure where each ascending level incorporates
context from a wider portion of the original doc-
ument. This step is repeated recursively until the
final summary is generated, which will have con-
text of all the initial chunks.

2.4 System 2: Hierarchical Summarization
with Rhetorical Chunking (RR-Chunk)

System 2 enhances the hierarchical approach by in-
corporating semantic structure. We first preprocess
the entire dataset using a BERT-BiLSTM model,
which uses BERT model which is finetuned on
Indian legal corpus for word embeddings and two
Bi-LSTMs for sentence and document level context
followed by a classification head to tag each sen-
tence with one of seven rhetorical roles (e.g., Facts,
Decision). A Legal Pegasus model is then fine-
tuned on this enriched data, learning to recognize

text prepended with role tags (e.g., [Facts] The
petitioner...). During inference for long docu-
ments, instead of splitting by token count, we em-
ploy rhetorical chunking: consecutive sentences
sharing the same role are grouped into a single
chunk. This preserves the logical units of the judg-
ment (like keeping all facts together) and provides
more coherent segments to the summarizer. But
if the chunk itself is longer than 1024 tokens then
the chunk is again split using a 900-1000 token
threshold. The same multi-level hierarchical sum-
marization process depicted in Figure 1 is then ap-
plied, using these semantically meaningful rhetor-
ical chunks as the base units and the RR-tuned
model for summarization at each level. This ap-
proach aims to guide the language model more
effectively by leveraging the inherent structure of
the legal document, hypothesizing that summaries
generated from complete rhetorical units will be
superior. Short documents are summarized directly
using the RR-tuned model.

2.5 System 3: Fine-Tuning with Weighted
Rhetorical Roles (WRR- Tune)

Our third system investigates whether explicitly sig-
naling the data-driven importance of each rhetorical
role during fine-tuning can further enhance summa-
rization.

Algorithm 1 RR Importance Scoring

Require: Tagged Judgments J , Tagged Sum-
maries S

1: Initialize Cj [r]← 0, Cs[r]← 0 for all roles r
2: Initialize Tj ← 0, Ts ← 0
3: for all document d in J ∩ S do
4: for all sentence sent in djudg do
5: r ← get_role(sent)
6: Cj [r]← Cj [r] + 1; Tj ← Tj + 1
7: end for
8: for all sentence sent in dsumm do
9: r ← get_role(sent)

10: Cs[r]← Cs[r] + 1; Ts ← Ts + 1
11: end for
12: end for
13: for all r in all unique roles do
14: Pj ← (Cj [r]/Tj)× 100
15: Ps ← (Cs[r]/Ts)× 100
16: Ret← Ps/Pj

17: Score[r]← √Ret× Ps

18: end for
19: return Score sorted descending
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Figure 1: Hierarchical summarization tree. Initial summaries (Level 1) capture local context from base chunks
(token-based or rhetorical). Subsequent levels combine these summaries, progressively incorporating broader
context. until the final summary integrates information globally.

Algorithm 1 estimates how important each
rhetorical role is to human-written summaries. Let
J denote the set of tagged judgments and S the
set of tagged summaries. For every document d
that appears in both sets (d ∈ J ∩ S), we iterate
over all judgment sentences djudg and summary
sentences dsumm, and obtain their rhetorical roles.
We maintain two role-count distributions: Cj [r]
records how many judgment sentences belong to
role r, and Cs[r] records the same for summaries.
We also track total sentence counts Tj and Ts across
judgments and summaries respectively. After ac-
cumulating these counts over all documents, we
compute the percentage frequency of each role in
judgments as Pj = (Cj [r]/Tj)× 100 and in sum-
maries as Ps = (Cs[r]/Ts) × 100. The retention
ratio Ret = Ps/Pj captures how strongly role r is
preserved from judgment to summary. Finally, the
overall importance score for each role is given by
Score[r] =

√
Ret× Ps, which emphasizes roles

that are both frequently included in summaries and
retained at a high rate. Roles are then ranked in
descending order of Score[r].

We first derived an importance score for each
rhetorical role based on its representation in the
training data, as detailed in Algorithm 1. The
core idea is that roles significantly more concen-
trated in human-written summaries (relative to
their presence in full judgments) are more im-

portant for summarization . To balance this re-
tention factor with the role’s absolute presence
(volume) in the summary, we employed the ge-
ometric mean (sqrt(Retention * Summary
percentage(volume)), ensuring high scores are
assigned only to roles that are both highly retained
and substantially present. This analysis yielded the
scores shown in Table 1, identifying roles like Facts
and Decision as most important. The seven rhetori-
cal roles are Facts, Reasoning, None, Decision, Arg
Petitioner, Arg Respondent and Issue. As show in
table 1, each sentence is classified into one of the
seven rhetorical roles along with it’s importance
score. We then created a new version of the train-
ing dataset where the input text embedded these
scores within the role tag using a human-readable
format, for example, [Facts, importance score
9.48] The petitioner.... This descriptive tag
provides a clearer linguistic signal to the model
about the score’s meaning compared to just em-
bedding rhetorical role. A separate Legal Pega-
sus model (WRR-Tune) was then fine-tuned from
scratch on this new weighted-role dataset, learn-
ing to directly associate the explicit importance
score with the summarization task during training.
For inference, System 3 uses the same rhetorical
chunking hierarchical method as System 2, but
utilizes this specialized WRR-Tuned model to gen-
erate summaries at each level, thus leveraging the
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Role Imp Score Retention Summary %
Facts 9.48 2.83x 31.73%
Reasoning 5.61 2.18x 14.43%
None 4.93 0.64x 37.87%
Decision 4.77 3.60x 6.33%
Arg. Petitioner 2.09 0.63x 6.92%
Arg. Respondent 0.73 0.23x 2.28%
Issue 0.60 0.81x 0.44%

Table 1: Rhetorical Role Importance Scores.

learned importance weights throughout the process.
This system tests whether the model can effectively
learn and utilize explicit, data-driven importance
signals provided directly within the input during
fine-tuning.

3 Results and Discussions

3.1 Computational Environment
All experiments were conducted using a virtual ma-
chine equipped with an Intel(R) Xeon(R) CPU @
2.00GHz and an NVIDIA Tesla P100 GPU with
16GB VRAM. The models were implemented in
Python using the PyTorch deep learning framework,
along with the Hugging Face Transformers library
for BERT-based architectures. All the experiments
being reported in the paper including the compara-
tive studies were done by us, in this computational
setup.

3.2 Results
The performance of our three systems on the vali-
dation set and the performance of System 3 on the
test set are presented in Table 2.

As shown in Table 2, there is a clear and consis-
tent improvement across all metrics on the valida-
tion set as we progressed from System 1 to System
3. System 2 (RR-Chunk), which utilized rhetori-
cal roles for more coherent chunking, significantly
outperformed the baseline System 1, highlighting
the benefit of incorporating semantic structure into
the hierarchical process. System 3 (WRR-Tune),
which fine-tuned the model with explicit, data-
driven importance scores embedded in the input,
achieved the best performance on the validation set
by a considerable margin, particularly demonstrat-
ing strong gains in ROUGE-2 and BLEU scores.
This confirms our hypothesis that providing the
model with quantitative importance signals during
fine-tuning is a highly effective strategy for legal
summarization. On the final test set, System 3
maintained strong performance, achieving an aver-
age score of 20.74 and a ROUGE-L score of 25.93.

Overall, the steady rising trend in all three sys-
tems indicates that summarization performance is
greatly improved by combining both structure in-
formation (by rhetorical roles) and quantitative
salience cues (via significance ratings). The ad-
vancements show that models that are informed by
both explicit markers of content relevance and lin-
guistic structure are beneficial for legal abstraction.

3.3 Discussion
The results clearly demonstrate a progressive im-
provement from System 1 to System 3 across all
evaluation metrics. System 1, which relies on a
standard hierarchical summarization pipeline with
naive token-based chunking, provides a reasonable
baseline but is limited by its inability to preserve
the semantic structure of legal documents. As a
result, the model often receives context fragments
that do not align with coherent discourse units, re-
ducing the effectiveness of the hierarchical encoder–
decoder process.

System 2 (RR-Chunk) shows a noticeable in-
crease in ROUGE-2, ROUGE-L, and BLEU, which
highlights the advantage of using rhetorical roles
for segmentation. Since Indian court judgments fol-
low a well-defined argumentative structure, group-
ing text according to rhetorical roles leads to more
meaningful chunks. This enables the model to
better capture fact-heavy and decision-relevant sec-
tions, improving the overall quality of the generated
summaries.

System 3 (WRR-Tune) achieves the highest per-
formance on both the validation and test sets. By
fine-tuning the model with explicit importance
scores embedded directly into the input, the system
gains an additional signal that helps it prioritize
legally salient content during generation. These im-
portance cues guide the model toward focusing on
segments that contribute more substantially to ac-
curate and coherent summaries. The stronger gains
in ROUGE-2 and BLEU suggest that importance-
weighted fine-tuning enhances the model’s ability
to reproduce key multiword expressions and legally
significant phrasing.

Overall, the consistent upward trend across all
three systems confirms that incorporating both
structural information and quantitative salience
cues significantly boosts summarization perfor-
mance. The improvements indicate that legal ab-
straction benefits from models that are guided not
only by linguistic structure but also by explicit in-
dicators of content relevance.
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Dataset System AVG ROUGE-2 ROUGE-L BLEU

Validation Set Results

Validation System 1 (Baseline Hierarchical) 18.65 18.81 24.43 12.70
Validation System 2 (RR-Chunk) 19.93 20.37 25.16 14.26
Validation System 3 (WRR-Tune) 21.53 22.57 26.28 15.75

Test Set Results

Test System 3 (WRR-Tune) 20.74 21.86 25.93 14.43

Table 2: Performance comparison of the three systems on the InLSum validation set and the final test set performance
for System 3. Scores are reported as provided by the shared task organizers.

4 Conclusion and Future Work

In this paper, we presented three systems for the
JUST-NLP 2025 Legal Summarization shared task,
all based on a fine-tuned Legal Pegasus model.
Our methods progressed from a standard hierar-
chical baseline (System 1) to a semantically-aware
model using rhetorical-role-based chunking (Sys-
tem 2), and finally to a novel system fine-tuned on
text embedded with data-driven importance scores
(System 3). Our experiments on the validation
set show a clear and consistent performance im-
provement at each stage, with System 3 achieving
the highest scores across all metrics. This con-
firms our hypothesis that progressively enriching
the model’s input with both structural-semantic in-
formation (rhetorical roles) and quantitative, data-
driven signals (importance scores) is a highly ef-
fective strategy for producing more accurate and
coherent summaries of complex legal judgments.
For future work, we plan to address the limitations
of hierarchical chunking by experimenting with
end-to-end long-context models such as LED or
Long-T5, which can process entire documents at
once. We also plan to work on explainablity and
ensembling with other well performing LLMs like
BART and LED.

Limitations

The hierarchical summarization framework, used in
all three systems, is a necessary workaround but is
not ideal. It still risks context loss at chunk bound-
aries and, more significantly risks the coherency of
the final summary . Furthermore, the performance
of Systems 2 and 3 is fundamentally dependent
on the accuracy of the upstream BERT-BiLSTM
model used for rhetorical role tagging. Any errors
from this classifier are propagated and potentially
amplified by the summarization model, which has

been trained to trust these (sometimes incorrect)
structural and weighted tags.

Ethics Statement

This research was conducted using publicly avail-
able legal dataset released for academic and re-
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primary goal of this work is to explore abstrac-
tive summarization for legal documents. While
the proposed models show promising results, they
reflect patterns present in the training data. Any
biases, inaccuracies, or limitations in the dataset
may influence model predictions. Therefore, these
models should not be seen as replacements for hu-
man legal reasoning. We strongly encourage users
to apply this work responsibly and ethically, keep-
ing in mind the sensitive nature of legal decision
making.
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