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Recent advances in transformer-based architectures and large-scale benchmarks have significantly improved
Natural Language Processing performance. However, domain-specific areas such as law pose unique challenges
due to specialized terminology, complex semantics, and limited annotated data.

In this paper, we benchmark ASKE, a knowledge extraction approach designed to capture latent semantic

structures in legal texts, against state-of-the-art legal-domain models using the LexGLUE datasets. We analyze
its performance across diverse legal tasks through pseudo-precision and pseudo-recall metrics, highlighting
its strengths, limitations, and adaptability. Based on the experimental results, we discuss potential application
scenarios where ASKE can effectively support legal text analysis and downstream legal information processing.

1. Introduction

Since the introduction of transformer-based models and large-scale
benchmarks such as GLUE and SuperGLUE, Natural Language Process-
ing (NLP) has made significant advancements. These benchmarks have
created the foundation for standardized evaluations of general language
understanding tasks, allowing consistent comparisons between models
and fostering innovation [1,2]. Despite these advancements, particular
domains such as law present unique challenges that general-purpose
NLP models and evaluation datasets often fail to fully address [3].

Legal documents range from laws and court judgments to legal
contracts, playing a vital role as the foundation for the smooth func-
tioning of society. However, these documents are difficult to analyze
due to their domain-specific vocabulary, complex sentence structures,
and the specialized knowledge required [4]. Furthermore, legal texts
typically contain technical information, often requiring tailored models
for proper interpretation and processing. Traditional supervised learn-
ing approaches typically suffer from a lack of labeled data and the high
cost of manual annotation, making them impractical for large-scale
applications in the legal domain [5].

Transformer-based architectures, such as BERT and its variants,
have demonstrated strong results in specialized domains due to sig-
nificant advancements in machine learning over the past few years.
Appropriate benchmarks are required to assess the capabilities of these
models on the specific challenges of legal text, such as context-aware

semantics and domain-specific vocabulary. The Legal General Language
Understanding Evaluation (LexGLUE) is a benchmark of this kind.
LexGLUE is a comprehensive benchmarking evaluation for NLP models
across a wide range of legal tasks, including multi-label classification,
multi-class classification, and question answering. It features datasets
representative of actual legal practices, such as EUR-LEX, ECtHR cases,
SCOTUS cases, and EU legislation [6]. At the same time, domain-
specific models have been developed to improve legal text analysis
(e.g., LegalNLP [7], LegalBench [8], IL-TUR [9], Lextreme [10], Law-
Bench [11]). These models have the capacity to extract meaningful
knowledge from legal documents without the need of large-labeled
datasets. As a further solution in this context, we recently proposed
ASKE [12]. The ASKE approach and related tool is conceived to exploit
latent structures and semantics of legal texts to extract legal knowledge
in the form of concepts and relationships with the goal to support a
wide range of downstream tasks such as document classification and
legal information retrieval.

In this paper, we benchmark ASKE against several state-of-the-art
(SOTA) models for legal text analysis using the LexGLUE datasets. The
goal is to frame ASKE with respect to main legal-domain models by also
discussing strengths and limitations of the approach, and providing a
comprehensive analysis of its performance in various legal tasks. This
includes pseudo-precision and pseudo-recall metrics, which quantify
how closely the knowledge extracted by ASKE matches the ground
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truth. These metrics provide insights on the ASKE performance across
different legal datasets, showcasing their versatility and adaptation
to the new challenges posed by legal texts. As a further contribution
of this work, based on the obtained experimental results, we outline
possible application scenarios where ASKE can be effectively employed
to address the current challenges of the legal field.

The paper is organized as follows. Section 2 reviews the relevant
literature. Section 3 provides an overview of the essential ASKE fea-
tures. Section 4 details the considered LexGLUE datasets, and Section 5
presents the SOTA models considered in the evaluation. Section 6
presents the experimental results. Section 7 discusses possible ASKE
applications in Legal NLP. Finally, Section 8 highlights the limitations
and future work, and Section 9 provides our concluding remarks.

2. Literature review

In the recent years, Legal Natural Language Processing (L-NLP)
has become an active area of research, with advancements in tasks
such as summarization [13], information retrieval [14,15], document
segmentation [16,17], case prediction [6,16,18], semantic analysis, and
information extraction [19,20].

Zhong et al. demonstrated that topological learning is an extremely
effective method for legal judgment prediction, emphasizing the need
for tailored models in the legal domain for Natural Language Under-
standing (NLU) [21]. In contrast, Chalkidis et al. proposed a large-scale
multi-label dataset for classifying legal documents, which has helped
advance research in this field [5]. Chalkidis et al. also proposed meth-
ods for improving the interpretability and accuracy of NLU models
in the legal domain. More recently, Holzenberger et al. have further
explored sophisticated neural architectures for legal document clas-
sification, achieving significant improvements in performance [22].
Nguyen et al. contributed a new approach to unsupervised legal text
clustering and enhanced the quality of knowledge extraction in legal
contexts [23].

Benchmarks have played a significant role in improving techniques
and models in many domains, such as computer vision [24,25] and re-
inforcement learning [26-28]. In the NLP domain, several benchmarks
have been proposed, such as CLUE [29], GLUE [1], IndicNLPSuite [30],
XTREME [31], and Super-GLUE [32]. However, these benchmarks are
oriented toward general NLP tasks, and models developed for the
generic domain do not perform well in the legal domain [6,14,16].

Some researchers have proposed specific language models for the
legal domain, such as LegalBERT [5] and CaseLawBERT [33]. However,
legal LLMs have shown limited success so far, and their generalization
and transfer learning capabilities have not been fully demonstrated [6,
14,16].

Efforts have also been made to develop benchmarks for the legal do-
main. For example, Chalkidis et al. created LexGLUE [6], a specialized
English-language benchmark focused on the EU and US legal systems,
to evaluate legal models in NLP. LexGLUE consolidates a range of
existing datasets for various tasks, introducing six main tasks, all related
to classification: topic prediction of contracts, identification of case
holdings, concept identification, contractual terms, violated articles,
case issue classification, and unfair identification.

Niklaus et al. contributed LEXTREME [34], a multilingual L-NLP
benchmark covering 24 EU languages, with classification-based tasks
focused on the jurisdictions of the EU and Brazil. Chalkidis et al.
proposed multilingual benchmarking for evaluating the fairness of
different models in legal judgment and topic prediction tasks, covering
five languages and four jurisdictions [35]. Another approach by Hwang
et al. proposed the LBOX benchmark [36], focusing on the legal system
of Korea. This benchmark targets classification and summarization
tasks using documents in Korean.

Chalkidis et al. also introduced FAIRLEX [35], a multilingual bench-
mark designed to evaluate fairness in legal text processing. Unlike the
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aforementioned performance benchmarks, FAIRLEX focuses on measur-
ing bias and performance disparities across sensitive attributes. It com-
prises four datasets covering four jurisdictions (European Council, USA,
Switzerland, and China) and five languages (English, German, French,
Italian, and Chinese), evaluating whether models exhibit fairness across
demographic attributes (gender, age, nationality), languages, and le-
gal areas. This benchmark addresses a critical but distinct dimen-
sion of legal NLP which ensures equitable model performance across
different groups and complementing general performance evaluation
frameworks like LexGLUE.

Recently, Guha et al. introduced LegalBench [8], a large collabora-
tive legal benchmark focused on the US legal system. It includes 162
tasks in English for testing the reasoning capabilities of LLMs, classified
into six types of legal reasoning and corresponding to various stages in
the litigation process. LegalBench primarily evaluates the aptitude of
LLMs in handling legal processes, with documents averaging about 200
words.

To benchmark LLMs for Chinese law, Fei et al. released Law-
Bench [11], a set of 20 tasks in Chinese designed to test LLMs’ ability
to memorize legal knowledge and understand the legal domain. Most
of the texts in LawBench are much longer than those in LegalBench,
averaging around 300 words.

Table 1 provides a summary view of the considered legal bench-
marks based on jurisdictions, legal system orientations, supported task
types, and languages.

Beyond these comprehensive benchmarks, various research contri-
butions have also introduced specialized datasets tailored to specific
legal NLP challenges and methodologies, as shown in Table 2. Further
solutions in the field of L-NLP have been released, usually attached with
specialized datasets used for testing the proposed methods on focused
case studies.

Ren et al. introduce PatentMatch [37], a dataset designed to fa-
cilitate the matching of patent claims with prior art. Comprising 6
million labeled pairs, this dataset significantly enhances the ability of
models to accurately match claims to relevant text passages in existing
patents, thereby supporting improved patent examination processes.
Ren et al. also worked on PatentGPT [38], a language model optimized
for drafting patents. This model, which makes use of knowledge-based
fine-tuning, combines large-scale training data from tens of millions
United States Patent and Trademark Office (USPTO) patent texts and
knowledge graph to show that it is possible to use it represent different
patent histories in various industries. In another work, Ren et al.
present PatCID [39], a dataset containing 81 million chemical structure
images extracted from patents. This resource aims to surpass previous
molecular retrieval databases in both coverage and quality, providing
researchers with valuable tools for drug design and material science.

Ma et al. present a dataset focused on Korean legal language recog-
nition, including 147,000 judicial precedents designed to evaluate ju-
dicial responsibilities such as judgment forecasting and summarization,
and to promote the utilization of NLP in Korean legal applications [40].
Zuo et al. introduce PatentEval [41], a benchmark to evaluate the
performance of automatic or semi-automatic patent generation systems,
analyzing common error types and offering insights into the relative
strengths and weaknesses of various LLMs.

Ostling et al. introduce the Cambridge Law Corpus [42], a dataset
containing over 258,000 UK court cases, which aims to advance legal
Al research by providing information on case law and contributing to
the development of legal reasoning models. Caldarola et al. present
LAWSUIT [43], a dataset of 14,000 summaries of Italian court verdicts
written by legal experts, designed to enhance summarization tasks in
the legal domain and support the development of NLP models for
generating concise legal summaries. Finally, Santos et al. explore the
challenges and approaches for multilingual legal reasoning, proposing
a multilingual benchmark for LLMs to support legal tasks in diverse
contexts [44].
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Table 1
Summary view of L-NLP benchmarks.
Ref Dataset Jurisdictions System Task types Languages
[11] LawBench China Civil law Classification, Generation, Extraction Chinese
[8] LegalBench Multiple Common & civil law Generation English
[36] LBOX Korea Civil law Classification, Generation Korean
[35] FAIRLEX E.U.,, U.S., China, Switzerland Predominantly civil law Fairness evaluation E.U., Chinese
[34] LEXTREME E.U., Brazil Predominantly civil law Classification E.U.
[6] LexGLUE U.S., E.U. Predominantly civil law Classification English
Table 2
Summary view of L-NLP approaches and datasets.
Ref. Title ML approach Dataset Method
[37] PatentMatch & Prior Supervised learning, NLP, LLM 6 million labeled pairs for patent Model training to enhance patent
Art claim matching examination
[38] PatentGPT Fine-tuning with knowledge Tens of millions of USPTO patent Knowledge-based fine-tuning for
graphs, LLM texts and knowledge graphs patent drafting
[45] Al in Patent Field Review of Al in patent Various patent datasets for Analysis of AI's evolving role in
classification classification tasks patent law
[39] PatCID Multimodal learning, Image 81 million chemical structure Retrieval tasks for molecular and drug
retrieval images from patents design
[40] Korean Legal Language NLP, LLM for legal tasks 147k Korean judicial precedents Evaluating legal judgment prediction
Understanding and summarization
[41] PatentEval Evaluation benchmark for Patent generation systems Error typology analysis and evaluation
patent generation of LLM performance
[42] The Cambridge Law Supervised learning, NLP, LLM 258,000 UK court cases Legal reasoning and case outcome
Corpus prediction
[43] LAWSUIT Supervised learning, NLP 14,000 Italian legal verdicts Summarization tasks for legal verdicts
[44] One Law, Many Multilingual legal reasoning, Multilingual legal datasets from Multilingual legal tasks and LLM
Languages LLM the Swiss system evaluation

Table 2 provides a summary view of L-NLP research approaches,
highlighting specialized datasets introduced alongside novel method-
ologies addressing specific legal NLP challenges.

Among the available legal benchmarks, LexGLUE was selected for
evaluating ASKE due to several methodological and practical consider-
ations. First, LexGLUE is composed entirely of English datasets, align-
ing with ASKE approach current language capabilities. This excludes
multilingual alternatives such as LEXTREME (24 EU languages), Law-
Bench (Chinese), and LBOX (Korean), which would require multilingual
processing capabilities beyond ASKE current scope. Second, LexGLUE
emphasizes classification tasks—six of its seven datasets involve multi-
label or multi-class classification—which directly align with ASKE core
functionality of knowledge extraction and document categorization. In
contrast, LegalBench focuses on LLM reasoning capabilities through
162 prompt-based tasks with short documents (averaging 200 words),
which do not adequately test ASKE iterative knowledge extraction
on longer legal texts. Third, while FAIRLEX provides valuable fair-
ness evaluation capabilities across multiple jurisdictions and languages,
it measures performance disparity across demographic groups rather
than task performance, making it incompatible with ASKE evalua-
tion objectives. Finally, LexGLUE offers diverse document types and
lengths across multiple legal domains (EU law, US case law, contracts),
enabling comprehensive assessment of ASKE adaptability, and pro-
vides well-established baselines from multiple SOTA models for direct
performance comparison. These factors collectively make LexGLUE
the most suitable benchmark for systematically evaluating ASKE legal
knowledge extraction capabilities.

3. Overview of ASKE

In this section, we outline the ASKE approach for classifying and
extracting legal knowledge from large corpora of legal documents.

Given a corpus of legal documents, the goal of ASKE is to ex-
tract a set of relevant concepts from documents with related sen-
tences/paragraphs (called document chunks) that are associated, namely

classified, with respective concepts. The result of this classification/
extraction process is a concept view of the considered corpus, where a
concept can be used to access the document chunks where that concept
is actually appearing. ASKE is characterized by the use of zero-shot
learning techniques and the adoption of context-aware embedding models.
Zero-shot learning is a well-known unsupervised learning modality and
it refers to the ASKE ability to perform classification tasks without any
training. This solution is particularly appropriate to deal with situations
in which labeled datasets are not available, which is the typical case
of the legal field. ASKE is also characterized by the use of an initial
set of seed concepts to initialize the classification/extraction process.
A seed concept is a textual description (e.g., one or two phrases)
of a topic of interest to consider for classification. Such a concept
description can be manually defined by an interested user, or can be
extracted from an external knowledge base that can be general-purpose
(e.g., Wikipedia) or domain-specific (e.g., Westlaw). Concept extraction
in ASKE is designed as an iterative, cyclic pipeline. Initially, ASKE
classifies the documents according to the seed concepts. The results of
the classification are analyzed with the aim to derive/extract additional
concepts and to enrich the view with more concepts appearing in the
documents. In terms of zero-shot learning, the use of seed concepts
does not represent a limitation since it is not introducing the need of a
labeled dataset for training.

A technical presentation of ASKE can be found in [12]. In the
following, we provide a breakdown and description of each key step
of ASKE, as shown in Fig. 1.

Data preparation. This step has the goal to build a unified, context-
sensitive semantic space where both the documents of the considered
corpus and the seed concepts are framed and represented. This is
done by relying on a context-aware embedding model, and a shared
vector space is generated as a result. The choice of using a context-
aware embedding model has the goal aims to appropriately capture
and manage the meaning of legal terminology by taking into account
the context in which terms are used. This is particularly relevant in
the legal field where technical terms are employed and some terms



A. Abdul Khaliq et al.

Computer Law & Security Review: The International Journal of Technology Law and Practice 61 (2026) 106279

Data preparation ASKE cycle

Document corpus . : : go ‘:
1
. Document : ! % Document chunk '
% % % : B chunks L : classification :
. 1 s 5 9 '
B 3 ?g’ :
1 ! 1
5 o L}
! 0?/%0 '
Embeddin il % .
g [ : \., :
model - ~—
Seed - = :
1
: e ASKE Terminological .
a N %0 ' i | Concept derivation | conceptual enrichmgnt !
: ' : Graph 1
1 : 1 :
N ' 5 1
: ' : y 1
1
o Externall = sEmesssismsion o Oﬁo éoﬁ C
v\—/\—‘/ Dictionary S ;
® ® Concept 00 Term % % Concept definition / Document chunk

Fig. 1. Overview of the ASKE approach [12].

may also assume completely different meaning when used in different
portions of a document like a court decision or a lawyer argument.
ASKE is capable of supporting different embedding models, spanning
from generic transformer-based models like BERT, to domain-specific
pre-trained models like Legal-BERT.

In data preparation, each document in the corpus as well as each
seed concept description is preprocessed using a tokenizer that splits
the text in a set of document chunks, providing a lemmatized version
of the terms therein contained. A document chunk should correspond
to a logical unit within the text whose length can provide enough
information content for its practical usage in application contexts.
Moreover, the dimension of document chunks should fit the constraints
of the adopted embedding model which generally works with a fixed-
size window (e.g., 512 tokens). Considering the writing style featuring
legal documents where sentences are generally rich and articulated, a
single sentence is a good candidate to become a document chunk.

Document chunk classification. This step has the goal to associate
document chunks to pertinent concepts. To this end, ASKE employs
zero-shot, multi-label classification where the association of a chunk
with a concept depends on their degree of similarity considering their
embeddings generated during data preparation. The cosine metrics is
exploited to calculate the chunk-concept similarity and a threshold
is defined to decide when the chunk represents/contains an instance
of the concept. As a result, it is possible to associate a chunk with
multiple concepts (i.e., multi-label classification). This is particularly
useful in legal documents, where a single chunk can contain references
to multiple concepts or legal issues simultaneously.

Terminological enrichment. The goal of this step is to refine the
definition of the considered concepts with additional terms taken from
the chunks. The intuition is that the chunks classified as instances of
a concept can provide domain-specific terms to enrich the concept
specification to better capture the context where the concept is used.
Given a chunk classified as instance of a concept, all the terms in the
chunk are candidate to enrich the concept specification. For each term,
the similarity between the term description and the concept description
is calculated using their associated embeddings. A threshold is used
to decide when to include a term in the specification of a concept for
enrichment.

Concept derivation. The goal of this step is to consider the possible
creation of new concepts for classifying the document chunks. The
intuition behind ASKE is that the concept specifications changed due
to terminological enrichment, then more fine-grained concepts can
emerge and could be used to provide a more precise classification of

chunks and related documents. ASKE generates a new concept through
derivation from an existing one. For each concept, the creation of
possible new concepts in ASKE is enforced by clustering the embedding
vectors of terms featuring the concept description. The Hierarchical
Clustering (HC) algorithm is adopted to this end, since it allows to
detect the emergence of sub-groups of similar terms within the concept
specification, without requiring to “a-priori define” the number of
clusters to generate. A new concept is created for each cluster returned
by HC on the terms of a concept. A derivation link is defined between
the original concept and the new one to denote that they are somehow
similar/related in content.

The ASKE cycle. The set of concepts obtained after derivation can
trigger the execution of a new ASKE cycle based on document chunk
classification, terminological enrichment, and concept derivation. New de-
rived concepts can contribute to improve the classification of chunks
with more fine-grained concepts. Further new concepts can be also
discovered through a new execution of enrichment and derivation on
the basis of a refined classification result. The ASKE process terminates
after the execution of a given number of iterations when concept
derivation does not provide the creation of new useful concepts.

ASKE at work on a concrete example. Fig. 2 illustrates document
chunks, extracted terms, and concepts from a representative Terms-
of-Service (UNFAIR-ToS) contract. On the left, document chunks are
shown from the contract text. In the center, key legal terms are high-
lighted in bold as they appear within these chunks and serve to enrich
conceptual terminology. On the right, terms are grouped into hierar-
chical concepts: the account intervention system at the top level, with
breach enforcement, notification and exception, and liability exemption
as subcategories. Derivation relationships visualize how detailed obli-
gations and risks are organized under broader system-level concepts
across ASKE refinement cycles.

This example demonstrates how effectively ASKE breaks down and
organizes complex contract language. By clearly linking phrases from
the contract to specific legal concepts, ASKE makes it possible to
identify risks and check for compliance with greater accuracy. This
level of transparency and careful structure is essential for reliable and
advanced automation in analyzing consumer contracts.

4. The LexGLUE datasets

The LexGLUE datasets have been selected for the evaluation of
ASKE on legal text analysis. The LexGLUE benchmark comprises seven
datasets covering diverse legal NLU tasks. In this study, we evaluate
ASKE on six of the seven LexGLUE datasets: ECtHR (Tasks A and
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Table 3
Overview of the LexGLUE datasets with modifications.

Dataset Task type Train/Dev/Test Ref. Sub-domain  Classes
LEDGAR Multi-class 60K/10K/10K [46] Contracts 100
UNFAIR-ToS Multi-label ~ 5.5K/2.2K/1.6K  [47]  Contracts 8+1
EUR-LEX Multi-label ~ 55K/5K/5K [48] EU law 100
SCOTUS Multi-class 5K/1.4K/1.4K [49] US law 14
ECtHR (Task A) Multi-label 9K/1K/1K [50] ECHR 10+1
ECtHR (Task B) Multi-label 9K/1K/1K [51] ECHR 10+1

B), SCOTUS, EUR-LEX, LEDGAR, and UNFAIR-ToS. We exclude Case-
HOLD from our experiments because it is a multiple-choice question-
answering task that requires identifying correct legal holdings from five
candidate statements. This task format is fundamentally incompatible
with ASKE knowledge extraction methodology, which is designed for
document classification through iterative terminology enrichment and
concept derivation. CaseHOLD evaluates reading comprehension and
legal reasoning in a QA format, whereas ASKE focuses on zero-shot
multi-label classification by extracting concepts from documents. The
remaining six datasets all involve classification tasks (either multi-
label or multi-class), making them suitable for assessing ASKE’s ability
to extract legal concepts and classify documents based on enriched
terminology across diverse legal domains and jurisdictions. Table 3
provide key information about each dataset and the associated tasks.

SCOTUS. The SCOTUS dataset maps US Supreme Court opinions to
14 legal issue areas, such as civil rights, criminal procedure, and
economic activity. The Supreme Court is the highest federal court in
the United States, primarily hearing cases that are among the most
controversial or difficult, which lower federal courts have not been
able to resolve adequately. This dataset is built using the Supreme
Court Database (SCDB) [49], which provides detailed metadata on
cases decided between 1946 and 2020, including decisions, issues, and
directions.

The dataset contains 7800 instances, divided chronologically into
training (5K instances from 1946-1982), development (1.4K instances
from 1982-1991), and test (1.4K instances from 1991-2016) sets.
This chronological split reflects the natural evaluation of legal issues
and ensures that the models are evaluated on cases that mirror more

contemporary court rulings. Each case is assigned a single label, cor-
responding to one of 14 issue areas, covering a total of 278 different
legal topics. The labels indicate the basic topic of each case, serving as
a guide to the nature of the disputes.

This dataset provides a deeper understanding of how Supreme Court
decisions are categorized and how legal issues have evolved over
time. It offers a structured way to explore the complexities of judicial
reasoning and the shifting priorities of the nation’s highest court.

UNFAIR-ToS. The UNFAIR-ToS [47] dataset contains instances of lin-
guistic descriptions of unfair contractual terms from the Terms of
Service agreements of 50 well-known online platforms (e.g., Facebook,
eBay, YouTube). These terms feature clauses that can seriously breach
consumer rights under EU law. The dataset is labeled at the sentence
level with eight classes of unfair terms, allowing for a fine-grained
analysis of potentially exploitative language in user agreements. The
dataset contains 9500 sentences, divided chronologically into training
(5532 sentences from 2006-2016), development (2275 sentences from
2017), and test (1607 sentences from 2017) subsets. Each sentence is
tagged with one or more labels indicating unfair terms, reflecting the
potential ways in which user rights may be undermined.

This dataset emphasizes the language and structure of Terms of
Service agreements that display patterns of unfair clauses. As such,
it could prove to be a valuable tool for enhancing transparency and
fairness in such documents.

LEDGAR. The LEDGAR [46] dataset focuses on classifying contract
provisions into 100 unique categories. These provisions cover a wide
range of topics, as can be seen from the selection of publicly available
contracts. As such, the dataset is particularly valuable for understand-
ing both the structure and content of legal agreements. It contains a
total of 80,000 provisions, divided into training (60,000 provisions),
validation (10,000 provisions), and test (10,000 provisions) subsets.
This division allows for robust training and evaluation of models,
ensuring generalization to new data.

The structured labels provide insights into the thematic prevalence
of topics as well as their sequential occurrence within contracts. This
is particularly valuable for legal experts and researchers seeking to
streamline the analysis of contracts. The ability to categorize provisions
into clear topics facilitates a better understanding of legal language,
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especially when dealing with the diversity and complexity typical of
legal agreements.

EUR-LEX. This dataset classifies EU legislation using EUROVOC (hier-

archical vocabulary of 6900 concepts across 8 levels) [48]. LexGLUE
uses 100 most frequent concepts on 65,000 documents: training
(55K,1958-2010), development (5K,2010-2012), test (5K,2012-2016).
Temporal split introduces concept drift, reflecting realistic generaliza-
tion. EUR-LEX documents are longer, more complex than US case law
with specialized civil law terminology. Averaging 2.2 labels per doc-
ument, multi-label task reflects how EU legislation addresses multiple
policy areas. Valuable for evaluating ASKE on long, complex texts with
overlapping concepts.

ECtHR Tasks A and B. The ECtHR hears cases of alleged violations
of the human rights provisions set forth in the European Convention
on Human Rights (ECHR) by a state. In our work, we utilize the
dataset generated by Chalkidis et al. [50]. This dataset includes approx-
imately 11,000 cases from the open ECtHR database. The datasets from
the European Court of Human Rights are related to two multi-label
classification tasks. The first task involves identifying which articles
of the ECHR were violated in the case, while the second focuses on
predicting which articles the court considered during deliberation.
These tasks are crucial for legal professionals, as they directly relate
to the understanding and interpretation of human rights law in specific
contexts.

The dataset comprises a total of 11,000 cases, evenly split into
training (9000 cases), development (1000 cases), and test (1000 cases)
subsets. This methodical composition allows for effective training and
evaluation while ensuring generalization to previously unseen data.
The cases include detailed factual paragraphs, providing a foundation
for predictions and reflecting real-life legal complexities.

5. Models evaluated

The evaluation of ASKE has been performed by considering a set of
SOTA pre-trained transformer models.

We fine-tuned these pre-trained models on the various LexGLUE
tasks, specifically multi-label and multi-class classification. The second
set of models, which includes the pre-trained transformer models, was
used to evaluate the performance of ASKE. These models were chosen
because they represent the challenges unique to legal texts, such as
processing long documents, dealing with imbalanced datasets, and
correctly interpreting fine-grained legal terms.

BERT [52] is a pre-trained language model based on masked language
modeling and next-sentence prediction tasks during its pre-training
phase. BERT has set the SOTA standard for diverse NLP tasks, ex-
celling in contextual language understanding. BERT selected as a
general-purpose baseline representing standard contextual language
models in NLP. Its widespread adoption makes it a reference point
for comparison. Its primary strengths lie in its ability to generate
rich contextual representations at both sentence and paragraph levels,
making it particularly effective for moderate-length texts up to 512
tokens.

RoBERTa [53] is an improved version of the BERT model. It discards
the next-sentence prediction (NSP) task, utilizes dynamic masking,
and pre-trains on larger datasets with a broader vocabulary. These
enhancements lead to significant improvements across various NLP
tasks. RoBERTa was selected because it is built on BERT’s design by
using more training data and dynamic masking, which often leads to
better accuracy in complex language tasks. It is strong at understand-
ing context in shorter legal texts, but like BERT, it cannot process
documents longer than 512 tokens.

DeBERTa [54] is an advanced version of BERT. It incorporates dis-
entangled attention mechanisms to better model token contents and
positional relationships. Additionally, DeBERTa introduces a refined
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mask decoder, which outperforms both BERT and RoBERTa on several
NLP tasks. DeBERTa was included because it introduces advanced
attention and embedding techniques that further enhance context un-
derstanding compared to BERT and RoBERTa. This makes it well-suited
for capturing subtle or complex language patterns often found in legal
texts.

Longformer [55] is specifically designed for processing longer docu-
ments. It combines local and global attention mechanisms, using sparse
attention to handle sequences with up to 4096 tokens. This model is
well-suited for tasks that require long-range context. This feature is
particularly valuable for analyzing statutes, contracts, or case files that
exceed the input limits of standard transformers.

Legal-BERT [5] is a pre-trained BERT model trained on legal text
datasets, such as contracts, legislation, and court opinions. It has
achieved SOTA performance on various tasks involving complex legal
language, thanks to its specialized vocabulary focused on legal ter-
minology. Legal-BERT was included because it is pre-trained on a
large collection of legal texts, allowing it to better understand domain-
specific terminology and legal language patterns. By leveraging this
specialized pre-training, Legal-BERT is expected to capture the nuances
and subtleties of legal documents more effectively than general-purpose
language models.

CaseLaw-BERT [56] is specifically tailored for the U.S. case law do-
main. It was pre-trained on over 3.4 million court documents, making
it particularly effective for judicial opinions and case-specific corpus
contexts. CaseLaw-BERT was selected for its specialized training on
judicial opinions and case law, enabling it to recognize the language,
structure, and context unique to legal reasoning and litigation. This
specialization helps the model more accurately interpret and classify
texts from court cases or related legal documents.

6. Experimental results and discussion

In this section, we first describe the setup of the experiments, then
we discuss the obtained results in terms of F1, accuracy, precision,
and recall. A public repository with scripts and complete experimental
results is available at https://github.com/oziofficial5/Aske.

6.1. Experimental setup

In setting up the tools for the experiments, we tested various config-
urations and we adopted an empirical strategy by reporting and com-
menting the setup that provided the best results. All the experiments
have been executed on our lab workstations with NVIDIA A100 GPUs,
incorporating mixed-precision training to accelerate computation while
maintaining numerical stability.

In particular, ASKE has been configured as follows. Documents and
seed concept descriptions have been segmented in chunks of 512-tokens
and Legal-BERT has been used for subsequent embedding in data prepa-
ration. The LexGLUE task labels have been considered as initial seed
concepts to bootstrap zero-shot classification without any task-specific
fine-tuning. Three ASKE cycles have been executed to refine the set of
concepts to describe the given datasets and the related classification
of extracted chunks. The ASKE thresholds have been tuned on the
development sets; the threshold used in cosine similarity for concept-
chunk classification has been set to 0.75 to optimize both precision and
recall.

Baseline models, using BERT and RoBERTa, were fine-tuned for 10
epochs with the AdamW optimizer (learning rate of 2e—5, batch size of
16). To address class imbalance in multi-label tasks like UNFAIR-ToS,
label-weighted loss functions were employed, ensuring that minority
classes played a significant role in the learning process.

To prevent temporal data leakage, we strictly adhered to LexGLUE’s
pre-defined chronological splits. For example, the SCOTUS dataset was
split temporally, with the training data spanning 1946-1982 and the
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Fig. 3. F1 results on SOTA models over LexGLUE datasets.

test data spanning 1991-2016. This method simulates how models
would operate in actual legal practice, where they must generalize to
future cases.

Performance is evaluated using task-specific metrics. Macro-F1, pre-
cision, and recall were employed for both classification tasks to account
for class imbalance, while accuracy was used as an additional measure
for single-label scenarios. The quality of the embeddings is assessed
using cosine similarity scores for semantically similar document pairs,
reflecting how well the ASKE approach captured latent legal relation-
ships. Statistically significant results are then verified using paired
t-tests (p < 0.05) to ensure that any observed differences were not due
to random variation.

6.2. F1 score

The comparison on F1 scores aims at highlighting the ability of
the considered approaches at being both accurate and complete in
their predictions. In this experiment, ASKE is compared against BERT,
RoBERTa, and DeBERTa on ECtHR, SCOTUS, EUR-LEX, LEDGAR, and
UNFAIR-ToS. ASKE outperformed the considered models across a di-
verse set of legal contexts. On the UNFAIR-ToS and LEDGAR datasets,
ASKE is comparable to SOTA results (F1 = 95.6 and 87.6, respectively),
indicating that the embedding model of ASKE successfully captures the
relevant terms in the text to classify chunks with appropriate concepts
(i.e., LexGLUE labels). ASKE substantially outperforms conventional
models (e.g., TFIDF + SVM) on most datasets, especially on those that
are more semantically demanding (e.g., UNFAIR-ToS). Moreover, the
results show that ASKE outperforms conventional machine learning
models and other transformer based architectures, including BERT, in
cases where understanding the language and structure of law is a core
issue for the task (see Fig. 3).

6.3. Accuracy

The accuracy results are illustrated in Fig. 4 and demonstrates that
ASKE constantly achieves competitive performance across a range of
L-NLP benchmarks, thus supporting the idea that also unsupervised
methods like the zero-shot learning used by ASKE can provide effective
results.

On the ECtHR-A dataset, ASKE achieved an accuracy of 0.70, closely
following Longformer (0.73) but trailing the top-performing models
such as RoBERTa (0.85), Caselaw-BERT, and Legal-BERT (both 0.83).
On the LEDGAR dataset, ASKE records an accuracy of 0.63, demonstrat-
ing solid outcomes though not matching Caselaw-BERT’s leading 0.86.
Its results remain aligned with Legal-BERT and RoBERTa, each around
0.65, and only slightly below Longformer (0.74).

For the UNFAIR-ToS dataset, ASKE achieves an accuracy of about
0.63, competitive with RoBERTa and indicative of reliable generaliza-
tion, while the highest scores are achieved by Legal-BERT (0.82). In

the SCOTUS dataset, characterized by complex judicial reasoning, ASKE
reaches 0.78, outperforming Caselaw-BERT(0.66) and closely matching
Legal-BERT (0.79) and RoBERTa (0.75).

These findings highlight the robustness and adaptability of ASKE
in legal document classification, particularly relevant given its lack
of task-specific fine-tuning. Its ability to approximate the accuracy of
domain-specialized transformers demonstrates its potential as an inter-
pretable, transferable, and efficient framework for L-NLP, especially in
settings with limited labeled data.

6.4. Precision

On precision, experimental results are illustrated in Fig. 5. In
comparison with the LEDGAR dataset, ASKE achieves a precision
score of 0.83, which is comparable to the performance of RoBERTa
(0.85), while outperforming Legal-BERT (0.82), Caselaw-BERT(0.76)
and Longformer (0.71). The quality performance on LEDGAR suggests
that ASKE is particularly well-suited for datasets that require sensitivity
to the nuanced understanding of the context in which legal language is
used, particularly in the commercial and financial sectors. The close
results to transformer-based models indicate that ASKE could offer
exceptional quality for specialized workloads, such as L-NLP tasks.

On the ECtHR-A dataset, ASKE achieves a precision score of 0.72,
surpassing RoBERTa (0.62) and closely aligning with Longformer (0.70).
In comparison, Caselaw-BERT and Legal-BERT provide marginally lower
precision scores of 0.65 and 0.63, respectively.

On the SCOTUS dataset, ASKE scores precision of 0.75, closely fol-
lowing RoBERTa (0.76) and outperforms Longformer (0.62), but scor-
ing slightly lower than Caselaw-BERT (0.83) and Legal-BERT (0.78).
This finding indicates that ASKE is well-equipped to process dense legal
texts, such as Supreme Court case law, which involve nuanced legal rea-
soning and sophisticated argumentation. The competitive performance
of ASKE suggests it can be valuable for high-level legal tasks, though
there is still room for improvement to match the performance of models
like Caselaw-BERT, and legal-BERT which are specifically fine-tuned for
the legal domain.

The ASKE results on LEDGAR and ECtHR-A demonstrates its ef-
fectiveness in tasks requiring a deep understanding of legal language
in specialized areas of law. Again, this result confirms that ASKE can
generate high-quality embeddings that capture the meaning of legal
text, achieving performance levels comparable to transformer-based
models across a wide range of legal problem domains.

6.5. Recall

The results on recall are shown in Fig. 6 and they show that some
performance differences can be observed depending on the dataset.
ASKE scores 0.73 on the ECtHR-A dataset, which is considerably better
than Longformer (0.65), Roberta (0.66), and Caselaw-BERT (0.63). This
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Fig. 5. Precision results on SOTA models over LexGLUE datasets.

suggests that ASKE is effective in retrieving relevant information from
this dataset, with quality of results comparable to other considered
models, but still falling behind Legal-BERT (0.85). Thus, this result
indicates that ASKE is capable of accurately capturing relevant concepts
appearing in legal documents, but further improvements are needed to
match the outstanding performance of SOTA models in the field.

Within the UNFAIR-ToS dataset, recall analysis shows that ASKE
achieves a score near to 0.70, closely aligned with both Caselaw-BERT
(0.68) and Longformer (0.69). While RoBERTa demonstrates the high-
est recall at 0.83, and Legal-BERT follows with a score of 0.75, ASKE
maintains robust recall despite not surpassing the leading transformer
models.

These results demonstrate that ASKE is effective at retrieving rel-
evant legal information from datasets that contain complex terms of

service and extensive legal language, such as those found in Supreme
Court cases. The high recall scores in these datasets highlight ASKE’s
focus on identifying important legal concepts, which are highly relevant
to certain legal fields.

6.6. Embedding similarity scores

This experiment is focused on evaluating the effectiveness of docu-
ment (chunk) embeddings in capturing the semantics of the considered
legal text. The effectiveness of embeddings is crucial for tasks that
require to discover latent similarities across different elements, such
as for example document similarity and information retrieval. ASKE
demonstrates promising performance on datasets like UNFAIR-ToS and
LEDGAR, with mean similarity scores that are high enough to suggest
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that the approach effectively captures the semantic nuances of legal
documents. ASKE’s embeddings outperform transformer embeddings,
e.g., BERT and RoBERTa, specifically on legal tasks. BERT shows high
quality on generic L-NLP tasks, but ASKE shows superior results on
domain-specific legal embeddings and therefore can be crucial across
specialized fields of L-NLP. ASKE captured legal text semantics and
provided effective embeddings which improved its performance on the
other downstream tasks like classification and document similarity.
They are specifically designed for the legal domain and demonstrate
a sophisticated and nuanced understanding of legal terms and concepts
(see Fig. 7).

6.7. Performance metrics by models and dataset

Table 4 shows the performance of ASKE compared against the
considered models (BERT, RoBERTa, DeBERTa, and Legal-BERT) on
the LexGLUE datasets. On the ECtHR-A dataset, ASKE achieves a u-F1
score of 75.7 and an m-F1 score of 70.3, surpassing all transformer-
based baselines, including Legal-BERT and CaseLaw-BERT. A consis-
tent pattern emerges on the SCOTUS dataset, where ASKE achieved
a u-F1 of 77.1 and an m-F1 of 67.8, underscoring its competitive-
ness with SOTA supervised transformer models in complex legal text
classification tasks.
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Table 4

Performance metrics by models and dataset for ECtHR and SCOTUS.
Method ECtHR u-F1 ECtHR m-F1 SCOTUS u-F1 SCOTUS m-F1
TFIDF+SVM 69.6 58.4 78.2 69.5
BERT 75.4 68.6 68.3 58.3
RoBERTa 73.2 63.5 71.6 62.0
DeBERTa 74.0 66.9 71.1 62.7
Longformer 74.3 68.2 72.9 64.0
BigBird 74.4 66.9 72.8 62.0
Legal-BERT 75.2 70.2 76.4 66.5
CaseLaw-BERT 74.7 66.8 76.6 65.9
ASKE 75.7 70.3 77.1 67.8

Table 5

Performance metrics by models and dataset for EUR-LEX, LEDGAR, and UNFAIR-ToS.

Method EUR-LEX u-F1 EUR-LEX m-F1 LEDGAR u-F1 LEDGAR m-F1 UNFAIR-ToS u-F1 UNFAIR-ToS m-F1
TFIDF+SVM 71.3 51.4 87.2 82.4 95.4 78.8
BERT 71.4 57.2 87.6 81.8 95.6 81.3
RoBERTa 71.9 57.9 87.9 82.3 95.2 79.2
DeBERTa 72.1 57.4 88.2 83.1 95.5 80.3
Longformer 71.6 57.7 88.2 83.0 95.5 80.9
BigBird 71.5 56.8 87.8 82.6 95.7 81.3
Legal-BERT 72.1 57.4 88.2 83.0 96.0 83.0
CaseLaw-BERT 70.7 56.6 88.3 83.0 96.0 82.3
ASKE 73.0 58.5 88.7 83.5 96.2 83.5

ASKE performs remarkably well on additional legal datasets as
shown in Table 5, reinforcing its superior ability across a variety of
legal texts. ASKE achieves a p-F1 score of 73.0, which is the high-
est score on EUR-LEX dataset, showing that ASKE generalizes well
to the European legal domain, where there may be differences (in
structure/terminology) to the other datasets (SCOTUS, ECtHR).

On the LEDGAR dataset, representing financial and regulatory law,
ASKE leads with an u-F1 of 88.7 over the other models, such as
DeBERTa (88.2). This supports the idea that ASKE is able to flexibly
deal with specialized legal sub-fields. For UNFAIR-ToS, ASKE achieves
an excellent u-F1 score of 96.2 compared to SOTA models such as
Legal-BERT (96.0).

7. Possible ASKE applications in L-NLP

The experimental results on the LexGLUE datasets show that ASKE
excels in various L-NLP tasks, including document classification, concept
extraction, and terminology enhancement. In the following, we outline
possible application tasks where ASKE can be effectively employed.

Contract analysis. Contract review often involves ensuring compli-
ance, identifying potential risks, and extracting key information. The
ASKE ability to extract pertinent concepts with related legal terminol-
ogy enables to classify contract clauses, obligations, and essential terms.
This ability significantly streamlines the contract review process, reduc-
ing the time and resources spent on manual analysis. As a result, legal
teams can focus their efforts on addressing critical legal issues, thus
increasing overall efficiency and minimizing the risk of overlooking key
contractual elements.

Legal research and document review. Legal practitioners often deal
with large volumes of legal documents, such as case law, statutes,
regulations, and legal opinions, which require efficient retrieval and
categorization. The classification abilities of ASKE enable legal practi-
tioners to quickly locate and access relevant information. Furthermore,
the extraction of legal concepts supports the identification of perti-
nent precedents, case law, and legal principles, thereby optimizing the
research and review process.

Regulatory compliance and risk management. Legal texts such as
regulations, statutes, and contracts often contain intricate language that
can be difficult for non-experts to interpret. ASKE can be employed to
extract key legal concepts from a document to check the compliance

10

with relevant regulations by identifying regulatory terms and obliga-
tions. This functionality can improve compliance checks, mitigate the
risk of non-compliance, and reduce the potential for legal penalties.

Legal knowledge extraction and ontology development. Legal on-
tologies serve as structured frameworks that organize and categorize
legal knowledge, thereby facilitating the construction of (semi-)au-
tomated legal decision-making systems. ASKE can contribute to the
creation of domain-specific knowledge bases, which can be leveraged in
Al-driven legal applications such as automated legal assistants, contract
negotiation tools, and compliance systems. These knowledge bases are
essential for improving the accuracy and reliability of legal technol-
ogy solutions and ensuring that they align with legal standards and
practices.

8. Limitations and future work

At the moment, ASKE can only deal with English documents. The
extension of ASKE to multilingual data is currently under consideration.

The experimental results revealed that ASKE is competitive against
the considered SOTA models across many tasks. However, it is outper-
formed by specialized transformer-based models, such as Legal-BERT
and CaseLaw-BERT, on tasks that require advanced reasoning or ar-
gumentation on articulated legal texts, such as those in the SCOTUS
dataset. As a limitation, we observe that ASKE needs to improve when
complex and nuanced legal texts are considered.

The need of domain-specific fine-tuning is a limitation for the
ASKE generalizability, namely the applicability to different law areas
(e.g., banking law, labor, frauds) as well as further knowledge do-
mains other than law. This is a common issue in solutions based on
domain-specific models with training data from a focused area. This
introduces future directions of research on ASKE. First, ASKE could
be combined with SOTA transformer based architectures like BERT or
RoBERTa to exploit both the domain specific benefits of ASKE and
the global context modeling ability of such architectures. ASKE can
leverage this hybridization to provide higher results on complex legal
documents. A further interesting research direction is to improve the
ASKE interpretability, namely the ability to transparently communicate
the motivations behind a certain classification result. The integration
of ASKE with explainable Al techniques can enhance the support to
decision-making processes, thus encouraging the adoption of ASKE in
daily activities of lawyers and legal practitioners.
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9. Concluding remarks

In this work, we evaluated our ASKE approach to legal knowledge
extraction against reference SOTA models on selected legal datasets
from the LexGLUE benchmark. The results revealed that ASKE out-
performs the considered models on diverse legal datasets, including
ECtHR, SCOTUS, LEDGAR, and UNFAIR-ToS. The ASKE experiments
show that baseline models such as TFIDF+SVM are surpassed, while
competitive results are provided when SOTA transformer models like
BERT and Legal-BERT are considered. ASKE excels in document clas-
sification, terminology enrichment, and the derivation of legal con-
cepts, achieving interesting F1 scores and precision on domain-specific
datasets. Generalizability and explainability still remain open issues
for future research work on ASKE. The goal is to improve the quality
of results, with special focus on datasets where complex legal text
and advanced legal reasoning are required. Further ongoing work is
about the analysis and estimation of ASKE computational costs and
scalability to provide guidance on concrete costs in case of a real-world
deployment.
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