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Introduction

Welcome to the sixth edition of the NLLP (Natural Legal Language Processing) Workshop, co-located
with the 2024 Conference on Empirical Methods in Natural Language Processing.

Different industrial sectors have embraced natural language processing (NLP) technologies, which have
altered services and products in healthcare, finance, education among others. The legal domain, in parti-
cular, stands as a promising frontier for the exploration of interesting research problems. Electronic tools
have become increasingly integral in the practice of law, with their usage projected to undergo exponen-
tial growth. By its very nature, the practice of law necessarily involves the analysis and interpretation of
language. The potential for NLP applications to provide benefit to practitioners of law and consumers of
legal services around the world is enormous.

We organized this workshop to bring together researchers, practitioners, policy makers from around the
world who develop NLP techniques within the legal domain. This is an exciting opportunity to expand
the boundaries of our field by identifying new problems and exploring new data as it interacts with the
full inventory of NLP and machine learning approaches. In this spirit, the Organizing and Program
Committee was assembled to include researchers from both academia and industry, from NLP and legal
backgrounds.

We were interested in the following types of papers: (1) applications of NLP methods to legal tasks;
(2) experimental results using and adapting NLP methods in legal documents; (3) descriptions of new
legal tasks for NLP; (4) creation of curated and/or annotated resources; (5) descriptions of systems which
use NLP technologies for legal text; (6) industrial research in this area and (7) interdisciplinary position
papers.

In addition, this year we introduced The Legall.ens Shared Task, organized by Darrow.ai in collabora-
tion with the NLLP2024 workshop including two shared sub-tasks: Sub-Task A. Legal Named Entity
Recognition (L-NER): Given possible online media text (review), determine or extract legal entities such
as violation,"violation by, "violation on,and law.Sub-Task B. Legal Natural Language Inference (L-NLI):
Given a premise summarizing a class action complaint and a hypothesis from an online media text, de-
termine if the relationship is entailed, contradicted, or neutral, indicating any association between the
review and the complaint. A total of 87 individual users grouped in 38 teams participated in the shared
task, out of which the seven highest-scoring teams were elected to write a system description paper. Most
of the teams participated in both sub-tasks.

We once again received an exceptionally high number of submissions. In total, we received 68 submis-
sions on our direct submission website, out of which we accepted 26 for an acceptance rate of 38%. We
also received 5 ARR (ACL Rolling Review) commitments -papers that have received reviews and meta-
review via the ARR system- of which we accepted 2 for publication. Overall, we accepted 28 papers out
of 73 submissions (overall acceptance rate remains 38%) All papers were reviewed by at least 3 members
of the Program Committee, one of whom was usually a legal scholar. In addition, we also offered a venue
for presentation for 5 papers accepted to the Findings of EMNLP 2024 on the above topics. Finally, the
proceedings feature 7 system description papers for the shared task as well as one paper that describes
the shared task, for a total of 41 papers. All papers except shared task descriptions were invited to have
an oral presentation, either in-person or remote and all papers were invited to participate in the poster
session.

The papers cover a wide range of topics including new data sets for legal NLP, position papers on open
legal NLP issues, legal perspectives on NLP topics, as well as applications of NLP tasks to legal docu-
ments including retrieval, information extraction, generation, legal judgement prediction and statutory
reasoning. Again we saw a number of papers explore the use of Large Language Models (LLMs) in the
legal domain spanning from fundamental questions to usage methods and applications such as prompting
strategies, chain-of-thought applications in retrieval tasks or e-discovery. We note in particular a focus on
language model evaluation this year and new legal corpora that we hope will lead to a synergy promoting
better modeling and better testing on legal texts going forward.

We thank our invited speaker Omri Ben-Shahar, who is the Leo and Eileen Herzel Professor of Law, and
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Kearney Director and founder of the Coase-Sandor Institute for Law and Economics at the University of
Chicago Law School for accepting our invitation. In the tradition of past NLLP workshops, the invited
speaker is a legal scholar with an interest in empirical methods for legal analysis including NLP methods.
His talk is entitled Privacy Protection, At What Cost?which aims to challenge the adequacy of the data
privacy protection paradigm and expose the harms to society that certain privacy-fueled protections may
cause.

We thank everyone who expressed interest in the workshop, all authors of submitted papers, members
of the Program Committee who did an excellent job at reviewing papers given a short turnaround time,
everyone attending the workshop and the EMNLP 2024 conference for hosting us and the workshop. We
thank our sponsors — Bloomberg and the European Research Council Starting Grant project HUM ANads
— for their contributions.

The NLLP Workshop organizers.

http://nllpw.org
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Keynote Talk
Privacy Protection, At What Cost?

Omri Ben-Shahar
University of Chicago Law School

Abstract: Data privacy protection is the dominant paradigm in the regulation of the digital economy. In
this keynote lecture, University of Chicago Law Professor Omri Ben-Shahar challenges the adequacy of
the data privacy paradigm. He argues that it fails to capture the most worrisome harms—what he calls
’data pollution’—which are inflicted against public rather than private interests. He further demonstrates
that privacy-fueled restrictions on valuable data technologies impose a large, mostly unrecognized, har-
ms on society.

Bio: Omri Ben-Shahar earned his PhD in Economics and SJD from Harvard in 1995 and his BA and LLB
from the Hebrew University in 1990. Before coming to Chicago, he was the Kirkland & Ellis Professor
of Law and Economics at the University of Michigan. Prior to that, he taught at Tel-Aviv University, was
a member of Israel’s Antitrust Court, and clerked at the Supreme Court of Isracl. He teaches contracts,
sales, trademark law, insurance law, consumer law, sales law, e-commerce, food law, law and economics,
and game theory and the law. He writes primarily in the fields of contract law and consumer protection.
He is the co-author of Personalized Law: Different Rules for Different People (Oxford 2021, with Ariel
Porat) and More Than You Wanted to Know: The Failure of Mandated Disclosure (Princeton 2014, with
Carl Schneider). Professor Ben-Shahar is the Kearney Director of the Coase-Sandor Institute for Law
and Economics. He is also the Co-Reporter for the American Law Institute’s Restatement of Consumer
Contracts.
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Abstract

Constructing legal knowledge graphs from un-
structured legal texts is a complex challenge
due to the intricate nature of legal language.
While open information extraction (OIE) tech-
niques can convert text into triples of the form
(subject, relation, object), they often fall
short of capturing the nuanced relationships
within lengthy legal sentences, necessitating
more sophisticated approaches known as com-
plex information extraction. This paper pro-
poses LeGen — an end-to-end approach lever-
aging pre-trained large language models (GPT-
40, T5, BART) to perform complex informa-
tion extraction from legal sentences. LeGen
learns and represents the discourse structure
of legal sentences, capturing both their com-
plexity and semantics. It minimizes error
propagation typical in multi-step pipelines and
achieves up to a 32.2% gain on the Indian
Legal benchmark. Additionally, it demon-
strates competitive performance on open infor-
mation extraction benchmarks. A promising
application of the resulting legal knowledge
graphs is in developing question-answering
systems for government schemes, tailored to
the Next Billion Users who struggle with the
complexity of legal language. Our code and
data are available at https://github.com/
prajnaupadhyay/LegalIE.

1 Introduction

The Next Billion Users, new adopters of digital
technology, struggle to utilize digital devices ef-
fectively for accessing critical information such as
rights, employment opportunities, health, and ed-
ucation (Google, 2023). This is partly due to the
predominantly textual nature of available informa-
tion, particularly in legal contexts, characterized by
intricate and lengthy sentence structures (Abdallah
et al., 2023). Processing and acting upon such in-
formation impose significant cognitive burdens on
these users, who often lack the necessary education
and skills to comprehend it (Joshi, 2013).

1

Sentence Clauses Relations | Relations among Clauses

CONDITION,

Rconprrion(Balance
DISJUNCTION

If balance amount 1) Balance amount

in the account in the account amount in the

of a deceased of a deceased account of a
is higher than
150,000 then the

nominee or legal

is higher than
150,000 then

2) The nominee

deceased is higher
than 150,000 then,
Rprssuncrron(The
heir has to prove has to prove the nominee has to
the identity to

claim the amount

identity to claim prove the identity

the amount to claim the
3) Legal heir

has to prove the
identity to claim

the amount

amount, Legal heir
has to prove the
identity to claim
the amount))

Table 1: Examples of clauses and relations CAUSE,
CONDITION, CONTRAST, and DISJUNCTION among clauses

NLP techniques can assist in structuring and or-
ganizing legal data to enable automatic search and
retrieval (Dale, 2019; Zhong et al., 2020). Open
information extraction (OIE) techniques (Kolluru
et al., 2020; Stanovsky et al., 2018; Etzioni et al.,
2011) can be used to extract structured informa-
tion such as triples of the form (subject, relation,
object) from a sentence in a domain-independent
manner. However, legal text poses unique chal-
lenges - Legal sentences and documents are lengthy
with complex inter-clausal relationships between
them (Chalkidis et al., 2020). Existing OIE tech-
niques are not equipped to return the best results
on legal sentences. For instance, the output of Ope-
nlE6 (Kolluru et al., 2020) on If over 50 percent of
a company’s workers take concerted casual leave,
it will be treated as a strike are two triples - 7)
(it, will be treated, as a strike), i7) (over 50
percent of a company’s workers, take concerted,
casual leave). The model cannot identify complex
relationships between the two extractions, such as
condition. Apart from condition, clauses can have
relations such as contrast or disjunction, etc (Ta-
ble 1) among them. Identifying such relations is
important to design systems that empower users to
interpret complex legal information.

The problem of extracting structure beyond
triples is handled by a relatively new area of re-
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Figure 1: Next Billion Users often face challenges ac-
cessing legal text as it is complex and textual. LeGen
can help these users understand the legal text better
through downstream applications.

search known as complex information extraction
(Mahouachi and Suchanek, 2020). Complex infor-
mation extraction from legal sentences can support
many downstream tasks, such as the automatic cura-
tion of legal knowledge bases (Correia et al., 2022)
and analysis of court proceedings (Zadgaonkar and
Agrawal, 2021). Existing techniques for complex
information extraction (Niklaus et al., 2019; Pra-
sojo et al., 2018) involve multiple-step pipelines
for identifying clauses and relationships from sen-
tences that propagate errors. They also lack lan-
guage understanding and generalization skills.

This paper proposes LeGen, an end-to-end gen-
erative approach for complex information extrac-
tion from legal sentences (Figure 1). Generative ar-
chitectures, such as TS5 (Raffel et al., 2020), BART
(Lewis et al., 2019), or GPT (Radford et al., 2018)
have been very successful in understanding text
and generalization. These architectures capture
both the structure and semantics of a complex sen-
tence more accurately. Such end-to-end modelling
reduces the propagation of errors across multiple
steps. In this work, we demonstrate how the dis-
course tree structure (Niklaus et al., 2019) (Section
3.1) of a legal sentence can be learnt using large
language models such as BART, TS5 and GPT. Our
salient contributions are:

1. We propose LeGen, an end-to-end generative
approach that learns accurate tree-based representa-
tions to encode the complex structure of any legal
statement.

2. We report substantial gain over Graphene
(Niklaus et al., 2019), a state-of-the-art complex in-
formation extraction technique on the Indian Legal

benchmark.

3. We release the discourse tree structures for
legal text curated from Indian Law statements.

4. We show LeGen’s flexibility by training it as
a coordinate boundary detection task and conclude
that it is competitive (Kolluru et al., 2020).

5. We propose new metrics for measuring the
quality of discourse trees.

Our paper is organized as follows. We formally
describe the problem in Section 2 and introduce
LeGen in Section 3. We discuss our experiments
and results in Section 4 and 5. In Section 6, we
discuss work related to legal, complex, and open
information extraction and in Section 7, we discuss
future work. The limitations of our approach are
described in Section 9. Additional details and ex-
periments are listed in the Appendix (Section A).

2 Problem Definition

We denote the sentences (example in Table 1) by
S. Our goal is to identify from S:

1. Aset C of all clauses in S. A clause refers to
an indivisible, atomic sentence in S. C' = {“Balance
amount in the account of a deceased is higher
than 150,000 then”, *
identity to claim the amount”, “
prove the identity to claim the amount”} for the

example in Table 1.

The nominee has to prove the
Legal heir has to

2. A set COM P of complex sentences that are
obtained either by ¢) combining N clauses which
are subsets of clauses, C, using an N-ary relation,
or, i1) by combining subsets of C' and COM P
using N-ary relation.

3. A set R of N-ary relations that relate N
clauses or complex sentences and generate a new
complex sentence. In other words, R,,: {C' U
COMP}N — COMP, where R,, € R. For
S, R = {RconditionaRdisjunction}- The out-
put of Rcongition(Balance amount in the account
than 150,000 then”,
Ryisjunction The nominee has to prove the identity
to claim the amount”,“Legal heir has to prove the
identity to claim the amount”))is S.

Three properties that should be satisfied by C,
COMP and R are:

of a deceased 1is higher

Correct: Everyce C,c € COMPandr € R
should convey the same meaning as expressed in S



Non-redundant: C, R, and COM P should not
contain repeated information

Complete: All information conveyed in the sen-
tence should be expressed by C, R, and COM P

3 LeGen

We propose LeGen, an end-to-end generative
model to perform complex information extraction
from legal sentences. LeGen is based on the idea
of discourse trees, which are defined in the next
subsection. We model it as a generation task, that
outputs discourse trees for a sentence.

3.1 Discourse Tree

The Discourse Tree (Cetto et al., 2018; Niklaus
et al., 2019) originates from Rhetorical Structure
Theory (RST) (Mann and Thompson, 1988), which
identifies hierarchical text structures and rhetorical
relations between text parts. These relations are
categorized as coordination and subordination.

Coordinating sentences join independent clauses
with coordinating conjunctions like and, or, and
but. Subordination sentences combine main clauses
with dependent clauses, using subordinating con-
junctions like while, because, if, etc.

The Discourse Tree follows a top-down ap-
proach, breaking text into smaller parts, unlike the
bottom-up approach of RST. Simplified sentences
can vary and may require adjustments based on
specific structures. Figure 2 (left) illustrates a Dis-
course Tree example, with leaf nodes representing
clauses and non-leaf nodes representing complex
sentences formed by combining clauses using re-
lation labels. Relations in a discourse tree fall into
co-ordinations and sub-ordinations categories.

Our goal is to learn accurate discourse trees for
legal sentences (Section 3.2). We can model two
types of discourse structures:

Discourse Trees for Identifying Subordinations
and Coordinations In this case, we learn both
subordination and coordination from the sentence.
The sentence is parsed into multiple clauses, also
referred to as EDUs (Elementary Discourse Units),
by identifying logical connectives such as subor-
dinates and coordinates. Both the clauses and the
relationships between them are identified and struc-
tured as a linear discourse tree. We refer to this
task as Task 1 henceforth.

Discourse Trees for Coordination Boundary De-
tection The problem of coordinate boundary de-
tection (Saha et al., 2018) can be expressed as
a special case of learning discourse tree where
all the non-leaf nodes represent the same relation,
i.e. COORDINATION. We investigate this approach to
learn discourse trees for the problem of coordinate
boundary detection. We refer to this task as Task 2.

We build separate models for identifying coor-
dinates and subordinates due to the distinct nature
of each task. The coordination task focuses on
recognizing coordination boundaries and forming
independent clauses, involving only one type of
relationship. In contrast, the subordination task
involves identifying multiple inter-clausal relation-
ships. Combining these tasks could increase the
problem’s complexity (Evans, 2011).

3.2 Generating Discourse Trees

Any existing rule-based approach can be used to
generate the discourse trees for sentences. Cur-
rently, Graphene (Niklaus et al., 2019) generates
discourse trees with good precision and recall.
Graphene uses a set of 39 hand-crafted rules to
identify 19 relations (Cetto et al., 2018). However,
on analyzing these rules, we observed redundancies
and inconsistencies. 7) For instance, it is very diffi-
cult to distinguish between BACKGROUND, ELABORATION,
or EXPLANATION relations. i) the rules proposed
for identifying TEMPORAL_BEFORE and TEMPORAL _AFTER
relations from the text are not accurate. 4ii)
Does not identify the date and named entities cor-
rectly. To address 7) and 7i), we merged BACKGROUND,
ELABORATION, and EXPLANATION into ELABORATION. We
converted TEMPORAL_BEFORE and TEMPORAL_AFTER into
a single TEMPORAL relation. We did not address i),
but we show in Section 5 that LeGen is robust
to these issues. The final 10 relation set used in
the training are SPATIAL, LIST, ATTRIBUTION, CONTRAST,
DISJUNCTION, CAUSE, CONDITION, ELABORATION, TEMPORAL
and PURPOSE. The above relations are explained in
detail with the example in the Appendix (Section
A).

3.3 Encoding of Discourse Tree

Figure 2 demonstrates the conversion of a discourse
tree into a sequence encoding, simplifying com-
plex information extraction. We treat this process
as a generation task, where the input is the legal
sentence and the output is the tree encoding. Our
method converts original input sentences, including
clauses and relationships, into explicit discourse



If balance amount in the account of a deceased is higher than ¥150,000 then the nominee or legal heir has
to prove the identity to claim the amount.

SUB/CONDITION

CO/DISJUNCTION

The nominee has to
prove the identity
to claim the amount

Balance amount in the
account of a deceased
is higher than

150,000 then Legal heir has to

prove the identity
to claim the amount

SUB/CONDITION ('Balance amount in the
account of a deceased is higher than
150,000 then .', CO/DISJUNCTION ('The
nominee has to prove the identity to
claim the amount .',6 'Legal heir has to
prove the identity to claim the amount

-'))

Figure 2: Discourse tree for an example law sentence (on the left). Corresponding linear encoding of the Discourse
tree (on the right). SUB and CO refer to subordination and coordination, respectively.

trees. We encode the discourse tree by doing a pre-
order traversal of the tree. Algorithm 1 discusses
our steps.

Algorithm 1: Generating encoding £ for a

Discourse Tree 7.
Input: Discourse Tree 7 with root root
Output: Encoding, £
Append ‘root.label(’ to £
foreach child of root in T do
if child is a leaf then
| Append ‘child.label, to €
end
else
Generate encoding £’ of Discourse SubTree
with child as root
Append £’ to £
end

end
Append ‘)" to €
return £

3.4 Learning Discourse Tree with LLMs

The sequence generated using Algorithm 1 can be
learnt by fine-tuning smaller LLMs such as TS or
BART or prompting larger LLMs such as GPT in a
few-shot or zero-shot manner. We have prompted
larger models (GPT) only as smaller models like
T5 and BART lack the flexibility or capacity to
interpret the complex prompts (Raffel et al., 2020).
We propose using the following approaches for
prompting GPT-40:

Few shot Learning: We provided the model with
a few examples, each illustrating different types of
relationships and the clauses that might be present
in the sentence. The prompts are in Section A.8
and A.9.

Zero-Shot Learning: In the absence of any ex-
amples, we provided explicit steps to construct a
discourse tree to ensure a consistent output for-
mat, aligning these steps with the chain-of-thought

(CoT) process (Feng et al., 2024). We tried two
kinds of zero-shot learning.

1. Unrestricted: We did not supply any examples
or specify any particular types of relationships.
The model was expected to infer the relation-
ships based on the presence of subordinates
and coordinates within the sentences. This is
illustrated in Section A.7.

2. Restricted: We provided the model with a
predefined set of relationships as outlined in
Section A.1, and the prompts used for the
same can be found in Section A.6.

There are no restricted and unrestricted rela-
tions in Task 2 as it has only one kind of relation,
COORDINATION, and the prompts are in Section A.10.

3.5 Custom Loss Function for Handling
Hallucinations

Any generative model is prone to hallucinations (Ji
et al.,2023). Handling them is crucial in the context
of generating trees for an accurate understanding of
legal sentences. A common form of hallucination
observed is repetition, i.e. more than 1 leaf node
in the tree contains the same sentence. This form
of hallucination is difficult to be penalized using
regular cross entropy loss function since in most
of the cases, all leaf node sentences only differ
by a few words, so when the model generates the
same sentences for multiple leaf nodes, regular loss
would still be low. So, we propose a custom loss
function to punish the model for this kind of output.

Custom_Loss = Reg_Loss x [ 1+ A[1— @
n(T)
where T denotes the discourse tree, Reg_Loss
refers to regular cross-entropy loss, n(7") denotes
the number of leaf nodes in 7', u(7T") denotes



the number of unique leaf nodes, and X is a
hyperparameter which can take any real value
greater than zero. If n(t) = w(7T), Reg_Loss =
Custom_Loss. The loss increases linearly param-
eterized by A as u(t) << n(t).

4 Experiments

4.1 Datasets
4.1.1 Training

We trained LeGen using 17k sentences from Penn
Tree Bank (Marcus et al., 1993) dataset. We have
used the same dataset for both Task 1 and Task 2
because we wanted to test the transfer learning
capability of our approach on the legal domain. We
performed our experiments on 32x2 cores AMD
EPYC 7532, 1 TB of memory, and 8x A100 SXM4
80GB GPU systems. We trained the models using
BART-base (139 M), BART-small (70.5 M), T5-
base (246 M), and T5-small (77M) architectures.
BART trained faster (2 hours on small and 2.5
hours on base). T5 took considerably longer time
(3 hours for small and 4 hours for base). We train
it separately for Task 1 and Task 2.

For Task 1, we encoded every sentence into a
discourse tree structure as described in Section 3.2.
We trained BART (Lewis et al., 2019) and T5 (Ab-
dallah et al., 2023) models for 30 epochs using
cross-entropy loss with a learning rate of e~ 5. Re-
sults are averaged over 3 seeds (Section 5). With
GPT-40 models, we experimented with three kinds
of prompting as outlined in Section 3.4. We se-
lected 11 examples for few-shot learning, corre-
sponding to the 10 identified types of relationships
in the text, plus an additional example for cases
where the sentence cannot be split (NONE) (Sec-
tion A.8). For zero-shot learning, we applied Chain
of Thought-style prompting with both restricted
and unrestricted sets of relationships.

For Task 2, we kept the same hyperparameters
that we used for the Task1 and obtained the best
results for batch size 3. Results are averaged over
3 seeds (Section 5). For both of them, we also
trained the model with a custom loss function, set-
ting A = 1. With GPT-40 models, we provided
the model with 11 examples for few-shot learning,
with the prompt in Section A.9. These examples
included sentences across hierarchical levels (0-5),
showing how input sentences can be split into inde-
pendent ones. For zero-shot learning, we provided
steps to build a hierarchical representation of coor-
dinating sentences, with prompts in Section A.10

. We only performed restricted prompting because
it involves only one type of relation. The GPT-40
model parameters were set to: temperature = I and

top_p =1

4.1.2 Test

1) ILDC Dataset (Used for Task 1). ILDCisa
Indian Legal Dataset (Malik et al., 2021) compris-
ing the transcripts of 35k Indian Supreme Court
Cases. We sampled 50 sentences from this corpus.
The dataset is fairly noisy with multiple spelling
and structural inconsistencies.

2) Indian Legal Dataset (Used for Task 1).
ILDC corpus is noisy, so we looked for cleaner
legal sentences to test our model. We constructed a
new dataset of 107 sentences from Wiki on Labour
Law '. We used the Petscan tool to collect sen-
tences belonging to the ‘Labour Law’ category
from Wiki. These sentences contained multiple ref-
erences, requiring pre-processing to remove men-
tions of other articles. The sentences were also
presented as itemized lists, which had to be merged
into single sentences. To understand the data, two
authors of the paper spent time constructing the dis-
course tree structure for each sentence from scratch.
We observed that there were multiple correct tree
representations for one sentence, as evident from
the example in Section A.3. The problem becomes
more complex for trees with greater height.

3) Penn Tree Bank (Used for Task 2). Penn
Tree Bank (Marcus et al., 1993) consists of 985
sentences from articles in the Wall Street Journal.
It is annotated with coordinate boundaries (and, or,
but, comma-separated list) and the text spans it con-
nects. This test set was used to evaluate LeGen’s
flexibility in identifying co-ordinations.

4.2 Metrics
4.2.1 Metrics for Task 1

Various metrics have been proposed in the literature
to evaluate discourse trees (Vadlapudi et al., 2009;
Yuan et al., 2021). A key disadvantage of these
metrics is that they either focus on surface-level re-
lations, or they completely ignore the relations (Mi-
tocariu et al., 2013), without adequately addressing
multiple discourse relations such as ELABORATION,
CAUSE, or RESULT. The metric proposed in (Yuan
et al., 2021) specifically focuses on dependency

"https://en.wikipedia.org/wiki/Indian_labour_law



distance and the complexity of constructing the dis-
course tree but does not account for inter-clausal re-
lations. Additionally, discourse trees are often eval-
uated based on their performance in downstream
tasks, such as question answering (Pyatkin et al.,
2020; Sovrano et al., 2024) or machine translation
(Yuan et al., 2021). We also noted that a single
sentence could have multiple correct tree repre-
sentations, particularly evident for taller trees as
illustrated in Section A.3 (Appendix). Given these
issues, we used human judgment to evaluate the
trees based on 7) structure of the tree and i) con-
tent of the tree, i.e., the relation labels. We propose
two metrics.

Tree Structure Evaluation (TSE). We em-
ployed a strict evaluation technique, i.e. it was
marked as correct only if all the 3 requirements
cited in Section 2 were satisfied — ¢) Every node
in the tree was correctly split. i) Tree does not
contain multiple nodes with the same information,
i77) All information in the sentence was conveyed
in the tree. TSE reports the percentage of sentences
that generated correct trees.

Tree Content Evaluation (TCE). To assess tree
content, annotators were tasked with labeling each
relation as correct or incorrect, informed about the
relations present in the test set. A relation was
marked incorrect if it was expressed differently or
if it connected incorrect clauses. Inaccuracies in
relations resulted in penalties applied to the entire
tree structure post-clause verification.

4.2.2 Maetrics for Task 2

We employed a mapping-based approach pro-
posed in CalmlIE (Saha et al., 2018) to compare the
clauses generated by our technique with the gold
set. For every conjunctive sentence, we evaluated
it by matching its collection of system-generated
clauses with the reference set. This involved es-
tablishing the most optimal one-to-one correspon-
dence between the clauses in both sets. Subse-
quently, precision was determined for each map-
ping by calculating the ratio of shared words to the
total words in the generated sentence, while recall
was calculated as the ratio of shared words to the
total words in the reference sentence.

Let G = {G1,G2,Gs...} be gold/reference
clauses each represented as a bag of words model,
ie. G; = {G? G G ...} where each G’
denotes a token in a clause. Similarly let T =
{T1,T5,T5 ...} be clauses generated by a model

where T; = {T*,T*2, T ...}. CalmIE per-
forms matching in a greedy fashion, however, this
type of matching is not optimal and might change
based on the order in which greedy matching is
performed. So, we performed matching to get
the global maximum. This problem of finding the
global optimum from a distance or similarity matrix
can be treated as a linear sum assignment problem
(Crouse, 2016). We matched clauses from Gold Set
G and Predicted Set 7' to maximise the F1 score.
The F1 score was computed using precision and
recall metrics. All equations are presented in the
Appendix in Section A.2 of appendix A.

4.3 Baselines

Graphene Default. We used the default
Graphene (Niklaus et al., 2019) as the competing
technique for Task 1. We observed that although it
can split long complex sentences, it is unable to
identify the relations correctly.

Graphene. We used modified Graphene (Refer
Section 3.2) as the competing technique for Task 1.

OpenlE6_Coordinate-Boundary_Detection.
We used the Coordination Boundary Detection
Model released with OpenlE6 as our baseline for
Task 2.

5 Results

51 Task1

Table 2 presents the results for TSE and TCE scores
and the number of clauses and relations generated
in the discourse trees using three different tech-
niques. The results demonstrate that the generative
approach to discourse tree creation significantly
outperforms Graphene on both datasets—the In-
dian Legal Dataset and ILDC. The GPT-40 model
performs the best, achieving a TSE score of 82%
on the Indian Legal Dataset and 90% on the ILDC
Dataset. TS and BART-Base hallucinates more and
the reason for its underperformance is the genera-
tion of terms not present in the original sentence.
Graphene Default performs worse than modified
Graphene. While it splits clauses correctly, it’s
TCE is much lower because of our observations
reported in Section 3.2.

Graphene also underperforms in sentences
where domain-specific named entities such as
statutes, laws, or case names are present, e.g.
Shops and Establishment Act 1960 or The Facto-
ries Act 1948 (Indian Legal Dataset of Table 3).



Dataset Models TSE | TCE | #(Relations,
Clauses)
Graphene Default 0.54 | 0.74 | (174,125)
Graphene 0.54 | 0.77 | (174,125)
T5 056 | 1 (137,88)
ILDC T5 Custom Loss 0.56 | 1 (137,88)
BART 048 | 1 (111,62)
BART Custom Loss 0.48 | 0.83 | (127,76)
GPT-40 (11 Shot) 0.90 | 0.89 | (100,50)
GPT-40(Zero shot CoT U) | 0.70 | 0.88 | (152,96)
GPT-40 (Zero shot CoT R) | 0.64 | 0.90 | (156,92)
Graphene Default 0.62 | 0.54 | (247,347)
Graphene 0.62 | 0.92 | (247, 347)
Indian Legal T5 0.71 | 0.96 | (191, 349)
Dataset TS5 Custom Loss 0.56 | 1 (404,238)
BART 0.70 | 0.92 | (183,281)
BART Custom Loss 0.61 | 0.95 | (289,185)
GPT-40 (11 Shot) 0.82 | 0.87 | (236,134)
GPT-40 (Zero shot CoT U) | 0.76 | 0.79 | (319,248)
GPT-40 (Zero shot CoT R) | 0.79 | 0.90 | (317,187)

Table 2: Results for Task 1: TSE and TCE results of
Graphene, GPT-40, TS5, and BART with regular and cus-
tom loss function on 2 datasets averaged over 3 seeds.
The best values are in bold. The second best is un-
derlined. U stands for Unrestricted and R stands for
Restricted.

Graphene also cannot identify non distributive co-
ordination like ‘between’ and splits sentences on
them. All these issues are handled very well by
generative models even though they were trained
on Graphene’s output. The error analysis of the T5
and BART models is presented in Section A.4.

GPT-40 models perform auto-correction of
words as observed in the ILDC dataset in Ta-
ble 3, which is a further improvement on T5
and BART. The input sentence of the ILDC
data set has many words which are misspelt,
like companytained, companydition and companytract,
which was auto-corrected by the GPT-40 model to

contained,condition and contract.

While evaluating for TCE, we took into consid-
eration the fact that there could be multiple ways
of representing sentences with different relations.
There are situations where models can split the sen-
tences but are unable to identify the relations, and
BART has made spelling mistakes in identifying
the relation. Although such scenarios were rare in
TS, we came across them in Graphene and BART.

Inter-annotator Agreement. We sampled 50%
of the sentences annotated by Annotator 1 and
asked Annotator 2 to evaluate them. We obtained
a Cohen’s Kappa agreement value of 0.73 for TSE
and 0.71 for TCE, indicating substantial agreement
(Blackman and Koval, 2000).

5.2 Task2

Table 4 shows our results. We obtained
competent results from the T5-base against
OpenlE6_Coordinate-Boundary_Detection. The
slight drop in the performance of T5-Base could
be attributed to ambiguous labels in the Penn Tree
Bank dataset. For instance, one split in the gold
for "He retired as senior vice president, finance
and administration, and chief financial officer of
the company Oct. 1" is "He retired as senior vice
president, finance Oct. 1", while T5 generates "He
retired as senior vice president, finance, of the com-
pany Oct. 1". TS generates a better split but it gets
penalised because this is not captured in gold.

BART did not perform well as it hallucinated
while generating the output where it used words
that are not in the input. BART was also unable
to split all elements of comma-separated lists. The
same problem was observed for T5-small which
improved with T5-base.

The results obtained for Task 2 with few-shot and
zero-shot learning did not match those achieved
with TS5 and BART. The GPT-40 model did not
perform well mainly because of two reasons: diffi-
culty in correctly splitting sentences into multiple
hierarchical levels and the loss of contextual in-
formation. The model could correctly identify the
conjunctions in the sentence but failed to form in-
dependent clauses. We are working towards fixing
this issue with GPT models by refining the prompts
to include context information and also improving
hierarchical levels wherever needed.

5.3 Effect of Custom Loss Function

On Task 2, using the custom loss function improved
the results for T5-small, T5-Base, and BART-Base
(Table 4, example in Appendix, Figure ??). BART
hallucinates by inventing new relations in the dis-
course tree which is not handled by our custom
loss function. This could be the reason for low
performance of BART-small with custom loss.

On Task 1, using the custom loss function gave
mixed results. Results are shown in Table 2. On the
ILDC corpus, it didn’t lead to any improvement for
TSE while TCE reduced for BART. This is similar
to what we observed for BART on Task 2. On the
Indian Legal Dataset, enforcing custom loss made
the model split a sentence into more number of
clauses, however, this does not necessarily mean
it is a correct splitting. This led to a reduction in
the TSE scores. The total number of relations gen-



appearing on behalf of
the appellant has argued
that the arbitration
clause companytained in
the tender companydition
amounts to a companytract
of adhesion, and

since there is unfair
bargaining strength
between respondent No.2
and the appellant, this
clause ought to be
struck down following
the judgment in Central
Inland Water Transport
Corpn.v. Brojo Nath
Ganguly, 1986 3 SCC 156.

companynsel appearing on
behalf of the appellant
has argued .

2) The arbitration clause
companytained in the
tender companydition
amounts to a companytract
of adhesion.

3) Central Inland Water
Transport Corpn.v. Brojo
Nath Ganguly was 1986 3
SCC 156.

4) There is unfair
bargaining strength
between respondent No. 2.
5) There is the
appellant.

6) This clause ought to
be struck down following
the judgment in Central
Inland Water Transport
Corpn.v . Brojo Nath
Ganguly .

the judgment in Central
Inland Water Transport
Corpn.v . Brojo Nath
Ganguly , 1986 3 SCC 156.
2) This was what learned
companynsel appearing on
behalf of the appellant
has argued.

3) The arbitration clause
companytained in the
tender companydition
amounts to a companytract
of adhesion , and

since there is unfair
bargaining strength
between respondent No.2
and the appellant , this
clause ought to be struck
down following Brojo Nath
Ganguly , 1986 3 SCC 156.

Dataset Input Clauses generated by | Clauses generated by TS BASE | Clauses generated by GPT-40
Graphene model
Indian Legal | The Factories Act 1948 1) This was with an 1) This was to each 1) The Factories Act
Dataset and the Shops and additional 7 fully paid employee with an 1948 and the Shops and
Establishment Act 1960 2) This was to each additional 7 fully paid Establishment Act 1960
mandate 15 working days employee sick days mandate 15 working days
of fully paid vacation 3) The Factories leave 2) The Factories Act 1948 of fully paid vacation
leave each year to each year sick days mandate 15 working days leave each year to each
each employee with an 4) Act 1948 mandate 15 of fully paid vacation employee.
additional 7 fully paid working days of fully paid | leave each year 2) This was in addition
sick days. vacation The Factories 3) The Shops and to 7 fully paid sick
5) The Shops and Establishment Act 1960 days.
Establishment Act 1960 mandate 15 working days
mandate 15 working days of fully paid vacation
of fully paid vacation leave each year.
The Factories
ILDC Learned companynsel 1) This was what learned 1) Brojo Nath Ganguly was 1) Learned counsel

appearing on behalf of
the appellant has argued.
2) That the arbitration
clause contained in

the tender condition
amounts to a contract of
adhesion.

3) And since there

is unfair bargaining
strength between
respondent No.2 and the
appellant.

4) This clause ought to
be struck down following
the judgment in Central
Inland Water Transport
Corpn.v. Brojo Nath
Ganguly, 1986 3 SCC 156.

Table 3: Examples showing the superiority of generative architectures in identifying correct clauses. Their strength
also lies in the accurate detection of named entities and auto-correction.

erated by both BART and T5 reduced which may
have led to an increase in TCE scores. Overall, we
can conclude that subordination is a more complex
task than coordination which needs more nuanced
handling of hallucinations.

Mapping Based Approach
Models Loss function | Precision | Recall | F1 Score

OpenIE6_Coordinate .

-Boundary_Detection Regular 0.9803 | 0.9845 | 0.9816

T5 Small Custom 0.9671 | 0.9538 | 0.9578

Regular 0.9647 | 0.9544 | 0.9571

T5 Base Custom 0.9756 | 0.974 | 0.9739

Regular 0.9747 0.973 0.9726

Custom 0.8273 | 0.7334 | 0.7672

BART Small Regular 0.8215 | 0.7391 | 0.7682

Custom 0.8418 | 0.7613 | 0.7903

BART Base Regular 0.8369 | 0.7574 | 0.7903

GPT-4o (11 Shot) - 0.4124 | 0.2816 | 0.3198

GPT-40 (Zero Shot CoT) - 0.6024 | 0.3823 | 0.4503

Table 4: Results on Task 2: Mapping-based approach
is used to calculate precision, recall and f1 score using
cross-entropy loss function and custom loss function.
The best values are in bold. The second best is under-
lined.

6 Related Work

6.1 Legal Information Extraction

Legal Information Extraction has advanced
with NLP techniques aiding legal professionals
(Chalkidis et al., 2017; Leivaditi et al., 2020;
Cardellino et al., 2017). Although open informa-
tion extraction methods attempt structured triple
extraction from legal statements (Zadgaonkar and
Agrawal, 2021), challenges remain (see Section 1).
Core tasks include NER, document summarization,
and judgment prediction (LJP), facilitated by sys-
tems like Eunomos (Boella et al., 2016; Abood and
Feltenberger, 2018; Nguyen et al., 2018) and en-
hanced by legal ontologies like YAGO (Cardellino
et al., 2017).

Early judgment prediction relied on rule-based
models (HYPO, CATO) (Rissland and Ashley,
1987; Aleven and Ashley, 1995) and ML ap-
proaches like SVMs (Aletras et al., 2016), which
achieved 79% accuracy. Recent studies continued
this with neural models (Medvedeva et al., 2020;



Chalkidis et al., 2019a) and semi-supervised tech-
niques (Branting et al., 2021). Adapted pre-trained
models such as Legal BERT (Chalkidis et al., 2020)
and datasets in multiple languages have enriched
the field (Chalkidis et al., 2021, 2019b).

In the Indian context, works like InLegal BERT
(Paul et al., 2023) and corpora like ILDC (Malik
et al., 2021) advance NLP on Indian legal data. Le-
gal tasks in ILDC include NER, rhetorical role pre-
diction (Kalamkar et al., 2022), and court judgment
prediction (Modi et al., 2023). Other Indian re-
sources include HLDC for bail prediction (Kapoor
etal., 2022), LJP (Cui et al., 2023) and NLP bench-
marks (Kalamkar et al., 2021).

6.2 Open Information Extraction

Open Information Extraction uses an independent
paradigm to extract the information as a triple,
(subject, relation, object). (Yates et al., 2007)
introduced the concept of Open Information Ex-
traction and proposed Text Runner. Following this,
many rule-based systems were developed, like RE-
VERB (Etzioni et al., 2011) and OpenlES5 (Saha
et al., 2018). RNNOIE (Stanovsky et al., 2018)
which uses a neural-based approach to open in-
formation extraction and is trained by the data ex-
tracted from non-neural systems. The state-of-the-
art in Open Information Extraction, OpenlE6 (Kol-
luru et al., 2020) uses iterative grid labeling with
BERT architecture to generate triples from input.

6.3 Complex Information Extraction

Several OIE systems address complex sentence
extraction (Mahouachi and Suchanek, 2020), in-
cluding OLLIE (Schmitz et al., 2012), MinlE
(Gashteovski et al., 2017), and Graphene (Cetto
et al., 2018). Methods vary from rule-based
(ClauslE, MinlE) to syntactical (StufflE (Prasojo
et al., 2018)) and structured approaches (Graphene
(Niklaus et al., 2019)). Our work uniquely explores
generative neural architectures for complex infor-
mation extraction.

6.4 Discourse Tree and its Applications

Discourse trees (DT) originated from Rhetori-
cal Structure Theory (RST), which organizes text
through relations within parts to create hierarchi-
cal structures. DTs can be generated by vari-
ous methods, including data-driven approaches as-
sessing topicality (Schilder, 2002), learning-based
techniques for sentence and cross-sentence rela-
tions (Soricut and Marcu, 2003; Baldridge and Las-

carides, 2005), shift-reduce parsing (Ji and Eisen-
stein, 2014), and handcrafted rules (Cetto et al.,
2018). Recent advances leverage NLP and com-
puter vision for constructing DTs from heteroge-
neous data (Schneider et al., 2023). Different DT
representations, like SDRT and EDU theory, ap-
proach discourse as either structured graphs or with-
out assuming tree structures. DTs are applied in
tasks such as Question Answering (Sovrano et al.,
2024), answer indexing (Galitsky and Ilvovsky,
2019), and summarization (Yoshida et al., 2014; Pu
and Demberg, 2024). Our work, however, focuses
on constructing DTs at the sentence level rather
than the document level as in previous studies.

7 Conclusion

We developed an end-to-end generative model for
legal information extraction that improves legal sen-
tence comprehension. Using TS, BART, and GPT-
40 models, we learned sentence discourse trees,
which outperformed Graphene on an Indian Legal
and ILDC Dataset and achieved competitive per-
formance in coordinate boundary detection. In the
future, we will use the discourse trees generated
from Indian Law to populate a legal knowledge
graph which can be used to develop a question-
answering system to support low-literate users.
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9 Limitations

* Our dataset could be biased due to unequal train-
ing instances for each kind of relation.

* GPT models generate a varied number of clauses
and relations for the same input sentence. This
randomness of GPT models is propagated to our
models as well. Due to this, our models generate a
varied number of clauses and relations for the same
input sentence.

* Due to the presence of multiple correct discourse
trees for subordination tasks, it is difficult to create
a benchmark to automatically evaluate the models.
They require expensive human annotations.
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A Appendix

A.1 Graphene Relations used for LeGen
training
1. SPATIAL: This relation is used to denote the
place of occurrence of an event.

E.g., The Interstate Migrant Workmen Act
’s purpose was to protect workers whose ser-
vices were requisitioned outside their native
states in India .

SUB/ELABORATION( ‘The
Workmen Act ’s purpose was to protect workers
.’, SUB/SPATIAL(‘This is in India
’s services are requisitioned outside their

D))

Inter-state Migrant

.7, ‘Workers

native states

2. ATTRIBUTION: This relation is used when
a statement is being made by some person or
institution.

Eg: But some militant SCI TV junk-holders
say that ’s not enough .

SUB/ATTRIBUTION(‘This is what some
militant SCI TV junk-holders say
’,”s not enough .’)

. CONTRAST: This relation is indicated by
the words ‘although’ , ‘but’ , ‘but now’, ‘de-
spite’ , ‘even though’ , ‘even when’, ‘except
when’ , ‘however’, ‘instead’ , ‘rather’, ‘still’ ,


https://doi.org/10.18653/v1/2023.acl-demo.31
https://doi.org/10.18653/v1/2023.acl-demo.31
https://doi.org/10.18653/v1/2023.acl-demo.31

‘though’ , ‘thus’, ‘until recently’, ‘while’ and

3 ’

yet'.

Eg: This can have its purposes at times , but
there ’s no reason to cloud the importance and
allure of Western concepts of freedom and
justice .

CO/CONTRAST (SUB/ELABORATION( ‘This is
at times .’,‘This can have its
purposes .’ ), ‘There ’s no reason
to cloud the importance and allure
of Western concepts of freedom and
justice .7)

Eg2: No one has worked out the players * av-
erage age , but most appear to be in their late
30s .

CO/CONTRAST(‘No one has worked out
the players ’ average age .’,‘ most
appear to be in their late 30s . ’)

. LIST: This is used to indicate conjunctions (
and’ or comma seperated words) between the
sentences

Eg: He believes in what he plays , and he

plays superbly .

CO/LIST(‘He believes in what he plays
’, ‘He plays superbly .’)

. ’

. DISJUNCTION: This is used to show the
presence of ’OR’ in the sentences.

Eg: The carpet division had 1988 sales of $
368.3 million, or almost 14 % of Armstrong
’s $ 2.68 billion total revenue .

CO/DISJUNCTION(‘The carpet division
had 1988 sales of $ 368.3 million
.7,“The carpet division had 1988
sales of almost 14 % of Armstrong ’s
$ 2.68 billion total revenue .’)

. CAUSE: Indicates the presence of the word -
‘because’ or ‘since’.

Eg: Jaguar ’s own defenses against a hostile
bid are weakened , analysts add , because
fewer than 3 % of its shares are owned by
employees and management .

SUB/CAUSE(‘Jaguar ’s own defenses
against a hostile bid are weakened
, analysts add .’, ‘Fewer than 3 % of
its shares are owned by employees and
management .’)
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7.

10.

CONDITION: When multiple sentences are
connected by phrase ’if” ‘in case’,‘unless’ and
“until’, CONDITION relationship phrase is
used to denote the connection between the
sentences.

Eg: Unless he closes the gap , Republicans
risk losing not only the governorship but also
the assembly next month .

SUB/CONDITION(‘He closes the gap
.’ ,‘Republicans risk losing not
only the governorship but also the
assembly next month .’)

. ELABORATION: Identified by the presence

of words such as ‘more provocatively’, ‘even
before’ ,* for example’, ‘recently’,‘ so’ ,‘so far’
," where’ ,‘whereby’ and ‘whether’ .

REGEX:
“since (\\W(C. *2\\W) ?)now”

Eg: Not one thing in the house is where it is
supposed to be, but the structure is fine.

CO/CONTRAST (SUB/ELABORATION( ‘Not one

thing in the house is .’,‘It is
supposed to be .’ ), ‘The structure
is fine .”)

. TEMPORAL: Denotes the time or date of

occurrence of the event.

Eg: These days he hustles to house-painting
jobs in his Chevy pickup before and after train-
ing with the Tropics .

SUB/TEMPORAL (‘These days he hustles
to house-painting jobs in his Chevy
pickup before and after .’,‘These
days he is training with the Tropics

)

PURPOSE: This kind of relation is identified
by the presence of words such as ‘for’ or ‘to’.

Eg: But we can think of many reasons to stay
out for the foreseeable future and well beyond

SUB/PURPOSE (‘But we can think of many
reasons .’,‘This is to stay out
for the foreseeable future and well
beyond .’)



A.2 Precision, Recall, and F1 score

computation
p = precision(G;, Tj) = |G1|;‘TZ| )
T:r@call(G’i7Tj) _ ‘GlﬁTl‘ (2)
|G|
FUG,T)) = 2pr 3
VY ptr

Let m(.) be matching function such that G;
matches with 7;,,;y and conversely G,,,(;) matches
with Tj. If |G|# |T'|, then only k = min(|G|, |T)
matches are possible. Thus in such cases,
m(i) will not return valid value for all ¢ and
precision(Gy, Try,;)) and recall(Gy, Ty ;y) will
be zero.

Pexample = pTecision(G, T)
1 I

= il Zprecision(Gm(i),Ti)
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2pezuxm leT 1
ptel example
flezample = (G, T) =

Pexample + Texample

(6)

Please note that (4) to (6) represent scores for only
one example in the test set.

A.3 Multiple correct trees for same sentence

Eg: The Code on Wages Bill was introduced in the
Lok Sabha on 10 August 2017 by the Minister of
State for Labour and Employment ( Independent
Charge), Santosh Gangwar.

Treel:  SUB/ELABORATION(‘This
Minister of State for
(  Independent Charge
SUB/TEMPORAL(‘The  Code
introduced in the Lok Sabha’,
August 2017’))

Tree2: SUB/TEMPORAL( ‘This was on 10th August
2017’, SUB/ELABORATION(‘This was by the Minister
of State for Labour and Employment ( Independent

was the

by

Labour and Employment

)’

on

Santosh  Gangwar’,
Wages Bill

‘This was on 10th

was

Charge ),
Bill was introduced in the Lok Sabha’,
on 10th August 2017’))

Santosh Gangwar’, ‘The Code on Wages

‘This was

A.4 Error Analysis

We manually analyzed the outcomes of subordina-
tion as predicted by the TS5 Base and BART Base
models. The primary causes of errors are identified
as follows:
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1. Clauses not correctly identified by model:
We observed that the TS model failed to cor-
rectly identify clauses 16% of the time, and
the BART model, experiencing similar chal-
lenges, had a 17% failure rate. Moreover,
BART occasionally not only failed to recog-
nize clauses but also exhibited hallucinations
during these instances.

. Wrong Relation or relation not identified at all:
We observed that the TS model fails to identify
the correct relation, defaulting to ELABORATION,
0.018% of the time. We found one example in
TS5 where the model exhibited hallucination
as well as generated wrong clauses. Similarly,
BART also struggles to identify the relation
in 0.04% of cases and tends to exhibit more
instances of hallucination compared to the T5
model.

. Both Clauses and Relation are wrong: T5 en-
countered challenges in identifying both rela-
tions and clauses in 0.018% of cases, whereas
BART faced failures 0.03% of the time and
demonstrated a higher frequency of hallucina-
tions.

. Not split the sentences: TS and BART experi-
enced difficulty in sentence splitting in 0.07%
of instances.

. Model repeats the original input sentence in
the split and Hallucination: TS5 encountered
challenges in both sentence splitting and hal-
lucination 0.06% times, whereas BART exhib-
ited a higher rate of hallucination and failed
to split 0.14% of the time.

. Grammatical error: We found minimal gram-
matical errors in the hierarchical sentence
structure, such as bracket mismatches and mis-
spellings. TS5 made a grammatical mistake
only once, while BART made two grammati-
cal errors.

In summary, we noticed that BART exhibited a
higher frequency of hallucinations compared to TS.
This occurred particularly when BART struggled to
identify both clauses and relations within the input
sentence.

A.5 Relation count in Indian Legal Dataset

Table 5 shows relation distribution in the test
dataset and the accuracy of prediction by T5.



T5 BASE
ACCURACY
Relation Count OF
RELATION
PREDICTION
SPATIAL 10 0.2
ATTRIBUTION 18 0.44
ELABORATION | 446 | 0.18
TEMPORAL 3 0.67
CONTRAST 23 0.69
LIST 112 | 03
DISJUNCTION 26 0.15
CAUSE 5 0.08
CONDITION 18 0.72
PURPOSE 18 0.27

Table 5: Relation distribution in Indian Legal Test data

A.6 Zero Shot Restricted CoT Prompt for
Subordination Task

To construct the discourse Tree, follow the below
steps:

Step 1: Identify the subordinating phrases like
for, while, however, because, as, etc., in the in-
put sentence and then divide it into two sentences
(clauses) by identifying the relation between them.
If there are no subordinating phrases, identify co-
ordinating phrases and create two independent
clauses by identifying the relation between them.
Make sure clauses are complete by adding terms
like ‘This was’ at the beginning of the clauses
for incomplete clauses. Relation includes ELAB-
ORATION, SPATIAL, CONTRAST, CONDITION,
SPATIAL, ATTRIBUTION, DISJUNCTION, LIST,
CAUSE, TEMPORAL and PURPOSE. Use only the
above relations.

Step 2: For each of the clauses identified in Step
1, identify a subordinating phrase in each of the
clauses and repeat Step 1.

Step 3: If there are no subordinating phrases in
clauses identified in step 1, identify coordinating
phrases like and, or, and but and repeat step 1

Step 4: Repeat steps 1 to 3 till all the subordi-
nating and coordinating phrases in the individual
clauses are identified.

Step 5: If there are no subordinating or coor-
dinating phrases in the input sentence, then the
output will be the same as the input sentence.
Else, output the discourse tree in the format: The
Discourse Tree: “Relation(‘Clausel’, Relation
(‘Clause.’, ‘Clause.’) ‘Clause2’ ...)“
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A.7 Zero Shot Unrestricted CoT Prompt for
Subordination Task

To construct the discourse Tree, follow the below
steps:

Step 1: Identify the subordinating phrases like
‘for’, ‘while’, however, because, as, etc., in the in-
put sentence and then divide it into two sentences
(clauses) by identifying the relation between them.
If there are no subordinating phrases, identify co-
ordinating phrases and create two independent
clauses by identifying the relation between them.
Make sure clauses are complete by adding terms
like ‘This was’ at the beginning of the clauses for
incomplete clauses.

Step 2: For each of the clauses identified in Step
1, identify a subordinating phrase in each of the
clauses and repeat Step 1.

Step 3: If there are no subordinating phrases in
clauses identified in step 1, identify coordinating
phrases like and, or, and but and repeat step 1

Step 4: Repeat steps 1 to 3 till all the subordi-
nating and coordinating phrases in the individual
clauses are identified.

Step 5: If there are no subordinating or coordi-
nating phrases in the input sentence, then the out-
put will be the same as the input sentence. Else, out-
put the discourse tree in the format: The Discourse
Tree: “Relation (’Clausel’, Relation (’Clause’,
"Clause’) ’Clause2’ ...)*

A.8 11 Shot Prompt used for Subordination
Task

Following are a few examples of legal input sen-
tences under ’Input’ that have been converted into
discourse trees, which are shown under *Output’.
using the following examples as a format, convert
new legal sentences into trees. Create a discourse
tree from the provided sentence without introduc-
ing new words or explanations. A discourse tree
identifies hierarchical text structures and rhetori-
cal relations between text parts. These relations
are categorized as coordination and subordination.
below are some examples of how the discourse tree
should be generated -

1. SPATIAL: This relation is used to denote the
place of occurrence of an event .
Eg: The Interstate Migrant Workmen Act ’s
purpose was to protect workers whose ser-
vices are requisitioned outside their native
states in India .



SUB/ELABORATION(’ The
Workmen Act ’s purpose was to protect workers
.7, SUB/SPATIAL(’This is in India
’s services are requisitioned outside their

)

. ATTRIBUTION: This relation is used when
a statement is being made by some person or
institution.

Eg: But some militant SCI TV junk-holders
say that ’s not enough .
SUB/ATTRIBUTION(’This is what some
militant SCI TV junk-holders say

’,”s not enough .’)

M ’

. CONTRAST: This relation is indicated by the
words ‘although’, ‘but’, ‘but now’, ‘despite’ ,
‘even though’ , ‘even when’, ‘except when’ ,
‘however’, ‘instead’ , ‘rather”, ‘still’, ‘though’
, ‘thus’, ‘until recently’, ‘while’ and ‘yet’.
Eg:  This can have its purposes at
times , but there ’s no reason to cloud
the importance of West-
ern concepts of freedom and justice.
CO/CONTRAST (SUB/ELABORATION(’This

is at times .’,’This can have its
purposes .’ ), ’'There ’s no reason
to cloud the importance and allure
of Western concepts of freedom and
justice .7)

Inter-state Migrant

.7, Workers

native states

and allure

. LIST : This is used to indicate conjunctions (

‘and’ or comma seperated words) between the

sentences

Eg: He believes in what he plays , and he

plays superbly .

CO/LIST(‘He believes in what he plays
’, ‘He plays superbly .’)

* )

. DISJUNCTION: This is used to show the
presence of 'OR’ in the sentences.

Eg: The carpet division had 1988 sales of $
368.3 million , or almost 14 % of Armstrong
’s § 2.68 billion total revenue .

CO/DISJUNCTION(’The carpet division
had 1988 sales of $ 368.3 million
.”,’The carpet division had 1988
sales of almost 14 % of Armstrong ’s
$ 2.68 billion total revenue .’)

. CAUSE: Indicates the presence of the word -
‘because’ or ‘since’.
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10.

Eg: Jaguar ’s own defenses against a hostile
bid are weakened , analysts add , because
fewer than 3 % of its shares are owned by
employees and management .

SUB/CAUSE(’ Jaguar ’s own defenses
against a hostile bid are weakened
, analysts add .’,’Fewer than 3 % of
its shares are owned by employees and
management .’)

. CONDITION: When multiple sentences are

connected by phrase ’if’ ‘in case’, ‘unless’ and
‘until’, CONDITION relationship phrase is
used to denote the connection between the
sentences.

Eg: Unless he closes the gap , Republicans
risk losing not only the governorship but also
the assembly next month .
SUB/CONDITION(’He closes the gap
.”,’Republicans risk losing not
only the governorship but also the
assembly next month .’)

. ELABORATION: Identified by the presence

of words such as ‘more provocatively’, ‘even
before’ , ‘for example’, ‘recently’ ,‘so’ , ‘so far’
,“where’ , ‘whereby’ and ‘whether’ .

REGEX:
“since(\\W(C. *?2\\W) ?)now”
Eg: Not one thing in the house is where it is

supposed to be , but the structure is fine .
CO/CONTRAST (SUB/ELABORATION(’Not one

thing in the house is .’,’It is
supposed to be .’ ), ’'The structure
is fine .7)

. TEMPORAL : Denotes the time or date of

occurrence of the event.

Eg: These days he hustles to house-painting
Jjobs in his Chevy pickup before and after train-
ing with the Tropics .

SUB/TEMPORAL (’ These days he hustles
to house-painting jobs in his Chevy
pickup before and after .’,’These
days he is training with the Tropics

)

PURPOSE: This kind of relation is identified
by the presence of words such as ‘for’ or ‘to’.
Eg: But we can think of many reasons to stay



out for the foreseeable future and well beyond

SUB/PURPOSE (’But we can think of many

reasons .’,’This is to stay out
for the foreseeable future and well
beyond .’)

11. NONE: This kind of relation is given if the
sentence does not contain any subordinates
or coordinates.

Eg: Orwas it because Ms. Collins had gone?

NONE

A.9 11 Shot Prompt used for Co-ordination
Task

Coordination is a frequently occurring syntactic
structure along with several phrases, known as
conjuncts. The task of coordination disambigua-
tion is identifying the boundaries of each conjunct
with a single coordinator word as one coordinate
structure instance. Given a coordinator word (e.g.,
‘and’, ‘or’ or ‘but’), a system must return each con-
Jjunct span if the word actually plays the role of a
coordinator; otherwise, NONE is output for the ab-
sence of coordination. Following this, 11 examples
are provided.

A.10 Zero Shot CoT Prompt for Coordination
Task

Coordinating sentences join independent clauses
with coordinating conjunctions like ‘and’, ‘or’, and
‘but’, enhancing sentence complexity. Your task
is to form independent clauses by identifying the
coordinating phrases. To construct the hierarchical
tree, follow the below steps:

Step 1: Identify the coordinating phrase like and,
or and but. Sometimes a sentence can have comma
as well to distinguish between different words. Con-
sider that as well while forming independent sen-
tences.

Step 2: Join all the dependent phrases of the coor-
dinating phrase to make an independent sentence.
Independant phrases should contains subject, ob-
ject and a verb.

Step 3: Loop over all the clauses from step 2, and if
there are still coordinating phrases present, repeat
steps 1 and step 2 till all the coordinating phrases
are identified in the input sentence. The clauses
should be completely independent.

Step 4: Repeat steps 1 to 3 till all the subordinating
and coordinating phrases in the individual clauses
are identified.
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Step 5: Do not print the results of intermedi-
ate steps; print only the final output. If there
are no coordinating phrases in the input sen-
tence, the output will be NONE. Else, the out-
put of the hierarchical tree in the format : “CO-
ORDINATION( Clausel’, Clause2’ , COORDINA-
TION( clause’, 'clause2’).......
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Abstract

Due to their length and complexity, long regu-
latory texts are challenging to summarize. To
address this, a multi-step extractive-abstractive
architecture is proposed to handle lengthy reg-
ulatory documents more effectively. In this
paper, we show that the effectiveness of a two-
step architecture for summarizing long regula-
tory texts varies significantly depending on the
model used. Specifically, the two-step architec-
ture improves the performance of decoder-only
models. For abstractive encoder-decoder mod-
els with short context lengths, the effectiveness
of an extractive step varies, whereas for long-
context encoder-decoder models, the extractive
step worsens their performance. This research
also highlights the challenges of evaluating gen-
erated texts, as evidenced by the differing re-
sults from human and automated evaluations.
Most notably, human evaluations favoured lan-
guage models pretrained on legal text, while au-
tomated metrics rank general-purpose language
models higher. The results underscore the im-
portance of selecting the appropriate summa-
rization strategy based on model architecture
and context length.

1 Introduction

Automatic text summarisation (ATS) involves gen-
erating a compressed, concise, and fluent version of
an input text while preserving its main key points.
A summary proves useful because it helps people
process and understand texts faster and better. Sum-
marizing regulatory texts is important for making
complex legal language more accessible and ensur-
ing compliance by condensing information into a
concise, understandable format. !

Current ATS methods use either extractive or
abstractive summarization. An advantage of extrac-
tive summarization is that it captures sentences and

!'Code and models are available on GitHub and Hugging-
Face.
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information literally, resulting in a factually con-
sistent summary. However, the summary is harder
to read and less intuitive as sentences are copied
and combined. Abstractive summaries are more
coherent and fluent as they summarize texts in a
human-like fashion. But it also has disadvantages
because an intricate understanding of the original
text is required and the summary can be factually
inconsistent. In this paper, our aim is to explore the
advantages of both strategies, as we leverage them
for the summarisation of very lengthy, regulatory
documents.

A regulatory text is a formal document issued by
a government or regulatory body that outlines rules,
guidelines, or standards to govern the conduct, prac-
tices, or operations within a specific industry, sec-
tor, or jurisdiction. Regulatory documents are diffi-
cult to process due to their extensive size, unique
structure, numerous citations and references, ambi-
guity, and domain-specific vocabulary. Current au-
tomatic summarization tools face challenges with
regulatory texts, either because their length exceeds
the context length of LL.Ms, or because the length
and structure of the input document raise the risk of
omissions in the summary. Leaving out important
information could have major negative effects.

This paper compares two-step and multi-step
summarisation methods for regulatory documents,
comparing the effectiveness of different neural
model architectures and combinations. Our ap-
proach consists of the following steps, illustrated
in Figure 1. First, the document is segmented into
smaller units or ‘chunks’. Each chunk is then pro-
cessed by an extractive summarization model, and
all resulting summaries are concatenated. This ex-
tractive step may need to be conducted iteratively.
The outcome of extraction is then summarized in
an abstractive manner, creating a final summary.
Combining these two summarization steps could
prove useful in handling the large size of the orig-
inal text. It uses extracted salient sentences to de-
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Repeat until document
length is under threshold

Figure 1: Summarization process proposed by this re-
search. Dotted lines indicate the borders of the chunks.

velop a coherent, fluent summary. Similar architec-
tures have been used on different types of texts and
have shown promising results (Pilault et al., 2020;
Zhang et al., 2022; Klaus et al., 2022; Bleiweiss,
2023). However, summarizing long regulatory doc-
uments using this architecture has been researched
less extensively. In particular, our goal is to eval-
uate various models used for each step to identify
the most effective combination of models for the
summarization task, paying particular attention to
whether preliminary extraction is more beneficial
if performed with domain-specific (legal) rather
than domain-general models. A second important
goal is to compare the effect of context length on
the quality of the generated summaries: models al-
lowing longer context lengths need less extraction.
Given the growing trend for large language models
to allow longer document lengths, it is increasingly
important to understand whether such models are
able to acquire a comprehensive understanding of a
full document, or whether preliminary distillation
of information is helpful (Li et al., 2024).

2 Related work

Long document summarisation Pretrained lan-
guage models (LMs) struggle with long texts due
to limitations on input context length. For example,
BERT (Devlin et al., 2019) and TS5 (Raffel et al.,
2020) have a context length of 512 tokens while
PEGASUS’s (Zhang et al., 2020a) and BART’s
(Lewis et al., 2020) context length is 1024 tokens.

To counter this limitation, some long document
architectures incorporate a different self-attention
mechanism, calculating attention between specific
parts of the sequence instead of calculating the
attention for every possible combination of the
sequence. This enables them to process long se-
quences because the computation requirements will
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not grow quadratically. Longformer (Beltagy et al.,
2020) is an encoder-only architecture based on
RoBERTa (Liu et al., 2019), designed to handle
long-range dependencies more efficiently than stan-
dard transformers, and accepting inputs of up to
4096 tokens. It employs a combination of global at-
tention and sliding window attention instead of full
attention, which scales linearly with the input se-
quence. LED (Beltagy et al., 2020) adds a decoder
to the Longformer architecture, turning it into the
Longformer Encoder-Decoder model. The decoder
does use the full attention mechanism but LED
retains its linear computation capability. Similar
examples of LMs designed for longer documents
include BigBird (which accepts a context length
of 4096 tokens; Zaheer et al., 2020), LongT5 (Guo
et al., 2022) and PegasusX (Phang et al., 2023),
both of which accept contexts of 16,384 tokens.

Extending context length is often a goal in re-
cent releases of decoder-only LLMs, such as the
GPT family of models. Other examples include
LLaMA-2-7B-32k (Tog), which is an LLM based
on LLaMA-2 (Touvron et al., 2023) with a context
length of 32768.

Multi-step summarisation The idea of multi-
step methods is to leverage both extractive and
abstractive techniques to alleviate the burden of
summarising very long documents. Pilault et al.
(Pilault et al., 2020) add one extractive step before
generating the abstractive summary. The extractive
parts are then used beside the original text as input
for the transformer. A related approach is taken in
CreativeSumm (Kim et al., 2022) for the summari-
sation of lengthy movie scripts. Liu et al. (2018)
summarise Wikipedia articles by first performing
an extractive step, using the extracted sentences
as additional input to the summariser. Bleiweiss
(2023) propose a two-step method for long bio-
graphical novels. Klaus et al. (2022) make use of
a two-step method to summarize legal regulatory
documents. Klaus et al. use TextRank (Mihalcea
and Tarau, 2004), a graph-based extractive summa-
rization approach, for the first extractive step and
BERT (Devlin et al., 2019) or RoBERTa (Liu et al.,
2019) for a second extractive step.

A generalisation of the two-step strategy was pro-
posed in the form of SummY (Zhang et al., 2022).
Summ™ splits the data samples and generates
coarse summaries, possibly over multiple stages
(N), before producing a final fine-grained abstrac-
tive summary. This method outperformed previous
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state-of-the-art methods on different datasets. Dif-
ferent from our work, Summ’ makes use of ab-
stractive summarisation for both the coarse-grained
and the final, more fine-grained summarisation
steps. Instead, we use extractive summarisation
for the first stage.

Inspired by multi-step methods, we experiment
in this paper with various combinations of extrac-
tive and abstractive steps, in an effort to identify
the best architecture for summarisation of long,
regulatory documents.

Divide-and-conquer (chunking) strategies An
interesting class of approaches to long document
summarisation involves a ‘divide-and-conquer’
strategy. Briefly, the idea is to chunk the docu-
ment into sub-parts before summarisation, where
sub-part identification may also exploit the docu-
ment structure. Examples of this are the context-
aware chunking strategy for academic articles used
in DANCER (Gidiotis and Tsoumakas, 2020) and
the work of Shen and Lam (2022), whose model di-
rectly learns the correspondence between document
sections and summary parts. In our work, we also
explore the role of chunking strategies and their
effectiveness in producing coherent summaries.

Domain-specific Legal Language Models An
important question in the processing of texts in spe-
cialised domains is whether in-domain pretraining
is beneficial, given that specialised domains have
stylistic and other peculiarities. Relevant to the
present paper is the case of legal text (of which reg-
ulatory texts are a subset), which has well-studied
distinctive stylistic characteristics (Turtle, 1995;
Kanapala et al., 2019; Jain et al., 2021). Stud-
ies have shown that in-domain pretraining can
be beneficial in downstream NLP tasks (Gururan-
gan et al., 2020) and domain-specific LMs have
been developed for healthcare (Huang et al., 2020;
Lee et al., 2020), science (Beltagy et al., 2019)
and finance (Yang et al., 2020; Wu et al., 2023),
among many others. Pre-trained LMs for law in-
clude Lawyer LLaMA(Huang et al., 2023), Law-
former (Xiao et al., 2021), LegalLLongformer (Ma-
makas et al., 2022), PEGASUS-Billsum (Zhang
et al., 2020a), LegalBERT (Chalkidis et al., 2020b),
CaseLawBERT (Zheng et al., 2021), PoL-BERT
(Henderson et al., 2022) and LexLLM (Chalkidis
et al., 2023). In an early study, Chalkidis et al.
(2020b) showed that LegalBERT consistently out-
performed BERT-based models on a variety of NLP
tasks, including EURLEX57K (Chalkidis et al.,
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Figure 2: Visualisation of the summarisation process.
N represents the amount of extractive steps and the &
symbol represents the concatenation process.

2020c), ECHR-CASES (Chalkidis et al., 2020a),
and CONTRACTS-NER (Chalkidis et al., 2017).
Building on this work, Mamakas et al. (2022) in-
troduced LegalLongformer, initialised with Legal-
BERT’s parameters, to handle long legal texts.
Chalkidis et al. (2023) introduced LexLLM, a model
pre-trained on a multinational English legal data.
Additionally, they introduced a version of LexLM
utilizing the Longformer (Beltagy et al., 2020) at-
tention mechanism, enhancing the capability to
handle long legal documents. In comparative eval-
uations, LexLM models outperformed other legal
LMs, such as CaseLawBERT and PoL-BERT, par-
ticularly in prior knowledge assessment and down-
stream task performance. Notably, ROBERTa (Liu
et al., 2019) also showed strong performance, occa-
sionally surpassing some specialized legal models.

Building on these observations, in our experi-
ments we also compare general-purpose models
with a representative subset of legal LMs, particu-
larly for the extractive summarisation step.

3 Method

Our approach to the summarisation of long regula-
tory documents is a multi-step process consisting
of extraction followed by abstraction, where extrac-
tion is intended to alleviate the problem of limited
context length accepted by a model. In particular,
if the length of a source document | D| exceeds the
context length K of an abstractive model, creat-
ing an intermediate extractive summary could help
identify essential information across the document
span, a more informed strategy than truncating the
document to fit within K.

The overall process is visualised in Fig-
ure 2. We view a source document D
{D1, Dy, D3, ...D,,} as a sequence of chunks D;.



A chunk is summarised by an extractive summari-
sation model, which produces an intermediary sum-
mary B/ = E| & E} & E}®, ..., 8E,,, where E!
represents an intermediate summary of chunk D; at
extractive step j. Thus, the intermediate summary
EJ comprises the summaries of all the chunks con-
catenated in the same order as in the original text.
The extractive summarisation model has a compres-
sion ratio R € [0, 1]. One way to define R is in
terms of the ration of the length of an article and
that of its summary (Grusky et al., 2018); below, we
also explore other possible definitions for R. Be-
fore the summarisation is performed, the number
of extractive steps NV taken is determined, such that
the extractive summary produced at step n < N
is the input to the extractive step n + 1 < N. The
extractive summary after NV steps is the input to the
abstractive summarisation model, which yields the
final summary F'.

3.1 Dataset

The dataset used to fine-tune the abstractive model
is EUR-Lex-Sum (Aumiller et al., 2022). This
dataset consists of documents from the European
Union law platform with corresponding manually
curated summaries. Only the English part of the
dataset, composed of 1504 document -summary
pairs, was used for this task. It has been divided
into training, validation, and test sets, containing
1129 pairs, 187 and 188 pairs, respectively. The
dataset is characterised by a small number of docu-
ments whose length far exceeds that of the others.
To ensure consistency in our evaluation, we define
any document whose word count is more than two
standard deviations above the mean as an outlier
and remove it from the training, validation and
test subsets originally provided by Aumiller et al.
(2022). In total, 62 instances were removed by
this criterion. The final dataset consists of 1091
training, 172 validation and 179 test samples.

3.2 Architecture

Extractive step(s) As described above, docu-
ments are first summarised over /N extractive steps.
Note that the extractive step is only performed if the
length of the document exceeds the context length
K of the abstractive model. The number of extrac-
tive steps needed ultimately depends on the com-
pression ratio R that we require for the summarisa-
tion, corresponding to two-step (one extraction step
followed by abstraction) and multi-step approaches.
We experiment with three different strategies for
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computing R for an abstractive model with context
length Kand a document of length | D|. Note that
K and | D| are fixed in advance for a given model
and document.

Our first strategy is to use a fixed compression
ratio, empirically setting R = 0.4. In this case,
N > 1 and is estimated as follows (see Appendix
A.1 for details of how this is derived):

log(R)

ey

The second strategy is to use a dependent com-
pression ratio, which depends on the document’s
size and the abstractive model’s context length, re-
sultingin N = 1:

K
Dl

The final strategy is a hybrid ratio, where we
perform N — 1 extractive steps with a fixed ratio,
with a final extractive step N using a dependent
ratio. The hybrid ratio could be more effective than
the fixed ratio because it is focused on ensuring that
the final intermediate summary optimally fits the
context length of the abstractive model. We define
the hybrid ratio as follows:

s

Extractive models One of our goals is to com-
pare the impact of domain-specific LMs and
general-purpose LMs. In what follows, non-
domain-specific LMs will be referred to as ’gen-
eral’ LMs, and domain-specific legal LMs will be
referred to as ’legal’ LMs. The top panel of Table 1
lists all the extractive summarisation models used.
Based on this comparison, we aim to identify the
optimal extractive model.

We compare all the extractive models with the
three ratio types described above, with a view to
determining the optimal extractive strategy to sup-
port abstractive summarisation. To identify the
optimal extractive model, we compare the impact
of different extractive models and compression ra-
tios on downstream abstractive summarisation with
BART (Lewis et al., 2020). Specifically, we com-
pare the output of a BART summariser, finetuned
on using input from different extractive models.
We compare this to a baseline BART model with

R 2

0.4 forsteps1,2,...,N —1
3)

K
D] for step N



Model Context length  Legal LM Type Architecture
RoBERTa (Liu et al., 2019) 512 X Extractive Encoder
Longformer (Beltagy et al., 2020) 4096 X Extractive Encoder
LegalBERT-SC (Chalkidis et al., 2020b) 512 v Extractive Encoder

LexLLM (Chalkidis et al., 2023) 512 v Extractive Encoder

LexLM - Longformer (Chalkidis et al., 2023) 4096 v Extractive Encoder

" BART (Lewis etal., 20200 1024 X~ Abstractive  Encoder-Decoder -

T5 (Raffel et al., 2020) 512 X Abstractive  Encoder-Decoder
LongT5 (Guo et al., 2022) 16384 X Abstractive  Encoder-Decoder
Pegasus (Zhang et al., 2020b) 1024 X Abstractive  Encoder-Decoder
PegasusX (Phang et al., 2022) 16384 X Abstractive  Encoder-Decoder
Llama3 (Al 2024) 8192 X Abstractive  Decoder

Table 1: Summarisation models used. The context length is expressed in number of tokens. Top: models used for
extractive summarisation; bottom: models used for abstractive summarisation.

no extractive steps. In total, we compare sixteen
model configurations. The optimal extractive strat-
egy under this experimental setting was then used
to fine-tune subsequent abstractive models.

Abstractive step The abstractive step was only
performed once the length of the intermediate sum-
mary |E7| is within the context length K of an
abstractive summarisation model. The abstractive
step involves creating the final summary F' by an
abstractive summarisation model fine-tuned on the
intermediate summary E7.

We compare a variety of abstractive models,
listed in the bottom panel of Table 1. The context
length of the abstractive summarisation model is
an important consideration as it affects the number
of extractive steps. A longer context length implies
that fewer extractive steps need to be taken. By
hypothesis, the quality of the final summary should
be higher the fewer the extractive steps, since there
is less potential in this case for information loss. To
quantify this, we chose models that permit a direct
comparison of context length effects, while keeping
architecture largely constant. We compare T5 (Raf-
fel et al., 2020) against LongT5 (Guo et al., 2022),
and Pegasus (Zhang et al., 2020b) against Pega-
susX (Phang et al., 2022) to determine the effect of
a long context length in the abstractive summariza-
tion model. Finally, we include Llama3 (AL, 2024),
as an example of a SOTA large language model
based on a decoder architecture (TS5 and Pegasus
are encoder-decoder models).

Full parameter fine-tuning was performed for
all abstractive models except Llama3, which was
fine-tuned using QLoRA (Dettmers et al., 2023) as
full parameter fine-tuning was not feasible due to
its size. Data had to be prepared in a different way
for Llama3 as it is the sole decoder-only model
used in our experiments. A single combined se-
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quence is used instead of separate input and output
sequences. To accommodate a summary of 1500 to-
kens, 1500 tokens are subtracted from the model’s
context length, resulting in an effective context
length of 6692 tokens for Llama3. The extractive
summarisation process was adjusted to summarise
the reference text to fit within this 6692-token limit,
ensuring minimal truncation. See Appendix A.2
and A.3 for more details on model finetuning, in-
cluding hyperparameters.

3.3 Evaluation

Evaluation metrics Multiple evaluation metrics
were used to assess the proposed architecture from
different aspects. This research employed ROUGE-
1, ROUGE-2, ROUGE-L (Lin, 2004), BERTScore
(Zhang et al., 2020b), BARTScore (Yuan et al.,
2021), and BLANC (Vasilyev et al., 2020a). De-
tails of the implementations used for the evaluation
metrics are in Appendix A.4.

Expert evaluation Besides automated metrics,
we also performed a small-scale qualitative human
evaluation involving expert readers. The human
evaluation provides insights into the quality of the
summaries, complementing the quantitative data
from automated metrics with qualitative feedback.
After selecting the optimal extractive model and
training the abstractive models, we generate sum-
maries of a new text which is not in the training
dataset.” Summaries generated with the different
abstractive models were compared by the expert
readers. This document was chosen specifically
because the expert readers were already familiar
with the contents and, hence, were able to judge
summary quality more reliably.

The evaluators were two experts from the com-

“The text in question is the Carbon Border Adjust Mecha-
nism document (European Union, 2023).
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Criterion Description

Factual Correctness
the source document.

Evaluation of how factually correct the summary is relative to

Assessment of how practical and user-friendly the summary is.
Assessment of the precision and correctness of the information

Assessment of the summary’s smoothness and ease of reading in

Usability
Accuracy
in the summary.
Fluency
terms of form, content, and grammar.
Coherence

Measure of how logical the summary is to it is linguistic context.

Table 2: Criteria for human evaluation.

pany ANON, a collaborator on this project whose
personnel have extensive experience with regula-
tory documents issued by the European Union. The
experts were asked to read summaries generated
by different summarization architectures and eval-
uate them based on a set of criteria. The criteria
included Factual Correctness, Usability, Accuracy,
Fluency, and Coherence. Each criterion was rated
on a scale from 1 to 5. Detailed descriptions of
these criteria can be found in Table 2 and are based
on the findings of Howcroft et al. (2020)’s meta-
review of constructs used in human evaluation of
Natural Language Generation systems. In addition
to scoring the summaries, experts were also asked
to comment on the quality of summaries.

Due to resource and time constraints, we selected
specific architectures to be included in the qualita-
tive evaluation. To analyse the impact of different
extractive models, we compare different versions
of BART, using (1) the best extractive model; (2)
no extractive step; (3) the best legal LM for ex-
traction; and (4) the best long-context extractive
model. To analyse the impact of different abstrac-
tive strategies, we also include (5) the best long-
context abstractive model; and (6) the best decoder-
only model.

4 Results

4.1 Comparison of extractive models

Table 3 contains the results on different metrics for
abstractive summarisation using BART, in combi-
nation with different extractive strategies. It can be
seen that ROBERTa with a dependent ratio scores
the highest on ROUGE-1, ROUGE-2, ROUGE-
L, and BERTScore. RoBERTa with a hybrid ratio
achieves the highest score on BLANC. On the other
hand, the best BARTScore is obtained when we do
not combine any extractive summarisation to com-
press the input to BART.

In the rest of this section, we discuss these results
in light of the different experimental conditions.
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4.1.1 Effect of number of extractive stages

The results indicate that models using the de-
pendent ratio type generally achieve higher per-
formance across most metrics. Notably, the
RoBERTa model with the dependent ratio type
attains the highest scores in ROUGE-1 (0.4873),
ROUGE-2 (0.1974), ROUGE-L (0.2247), and
BERTScore (0.8721), suggesting superior per-
formance in these areas. However, the BART
model without any extractive steps achieves the
best scores in BARTScore (-3.4154) and BLANC
(0.1700), indicating a stronger performance in these
specific metrics despite not utilizing extraction.

Using a multi-step architecture, that is, one that
performs multiple extractive iterations (up to NV;
see Section 3), sentences from differnt document
chunks get combined during the summarization
process. This could introduce noise and conse-
quently fail to capture the most relevant and coher-
ent information, resulting in lower performance. It
seems that using a single extractive step is more
effective at capturing the most important sentences
out of a chunk relative to the context of the global
document. We hypothesise that this explains the
superiority of the dependent ratio (where N = 1)
on most metrics.

Effect of Legal Language Models General-
purpose LMs such as RoBERTa achieve slightly
higher scores across all metrics except BARTScore,
compared to legal LMs. For this comparison,
RoBERTa was compared against Legal BERT and
LexLLM, and Longformer was compared against
LexLLM-Longformer to accommodate for the con-
text lengths.

These results indicate that, when used as extrac-
tors for preliminary document compression, the
broad range of training data types that general-
purpose LMs are exposed to gives them an ad-
vantage in locating important information in the
document. In contrast, legal LMs can suffer from a
‘narrow’ focus, resulting in less coherent and com-



Extractive model Ratio type R1 R2 RL BERTScore BARTScore BLANC
N/A No extraction  0.4590 0.1954 0.2174 0.8702 -3.4154 0.1029
"RoBERT2a Fixed 04670 0.1798 02171  0.8692 -3.5654  0.1040
RoBERTa Dependent 0.4873 0.1974 0.2247 0.8721 -3.5590 0.1272
RoBERTa Hybrid 0.4809 0.1889 0.2193 0.8700 -3.5781 0.1296
~ LegalBERT Fixed 04390 0.1766 02158  0.8700 -3.4893  0.1099
LegalBERT Dependent 04619 0.1854 0.2174 0.8713 -3.5143 0.1117
LegalBERT Hybrid 0.4469 0.1774 0.2137 0.8665 -3.5714 0.1098
“LextM Fixed =~ 04571 0.1745 02123 08692 -3.6130  0.1154
LexLM Dependent 0.4859 0.1954 0.2227 0.8713 -3.5441 0.1277
LexLM Hybrid 04582 0.1792 0.2135 0.8665 -3.5639 0.1102
" Longformer Fixed =~ 04436 0.1686 02103 08684 ~  -35901  0.1029
Longformer Dependent 04613 0.1874 0.2194 0.8712 -3.5835 0.1238
Longformer Hybrid 04778 0.1862 0.2181 0.8703 -3.5697 0.1256
" LexLM-Longformer ~ Fixed = 04250 0.1584 02041 ~ 0.8659 ~  -3.6141  0.0959 ~
LexLM-Longformer Dependent 0.4751 0.1852 0.2164 0.8689 -3.5344 0.1272
LexLM-Longformer Hybrid 0.4619 0.1819 0.2189 0.8692 -3.5833 0.1199

Table 3: Results for all extractive summarization models in combination with BART.

Abstractive model  Ratio type R1 R2 RL BERTScore BARTScore BLANC
BART No extraction  0.4590  0.1954 0.2174 0.8702 -3.4154 0.1029
BART Dependent 0.4873 0.1974 0.2247 0.8721 -3.5590 0.1272

TS No extraction 03033 ~ 0.1241  0.1994 ~ 0.8443 ~  -2.1585  0.0760
T5 Dependent 0.2934 0.0926 0.1857 0.8404 -2.2234 0.0812

“LongT5 Noextraction 03261 ~ 0.1309 0.2192  0.8497 -2.2195  0.1128
LongT5 Dependent 0.2854  0.0969 0.0969 0.8444 -2.0423 0.1051

“ Pegasus No extraction  0.3305 ~ 0.1293° 02260  0.8499 -1.8067  0.0923 ~
Pegasus Dependent 0.3067 0.0911 0.2021 0.8435 -1.8940 0.0952

" PegasusX No extraction  0.3673 ~ 0.1622° 02304 0.8523 -2.4528  0.1086
PegasusX Dependent 0.3052 0.1162  0.1960 0.8413 -2.4305 0.0999

“Llama3 No extraction  0.4088 ~ 0.1816 0.2107  0.7854 ~  -33424  0.1177
Llama3 Dependent 0.4474 0.1885 0.2284 0.8687 -3.1268 0.1231

Table 4: Evaluation results of all abstractive models with and without an extractive step.

Extr. model Ratio Abstr. model FC U Acc Fl Coh
1 RoBERTa Dep. BART 20 20 15 15 20
2 - NE BART 35 1.0 20 3.0 15
3  LexLM Dep. BART 40 35 30 3.0 3.0
4 Longformer Dep. BART 20 20 25 15 20
5 - NE PegasusX 35 1.0 25 3.0 10
6 RoBERTa Dep.  Llama3 30 25 25 25 20

Table 5: Average human evaluation results. Dep: Dependent ratio; NE: No extraction; FC: Factual Correctness; U:
Usability; Acc: Accuracy; Fl: Fluency; Coh: Coherence

prehensive extractive summaries. This insight sug-
gests that general LMs can be effective for domain-
specific tasks, at least for preparatory steps such as
the one considered here.

Effect of context length for the extractive step
Models with shorter context lengths for the extrac-
tive step achieve higher scores across all metrics.
RoBERTa was compared against Longformer for
general LMs and Legal BERT and LexLLM against
LexLM-Longformer for legal LMs. This approach
ensures a fair comparison by accommodating gen-
eral and legal language model differences.

This finding is surprising, since one would as-
sume that longer-context models would perform

24

better by capturing more global context. However,
when sequences are excessively long, the models
might struggle to maintain and encode all relevant
information, leading to reduced sensitivity to por-
tions of the input, in line with findings such as those
reported by Fu et al. (2023), among others.

This could explain why shorter context models,
which deal with more manageable chunks of infor-
mation, consistently perform better in the extrac-
tion task.

Optimal extractive model Based on Table 3,
RoBERTa with a dependent ratio will be chosen
as the optimal extractive model and is used in the
remainder of the experiments reported below.



4.2 Comparison of abstractive models

For every abstractive model, two versions are com-
pared: one leveraging RoOBERTa with a dependent
ratio and one without using any extractive step at
all. The results for all abstractive models and their
variants can be seen in Table 4. For clarity, models
that incorporate an extractive step will be referred
to by the name of the abstractive model. Models
that do not use an extractive step will be denoted
by appending “-NE” to the name of the abstractive
model, where “NE” signifies “No Extraction”.

Effect of extractive step The performance of
encoder-decoder abstractive summarization models
generally worsens when using one extractive step,
though this differs per model. This is evident in
the results for TS, LongT5, Pegasus, and PegasusX,
where the versions without extraction tend to out-
perform their counterparts with an extractive step.
BART presents a more varied picture as it differs
per metric in which variant scores higher. Since
encoder-decoder models generate a condensed rep-
resentation of the text, one explanation for these
results is that by introducing an intermediate ex-
tractive summary we compromise the performance
of the encoder. This could happen because the in-
termediate summary is less coherent than the input
document as a whole.

LLama3, the decoder-only model seems to ben-
efit from an additional extractive step, obtaining
better results on all metrics when compared to the
version with no extraction. The beneficial effect
of extraction here is likely due to the limited con-
text of Llama3 and the risk of loss of sensitivity
to longer inputs, as decodig proceeds (Fu et al.,
2023). These shortcomings could be mitigated by
performing some preliminary input compression
and identification of core information.

Effect of context length for the abstractive step
Long context models generally outperform their
short context counterparts, with some exceptions.
Long context models without an extractive step out-
perform short context models without an extractive
step on all metrics, except BARTScore. When an
extractive step is used, results vary as short context
models show advantages on specific metrics. In
other words, models with shorter input contexts
benefit from input compression, as expected. Long
context models without an extractive step generally
outperform short context models with an extractive
step across all metrics.
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4.3 Human evaluation

Human evaluation scores are in Table 5. Experts’
individual scores and comments are in Appendix
B. Recall that the human evaluation was performed
after selecting the optimal extractive model and
fine-tuning all abstractive models. Overall, the
expert evaluators preferred architectures that re-
lied on a legal LM or a long context model in the
extractive step. Indeed, the model that was pre-
ferred across all criteria was BART coupled with
a LexLLM extractor with a dependent compression
ratio. The experts’ comments suggested that this
architecture did have shortcomings, but these were
counterbalanced by other factors. For example, one
expert noted that the summary correctly grasps the
key points of the regulation, making it quite use-
ful, despite the fact that is it incomplete and has
shortcomings on fluency and coherence.

Common criticisms of the summaries by the ex-
perts included excessive repetition in the case of
some architectures, which severely decrease the
quality of the produced summary. Furthermore,
while some summaries may appear well-structured
and readable, they fail to capture the essential
points of the regulation or contain factual errors.

A somewhat surprising outcome is that LLaMA-
3 scores relatively poorly on coherence and fluency,
compared to the best-performing model. It should
be noted that the two evaluators diverged signifi-
cantly in their scores for this model on these criteria
(compare Tables 8 and 9 in Appendix B). Further-
more, as noted above, LLaMA was treated some-
what differently since it is the only decoder-only
model. In particular, we subtracted 1500 tokens
from the model’s context length to accommodate
the extractive summary; this too could have im-
pacted results, though we adjusted the extractive
summarisation process to ensure minimal trunca-
tion.

Despite the fact that this is a small-scale evalu-
ation (a point we return to in Section 5), there are
interesting divergences between expert judgments
and the conclusions drawn based on the automatic
metrics, an observation which is quite common
in the NLG and summarisation literature (cf. Belz
and Reiter, 2006; Reiter, 2018; Celikyilmaz et al.,
2021).

In particular, experts suggest that legal LMs help
achieve more satisfactory summaries if used in the
extractive step. On the other hand, both automatic
and human evaluation suggest that BART is a com-



petitive model for summarisation, especially if pre-
ceded by an extractive step.

5 Conclusion

In this paper, we focused on summarisation of long
regulatory documents. Our findings indicate that
while models with a longer context length do not
benefit from extraction, an extractive step renders
BART, an encoder-decoder architecture, highly
competitive. A small-scaled evaluation with human
experts confirms this finding. However, experts
also indicate a preference for summaries relying on
extraction with a domain-specific, legal language
model.

Future work should consider whether these find-
ings are generalisable to other domains. Further-
more, a more extensive human evaluation is re-
quired to ensure that our findings are reliable. This
is particularly crucial given that human expert judg-
ments are not perfectly aligned with the outcomes
of our metric-based evaluation, which echoes find-
ings from other studies. A further possible research
direction is to use a state-of-the-art LLM as an
evaluator or ‘judge’ for generated texts, a strategy
which recent research suggests is increasingly vi-
able (Liu et al., 2023; Zheng et al., 2023), though
also one that requires some caution in view of re-
sults suggesting self-bias on the part of LLMs (Pan-
ickssery et al., 2024), as well as lower reliability in
comparison with expert judgment (Bavaresco et al.,
2024).
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A Further details on the method
A.1 Derivation of NV

The following is the derivation of Equation 1:

1. The length of the intermediary summary |F7|
after the first step is R - | D|. After the second
step, itis R? - | D| and so on. This implies that
the length of the intermediary summary after

N steps is:

|BY| = RN -|D|
Extractive steps are performed until the length
of the intermediary summary is within the con-

text length of the abstractive summarisation
model, K:

RN.|DI<K
. To estimate NN, take the logarithm on both

sides:
K
N -log(R) < log ()
D
Then, solve for IV:

N < log (%‘)

log(R?)

N is then rounded up to the highest integer.
So, the formula for estimating the number
of extractive steps N needed before the final
abstractive step can be taken is:

M= 1w

4

A.2 Hyperparameter settings

Table 6 summarises the hyperparameters used to
finetune BART, T5, LongT5, Pegasus and Pega-
susX.
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Hyperparameter Setting
Learning rate 5¢705

Epochs 40

Effective batch size 16

Warmup ratio 0.1

Weight decay 0.01

Early stopping patience 5

Metric for best model Validation loss
Maximum generation length 1500

Table 6: Hyperparameter settings for BART, T3,
LongT5, Pegasus and PegasusX.

A.3 Llama3 hyperparameter settings and
training procedure

Table 7 shows the hyperparameters used to fine-
tuned Llama3 on the abstractive evaluation task.

Hyperparameter Setting
Learning rate 50
Epochs 10
Effective batch size 16
Warmup ratio 0.1
Weight decay 0.01
Early stopping patience -

Metric for best model -

LoRA rank (r) 8

LoRA alpha 16
LoRA dropout 0.1
Precision for frozen model weights ~ 4-bit NF
Precision for low-rank matrices bfloat16
Precision for calculations bfloat16
Double Quantization True

Table 7: Llama3 settings.

Fully Sharded Data Parallel (FSDP) (Zhao et al.,
2023) was used to fine-tune Llama3 with the Hug-
ging Face implementation. Due to issues when
combining FSDP and QLoRA, the best-performing
model could not be loaded, and early stopping pa-
tience and best model metric were not set. To
mitigate overfitting, we used 10 epochs instead of
40, based on preliminary results indicating conver-
gence between 4-20 epochs. For QLoRA, low-rank
matrices were injected into the query, key, value
matrices, and linear layers of Llama3, following
settings from prior research (Raschka, 2023) (Hu
et al., 2021). To fine-tune Llama3, we combined
the reference text and golden reference summary
into a single sequence, providing Llama3 with the
following input sequence:


https://huggingface.co/docs/accelerate/usage_guides/fsdp
https://huggingface.co/docs/accelerate/usage_guides/fsdp

Summarise the following text.
### Text:

{reference text}

### Summary:

{golden reference summary}

During prediction, no exemplary summary was
given, allowing Llama3 to create a new summary.

A.4 Evaluation metrics details

We implemented ROUGE (Lin, 2004) and
BERTScore (Zhang et al., 2020b) using the Hug-
gingFace evaluate library, comparing predictions
against reference summaries using F-scores. For
BERTScore, we employed the Longformer (Belt-
agy et al., 2020) architecture for its long context
length. BARTScore (Yuan et al., 2021) was im-
plemented with Stanford’s string2string library, us-
ing BART(Lewis et al., 2020) fine-tuned on the
CNN/Daily Mail dataset (Nallapati et al., 2016).
BARTScore calculates precision and recall based
on log-likelihood, combined into an F-score, and is
limited by BART’s 1024-token context length. We
used BLANC-help (Vasilyev et al., 2020a) from
the BLANC package, with a gap of two as this best
correlates with human evaluation (Vasilyev et al.,
2020b). BLANC, using BERT base (Devlin et al.,
2019), is limited by its 512-token context.

B Human evaluation results

Individual results for the two expert evaluations on
each criterion are shown in Tables 8 and 9. These
results are the basis for the averaged results in Sec-
tion 4.3 in the main paper. Below, we also sum-
marise the main observations from the evaluators’
comments on the summary outputs, for each archi-
tecture (architectures are numbered according to
the order in the tables).

Architecture 1 The evaluators indicated that the
summary is not usable for readers without prior
knowledge of the topic due to its incompleteness,
factual mistakes, and inaccuracies. While it does
touch upon the main principle of CBAM, some of
the procedures and rules are described incorrectly.

Architecture 2 The evaluators indicated that the
summary is not usable for readers as it places infor-
mation in the wrong place, describing background
details in the ‘key points’ section instead of the
main content of the regulation. Additionally, one
evaluator mentions that the summary completely
misses the main point of what CBAM is, despite the
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state information being mostly correct with only a
few mistakes.

Architecture 3 One evaluator indicates that the
summary correctly grasps the key points of the
regulation, making it quite useful. However, the
evaluator noted that it is not fully complete and
that the fluency and coherence of the sentences
could be improved. Despite these shortcomings,
the summary is considered a good starting point.

Architecture 4 One evaluator noted that this
summary is less flawed than that generated by Ar-
chitecture 1 but is still unusable due to containing
a significant amount of false information and incor-
rect words.

Architecture 5 Both mentioned that the sum-
mary contains excessive repetitions. Although the
summary starts well, its usability degrades as more
repetitions are encountered.

Architecture 6 One evaluator states that the sum-
mary contains quite some useful information. How-
ever because the summary contains a lot of repeti-
tion, it becomes unusable.


https://github.com/huggingface/evaluate/tree/main
https://github.com/huggingface/evaluate/tree/main
https://github.com/stanfordnlp/string2string
https://huggingface.co/facebook/bart-large-cnn
https://github.com/PrimerAI/blanc/tree/master

Architecture # Extr. model Ratio Abstr. model FC U Acc FlI Coh
1 RoBERTa Dep. BART 1 1 1 1 1
2 - NE BART 3 1 1 2 1
3 LexLM Dep. BART 4 3 3 2 2
4 Longformer Dep. BART 1 1 1 1 1
5 - NE PegasusX 4 1 2 1 1
6 RoBERTa Dep. Llama3 3 1 2 1 1

Table 8: Human evaluation results participant 1. Dep: Dependent ration; NE: No extraction; FC: Factual Correctness;
U: Usability; Acc: Accuracy; Fl: Fluency; Coh: Coherence

Architecture # Extr. model Ratio  Abstr. model FC
RoBERTa Dep. BART
- NE BART
LexLM Dep. BART

Longformer Dep. BART
- NE PegasusX
RoBERTa Dep.  Llama3
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Table 9: Human evaluation results participant 2. Dep: Dependent ration; NE: No extraction; FC: Factual Correctness;
U: Usability; Acc: Accuracy; Fl: Fluency; Coh: Coherence
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Abstract

Although large language models (LLMs) like
ChatGPT (OpenAl et al., 2024) have demon-
strated considerable capabilities in general do-
mains, they often lack proficiency in special-
ized fields. Enhancing a model’s performance
in a specific domain, such as law, while main-
taining low costs, has been a significant chal-
lenge. Existing methods, such as fine-tuning or
building mixture of experts (MoE) models, of-
ten struggle to balance model parameters, train-
ing costs, and domain-specific performance. In-
spired by composition to augment language
models (Bansal et al., 2024), we have devel-
oped Law-Neo, a novel model designed to en-
hance legal LLMs. This model significantly
improves the model’s legal domain expertise at
minimal training costs, while retaining the log-
ical capabilities of a large-scale anchor model.
Our Law-Neo model outperformed other mod-
els in comprehensive experiments on multiple
legal task benchmarks, demonstrating the effec-
tiveness of this approach.

1 Introduction

Large Language Models (LLMs) have shown sig-
nificant capabilities, including commonsense and
factual reasoning, world knowledge, and language
generation. These abilities have been validated
across various scientific fields such as finance, bio-
chemistry, and medicine (Chen et al., 2023; Ren
et al., 2023; Ferruz et al., 2022; Thirunavukarasu
etal., 2023; Fan et al., 2024). However, the training
cost escalates as the number of parameters in LLM
increases when enhancing model’s domain-specific
capabilities. This cost barrier is a significant chal-
lenge in developing domain-specific LLMs, such
as those for the legal field.

To address these challenges, we propose the de-
velopment of a comprehensive LLM-based legal
assistance system.

Main Contributions In this paper, we present
Law-Neo, a legal domain model trained at a rel-

Output
/Qwen2-7B (Legal) /Qwen2-72B-Chat
freeze freeze
e o o e o o

_______________________________

Attention

_______________________________

Alignment Data Alignment Data
Input Input

Figure 1: Architecture of Law-Neo. The Qwen2-72B-
Chat model is enhanced with legal domain knowledge
from Qwen2-7B (Legal) by sharing layer parameters.
Both models remain unchanged during the compos-
ite training process, with a few additional parameters
learned over their layer representations.

atively low cost while achieving satisfactory per-
formance. This was accomplished by augmenting
the Qwen2-72B-Chat model with a legal domain-
specific model based on Qwen2-7B. We describe
the training process of this composite model, which
integrates multiple sub-models, each requiring dif-
ferent capability enhancements.

Our results on the Unified Qualification Exam
for Legal Professionals and various downstream
task benchmarks indicate that Law-Neo outper-
forms existing methods in several aspects. Qualita-
tive analysis demonstrates that Law-Neo surpasses
GPT-4 by 23 points in scoring on the Unified Qual-
ification Exam for Legal Professionals, showcasing
its robust legal consultation capabilities.

The data and training code used in this work
are publicly available at https://github.com/
SkyFlap/Law-Neo.

2 Related Work

Since the development of BERT (Devlin et al.,
2019), significant efforts have been made to create
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language models (LMs) specifically tailored for the
legal domain. Initially, these models were small
and followed the paradigm of pre-training followed
by downstream task fine-tuning. Recent advance-
ments have seen an increase in model size and the
introduction of instruction fine-tuning, with evalua-
tions extending across a broader spectrum of legal
tasks. Most existing legal LLMs are text-based,
with a focus on Chinese, English, or multi-language
support (Chen et al., 2024).

2.1 Pre-Trained and Fine-Tuned PLMs

LegalBERT (Chalkidis, 2023) represents an early
endeavor to develop pre-trained language models
(PLMs) for legal tasks such as legal text classifica-
tion (LTC). This model underwent additional pre-
training on legal corpora and was subsequently fine-
tuned with task-specific data. Lawformer (Xiao
et al., 2021) is a Transformer-based model specifi-
cally pre-trained to manage lengthy legal texts, and
it has been employed for tasks such as legal judg-
ment prediction (LJP), legal reading comprehen-
sion (LRC), and legal question answering (LQA).

2.2 Pre-Trained and Fine-Tuned LLMs

In the realm of large language models (LLMs),
models are pre-trained and fine-tuned specifically
for legal tasks or datasets. These legal-specific
LLMs often incorporate external knowledge bases
and undergo extensive initial training to handle a
wide range of legal data. Notable models include
LexiLaw (Haitao, 2024), a fine-tuned Chinese legal
model based on ChatGLM-6B (Zeng et al., 2024a),
and Fuzi.mingcha (Deng et al., 2023), which is
also based on ChatGLM-6B and fine-tuned on the
CAIL2018 dataset (Xiao et al., 2018). Wisdom-
Interrogatory (Wu et al.) builds upon Baichuan2-
7B (Baichuan, 2023), and LawGPT-7B-betal.0
(Nguyen, 2023) is pre-trained on 500,000 Chinese
judgment documents, based on Chinese-LLaMA-
7B (Cui et al., 2023). Additionally, HanFei (He
et al., 2023) is a fully pre-trained and fine-tuned
LLM with 7 billion parameters.

Further advancements in large-scale LLMs in-
clude LawyerLLLaM (Huang et al., 2023), based on
Chinese-LLaMA-13B (Cui et al., 2023) and fine-
tuned with general and legal instructions, as well
as ChatLaw-13B (Cui et al., 2024b), fine-tuned
on Ziya-LLaMA-13B-v1 (Wang et al., 2022), and
ChatLaw-33B (Cui et al., 2024b), fine-tuned on
Anima-33B (Ogavinee and et al., 2022). Mod-
els in other languages have also emerged, such
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Figure 2: Proportions of Dataset Types Used at Each
Step in Training Qwen2-7B (Legal). General Pre-
training Corpus (GPTC), Legal Domain Pre-training
Corpus (LDPTC), Foundational Abilities Supervised
Data (FASD), Legal Domain Corpus Synthetic Su-
pervised Data (LDCSSD), General Pre-training Cor-
pus Synthetic Supervised Data (GPTCSSD), Public
Legal Website Search and QA Data (PLWSQAD),
Legal Domain Real QA Synthetic Preference Data
(LDRQASPD), Public Video Case Synthetic Preference
Data (PVSP), Legal Domain Corpus Synthetic Prefer-
ence Data (LDCSPD), General QA Preference Data
(GQAPD), and Judgment, Arbitration, and Prosecuto-
rial Documents Synthetic Supervised Data (JAPDSSD).
Homogeneous variant corpora were used at different
stages to prevent catastrophic forgetting and capability
degradation.

as SaulLM-7B (Colombo et al., 2024), based on
Mistral-7B (Jiang et al., 2023), and JURU (Ju-
nior et al., 2024), the first LLM pre-trained for
the Brazilian legal domain.

A recent innovation in this field is the introduc-
tion of ChatLaw-4x7B (Cui et al., 2024a), a mix-
ture of experts model (MoE) designed to address
hallucinations and insufficient domain expertise
in LLMs. However, training MoE architectures
presents significant challenges, particularly in bal-
ancing the training of expert models and sample
load distribution (Zeng et al., 2024b; Pan et al.,
2024).

These legal-specific LLMs, typically following
an initial pre-training phase, are tailored to specific
legal datasets and tasks. This tailoring enhances
both the precision and practical applicability of
legal NLP technologies.

3 Method

This section focuses on Law-Neo as illustrated in
Fig.1. While our model comprises three main com-
ponents—the domain knowledge model (Qwen2-



7B-Legal), the anchor model (Qwen2-72B-Chat
Yang et al., 2024), and the parameter-merging
block—this section will specifically discuss the
domain knowledge model and the parameter-
merging block in detail.

Our approach assumes: (i) The model weights
are fixed and unmodifiable, reflecting the high
computational cost of training or fine-tuning large
LLMs from scratch in production environments.
Pre-trained models are treated as fixed assets to
ensure cost efficiency and stability. (ii) We can ac-
cess model weights, perform forward and back-
ward passes, and retrieve intermediate represen-
tations. This is feasible with many open-source
LLMs, allowing us to use their parameters for in-
ference and further training. (iii) We lack access
to the original training data, hyperparameters,
or training states, as open-source LLMs typically
do not provide such information.

3.1 Legal Domain Model Qwen2-7B (Legal)

Here, we introduce the base model selection and
provide more details about it. We’ve chosen
Qwen2-7B-Base, which was released by the Qwen
Team (Yang et al., 2024), is selected as the base
model. We performed specified Data Preparation
and Model Training upon the base model to better
fit legal domain.

In June 2024, the Qwen Team open-sourced their
Qwen?2 series models. We used Qwen2-7B-Base
as the base model. Fig.2 illustrates the processes
applied to this base model, which involve two main
steps: data preparation and model training.

Data Preparation: Following the data process-
ing pipeline from the MAP-Neo (Zhang et al.,
2024) technical report, we filtered legal-related
training corpora from publicly available pre-
training datasets (FinWeb, Penedo et al., 2024; Ma-
trix, Zhang et al., 2024; etc.). We collected exten-
sive current Chinese laws and regulations, includ-
ing local and central regulations, multilateral and
bilateral treaties involving China, and specific in-
dustry norms. The continued pre-training included
over 10,000 manually collected books and papers,
processed using methods from MAP-Neo. For post-
training data preparation, we collected Chinese
case law and synthesized supervised data using
GLM4 (Zeng et al., 2024a). Inspired by CQIA (Bai
et al., 2024), we gathered online case explanation
videos, converted their audio to text, and generated
preference data using GLM4. For specific details,
please refer to the appendix A.
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Model Training: We first performed full-
parameter continued pre-training on the Qwen2-
7B-Base model, utilizing both general pre-training
corpora and the collected legal domain corpora.
To ensure the LLM makes human-consistent judg-
ments in the legal domain, we conducted super-
vised fine-tuning (SFT) in two phases. The first
phase enhanced the model’s foundational abilities
(e.g., code and math skills) using over 2 million in-
structional data points. The second phase focused
on improving the model’s conversational abilities
and legal judgment capabilities while retaining the
foundational skills acquired in the first phase. We
used the prepared legal domain SFT data and col-
lected over 100,000 multi-turn conversation data
from real user interactions. We then aligned the
LLM using DPO.

3.2 Model Parameter-Merging Block

As illustrated in Fig.1, our approach involves con-
current operations on selected layers from two large
language models (LLMs). Specifically, we intro-
duce two sets of additional parameters over these
layers: (1) a straightforward set of linear transfor-
mations, fyr;(-), which project an ' layer repre-
sentation from Qwen2-7B (Legal) to the dimension-
ality of representations from Qwen2-72B; and (2)
a series of cross-attention layers, feross(., .), which
perform cross-attention between this transformed
layer representation and a j layer representation
from Qwen2-72B. The output of the cross-attention
is then added as a residual connection to the layer
representations of Qwen2-72B. For specific details,
please refer to the appendix D.

4 Experiments

We evaluated the performance of LawBench (Fei
et al., 2023) and the Unified Qualification Exam for
Legal Professionals. Additionally, we conducted
benchmark testing for the LJP(Legal Judgment Pre-
diction) task. Our primary focus, lies in LJP tasks
utilizing fact-based articles from the CAIL2018
(Xiao et al., 2018) dataset.

4.1 Performance on LawBench

We evaluated our model on LawBench (Fei et al.,
2023), a benchmark for the Chinese legal system as-
sessing three cognitive levels: (1) Legal Knowledge
Memory, (2) Legal Knowledge Understanding, and
(3) Legal Knowledge Application.

As shown in Table 1, our Law-Neo model
achieves an average score of 64.38, posi-



Model LawBench UQELP CAIL2018
Average Score Average Score F-1
GPT Series
GPT-3.5 (Brown et al., 2020) 42.15 78 0.29
GPT-4 (OpenAl et al., 2024) 52.35 103 0.52
General LLMs
Baichuan2-7B (Baichuan, 2023) 38.08 61 -
ChatGLM2-6B (Zeng et al., 2024a) 29.88 34 -
InternLM2-7B (Cai et al., 2024) 43.78 41 -
Qwen2-72B-Chat (Yang et al., 2024) 56.26 - -
Legal LLMs
Fuzi-Mingcha-6B (Wang et al., 2022) 32.08 34 0.25
ChatLaw-13B (Cui et al., 2024b) 32.76 - 0.33
Wisdom-Interrogatory-7B (Wu et al.) 31.41 - 0.33
Chatlaw-MoE-4 x 7B (Cui et al., 2024a) 60.08 115 -
Qwen2-7B-Legal (ours) 51.25 84 0.39
Law-Neo (ours) 64.38 126 0.46

Table 1: Summary of LLM’s performance comparisons on benchmarks: We conducted experiments using three
benchmark tests, namely LawBench, Unified Qualification Exam for Legal Professionals (UQELP), and CAIL2018.

tioned competitively between GPT-3.5 and GPT-
4, which score 42.15 and 52.35, respectively.
While Chatlaw-MoE scores higher at 60.08, our
model significantly outperforms Legal LLMs
like Fuzi-Mingcha (32.08) and General LLMs
like Intern.M2-7B (43.78), and also shows a
marked improvement over models like Qwen2-7B-
Legal (51.25). This demonstrates that our model
parameter-merging training strategy is effective in
achieving superior performance.

4.2 Performance on Unified Qualification
Exam for Legal Professionals

We also assessed our model using China’s Uni-
fied Qualification Exam for Legal Professionals,
which includes single-choice, multiple-choice, and
uncertain-choice questions across various legal
fields.

As indicated in Table 1, our Law-Neo model
achieved an average score of 126, positioning it
ahead of most models, including Chatlaw-MoE
(115) and GPT-4 (103). Our model surpasses
General LLMs such as Baichuan2-7B (61) and
ChatGLM2-6B (34), as well as Legal LLMs like
Fuzi-Mingcha (34). It also shows a significant im-
provement over Qwen2-7B-Legal (84), which fur-
ther emphasizes the strength of our approach.

4.3 Performance on CAIL2018 Task

CAIL2018 (Xiao et al., 2018), a large-scale LJP
task, includes over 2.6 million criminal cases from
the Supreme People’s Court of China, annotated
with applicable law articles, charges, and prison
terms.

In Table 1, our Law-Neo model achieves an
F-1 score of 0.46, showing strong performance.
While GPT-4 scores higher at 0.52, our model
outperforms GPT-3.5 (0.29) and General LLMs
like Qwen2-7B-Chat (0.37). It also surpasses
Legal LLMs such as Chatlaw-13B and Wisdom-
Interrogatory (both 0.33). These results highlight
Law-Neo’s robustness in legal language processing
and its competitive edge in legal tasks, especially
considering that it did not leverage a mixed expert
model during training, unlike Chatlaw-MoE.

5 Training Overhead

Our training procedure was conducted on a GPU
server equipped with eight 80GB A800 GPUs and
an Intel Xeon 8470 processor. The entire training
process took approximately 19.24 hours.

The comparative training regimen for ChatLaw
was conducted on a GPU server equipped with
eight 80GB A100 GPUs and two Intel Xeon 8358P
processors. The entire training process was com-
pleted in approximately 23.14 hours, which ex-
ceeds our training duration by 3.9 hours.
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6 Conclusion

In this paper, we introduced Law-Neo, an innova-
tive approach to enhancing large language models
(LLMs) for the legal domain by leveraging the con-
cept of composition to augment existing models.
Our methodology focused on integrating Qwen2-
72B-Chat with a legal domain-specific model based
on Qwen2-7B. Our comprehensive experiments,
conducted on multiple legal benchmarks includ-
ing LawBench, the Unified Qualification Exam
for Legal Professionals (UQELP), and CAIL2018,
demonstrate the efficacy of our approach. The Law-
Neo model outperformed several existing models,
including general-purpose LLMs and specialized
legal LLMs. Our results indicate that integrating
models through shared parameters can effectively
enhance their specialized knowledge without sacri-
ficing the foundational abilities of the base models.

7 Ethics Statement

The development and application of Law-Neo, an
advanced legal large language model (LLM), bring
forth significant ethical considerations, particularly
regarding bias amplification, interpretability, ac-
countability, and oversight. Law-Neo, like other
LLMs, has been trained on extensive legal corpora,
including laws, regulations, and judicial decisions.
Despite efforts to ensure a balanced dataset, the
model may still reflect and perpetuate biases found
in the source material. This risk is especially con-
cerning in the legal field, where unbiased and fair
decision-making is crucial. Additionally, the com-
plex decision-making process of these models is
not easily transparent, making it difficult to scru-
tinize and understand their outputs fully, which
can undermine trust in automated legal tools. Es-
tablishing clear guidelines and frameworks for the
accountability and oversight of Al systems like
Law-Neo is crucial. This includes defining the
roles and responsibilities of developers, users, and
regulatory bodies in monitoring the deployment
and impact of these models. Regular audits, bias
assessments, and updates should be conducted to
ensure the model remains fair, transparent, and
aligned with ethical standards.
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A Synthesized Prompt Templates

To create an effective training dataset, it is essen-
tial to ensure that the data are diverse and cover a
wide range of types and tasks. Table 2 provides a
detailed overview of the data sources.

During the various stages of training, we utilized
homologous variant data, a significant portion of
which was synthesized using GLM4. The detailed
process, including the prompt templates and their
effects, is illustrated in Table 3.

B Pre-Training

In order to continued pre-train the Qwen2-7B
model, we adhere to the strategy it followed during
the continued pre-training phase, which involves
predicting the subsequent token based on the con-
text provided by the preceding token. The context
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length for our continued pre-training is set to 8192.
For the creation of data batches, we shuffle and
amalgamate the documents, subsequently truncat-
ing them to the aforementioned context lengths.
To enhance computational efficiency and curtail
memory consumption, we incorporate Flash Atten-
tion within the attention modules. The standard
optimization algorithm employed for pretraining is
AdamW. The hyperparameters are configured with
B1 = 0.9, B2 = 0.95, and e = 1075, We utilize a
cosine_with_warmup learning rate schedule, with
a designated peak learning rate for each model size;
the warmup steps are set to 3500. The learning rate
is tapered down to a minimum of 10% of the peak
learning rate, with the maximum learning rate es-
tablished at 3 x 104, The models are trained using
BFloat16 mixed precision to ensure training stabil-

ity.
C Post-Training

Consistent with pretraining, we also apply next-
token prediction as the training task for SFT. We
apply the loss masks for the system and user
inputs.The model’s training process utilizes the
AdamW optimizer, with the following hyperpa-
rameters: (31 set to 0.9, B2 set to 0.95 and e set
to 1078. The sequence length is limited to 8192,
and the batch size is 64. The model undergoes a
total of 10000steps, with the learning rate gradu-
ally increased over 4096 steps, reaching a peak of
9 x 1075, To prevent over fitting, weight decay is
applied with a value of 0.1, dropout is set to 0.1,
and gradient clipping is enforced with a limit of 1.0

During the DPO training phase, we employed
the LLaMa-Fatory (Zheng et al., 2024) as an auxil-
iary tool, conducting a total of 5,000 training steps.
The warmup_with_cosine strategy was utilized,
wherein the learning rate gradually increased to
reach its maximum value of 1.5 x 10~° over the
initial 2,237 steps, followed by a gradual decrease.

D Parameter-Merging

Compositional Layers: According to the tech-
nical report on the Qwen2 series models (Yang
et al., 2024), Qwen2-7B (m4) and Qwen2-72B
(mp) consist of 28 layers (/V4) and 80 layers (Np),
respectively. The hidden size of the two models
is noted as 3,584 (D 4) for Qwen2-7B and 8, 192
(Dp) for Qwen2-72B. Due to the significant differ-
ence in the number of layers between the two mod-
els, when selecting the combined layers L 4 and
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Type

Description

Token

Legal Regulations

Case Documents

Legal Manuscripts

Legal Q&A Data

This category encompasses the Constitution, central-
level regulations, local regulations at various levels,
departmental rules and regulations, as well as bilat-
eral and multilateral treaties, agreements, and other
documents with the nature of treaties or agreements
concluded by the People’s Republic of China with
foreign countries.

This includes judicial decisions from the courts, ar-
bitration awards from arbitration institutions, and
prosecutorial documents from the procuratorates.
These are core journals indexed by CNKI (China
National Knowledge Infrastructure), select theses
and dissertations, and certain publications from legal
publishing houses.

Rich in legal Q&A data, including common legal
questions and their corresponding answers. It covers
multiple legal fields such as contract law, labor law,

7.5B

1.33B

5.7B

5.47B

intellectual property, etc.

Table 2: List of datasets used during training.

L g, we opted to include all layers from Qwen2-
7B and a subset of layers from Qwen2-72B. The
relationship between them is as follows:

Na = |La| = |Lp]|

lai=1Bi =mnBi+2u

where [ 4 ; represents the i-th selected layer in the
set of selected combined layers for the Qwen2-
7B model, and n g ; represents the i-th model layer
among all layers of the Qwen2-72B model. Further,
Ha € {Ha1,Haz2,...,Haos} denote the layer
representations for the given input after each layer
inlLg.

Learned Projections: Next we map representa-
tions from Qwen2-7B to that of Qwen2-72B via a
projection layer. In particular, for each layer in L 4,
we learn a projection function fyo5 : RP4 — RP5,
that projects representations from these layers to
the desired representation size of Qwen2-72B. Let,

fproj(HA) — {fproj (HA,l) PR fproj (HA,QB)}

This transformation enables cross-attention
across models, and also performs an alignment of
representations from Qwen2-7B and Qwen2-72B
despite frozen weights of the base models.

Cross-attention Layers: Similar to the multi-
headed cross-attention in encoder-decoder models
(for example Vaswani et al., 2017 and Raffel et al.,
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2020)- we introduce cross-attention between rep-
resentations of the Qwen2-72B and the Qwen2-7B
model. In particular, we use fyro; (Ha,;) from the
Qwen2-7B model as the key and value vectors for
each head in cross-attention. We use the vector
Hp ; from the Qwen2-72B model as the query vec-
tor.



—Prompt Templates

SFT Prompt for English Contents

DPO Prompt for English Contents

# Legal Consultation Simulator

You need to construct a pair of Q&A legal consul-
tation data based on the legal regulations provided
by the user. The questions should not directly
ask about the content of the legal regulations but
should conform to the user’s normal questioning
habits. The legal regulations provided by the user
are: {Contents}

# Legal Consultation Simulator
You are an Al assistant proficient in
law, and you need to use your legal
knowledge to answer the questions
posed by users. The user’s question
is:{ Contents}

—Demonstrations

Before Synthesized

After Synthesized

Article 37: An applicant for a degree or a de-
gree holder, who has one of the following circum-
stances during the process of pursuing the degree,
may have the degree not conferred or revoked by
the degree-granting institution upon the resolu-
tion of the Degree Evaluation Committee: (1) The
thesis or practical results are identified as hav-
ing academic misconduct such as ghostwriting,
plagiarism, or forgery; (2) Misappropriating or
impersonating someone else’s identity to obtain
admission qualifications, or obtaining admission
qualifications or graduation certificates through
other illegal means; (3) There are other serious
illegal acts during the period of study that should
not be granted a degree according to the law.

Question: What are the conse-
quences if my thesis is found to be
plagiarized during the period of pur-
suing a degree? Answer: According
to the provisions of Article 37 of the
relevant laws and regulations, if your
thesis or practical results are identi-
fied as having academic misconduct
such as ghostwriting, plagiarism, or
forgery during the period of pursu-
ing a degree, the Degree Evaluation
Committee may decide not to confer
the degree upon you or revoke the
degree already granted. Please pay
close attention to academic integrity
and comply with the laws and regu-
lations.

Chosen

Rejected

According to existing laws and regulations, an
individual who maliciously attacks a public trans-
port driver in the process of driving, or attempts to
seize control, thereby disrupting the normal opera-
tion of the public transport vehicle and threatening
public safety, may be sentenced to fixed-term im-
prisonment of not more than one year, detention,
or control, and must also bear the responsibility
of a fine. If the perpetrator’s actions also violate
other related criminal charges, such as seriously
obstructing safe driving and causing significant
personal injury and property damage, they should
still be convicted and punished according to the
more severe provisions. For example, they may
be determined to have committed the crime of
"endangering public safety by dangerous means."
The minimum sentence for intentional crimes of
this category starts at three years, and the maxi-
mum penalty can be the death penalty.

In China, criminal acts that obstruct
safe driving, such as drunk driving,
speeding, fatigue driving, and us-
ing a mobile phone, may be sen-
tenced to detention, fines, or even
traffic accident crimes according to
the relevant provisions of the "Crim-
inal Law of the People’s Republic
of China," based on the severity and
consequences of the act. In serious
cases, imprisonment may result. The
specific judgment will also take into
account factors such as the perpetra-
tor’s subjective malice, the danger-
ousness of the act, and the conse-
quences caused. For more detailed
legal advice or case analysis, it is rec-
ommended to consult a professional
legal person.

Table 3: The synthesized prompt templates with Demonstrations in English.
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Abstract

This paper presents the methods used for
LegalLens-2024 shared task, which focused on
detecting legal violations within unstructured
textual data and associating these violations
with potentially affected individuals. The
shared task included two subtasks: A) Legal
Named Entity Recognition (L-NER) and B)
Legal Natural Language Inference (L-NLI).
For subtask A, we utilized the spaCy library,
while for subtask B, we employed a combined
model incorporating ROBERTa and CNN. Our
results were 86.3% in the L-NER subtask
and 88.25% in the L-NLI subtask. Overall,
our paper demonstrates the effectiveness of
transformer models in addressing complex
tasks in the legal domain. The source code
for our implementation is publicly available at
https://github.com/NimaMeghdadi/uOttawa-
at-LegalLens-2024-Transformer-based-
Classification

1 Introduction

The huge amount of information and massive use
of the internet has propelled to ignore legal viola-
tions, individual rights, cultural values and societal
norms. These hidden violations demand serious at-
tention and urgent solution due to serious effects on
rights and justice and it requires advanced tools for
professionals to effectively manage large amount
of paperwork.

Legal violation identification seeks to automati-
cally detect legal violations within unstructured text
and link these violations to potential victims. The
LegallLens 2024 shared task (Bernsohn et al., 2024)
aims to foster a legal research community by tack-
ling two key challenges in the legal domain. Sub-
task A focuses on identifying legal violations (a.k.a
Identification Setup) using Named Entity Recog-
nition (NER). Subtask B focuses on linking these
violations to potentially affected individuals (a.k.a
Identification Setup) using Natural Language Infer-
ence (NLI).

42

Our team participated in both subtasks of the
shared task. In subtask A, we used the spaCy li-
brary and a D