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Abstract

The rapid advancement of Artificial Intelligence (AI), particularly in Natural Lan-
guage Processing (NLP), offers significant opportunities for innovation in the legal
domain. However, the characteristics of legal language and the intricate nature of
legal tasks present substantial challenges for AI adoption in real-use cases. Current
legal systems often rely on manual annotation and predefined taxonomies that are
time-consuming to maintain and struggle to capture the evolving nature of legal
concepts. Existing AI approaches face limitations such as dependence on outdated
information and data scarcity. In the realm of decision-making, legal profession-
als hesitate to fully trust AI-generated outcomes due to concerns about accuracy,
transparency, and accountability, especially since AI systems often lack true legal rea-
soning. This dissertation explores how NLP and in particular Language Models can
address these challenges and enhance legal workflows across three areas: automatic
document exploration, content accessibility, and reasoning applications for more
complex tasks. To address these challenges, this research develops a classification
system, based on Language Models, to automatically infers and annotates taxonomy
relationships between legal documents, effectively overcoming the limitations of tra-
ditional taxonomy-based approaches. This dissertation benchmarks state-of-the-art
abstractive summarization models tailored to the Italian legal domain, enhancing
content accessibility by generating high-quality summaries of lengthy and complex
legal texts. The thesis also introduces AI models for court judgment prediction
and explanation, incorporating legal entities to improve accuracy and explainabil-
ity. Additionally, it presents novel pipelines that use Large Language Models and
Retrieval Augmented Generation to align AI-generated legal solutions more closely
with specific case details, thereby improving legal reasoning and decision-making
accuracy. Focusing primarily on the Italian legal domain, this work employs both
quantitative and qualitative evaluation, to compare different approaches, including
open- and closed- source Large Language models.
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Results of this work reveal that integrating domain-specific techniques—such as
named-entities and specialized pre-training—significantly enhances the performance,
robustness, and explainability of AI models in legal document analysis tasks like clas-
sification, summarization, and court judgment prediction. In addition, incorporating
collaborative multi-model approaches and advanced retrieval techniques significantly
enhances AI systems’ ability to perform complex reasoning tasks, which is crucial
for improving the reliability of decision-making systems. However, for these tasks,
the generalization capability of larger models prevails on smaller fine-tuned models.
From an applicative perspective classification tasks language models are effective
due to their robustness and scalability, though they are limited in addressing complex
challenges. While LLMs show promising performance in text summarization and
legal reasoning with fine-tuning, they face challenges in explainability and complex
reasoning.
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Chapter 1

Introduction

The rapid advancement of Artificial Intelligence (AI), particularly in Natural Lan-
guage Processing (NLP) and Deep Learning (DL), has opened up new avenues for
innovation across various sectors. The legal domain, with its vast repositories of com-
plex and nuanced textual data, stands to benefit significantly from these technological
advancements.

In particular, Natural Language Understanding (NLU) and Natural Language
Generation (NLG) solutions offer transformative possibilities for legal tasks, such
as automating legal document summarization, assisting with case law analysis, and
generating responses to legal inquiries. These solutions promise to significantly
reduce time spent on labor-intensive tasks. However, despite their promises, practical
application of NLU and NLG in the legal domain remains limited, especially in real-
use cases [2]. This is probably caused by several factors: the specialized vocabulary
of legal language, which can not be fully captured by generalistic LLMs, the need
for contextually accurate interpretations, and the risk of errors in sensitive areas like
case outcomes or regulatory compliance. Consequently fully integrated and reliable
AI systems for legal work are still in early development stages, requiring further
refinement to address these domain-specific demands accurately and effectively. For
these reasons, this thesis explores the application of NLP and DL techniques to
address these challenges and enhance legal workflows across three interconnected
areas: automated legal document exploration, content accessibility, and support for
advanced tasks requiring interpretability and reasoning capabilities.
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Automated legal document exploration refers to the use of Natural Language Pro-
cessing techniques to systematically extract relevant information from large volumes
of legal documents. It enables efficient navigation, retrieval, and understanding of
relevant legal content. Current legal systems face limitations in effectively organizing
and accessing the vast amounts of legal information available. Traditional methods
of document exploration rely on manual annotation and pre-defined taxonomies,
which are often incomplete, time-consuming to maintain, and struggle to capture
the evolving nature of legal concepts. Furthermore, the verbose and technical lan-
guage of legal documents poses significant barriers to comprehension for both legal
professionals and the general public.

Content accessibility in the legal context refers to the ability to easily obtain,
understand, and interact with legal information and documents, ensuring that a
broader range of users can easily access and benefit from legal resources. This issue
is compounded by the fact that legal documents can be extremely lengthy, requiring
significant time and effort to comprehend. The main challenge is due to the technical
nature of legal language, which often includes precise and unambiguous expressions
that are difficult to transform in other forms accurately for an automated system.

Finally, reasoning capabilities refer to the ability of an AI system to process
information, draw conclusions, make inferences, and apply logic to solve problems
or answer questions, particularly in complex scenarios where understanding context
and relationships among concepts is crucial, such as in legal analysis or decision-
making. While AI systems, particularly those based on machine learning and natural
language processing, have demonstrated considerable potential in tasks like docu-
ment review, case summarization, and even preliminary judgment prediction, they
often fall short in replicating the sophisticated reasoning processes that underpin
human legal decision-making. The absence of true legal reasoning in AI applications
poses significant risks, as decisions based solely on pattern recognition or statistical
correlations may lack the depth and contextual understanding necessary for just
and accurate outcomes. Support for advanced tasks involves the development of AI
systems that can not only analyze complex legal scenarios and provide insights but
also offer transparent explanations for their conclusions, enabling legal professionals
to understand the rationale behind decisions and ensure accountability in the applica-
tion of legal reasoning. Outcome reliability is a critical challenge in deploying AI
systems for legal decision-making. Legal professionals, such as judges and lawyers,
often hesitate to fully trust AI-generated outcomes due to concerns about accuracy,
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transparency, and accountability. The stakes in legal decisions are high—errors can
lead to significant consequences, including miscarriages of justice or the misapplica-
tion of law. Therefore, for AI systems to be trusted in legal contexts, they must not
only predict outcomes accurately but also provide clear, reliable explanations that
legal professionals can scrutinize and understand.

Most of approaches for automated legal document exploration often struggle
with the evolving nature of legal systems, which can lead to outdated or unreliable
information over time. They often rely on human annotation, which is a time-
consuming activity. Language limitations are also a challenge, as most solutions
are tailored to English, reducing their effectiveness in non-English contexts. Tech-
niques such as word-level vector representations and contextualized embeddings
often face performance issues, especially when domain-specific training data is
scarce. Transformer-based models, while powerful, can have difficulty handling the
complexity and specialized vocabulary of legal texts, leading to reduced accuracy in
certain scenarios. Furthermore, Language Models struggle with processing long doc-
uments, managing complex multi-label classifications, and dealing with the uneven
distribution of annotated data across various legal domains.

Automated summarization techniques have been developed to reduce the ver-
bosity, the complexity and the presence of redundant information in legal documents,
but they encounter limitations when applied to legal texts, particularly those writ-
ten in languages other than English. Most existing summarization approaches are
extractive, meaning they select and combine portions of the original text, which
often results in summaries with low readability. Abstractive summarization, which
generates summaries by rephrasing the content, is more suitable but less commonly
used due to the challenges in capturing the nuances of legal language, especially in
Italian. Additionally, current models are often trained on English data and adapted
to other languages through translation, which fails to fully leverage the benefits of
language-specific models. Newer models and datasets tailored specifically to the
Italian legal domain aim to address these issues, but challenges remain in fine-tuning
these models for different document types and ensuring they can process longer texts
effectively.

Researchers are significantly improving the the reasoning capability and the trust
of language models in legal contexts, particularly in court judgment prediction and
explanation. Legal tasks, such as predicting court judgments, are complex due to
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the nuanced and technical language of legal documents, the variability in norms
across different legal domains, and the often extensive length of these documents.
Transformer-based models have shown promise in understanding forensic language
and predicting judgments, but issues like document length and model specialization
remain problematic. Additionally, although different approaches have been proposed
to enhance the interpretability of large language models, their effective application
remains a subject of ongoing debate.

This thesis addresses the following research questions:

• RQ1: How can AI techniques be leveraged to automatically explore and
organize legal documents, overcoming the limitations of traditional taxonomy-
based approaches? How can LM-based solutions be used to improve scalability
and robustness in real applications?

• RQ2: How can AI be utilized to improve the accessibility of legal documents,
particularly for non-experts and in multilingual contexts?

• RQ3: What trade-offs exist between the generalization capabilities of closed-
source Large Language Models (LLM) and the domain-specific accuracy of
fine-tuned smaller models in a real-word setting?

• RQ4: How can AI be integrated into legal processes for solving more complex
task to enhance accuracy, efficiency and faithfulness, and transparency while
ensuring reliability?

• RQ5: How can open-source LLMs be enhanced to compete with the general-
ization performance of proprietary models in the legal domain?

Research contribution This research contributes to the advancement of Legal
AI by addressing critical challenges in document exploration, content accessibility,
and decision-making. By developing and evaluating novel AI models, this thesis
provides insights into the potential of AI to transform legal practices, making legal
information more accessible, efficient to process, and supporting more informed and
transparent decision-making. This work has the potential to benefit legal profession-
als, researchers, and the wider public by promoting a more efficient and equitable
legal system.
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1. Develop a robust deep learning-based classification system to automatically
infer and annotate taxonomy relationships between legal document pairs,
addressing challenges of evolving and incomplete taxonomies in legal content
retrieval. Propose a classification pipeline with ad-hoc models to effectively
classify Italian legal documents of varying lengths and complexities using
Pre-trained Language Models, and evaluate it in a real-use case (RQ1).

2. Benchmark various state-of-the-art abstractive summarization models tailored
to the Italian language on a proprietary dataset of Italian legal news, high-
lighting the effectiveness of these models and the importance of handling
longer text for generating high-quality legal news summaries. Introduce new
resources for Italian legal documents summarization, with extensive empirical
and manual evaluation against other language models, also in a real word
context (RQ2 and RQ3).

3. Develop and evaluate AI models for court judgment prediction and explanation,
focusing on incorporating legal entities to improve accuracy and explainability,
and addressing the challenges of handling long and complex legal documents
(RQ4)

4. Present novel pipelines for case resolution with Large Language models and
Retrieval Augmented Generation (RAG). We propose new techniques to better
align AI-generated legal solutions with the specific details of a case, improving
overall accuracy and improve legal reasoning by refining the retrieval and use
of relevant case information (RQ5).

This thesis focuses primarily on the Italian legal domain, with some investigations
into legal documents, including also the Italian landscape.

The legal solutions can vary depending on the underlying legal system, making
the dependence on the legal framework a crucial factor to consider in any legal
analysis. Additionally, the Italian language remains underrepresented in legal re-
search, further highlighting the importance of this study. The scope of the research
encompasses various legal document types, including legislation, regulations, court
judgments, and legal news articles. The primary focus is on supervised machine
learning, deep learning, and transformer-based models and large language models
and their techniques to adapt them in downstream tasks. The limitations of the
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study include the availability of annotated data, computational resources, and the
generalizability of the findings to other legal domains and languages.

This thesis employs a combination of quantitative and qualitative research meth-
ods. Qualitative analysis is employed to interpret the results, understand the limita-
tions of the proposed approaches, and gain insights into the potential impact of AI
on legal practices with domain experts.

Dissertation outline This thesis discusses the role of Natural Language Processing
(NLP) in addressing these issues and outlines the thesis objectives. Following this, the
main topics are presented, which focus on three key areas: the automatic exploration
of legal documents, improving their accessibility, and enhancing decision-making
processes.

Chapter 2 covers the history of NLP, from early theoretical work and statistical
approaches to the neural network breakthrough. It also delves into the concept of
transfer learning and the specific challenges of applying NLP in the legal domain.

Chapter 3 reviews prior work, particularly the significance of taxonomies and
document classification in the legal field. It proposes new methodology for the
extraction of taxonomy relationships among legal judgments, including problem for-
mulation, experimental setups, and results. Additionally, it highlights the importance
of named entities in legal documents and presents new methodologies for scaling
language models to real-world scenarios, presenting a detailed analysis of problem
statements, methodologies, and outcomes.

Chapter 4 reviews existing efforts to make legal documents more accessible. It
includes benchmarking Italian summarization models and presents new resources
such as curated datasets and models, with detailed methodology, experimental setups,
and results.

The last chapter, the thesis evaluates prior works in court judgment prediction,
legal reasoning, and retrieval-augmented generation. It proposes improvements in
court judgment prediction, detailing the problem statement, methodologies, experi-
mental designs, and results. It further evaluates the performance of large language
models on legal problem-solving and concludes with the development of an end-to-
end pipeline for legal information retrieval and resolution.



8 Introduction

The 6 summarizes the contributions and findings, suggesting future directions
for advancements in the application of NLP to the legal domain.



Chapter 2

Background

2.1 Natural Language Processing: A brief history

2.1.1 Early Theoretical Work

Natural language processing (NLP) is a field of artificial intelligence that deals
with analyzing, understanding, and generating human language. Natural Language
Processing (NLP) has its roots in the 1940. The journey of NLP is intertwined with
the history of machine translation, speech recognition, and artificial intelligence.

The history of machine translation dates back to the seventeenth century, with
philosophers like Leibniz and Descartes proposing codes for relating words between
languages. However, these remained theoretical until the mid-1930s when the first
patents for “translating machines” were applied for. In the early 1900s, Ferdinand
de Saussure, a Swiss linguistics professor, developed an approach describing lan-
guages as “systems” where a sound represents a concept that shifts meaning as
the context changes. This laid the foundation for what has come to be called the
structuralist approach. In 1950, Alan Turing published “Computing Machinery and
Intelligence” [3], proposing what is now called the Turing test as a criterion of intel-
ligence. This criterion depends on the ability of a computer program to impersonate
a human in a real-time written conversation.

The Georgetown experiment in 1954 involved fully automatic translation of more
than sixty Russian sentences into English. The authors claimed that within three or
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five years, machine translation would be a solved problem. However, real progress
was much slower, and after the ALPAC report in 1966, funding for machine trans-
lation was dramatically reduced. Three years later, in 1957, the Noam Chomsky’s
idea of a “universal parser” that could read and understand any text was proposed.
However, the constraints of existing computing power and theoretical frameworks
made this an unrealistic goal at the time. During the 1960s, some of the foundational
theoretical work in NLP was laid down. This included the development of language
models like noam-transformational grammar and stratificational grammar as well as
early work on question answering systems.

Some notably successful NLP systems developed in the 1960s were SHRDLU, a
natural language system working in restricted “blocks worlds” with restricted vocab-
ularies developed at MIT. While limited in scope, it demonstrated the potential for
computers to process and understand typed language input. In 1969, Roger Schank
introduced the conceptual dependency theory for natural language understanding.
In 1970, William A. Woods introduced the augmented transition network (ATN) to
represent natural language input.

A major milestone in 1983 was the creation of the first statistical language model
using n-grams at IBM. This marked a shift from purely symbolic and rule-based
approaches to more probabilistic and data-driven methods. Throughout the 80s and
90s, there was vigorous debate between proponents of symbolic, rule-based NLP
systems and those favoring statistical techniques. Both approaches made important
advances, but encountered challenges with scaling up to handle broad domains and
varieties of language.

2.1.2 Early statistical approaches

The 1990s saw the rise of data-driven, statistical NLP with the application of methods
like decision trees, maximum entropy models, and neural networks to language tasks.
One key breakthrough was the use of hidden Markov models for speech recognition
by the late 1990s. However, symbolic and knowledge-based techniques continued to
play an important role alongside statistical algorithms. Rule-based systems excelled
at capturing linguistic constraints, while statistical methods were good at leveraging
data patterns.
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While applying statistical methods, language processing and generation tasks
were based on the concept of n-grams. An n-gram is defined as a contiguou sequence
of n items from a given text snippet. They can be defined in terms of words or
characters. For example, a word-based bi-gram (where n is set to 2) for the sentence
“example of a sentence” will include “example of”, “of a”, “a sentence” and so on.
Similarly, a char-based bi-gram will be “ex”, “xa”, “mp” and so on. In both cases,
the idea is to take a sequence of items and apply statistical methods to find out which
of them are likely to occur together. This simple yet effective definition allowed the
design of new innovative systems in the field of text mining, information retrieval
and, text generation to name a few. Leveraging the n-gram definitions it was possible
to define new way for representing documents according to their constituents’ words.

Traditional Text Vectorization Approaches. Early methods in natural language
processing involved mapping text into vector representations, a process known as
text vectorization. Seminal approaches in this domain leveraged the co-occurrence
of words within the text to generate vector representations, a technique referred to
as the bag-of-words model. Given a document D containing a sequence of words
(w1,w2, . . . ,wn) ∈ D, the bag-of-words representation of D corresponds to a vector
where each dimension refers to a specific word wi. The vector cells are binary, with
a value of 1 if the corresponding word appears in the document, and 0 otherwise.
Despite their historical significance and continued use in some commercial systems,
these early approaches exhibit major limitations. Firstly, the high dimensionality
of the vectors, a phenomenon known as the curse of dimensionality, renders vector
manipulation challenging. Secondly, the sparsity of the vectors, with many cells set
to 0, makes computation difficult and memory-intensive. Lastly, these vectors cannot
encode contextual information; consequently, words that are semantically related
within the same context are not represented by similar vectors.

Vector space models. A fundamental issue with the bag-of-words approach is
the binary encoding of word presence in a document, which fails to capture word
frequency information. To address this limitation, the Vector Space Model (VSM)
was developed in the context of information retrieval and has been extensively
employed in various natural language processing applications. Under the VSM
framework, each word in a document is encoded according to its frequency, rather
than mere presence. Formally, given a document D containing a sequence of words
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(w1,w2, . . . ,wn) ∈ D, the representation of D is a vector where each dimension
corresponds to a specific word wi, and the value of each vector cell is set to the
frequency of the corresponding word within the document. This encoding can be
viewed as a generalization of the bag-of-words approach, providing a more accurate
representation of the documents. Furthermore, the methodology has been extended
by replacing word frequency with the Term Frequency-Inverse Document Frequency
(TF-IDF), which introduces an additional term, the inverse document frequency
(IDF), to down-weight words that appear frequently across many documents (i.e.,
less discriminative words). Although more accurate than bag-of-words, the VSM
approach still fails to address issues related to sparse vectors, high dimensionality,
and the inability to encode contextual information.

Latent Semantic Analysis (LSA). Latent Semantic Analysis (LSA) [4] is a tech-
nique based on Singular Value Decomposition (SVD) [5], a linear algebra method
used for matrix compression and extraction of latent semantic relationships within
the data. In the context of LSA, the matrix in question is the term-document matrix,
where each row corresponds to a term in the vocabulary and each column corre-
sponds to a document in the collection. LSA projects document representations into
a lower-dimensional space via singular value decomposition of the term-document
matrix. Consequently, the information contained in the high-dimensional matrix is
condensed into a lower-dimensional space, and documents are represented as linear
combinations of the latent concepts extracted from the original matrix. In contrast
to bag-of-words and VSM, LSA does not consider words in isolation but rather
considers the relationships among them. It overcomes the issues of data sparsity
and high dimensionality by creating a new, lower-dimensional space that captures
the latent concepts of the original sparse matrix. While LSA addresses the sparsity
issue, it still fails to consider contextual information and word order, thus limiting its
ability to identify the semantic meaning of words and their sequential relationships.
With the advent of deep learning in the early 2000s, researchers began to focus on
the semantic level of language, aiming to learn representations that capture latent
semantic relationships among words.
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2.1.3 The advent of Neural Networks

In 2010s deep learning neural networks achieved state-of-the-art performance across
many NLP tasks, like machine translation, question answering, text summarization,
and more.

Contextualized Word Representations. Recognizing the inherent limitations
of traditional text vectorization techniques, the this generation of text embedding
models leverages deep learning methodologies. These models were predicated upon
the distributional hypothesis, which posits that words appearing in similar contexts
tend to exhibit analogous semantic meanings.

The pioneering approaches in this domain employed shallow neural network ar-
chitectures to generate dense, distributed vector representations for individual words.
Prominent works of this kind include Word2Vec [6] and GloVe [7]. These models
leveraged self-supervised learning paradigms to automatically derive effective word
representations without necessitating manual annotation. Their training procedure
relies on the definition of a context window C, which delineated the context asso-
ciated with a given target word w as the concatenation of the k preceding and k
subsequent words in the text sequence. The Word2Vec model comprised a single
fully-connected layer that could be trained using two distinct methodologies:

• CBOW (Continuous Bag of Words): given a context C as input, the model is
trained to predict the target word w.

• Skip-Gram: The model takes the target word w as input and is trained to
predict the constituent words of the context C.

An illustrative depiction of both training procedures is provided in Figure 2.1.
The model mapped each unique word in the training corpus to a singular vector
representation. Initially, word vectors were randomly initialized and subsequently
fine-tuned during the training process using the CBOW or Skip-gram training objec-
tives. Notably, the training process did not mandate human annotation and could be
executed in an unsupervised setting. Upon training completion, word embeddings
demonstrated a proficiency in capturing semantic relationships among words. The
similarity between two words (wi, w j) was commonly quantified by computing the
cosine similarity between their vector representations (w⃗i, w⃗ j):
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Fig. 2.1 CBOW and Skipgram training procedure.

sim(wi,w j) =
w⃗i · w⃗ j

∥w⃗i∥∥w⃗ j∥
(2.1)

This similarity measure emerged as the de facto standard for quantifying the
degree of semantic similarity between word pairs. Word embedding models have
been widely adopted in both research and commercial natural language processing
systems to circumvent the shortcomings of traditional methods, such as the bag-of-
words approach. Nonetheless, they exhibited lingering limitations in the domain of
semantic content understanding:

1. Out-of-vocabulary words (OOV): Vector representations were generated
solely for words present in the training data. For novel words, these models
proved incapable of inferring the corresponding vector representation.

2. Contextualized representation: Each word was represented by a single, static
vector. During training, the context was utilized to learn the vector mapping,
but once trained, the vector remained invariant, irrespective of the context in
which the word was encountered.
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3. Sentence and document representation: Text snippets were vectorized
by averaging the vectors of their constituent words, thereby obfuscating the
sequential structure and context of the sentence.

The OOV issue was partially mitigated by leveraging sub-word units and word
compositionality [8]. The sub-words were generated using character n-grams, en-
abling the extraction of vector representations for out-of-vocabulary words by sum-
ming the vectors of their constituent sub-words. However, limitations regarding
contextualized representations and text snippet encoding remained unresolved. The
static nature of word embeddings, coupled with the aggregations required for docu-
ment/sentence representations, adversely impacted the semantic understanding of
text.

Recurrent neural networks. Recurrent Neural Networks (RNNs)[9] have emerged
as a prominent class of models for natural language processing tasks due to their abil-
ity to capture long-range dependencies while remaining computationally tractable.
In the context of word prediction, the task is formulated as a discriminative problem,
with the primary objective being to determine the conditional probability of a word
given its context, which depends on the preceding words:

P(w|u) = βw · vu

∑w′∈V exp(βw′ · vu)
(2.2)

where βw · vu represents a dot product between two K dimensional vectors.
A natural language model can be constructed from a recurrent neural network
by iteratively updating the context vectors as the model progresses through the
sequence. Given xmb=φwm as the word embedding of the words wm, hm, the contextual
information at position m is:

hm = RNN(xm,hm−1) (2.3)

Then the RNN language model can be defined as:

p(wm+1|w1,w2, ...,wm) =
exp(βwm+1 ·hm)

∑w′∈V exp(βw′ ·hm)
(2.4)
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The recurrent operation enables the model to consider all the information about
the sequence when processing a word at time m, without imposing limitations on the
context length. The model parameters, representing the parameters of the conditional
distribution, are updated via backpropagation through time. The gradients at time m
depend on all the previous gradients n < m, and the size of the computational graph
is contingent upon the input length. Repeated application of non-linear functions
may lead to the exploding gradients or the vanishing gradients problem. While the
former can be addressed by clipping the gradients above a certain threshold, the latter,
being a more complex issue, necessitates architectural modifications. In particular,
two variants of RNNs have been developed: Long short-term memory (LSTM) [10]
and Gated recurrent unit (GRU) [11].

LSTMs are equipped with a memory cell cm, which contributes to the formation
of the next states hm. The advantage of this architecture is that the memory cell does
not pass through a squashing function, allowing information to flow through the
network without vanishing.

The gates are functions that control the amount of information propagating
through the network. They compute the sigmoid of the linear combination of inputs
and the previous hidden states. There are different types of gates:

• Forget gate: f m+1 = σ(Θ(h→ f )hm +Θ
(x→ f )xm+1 +b f )

• Input gate: im+1 = σ(Θ(h→i)hm +Θ
(x→i)xm+1 +bi)

• Output gate: om+1 = σ(Θ(h→o)hm +Θ
(x→o)xm+1 +bo)

The cell memory is given by:

cm+1 = f m+1 ⊙ cm + im+1 ⊙ c̃m+1 (2.5)

where c̃m+1 = tanh(Θ(h→c)hm+Θ
(x→c)xm+1) is the updated candidate. The output of

each state is given by hm+1 = om+1 ⊙ tanh(cm+1). The memory cell of the previous
state contributes to the memory of the subsequent state, and, indirectly, also to the
subsequent output, thereby mitigating the gradient vanishing problem.

The Transformer model. The most significant novelty introduced by transformer-
based models is the attention mechanism, which is responsible for learning the
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relationships between elements within a sequence. This mechanism enables the
model to selectively focus on relevant parts of the input sequence when generating a
specific output, effectively capturing long-range dependencies without the recurrent
computational overhead. In contrast to recurrent neural networks, which process
input sequences in a strictly sequential manner, transformer models leverage self-
attention mechanisms to enable parallel computation across all elements of the input
sequence. This parallelization capability, coupled with the ability to model long-
range dependencies, has contributed to the transformers’ superior performance and
computational efficiency compared to their recurrent counterparts.

Self-Attention Mechanism. The attention mechanism enables the transformer
model to selectively focus on relevant portions of the input sequence when generating
a specific output representation. Considering a sequence of n ordered tokens S =

w1,w2, . . . ,wn, the model represents each element wi with a query vector qi, a key
vector ki, and a value vector vi. For a given token pair (wi,w j), the self-attention
score is computed as the dot product between the query vector qi and the key
vector k j. The self-attention scores quantify the relative importance of each token
for the semantic representation of the token under consideration. To compute the
context vector for a given token wi, the self-attention scores are normalized via the
softmax function to obtain a probability distribution over the tokens. The context
vector is then obtained as a linear combination of the value vectors v j of all tokens,
weighted by the normalized attention scores. Unlike recurrent networks, transformer
models enable parallelized computation of context vectors, improving computational
efficiency.

However, self-attention requires computing attention scores between each pair
of tokens in the sequence, resulting in a quadratic complexity O(n2) with respect to
the sequence length n. Consequently, the inputs and outputs of modern transformer
architectures are limited to a fixed threshold. Recent advances in transformer archi-
tectures have introduced the concept of sparse self-attention [], allowing the model to
focus on a subset of the entire text and process longer sequences, thereby improving
computational efficiency.

Natural language understanding models. Natural Language Understanding
(NLU), a subfield of Natural Language Processing (NLP), aims to extract struc-
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tured information from natural language inputs. In contrast to sequence-to-sequence
tasks, where both the input and output of the model are sequences of tokens, NLU
tasks analyze the input sequence and provide a vector representation for each token
in the sequence. This objective aligns precisely with the function of the encoder
component in transformer models, which is trained to convert the input sequence
into a sequence of vector representations.

Example of NLU models includes:

• BERT (Bidirectional Encoder Representations from Transformers) [12] is an
encoder model based on the transformer architecture, designed to address
natural language understanding (NLU) tasks. It employs a two-step process:
pre-training and fine-tuning. During the pre-training stage, the model learns to
create an effective representation of language by exploiting large unlabeled
corpora. In the subsequent fine-tuning step, the pre-trained model is adapted to
specific NLU tasks by leveraging task-specific annotated data. BERT leverages
two tailored pre-training tasks: i) Masked Language Modeling, the model is
presented with a text sequence containing masked words (i.e., each word is
replaced with the standard [MASK] token), and its objective is to predict the
original masked words based on the surrounding context, ii) Next Sentence
Prediction the model is trained to recognize which sentence pairs should be
considered contiguous.

• RoBERTa (Robustly Optimized BERT Pretraining Approach) [13] proposes
modifications to the BERT architecture and training procedure to improve
performance: i) it expand the BERT architecture by increasing the number of
parameters and training data ii) they introduce a dynamic masking procedure
to enhance variability and robustness iii) remove the Next Sentence Prediction
(NSP) objective, asserting that its removal has a limited impact on performance.

Natural language generation models. Natural language generation (NLG) is the
process of creating text with a specific meaning using natural language. In contrast
to natural language understanding (NLU), the primary objective of NLG is not to
comprehend a text, but rather to generate new text with a certain intended meaning.

The pioneering works in this field, Generative Pre-trained Transformer (GPT)[14–
16] models have demonstrated remarkable performance in various NLG tasks, such
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as dialog generation. These models employ the original transformer decoding
architecture and incorporate self-supervised learning for model pre-training. With
respect to the language generation objective, the pre-training strategy is formulated
as a language modeling task, where the model is trained to predict the next word
in a sequence given the previous context. These models have exhibited impressive
generalization capabilities and have outperformed many prior models on various
NLG tasks.

From language models to large few-shot learners and their democratization.
The authors of the third GPT model (GPT-3) [15] asserted that the capabilities of a
language model could not be limited to a single task at a time. On the contrary, the
advantage of having a language model capable of generating text enabled tackling
diverse tasks, which could be solved even with few examples. Research attention
has turned to few-shot learning and zero-shot learning: in the former, the model can
learn from very few examples (up to 10). In zero-shot learning, however, the number
of examples seen during training is zero, hence measuring the model’s ability to
perform on unseen tasks. The objective of these two problem setups is to demonstrate
the model’s generalization capabilities. To achieve performance approaching human-
level, however, it was necessary to increase the number of parameters. From here,
subsequent works such as Big Science BLOOM [17], Google PALM [18] and
Gemini [19], Claude (see: https://www.anthropic.com/news/claude-3-family)
emerged: the size of such models quickly reached and surpassed 100B parameters.

Training such models is a task limited to companies and universities with the
necessary hardware resources. A change in direction came from Meta: the Llama
model family was created with the purpose of democratizing access to such resources.
These models can fit on consumer GPUs, with a variable number of parameters
ranging from 1 to 8B. Despite their reduced size, these models are capable of
achieving and surpassing the performance of much larger competitors like GPT-3.

Among examples of reduced-size models, in addition to the Llama model family,
we find:

• Mistral [20] from MistralAI: uses Grouped-query attention (GQA) [21] for
faster inference and Sliding Window Attention (SWA) [22] to handle longer
sequences efficiently. They introduce the Mixture of Experts models (MoEs),

https://www.anthropic.com/news/claude-3-family
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a powerful technique that enhances AI models by dividing them into separate
sub-networks, or “experts,” each specializing in different input data.

• Phi [23] from Microsoft: Phi-1 achieved state-of-the-art performance on
Python coding among existing LLMs. Phi-1.5 [24] extended the focus to
common sense reasoning and language understanding with 1.3 billion pa-
rameter with performance comparable to models 5x larger. And Phi-2 (see
https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-p
ower-of-small-language-models/), a 2.7 billion-parameter language model,
demonstrates outstanding reasoning and language understanding capabilities,
showcasing state-of-the-art performance among base language models with
less than 13 billion parameters. On complex benchmarks Phi-2 matches or
outperforms models up to 25x larger, thanks to new innovations in model
scaling and training data curation.

• Falcon [25]: is a generative large language model created by the Technology
Innovation Institute (TII) in Abu Dhabi. It’s designed to advance applications
and use cases across various domains.

Other techniques, such as (PEFT) [26], allows to adapt the pre-trained model
to the designated task. The benefits of PEFT include lower memory requirements,
allowing mixed-task batches during inference and fine-tune a small number of
(extra) model parameters while freezing most parameters of the pretrained LLMs.
Specifically, we use LoRA [27] which is a lightweight fine-tuning strategy aimed
to freeze the pre-trained model weights and inject trainable rank decomposition
matrices into each layer of the Transformer architecture thus greatly reducing the
number of trainable parameters for downstream tasks.

The Artificial General Intelligence The advent of such models marks an epochal
shift in the field:

• The number of tasks on which to benchmark these models is increasing: now,
to create a new benchmark, it is no longer necessary to have thousands of data
points; even just 100 examples can suffice to measure a model’s capabilities
(in zero-shot learning).

https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-power-of-small-language-models/
https://www.microsoft.com/en-us/research/blog/phi-2-the-surprising-power-of-small-language-models/
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• The types of tasks are shifting towards reasoning capabilities: tasks such as
summarization and sentiment analysis are no longer sufficient; these models
can already perform such tasks well. To fully assess a language model’s
capabilities, it is necessary to measure its ability to express reasoning of
various kinds, such as logical or mathematical reasoning.

• Prompting: A significant portion of the work has focused on understanding
which prompting techniques can be most effective for solving problems with
few examples. From this, techniques such as Least-To-Most Prompting [28]
(Decompose a complex problem into a series of simpler sub-problems and sub-
sequently solving for each of these sub-questions), Chain-of-Thought (CoT)
Prompting have emerged (introduced in [29], it enables complex reasoning
capabilities through intermediate reasoning steps), Tree of Thought (ToT) [30]
(for complex tasks that require exploration or strategic lookahead, ToT gen-
eralizes over chain-of-thought prompting and encourages exploration over
thoughts that serve as intermediate steps for general problem-solving with
language models), and Active-Prompt [31] (the most uncertain predictions of
the language model become the examples to annotate and prompt via Chain-
of-Thought) and Self-Consistency [32]( Generate a diverse set of reasoning
paths and select the most consistent output for the final answer).

• The Artificial General Intelligence and alignment with humans: the creation
of a collective general intelligence at the service of humanity. Many of the
most-cited AI scientists, including Geoffrey Hinton, Yoshua Bengio, and
Stuart Russell, argue that AI is approaching human-like and superhuman
cognitive capabilities and could endanger human civilization if misaligned. AI
alignment, theorized as early as the 1960s, is a subfield of AI safety, the study
of how to build safe AI systems.

The increasing scale and generalization capabilities of these models have pro-
found implications for the field of AI. While they offer unprecedented opportunities,
they also raise concerns about safety and alignment with human values, necessitating
rigorous study and ethical considerations to ensure their responsible development.



22 Background

2.2 Transfer learning

The availability of large-scale dataset corpora and the adoption of large pre-trained
language models allow advances in different NLP tasks. Creating large datasets
for a new domain, however, is often infeasible and highly costly. Thus, the ability
to transfer knowledge from large pre-trained models to new domains with little or
no in-domain data is necessary, especially when such models should be adopted in
real-life applications.

Transfer learning [33] is the technique of knowledge transfer or transfer learning
between task domains. If a domain is denoted as D = {X ,P(X)}, where X

is the feature space and P(X) is the marginal probability distribution over that
feature space and a task is represented by T = {Y ,P(Y |X)}, where Y is the label
space and P(Y |X) is the target posterior probability distribution, a formal definition
of transfer learning can be the following: defining a source domain DS and its
corresponding source task TS , and the target domain as DT with its target task
TT , the objective of transfer learning is to learn the target conditional probability
distribution P(YT |XT ) (where YT and XT are the training data of the target
domain) in DT with the information gained from DS and TS where DS ̸= DT or
TS ̸= TT .



Chapter 3

The automatic exploration of
documents in the legal domain

This chapter provides a review of the related literature in Section 3.1 and introduces
the research contributions for improving content search in the legal domain. It
provides the details of methodologies for the extraction of taxonomy relationship in
Section 3.2, legal document classification in Section 3.4 and Section 3.3.

3.1 Prior works

3.1.1 The importance of taxonomies in the legal domain

Legal databases comprise a broad spectrum of documents, including legislative
texts, regulatory guidelines, judicial decisions, and legal principles [34]. To assist
legal practitioners in efficiently navigating these extensive resources, sophisticated
retrieval systems are imperative. However, the intricate nature of legal language,
the exponential growth of digital resources, and cross-national differences in legal
frameworks render this task particularly challenging [35].

The process of legal content exploration is heavily dependent on human-generated
annotations within specialized taxonomies [34]. A legal taxonomy systematically
organizes key terms into hierarchical structures, where relationships such as parent-
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child and sibling connections are defined. Each document may be tagged with
multiple relevant terms.

Legal experts utilize these taxonomy relationships to navigate legal documents,
often accessing supplementary materials through Related-to links. Although useful,
taxonomy-based retrieval systems encounter several challenges:

• As legal systems evolve, taxonomies undergo changes, resulting in temporal
concept drift, which can compromise the accuracy and reliability of established
relationships [36, 34].

• The relationships within taxonomies, particularly Related-to links, are fre-
quently incomplete.

• A significant proportion of electronic legal documents and their annotations
are available only in English, with limited solutions for other languages.

Prior works analyze legal document similarities using rule-based approaches [37,
38], document-level text similarities [39], graph-based methods [40], and machine
learning solutions [41, 42]. These work focus on English documents.

Fig. 3.1 Example of the taxonomy: in red we highlighted the relationship types we aim at
identifying with our classification system.
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3.1.2 Legal document classification

Classification techniques are employed to automatically assign a label from a pre-
defined set of classes to a given document. In the legal domain, classifiers are
particularly valuable as they reduce the burden on domain experts by automating the
annotation process.

A prevalent application of document classification in the legal field is the auto-
matic categorization of court cases, where the primary objective is to predict the
relevant area of law for a given case. Existing research in this area has primarily
focused on leveraging machine learning and deep learning methodologies [43–46].
Parallel studies have also investigated the automatic text classification of legislative
documents to identify the law topic, with a particular emphasis on monolingual
datasets [47–53]. Research exploring multilingual datasets of legislative documents
is relatively scarce[54]. Notably, [52] examines the semantic relationship between
each document and its corresponding labels, though its performance on English docu-
ments remains constrained. In contrast, transformer-based approaches, such as those
proposed in [54, 47, 49] represent the current state-of-the-art for English-language
legal documents.

Language Models (e.g., [55, 51]) have demonstrated significant efficiency and
effectiveness, largely due to their utilization of attention mechanisms [56]. However,
the application of LMs for classification within the legal domain must contend with
several inherent challenges posed by the complexity of legal documents.

Firstly, legal documents can vary significantly in length, ranging from brief texts,
such as maxims, to extensive ones, such as contracts or judicial decisions. Most
LMs are not well-equipped to process very long texts and are often not directly
transferable across different document types [57]. Secondly, legal documents are
frequently associated with multiple labels simultaneously, where candidate labels
may exhibit arbitrary semantic relationships, often structured within hierarchical
frameworks. Thirdly, the distribution of human-annotated data is typically uneven
across different areas of law and document types, complicating model training.
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3.2 Extracting taxonomy relationships among legal
judgment

In [58]To address the challenge of managing taxonomies, we propose a classification
system leveraging Deep Natural Language Processing techniques to automatically
infer taxonomy relationships between pairs of legal documents. Utilizing a pro-
prietary dataset of Italian legal judgments, primarily focused on private property
law, our system applies supervised machine learning to predict relationships such
as Parent-of/Child-of, Sibling-of, or Related-to. This automated annotation process
significantly improves the efficiency and effectiveness of legal content retrieval,
particularly in scenarios where the taxonomy is incomplete or outdated.

The preliminary results obtained from a real-world application indicate that: 1)
Traditional word-level vector representations, such as Doc2Vec [59], are effective in
this domain, as they successfully capture syntactic relationships between terms like
"Patents" and "Trademarks," thereby facilitating classification. 2) Contextualized
embeddings, such as those generated by BERT [12], underperform in comparison
to Doc2Vec for Italian documents, primarily due to the scarcity of domain-specific
training data.

3.2.1 Problem formulation

Consider a legal document di and a legal taxonomy T , which is composed of a set
of labels L used to annotate documents. Let Li ⊆ L represent the specific labels
assigned to di. The taxonomy T consists of a series of hierarchical structures where
each label in L corresponds to headwords that describe the topic of a document. An
Is-a relationship within this hierarchy defines the Parent-of and Child-of relationships
between any two labels li, l j ∈ L . A Sibling-of relationship indicates that two labels,
li and l j, share the same parent, while a Related-to relationship links labels li and l j

that are semantically related.

Given a pair of annotated legal documents (di,d j), the goal is to infer the tax-
onomy relationships between the labels li and l j. To achieve this, we define a
classification function f that predicts the type of relationship between the labels in li
and l j. The possible relationships include Sibling-of, Parent-of/Child-of, Related-to,
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or Other if no specific relationship exists. For simplicity, this problem is framed as a
single-label classification task.

The function f is formulated as the composition of two functions (h◦g)(di,d j) =

h(g(di,d j)). The first function, g(di,d j), generates high-dimensional vector repre-
sentations ei,e j ∈ RN for the documents. A classification model is subsequently
trained on these vector representations to compute h(ei,e j), which determines the
relationship type rli,l j . During inference, the relationship type is predicted based
solely on the document content, independent of any pre-existing annotations li and
l j.

3.2.2 Experimental settings

Dataset The proprietary dataset utilized for empirical validation consists of Italian
legal judgments and maxims, predominantly related to property law. Each document
within this dataset is annotated with one or more labels that correspond to pertinent
legal principles. These principles are organized into pairs based on their relationship
type, categorized as Sibling-of, Parent-of/Child-of, Related-to, or Other.

The training dataset is structured as triples (di,d j,rli,l j), where each triple rep-
resents a pair of documents (di,d j) along with the relationship rli,l j between their
associated legal topics.

Models Text representation methods considered:

• TF-IDF: A word-level, occurrence-based text representation technique [60].

• Doc2Vec: A sentence-level embedding model that extends the Word2Vec
methodology [61].

• Multilingual BERT: A model for generating contextualized embeddings [12].
Retraining BERT from scratch on our dataset is infeasible due to the lack of
sufficient domain-specific data in Italian.

For the classification task, we employ established algorithms from the scikit-
learn library [62], including Support Vector Machines (SVMs), K-Nearest Neighbor
(k-NN), Random Forest classifier (RF), and Logistic Regression (LR) [63].
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To assess the performance of these classifiers, we compute standard evaluation
metrics such as Precision, Recall, and F1-score [63]. These metrics are critical for
evaluating the system’s effectiveness in correctly identifying positive instances for
each class.

Additionally, cosine similarity is used to measure the similarity between pairs of
legal documents within the vector space [63]. Given the encodings ei = f (di) and
e j = f (d j) for documents di and d j, the similarity between the documents is defined
as follows:

simdi,d j = sim(ei,e j) =
ei · e j

∥ei∥∥e j∥
(3.1)

3.2.3 Results

We calculate the pairwise similarity for each document pair, categorize the results
by relationship type, and analyze the mean differences in similarity distributions
for each relationship category. The objective is to assess whether the text encoding
methods can effectively distinguish between different relationship types.

To test the hypothesis that relationship types are distinctly separable, we conduct
a two-sided t-test [64] to compare the means, with a significance level set at α = 0.05.
The findings are summarized in Table 3.1. Consistent with expectations, the mean
differences between Parent-of/Child-of and Sibling-of relationships are consistently
not significant.

Among the text representation methods evaluated, Doc2Vec demonstrates the
highest performance. Contextualized embedding models do not surpass other meth-
ods, primarily due to the insufficient domain-specific training data available.

Table 3.2 displays the performance metrics of the classifiers on the test set.
The combination of Doc2Vec text representation and Logistic Regression classi-
fier has shown exceptional effectiveness, which can be attributed to the specific
characteristics of the input data.

Model explainability To better understand the classification problem, we em-
ploy decision tree models to assess the influence of input features on the output
predictions.
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Method Type 1 Type 2 P-value
BERT Sibling-of Parent-of/Child-of 0.073
BERT Related-to Parent-of/Child-of <0.001
BERT Related-to Sibling-of <0.001
BERT Other Parent-of/Child-of 0.848
BERT Other Sibling-of 0.047
BERT Other Related-to <0.001
Doc2Vec Sibling-of Parent-of/Child-of 0.308
Doc2Vec Related-to Parent-of/Child-of <0.001
Doc2Vec Related-to Sibling-of <0.001
Doc2Vec Other Parent-of/Child-of <0.001
Doc2Vec Other Sibling-of <0.001
Doc2Vec Other Related-to <0.001
TFIDF Sibling-of Parent-of/Child-of 0.839
TFIDF Related-to Parent-of/Child-of 0.889
TFIDF Related-to Sibling-of 0.746
TFIDF Other Parent-of/Child-of <0.001
TFIDF Other Sibling-of <0.001
TFIDF Other Related-to <0.001

Table 3.1 Significance test for the difference of two means computed on documents’ similari-
ties groups with a α=0.05.

Representation Classifier Precision Recall F1-Score
Doc2vec Logistic Regression 0.740 0.744 0.740
Doc2vec SVM 0.731 0.735 0.733
Doc2vec Random Forest 0.721 0.724 0.722
TF-IDF Random Forest 0.702 0.706 0.703
TF-IDF SVM 0.690 0.695 0.685
TF-IDF Logistic Regression 0.666 0.669 0.667
Doc2vec KNN 0.660 0.664 0.662

BERT Random Forest 0.650 0.660 0.648
BERT SVM 0.639 0.647 0.642
BERT Logistic Regression 0.610 0.620 0.614

TF-IDF KNN 0.583 0.591 0.584
BERT KNN 0.429 0.460 0.433

Table 3.2 Classification results

Figure 3.2 highlights that domain-specific headwords, such as “Patents” and
“Trademarks” are highly discriminative. This finding is advantageous for modeling,
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Fig. 3.2 Feature importance of Random forest classifier: most relevant terms for the classifier
are mainly in-domain terms, such as “trademark” ("marchio"), “commission” (“commis-
sioni”).

as it facilitates the early pruning of less relevant features, thereby enhancing the
efficiency and accuracy of the classification process.

3.3 The importance of named entities

In [65], we address the limitations inherent in current transformer-based methods:
they fail to differentiate between legal texts and general-purpose texts, thereby
constraining their performance, particularly in zero-shot learning scenarios [47].

To mitigate these limitations, we propose an entity-aware attention mechanism
built upon the LUKE transformer [66]. This mechanism utilizes entity embeddings
to capture semantic features specific to the legal domain. By concentrating on
textual dependencies involving entities, the proposed approach aims to enhance the
discriminative capacity of the model in the context of legal document classification.

Our experiments using the EURLex dataset [54] reveal that incorporating entity
embeddings substantially improves zero-shot extreme multi-class (XMC) perfor-
mance. The proposed entity-aware attention mechanism not only surpasses current
transformer-based methods but also shows superior efficacy compared to the larger
Llama 2 7B model [67].
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3.3.1 Methodology

In this section, we present our methodology for eXtreme Multi-label Classification of
legal documents in a zero-shot setting, which implies the absence of specific training
examples. To address this, we propose leveraging entity embeddings within the
document text. Specifically, we utilize the pre-trained LUKE model [66], modifying
its original classification layer to integrate one that has been trained on the benchmark
dataset. LUKE, a pre-trained model that provides contextualized representations
of words and entities based on a transformer architecture, employs an entity-aware
self-attention mechanism. This mechanism enhances the precision of attention scores
by incorporating entities directly into the representation process.

Let x1,x2, ...,xk be a sequence of input vectors, where xi ∈ RD, the attention
score ei j is computed as follows:

ei j =


Kx⊤j Qxi, if both xi and x j are words

Kx⊤j Qw2exi, if xi is word and x j is entity

Kx⊤j Qe2wxi, if xi is entity and x j is word

Kx⊤j Qe2exi, if both xi and x j are entities

(3.2)

where Qw2e, Qe2w, Qe2e ∈ RL×D are query matrices, K ∈ RL×D is key matrix.

3.3.2 Experimental setup

Dataset In our experiments, we utilize the English subset of the EURLEX dataset[54],
which is a multi-label classification dataset containing 65,000 European Union (EU)
legal documents annotated with EUROVOC taxonomy labels. The EUROVOC
taxonomy is a multilingual classification and thesaurus system that organizes and
categorizes concepts and terms utilized in official EU documents, thereby facilitat-
ing research and information retrieval. Each document in the EURLEX dataset is
annotated with one or more EUROVOC concepts.

Consistent with the methodology described in [54], we focus on the third-level
taxonomy labels and employ the dataset splits provided by the authors for the training
and testing phases of our models.
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Models We evaluate our methodology against the following benchmarks:

• Logistic Regression: This baseline approach utilizes a Term Frequency-
Inverse Document Frequency (TF-IDF) encoder to capture both local and
global token frequencies. A logistic regression model is then trained on the
encoded text to perform classification.

• RoBERTa [54]: This model is an enhancement of BERT [68] that excludes
the next-sentence prediction objective and is trained with larger mini-batches
and higher learning rates, improving performance on various tasks.

• Llama 2 7B [67]: A pre-trained large language model known for its strong per-
formance in both few-shot and zero-shot learning scenarios. In line with [69],
we approached the XMC task as a generative problem for comparative analysis
with LLMs.

The performance of the models in our study is evaluated using the following
metrics:

• Precision@5 and Recall@5: These metrics assess the precision and recall at
k predictions, where k is set to 5 in our dataset. This choice corresponds to the
average number of labels per document in the training set. The formulas are
defined as:

Precision@5 =
TP5

TP5 +FP5
(3.3)

Recall@5 =
TP5

TP5 +FN5
(3.4)

where TP5, FP5, and FN5 represent the true positives, false positives, and false
negatives among the top 5 predictions, respectively.

• mean Reciprocal Precision (mRP): This metric ranks the labels selected by
the model in descending order of confidence for each document. Precision@k
is computed where k equals the number of gold labels for the document, and
the results are then averaged across all documents.
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3.3.3 Experimental results

We conducted experiments with various training procedures to evaluate the perfor-
mance of our proposed methodology and to compare it against different architectures.
Initially, we fixed the 9 attention blocks and fine-tuned only the classification layer
to assess the quality of the hidden representations. Subsequently, we performed
a comprehensive end-to-end evaluation of the proposed model to fully explore its
capabilities.

Table 3.3 presents the overall performance of our model under different training
strategies. Our findings reveal that the proposed approach surpasses both the state-
of-the-art model and the Large Language Model LLama 2. Notably, the model
demonstrates superior performance even when the first 9 attention blocks are kept
static, underscoring the effectiveness of our model in producing highly informative
hidden representations that significantly enhance the classification task.

Models mRP

Logistic Regression 0.21
State-of-the-art [54] (first 9 blocks frozen) 0.27
Our approach (first 9 blocks frozen) 0.33

State-of-the-art [54] (end-to-end training) 0.67
Our approach (end-to-end training) 0.68

LLama 2 7B [67] 0.65
Table 3.3 Models comparison

We performed a comparative analysis of our model against competing approaches
in the context of zero-shot classification, where the labels are not present during
training. In this analysis, all models were trained with no layers frozen.

Table 3.4 presents the results measured by Precision@5 and Recall@5, evaluating
the models’ capability to retrieve relevant labels without prior exposure to those
labels.

The findings reveal that the baseline model exhibits poor performance in zero-
shot scenarios, with low Precision@5 and Recall@5 scores. Although the state-
of-the-art model demonstrates marginally improved performance, it still falls short
in comparison to our proposed method. Our model achieves significantly higher
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Precision@5 and Recall@5 scores, underscoring its superior performance in zero-
shot learning contexts. These results attest to the accuracy and comprehensiveness
of our model’s predictions. Notably, while Large Language Models (LLMs) exhibit
better Recall@5 scores, their overall performance is inferior.

R@5 P@5

Logistic Regression 0.001 0.001
State-of-the-art [54] 0.028 0.006
Our approach 0.087 0.164
LLama 2 7B [67] 0.253 0.056
Table 3.4 Comparison in zero-shot learn-
ing context

Model explainability To further illustrate the effectiveness of the entity-aware
self-attention mechanism, we analyze the attention scores derived from the top-
performing models listed in Table 3.3. Specifically, we compute the mean token
attention scores assigned by both the state-of-the-art model and the LUKE model, fo-
cusing on the final attention layer1. Tokens are ranked in descending order according
to the attention scores provided by each model.

For each class c ∈C, we calculate the Mean Reciprocal Rank (MRR) of model
mi using the most frequent k tokens associated with class c. The MRR is defined as:

MRRmi,c,k = MRR(Ra(mi),kc) (3.5)

In this formula, Ra(mi) denotes the attention ranking position of the k most
frequent tokens for class c in model mi.

We then compute the Mean Reciprocal Rank difference between our model and
the state-of-the-art model for various values ofk:

MRRk =
1
|C| ∑

c∈C
(MRRLUKE,c,k −MRRSOTA,c,k) (3.6)

where:
1The final attention head is considered as it is closest to the classification layer.
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• MRRLUKE,c,k denotes the Mean Reciprocal Rank computed using the LUKE
model for class c ∈C, considering the k most frequent terms.

• MRRSOTA,c,k represents the Mean Reciprocal Rank computed using the state-
of-the-art model for class c ∈C, taking into account the k most frequent terms.

These values are illustrated in Figures 3.3 and 3.4, which present the results
for frequent and zero-shot labels, respectively. Positive scores indicate that, on
average, our model assigns more attention to the most frequent terms associated
with each class compared to the state-of-the-art model. The results demonstrate that
our model tends to emphasize terms that frequently appear within each class, with a
notable advantage for zero-shot labels. However, the magnitude of these differences
diminishes as k increases.

Fig. 3.3 Comparison of MRR differences in token attention scores between our proposed
model and the state-of-the-art model for different values of k, specifically for frequent labels.
Positive differences indicate that our model assigns more attention to the most frequent terms
associated with each class.

3.4 Scaling to a real word scenario

In [70], we investigate the generalization capabilities of established pre-trained lan-
guage models (LMs) across various types of legal documents. This study employs
the BERT model [68] within a real-world business context focused on the classi-
fication of Italian legal documents. Our experiments utilize a proprietary dataset
comprising thousands of documents, which are diverse in terms of data sources (e.g.,
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Fig. 3.4 Comparison of MRR differences in token attention scores between our proposed
model and the state-of-the-art model for different values of k, specifically for zero-shot labels.
Positive differences indicate that our model assigns more attention to the most frequent terms
associated with each class.

legal judgments, maxims, and legal news) and legal domains. Each document is
annotated with over 20000 distinct labels.

We extend a standard classification pipeline to address the multi-class problem
and manage lengthy documents through hierarchical modeling and multi-label at-
tention [71]. Our evaluation of PLM performance includes both quantitative and
qualitative assessments. The results reveal that while the model performs well on
maxims, its performance diminishes on longer documents.

3.4.1 Problem statement and business case

An Italian publisher specializing in legal texts and related products requires an
efficient system for organizing various document types, including legal news, court
judgments, contracts, and maxims. To facilitate effective retrieval and navigation of
this database, documents must be annotated using labels from a proprietary taxonomy
that represents an is-a hierarchy.

Previous approaches to Italian legal document classification [71] have been lim-
ited to single areas of law. Consequently, the extent to which pre-trained language
models generalize across different legal domains and document types remains un-
clear. This paper addresses these limitations by investigating a broader spectrum of
document types and legal areas.
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We adhere to established best practices [72], including: (1) Data Benchmarking
to enable thorough comparisons across a sufficiently large number of cases, and (2)
Error Analysis to identify the limitations of Artificial Intelligence and determine
where human intervention is necessary.

3.4.2 Methodology

To address the limitation of BERT model [68] we implemented the following modifi-
cations:

• Type-specific LMs: To assess the influence of document type on classification
performance, we fine-tune distinct BERT-based multi-label classification mod-
els [68] for each legal domain. This approach allows us to evaluate the impact
of specialization on the model’s effectiveness across different areas of law.

• Multi-class data: We adapt the classification process to a multi-class setting
by initially applying a minimum confidence threshold to each class probability.
Specifically, we assign all classes to a test document if their predicted probabil-
ities exceed this threshold. The model is trained to jointly classify labels across
different hierarchical levels, which encourages the model to learn and predict
at least one label from both the first and second hierarchical levels. While
these labels may not be as detailed as third-level labels, they are essential for
accurately identifying the correct sub-area of law.

• Long documents: We modify pre-trained language models (LMs) to process
documents exceeding the standard token limit of 512 tokens. This adaptation
involves employing a hierarchical model [73], which first divides each doc-
ument into paragraphs. For each paragraph, an intermediate representation
is generated using the hidden state of the Begin-of-Sequence token, referred
to as the paragraph attention vector. These paragraph-level vectors are sub-
sequently aggregated to form a comprehensive representation of the entire
document, which is then input to a classification layer.

• Multi-label attention: To enhance the model’s performance, we incorporate
a multi-label attention mechanism [74]. This approach allows the model
to assign varying weights to different segments of the input based on their
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relevance to the predicted labels, thereby refining the model’s accuracy by
focusing attention on the most pertinent parts of the document.

Model’s predictions are post-processed in the following manner: we remove
redundant intermediate-level labels and prioritizing the most specific predictions (be-
ing hierarchical, the most specific prediction include also parent labels). For example,
if the model outputs both the labels Associations and Foundations and Associations
and Foundations - Committees, we retain only the more detailed label Associations
and Foundations - Committees since it provides more precise information.

3.4.3 Experimental setting

Dataset The proprietary dataset comprises Italian legal judgments, maxims, and
legal news across ten distinct areas of law:

• Public Administration: Documents addressing issues of public interest related
to the organization and functions of public administration and its interactions
with private individuals.

• Lease and Housing: Documents concerning rulings on contracts between
private parties involving real estate assets.

• Family: Documents dealing with legal relationships among individuals defined
by familial connections under the law.

• Civil Liability: Documents pertaining to offenses that contravene the civil code
provisions.

• Labour: Documents addressing regulations governing relationships between
employees and employers.

• Civil and Telematic Process: Documents related to norms governing procedural
mechanisms, jurisdiction, and laws ensuring fair justice within civil judicial
processes.

• Criminal: Documents related to facts punished with penalties or sanctions
based on the severity of criminal offenses.
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• Corporate: Documents related to regulations concerning the formation, gov-
ernance, oversight, dissolution, and liquidation of companies. This includes
corporate responsibility, shareholder property relations, extraordinary corpo-
rate transactions, and management of company crises.

• Tax: Documents pertaining to procedures and regulations related to taxation.

• Bankruptcy: Documents addressing the regulation of business insolvency and
crisis management.

Divorce

Appeal

Jurisdiction and procedure

Territorial jurisdiction

Revision of rulings: 
custody, child support

Marriage

Dissolution [...]

First-level labels

Second-level labels

Third-level labels

[...]

Fig. 3.5 Example of label taxonomy related to the family law area

Fig. 3.6 Distribution of first-level labels over the documents (legal judgments and maxims)
related to civil liability law area.

Each legal domain is mapped to a segment of a proprietary taxonomy, which is
organized as an is-a hierarchy. This taxonomy structures the set of labels used to
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denote pertinent legal principles. It is hierarchically organized into three layers of
concepts, with each successive layer offering a more granular characterization of
legal topics (refer to Figure 3.5). It is important to note that while some second-level
labels are associated with third-level labels, all top-level labels are further specialized
into second-level labels.

A portion of the label hierarchies is shared across multiple legal domains. On
average, legal judgments and maxims are annotated with five labels per document,
whereas legal news remains unannotated. Legal judgments are pre-processed by
focusing exclusively on paragraphs from the FactLaw corpus, which includes sections
detailing facts and applied rulings, while preambles and conclusions are excluded.

Table 3.5 provides a summary of dataset statistics, including the distribution
of labels across various hierarchical levels within the taxonomy. Additionally, the
table reports the average document lengths, measured in characters per document,
which surpass those of established text classification datasets [75–78]. The number
of labels per legal domain varies significantly, having an imbalanced class label
distribution (see Figure 3.6).

Experimental setup We conducted a train-validation-test simulation for each law
area individually. Following the approach outlined in [51], we maintained a fixed
number of 15,000 test documents per area and allocated 5% of the data for the
validation set.

For our experiments, we utilized the bert_multi_cased model2, a multilingual
version of BERT that includes Italian in its pretraining. This model comprises 12
transformer blocks, each with a hidden size of 768 and 12 attention heads. The mod-
els were trained using sequence cross-entropy loss and the AdamW optimizer [79]
with a weight decay rate of 0.01. Training was performed over a small number of
epochs (3) with a learning rate of 5×10−5. During inference, a confidence threshold
of 0.30 was applied. To mitigate overfitting, we employed dropout in the final
classification layer with a probability of p = 0.1 and used early stopping during
training.

2Available on TensorFlow Hub: https://tfhub.dev/
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Dataset cardinality
Law area Judgments Maxims Legal news

Public administration 555749 280471 392
Lease and Housing 22192 35662 150
Family 34454 37800 502
Civil liability 111751 71842 470
Civil and telematic process 581480 421202 171
Criminal 377397 300252 431
Labour 279397 136639 244
Corporate 28703 9474 314
Tax 706343 459822 305
Bankruptcy 405553 290714 337

All 3103019 2043878 3316

Labels cardinality
Law area First level classes Second level classes Third level classes

Public administration 51 832 1641
Lease and Housing 13 163 259
Family 35 230 243
Civil liability 26 400 470
Civil and telematic process 126 1650 2569
Criminal 147 1301 1698
Labour 28 512 784
Corporate 24 129 233
Tax 106 1631 2608
Bankruptcy 66 1028 1762

All 622 7876 12267

Average documents length
Law area Legal judgements Maxims Legal news

Public administration 15174.47 646.11 1100.28
Lease and Housing 15572.34 598.09 5967.18
Family 9862.95 640.55 9044.72
Civil liability 15174.47 646.11 12084.64
Civil and telematic process 11606.35 631.87 9258.03
Criminal 11850.67 606.92 3994.46
Labour 13730.64 632.02 1547.79
Corporate 18115.98 557.3 13981.53
Tax 12266.11 594.09 11646.29
Bankruptcy 12289.62 630.08 10149.7

All 13564.36 618.31 7877.46

Table 3.5 Overview of the dataset statistics, including the count of documents, the number of
associated labels, and the average document length across various law areas.
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Hardware and execution times The experiments were performed on a single
NVidia® Tesla® A100 GPU with 80 GB of memory. The training and inference
execution times varied significantly depending on the specific law area, ranging from
1 hour to a full day.

Evaluation metrics We evaluate the performance of PLMs from both quantitative
and qualitative perspectives. Quantitative analysis relies on labeled data (i.e., ground
truth), which is available only for legal judgments and maxims. It counts the overlap
between the predicted and ground truth labels per document with precision and
recall and f1-score metrics [80]. Precision is defined as the proportion of correctly
classified samples out of all samples classified as positive. The recall measures the
proportion of correctly classified positive samples out of all gold standard positive
samples. We calculate the weighted F1-score, which represents the mean of the
F1-score values (the harmonic mean of precision and recall) across all input labels.

The qualitative assessment focuses on ensuring that the PLM outcomes align
with the expectations of human experts. To complement the quantitative results,
this qualitative evaluation is conducted on both an unlabeled legal news dataset
(which is not included in the quantitative analysis) and the labeled legal judgments
and maxims. In this process, a group of 10 expert evaluators is engaged to review
the predicted document labels. They are asked to categorize the labels as correct,
partially correct, or incorrect, thereby providing an additional layer of validation.

For each area of law, we calculate the percentage of legal documents that fall
into the following categories:

• Documents where all predicted labels are correct, with no missing labels.

• Documents where predictions are partially correct. In these cases, the evaluator
considers the classification incomplete or identifies that some of the labels
returned by the model are incorrect.

• Documents where all predictions are incorrect, meaning none of the labels
provided by the model are deemed acceptable.
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3.4.4 Results

Comparison between data sources

Table 3.6 presents the weighted f1-score along with the corresponding confidence
intervals for each law area, evaluated separately for different data sources (legal
judgments or maxims) and their combination (all). The f1-score values, which
range from 0.48 to 0.76, suggest that the type of legal source significantly influences
PLM performance. The variability in results is fairly consistent across all law
areas. Notably, maxims, while less numerous, are easier to classify. These concise
statements, which encapsulate general legal principles, are frequently used in legal
reasoning and decision-making. The relative simplicity of their linguistic structure
likely contributes to the higher performance of PLMs in these cases.

In contrast, classification performance on judgments is generally lower across
all law areas. Judgments are comprehensive written decisions that detail the facts
of a case, present legal arguments, and conclude with a ruling. These documents
often include extraneous information not pertinent to the classification task and
may feature domain-specific terms that are less common in other types of legal
documents. Law areas such as Family, Civil Liability, Criminal, Labour, and
Corporate exhibit relatively higher standard deviations in performance, suggesting
that PLM performance in these domains is more influenced by specific cases or
variations within the texts.

In contrast, other law areas like Public Administration and Lease and Housing
demonstrate more consistent performance across different documents (lower standard
deviations). This consistency suggests that the PLM performs more reliably in
these areas. The higher standard deviation observed in Maxims compared to legal
judgments may be due to the greater variability in the wording, structure, and
complexity of maxims. Unlike the more standardized and structured legal judgments,
maxims can differ significantly in their language and content, which could lead to
increased variability in performance scores.

Comparison between areas of law

The performance of PLMs, as measured by the f1-score, shows no significant
correlation with the number of labels in each law area, as indicated by the Pearson
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correlation coefficient. This suggests that simply considering the area of law without
accounting for the document types is generally insufficient for achieving satisfactory
classification results.

Law area Legal Judgments Maxims All

Public administration 0.53 (± 0.16) 0.65 (± 0.31) 0.61 (± 0.28)
Lease and Housing 0.59 (± 0.21) 0.68 (± 0.31) 0.64 (± 0.28)
Family 0.76 (± 0.25) 0.68 (± 0.32) 0.72 (± 0.32)
Civil liability 0.55 (± 0.20) 0.68 (± 0.36) 0.63 (± 0.33)
Civil and telematic process 0.53 (± 0.15) 0.67 (± 0.32) 0.61 (± 0.28)
Criminal 0.60 (± 0.20) 0.64 (± 0.32) 0.63 (± 0.32)
Labour 0.60 (± 0.18) 0.64 (± 0.30) 0.63 (± 0.28 )
Corporate 0.48 (± 0.14) 0.65 (± 0.32) 0.62 (± 0.30)
Tax 0.51 (± 0.16) 0.62 (± 0.30) 0.59 (± 0.28 )
Bankruptcy 0.56 (± 0.16) 0.63 (± 0.31) 0.61 (± 0.27 )

All 0.57 (± 0.19) 0.654 (± 0.31)
Table 3.6 PLM performance on different law areas in terms of weighted f1-score

Comparing between levels of label granularity

Table 3.7 presents the performance of PLMs across different levels of granularity
within the expert-provided taxonomy. The models demonstrate a conservative
prediction pattern, assigning a higher proportion of first- and second-level labels
compared to third-level labels. On average, each third-level label is associated with
two first- and second-level labels.

First-level label predictions generally achieve high f1-scores (≥ 80%), with recall
values marginally surpassing precision. However, there is a notable decline in per-
formance for second- and third-level label classifications, with f1-scores decreasing
by approximately 30% from level-1 to level-3. This drop can be attributed to the
increased complexity of multi-class classification at higher levels, where the number
of labels is significantly greater.

Furthermore, as detailed in Section 3.4.2, the label trees are expanded, and the
model is trained to classify all labels simultaneously. Consequently, labels from
higher levels are more frequently considered during training, which may contribute
to the observed performance disparities.
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Law area Level 1 labels Level 2 labels Level 3 labels
P R F1 P R F1 P R F1

Public administration 0.82 0.84 0.83 0.60 0.57 0.56 0.48 0.39 0.40
Lease and Housing 0.93 0.92 0.92 0.65 0.52 0.57 0.51 0.33 0.38
Bankruptcy 0.77 0.84 0.80 0.57 0.57 0.55 0.46 0.43 0.42
Family 0.86 0.90 0.88 0.69 0.72 0.70 0.45 0.44 0.43
Labour 0.83 0.86 0.85 0.58 0.59 0.57 0.46 0.42 0.41
Civil and telematic process 0.76 0.83 0.79 0.57 0.57 0.55 0.46 0.43 0.42
Corporate 0.82 0.86 0.84 0.57 0.60 0.57 0.45 0.39 0.39
Tax 0.74 0.82 0.77 0.57 0.55 0.54 0.45 0.40 0.40
Civil liability 0.85 0.81 0.83 0.65 0.52 0.56 0.57 0.41 0.45
Criminal 0.78 0.82 0.80 0.57 0.60 0.57 0.49 0.46 0.45

All 0.81 0.86 0.83 0.60 0.58 0.57 0.48 0.40 0.42

Table 3.7 Performance of PLMs (Precision, Recall, and F1-score) across various law areas
and taxonomy levels of granularity

Qualitatitive evaluation

Table 3.8 provides a summary of the qualitative assessment results, presenting the
accuracy (percentage of correct, partially correct, and incorrect predictions). The
annotators achieved approximately 70% agreement, meaning that in 70% of the cases,
they concurred on whether a classification was entirely correct, partially correct, or
completely incorrect. The results for legal judgments and maxims align closely with
the quantitative findings, with about 80% of assignments being correct. Additionally,
approximately 10% of the predictions were deemed partially correct, indicating that
the PLMs’ predictions are generally reliable.

However, the areas of Corporate and Tax stand out with a notable number of
incorrect predictions, likely due to the specialized terminology used in these domains.
In contrast, for legal news, the performance of the PLMs declined, particularly in
the areas of Public Administration and Criminal Law. Despite this, in 8 out of 10
law areas, the number of incorrect predictions remained stable, suggesting that most
automatic assignments were either correct or partially correct.

Furthermore, the number of predictions generated by the model for legal news
decreased to an average of three per document. Annotators noted that the most
common cause of errors was the lack of sufficiently detailed predictions. In summary,
while PLMs are effective in correctly identifying the sub-areas of law represented
by first-level labels, achieving a higher level of detail would require some form of
domain adaptation, especially when dealing with unseen data sources.
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Legal judgement/maxims Legal news

Law area C PC I C PC I

Public administration 80% 14% 6% 49% 44% 7%
Lease and Housing 78% 12% 10% 77% 15% 8%
Family 81% 16% 3% 75% 20% 5%
Civil liability 83% 9% 8% 78% 13% 9%
Civil and Telematic process 79% 14% 7% 80% 18% 2%
Criminal 83% 12% 5% 59% 33% 8%
Labour 82% 13% 5% 77% 16% 7%
Corporate 79% 13% 8% 60% 12% 28%
Tax 82% 12% 6% 67% 18% 15%
Bankruptcy 81% 13% 6% 71% 24% 5%

Table 3.8 Qualitative validation results in terms of Correct (C), Parial Correct (PC), Incorrect
(I) percentage.

Errors and models limitations

In this section, we summarize the main errors and limitations identified in the models:

• Performance Variation: The performance of LMs varies depending on the
type of legal source. Maxims, which are concise and express general truths
about the law, tend to be easier to classify, leading to higher average perfor-
mance scores but with greater variability. On the other side, judgments, which
contain more detailed information, generally show lower more stability in
classification performance across all law areas.

• Law Area vs. Document Types: the LMs’ performance, as measured by
the F1-score, does not correlate with the number of labels in each law area.
Therefore, it is crucial to take both the area of law and the document types into
account to improve classification outcomes.

• Label Granularity: LMs tend to be conservative in assigning labels. An
higher proportion of first- and second-level label is predicted, compared to
third-level labels. The F1-score significantly decreases from level-1 to level-3.
This decline is largely due to the greater complexity of multi-class classification
with a larger number of labels at higher levels.
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• Performance on Legal News: The performance of LMs decreases notably
on legal news, especially in areas like Public Administration and Criminal
Law. Despite this, the number of incorrect predictions is stable across most
law areas, suggesting that while LMs are generally reliable, they may require
domain adaptation when dealing with unseen data sources.

3.5 Summary of results and key insights

Several key findings emerge regarding automated legal document classification using
natural language processing techniques. The research demonstrates that classifi-
cation approach effectiveness varies significantly depending on the specific task
and data characteristics: Doc2Vec with Logistic Regression achieved the highest
performance (F1-score of 0.740) for taxonomy relationship extraction in Italian legal
texts, surprisingly outperforming contextualized BERT embeddings due to insuffi-
cient domain-specific training data. In contrast, entity-aware attention mechanisms
through LUKE-based models substantially enhanced zero-shot learning capabili-
ties, outperforming even larger models like Llama 2 7B. However, comprehensive
BERT-based classification models revealed significant performance degradation with
increased taxonomic complexity, dropping approximately 30% from first-level to
third-level classifications, and notable variations across document types, with maxims
consistently outperforming complex legal judgments. The experiments collectively
conclude that successful legal document classification requires domain-specific
adaptations rather than relying solely on generic pre-trained models, with simpler
embedding methods sometimes proving more effective than complex architectures in
specialized legal corpora, particularly for low-resource languages. Furthermore, the
incorporation of legal entities and attention mechanisms shows promise for zero-shot
scenarios, while hierarchical modeling approaches become essential when dealing
with fine-grained legal taxonomies, emphasizing that document type and domain
complexity are crucial factors in determining optimal classification strategies.



Chapter 4

Content accessibility of legal
documents

This chapter provides a review of the related literature in Section 4.1 and introduces
the research contributions for improving text summarization in the legal domain. It
provides the details of methodologies for benchmarking (Section 4.2), and improving
(Section 4.3) Language Models.

4.1 Prior works

Legal documents, including legal news, statutes, patents, and judicial decisions,
are frequently distinguished by their extensive length and intricate structure. Addi-
tionally, legal text tends to exhibit considerable redundancy and verbosity. These
characteristics present significant challenges in terms of content accessibility, as
navigating such documents can be exceedingly time-consuming, even for those with
legal expertise.

Automated text summarization techniques utilize Deep Learning and Natural
Language Processing (NLP) methods to enhance the accessibility and exploration of
legal documents [81]. For instance, legal information providers frequently release
news articles, some of which contain overlapping content, such as the repetition of
the same facts by different news sources or the reference to previous events in more
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recent articles. Summarizing these legal news articles enables legal professionals to
efficiently gain insights into the content, thereby conserving both time and resources.

The problem of legal document summarization has recently attracted significant
interest within the Legal AI community. For instance, studies such as [82–85] ex-
amine the effectiveness of summarization algorithms when applied to legal cases
and court judgments. The majority of existing methodologies concentrate on sum-
marizing legal documents written in English [81], with comparatively fewer efforts
directed toward summarizing legal texts in other languages.

Summarization of English legal documents In [81] a comprehensive survey
of legal document summarization techniques is presented, covering a range of
summarization methods tailored to various types of legal documents, including court
judgments [82] and legal case documents [85]. [82] compares multiple unsupervised
and supervised summarization algorithms using a large corpus of Indian Supreme
Court judgments. In [85], the authors explore the effectiveness of extractive and
abstractive summarization techniques on legal case documents, conducting extensive
experiments on three legal summarization datasets and providing insights into long-
document summarization, particularly for English court rulings. The study presented
in [86] emphasizes capturing the argumentative structure of legal documents by
incorporating argument role labeling into the summarization process. [83] introduces
CaseSummarizer, a summarization engine designed for English-written legal cases.
The authors of [84]developed a novel train-attribute-mask pipeline using a CNN
classifier for summarizing legal cases.

Legal Document Summarization using Large Language Models There have
been limited attempts to apply Large Language Models (LLMs) to the task of legal
document summarization, as noted in the literature [87, 88]; however, none of these
efforts have focused on Italian legal documents. In particular, [87] tested GPT-
3 [16] on the summarization of Indian court judgments, revealing issues such as
inconsistencies and hallucinated information in the generated summaries. Their
findings suggest that neither pre-trained abstractive summarizers nor LLMs are
currently suitable for summarizing real case judgments. Our study complements the
work of [87] by focusing on the summarization of Italian legal news, rather than
English court judgments. Meanwhile, ChatLaw [88] is a domain-specific language
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model developed for the Chinese legal domain. To address the challenge of model
hallucinations in legal data retrieval, [88] propose combining vector-based retrieval
with keyword-based methods.

Legal AI from Italian documents Limited works focuses on the italian legal land-
scape. ITALIAN-LEGAL-BERT [89] is the first pre-trained Transformer language
model specifically designed for the Italian legal domain. It has undergone additional
pre-training on Italian civil law corpora, leading to enhanced performance across
various domain-specific tasks when compared to the general-purpose Italian BERT
model. Similarly, LamBERTa [90] is another BERT-based architecture developed
for law article retrieval, with training specifically focused on the Italian civil code.
However, neither ITALIAN-LEGAL-BERT nor LamBERTa is intended for legal
document summarization.

EUR-Lex-Sum [91] is a multilingual and cross-lingual dataset aimed at long
document summarization within the legal domain. The dataset comprises legal
acts from the European Union law platform (EUR-Lex), each paired with manually
curated summaries, providing up to 1,500 document/summary pairs per language
and 375 cross-lingually aligned legal acts. The paper evaluating this dataset assesses
the performance of baseline extractive summarization methods.

In contrast to [91], which focuses on extractive summarization approaches, our
work explores the application of abstractive techniques. Additionally, while EUR-
Lex-Sum centers on the summarization of legal acts, our research is dedicated to
summarizing legal news.

4.2 Benchmarking italian summarization models for
the legal domain

Although several Large Language Models (LLMs) support multilingual content,
including Italian, the proportion of training examples in languages other than English
is typically low. For instance, only 0.11% of the data used to train Llama 2 [67]
consists of Italian text. Consequently, the effectiveness of state-of-the-art summa-
rization techniques on Italian legal documents remains uncertain. In [92, 93], we
address the challenge of generating headlines and abstracts for Italian legal news
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Original Italian news con-
tent

English translation

Headline Sostenibilità: disponibili le
traduzioni degli standard
emessi da EFRAG

Sustainability: translations
of the standards issued by
EFRAG are available

Abstract Il CNDCEC ha pubblicato
le traduzioni delle regole a
cui le imprese devono confor-
marsi nel rendicontare impatti,
rischi e opportunità legati alla
sostenibilità in base alla Cor-
porate Sustainability Report-
ing Directive.

The CNDCEC has published
the translations of the rules
that companies must comply
with when reporting impacts,
risks and opportunities related
to sustainability based on the
Corporate Sustainability Re-
porting Directive.

Main body Il CNDCEC ha pubblicato le
traduzioni di cinque degli stan-
dard ESRS (European Sustain-
ability Reporting Standards)
elaborati da EFRAG (Euro-
pean Financial Reporting Ad-
visory Group) su incarico
della Commissione europea
che definiscono le regole a
cui le imprese sono tenute
a conformarsi nel rendicon-
tare impatti, rischi e oppor-
tunità legati alla sostenibilità,
secondo quanto previsto dalla
CSRD, Corporate Sustainabil-
ity Reporting Directive (Dir.
2022/2464/EU). Più in parti-
colare, gli standard tradotti dal
Consiglio sono i due standard
cross cutting: - ESRS 1 Gen-
eral Requirements, - ESRS 2
General Disclosures, e i primi
tre standard topic e sector ag-
nostic sull’ambiente: [...]

The CNDCEC has published
the translations of five of
the ESRS (European Sustain-
ability Reporting Standards)
developed by EFRAG (Eu-
ropean Financial Reporting
Advisory Group) on behalf
of the European Commission
which define the rules with
which companies are required
to comply in reporting im-
pacts, risks and opportuni-
ties related to sustainability,
in accordance with the provi-
sions of the CSRD, Corporate
Sustainability Reporting Di-
rective (Dir. 2022/2464/EU).
More specifically, the stan-
dards translated by the Coun-
cil are the two cross cutting
standards: - ESRS 1 General
Requirements, - ESRS 2 Gen-
eral Disclosures, and the first
three standard topics and sec-
tor agnostic on the environ-
ment: [...]

Table 4.1 Example of Italian legal news and corresponding headline and abstract.
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documents. Consider, for example, the article illustrated in Table 4.1. For clarity,
both the original Italian content and its English translation are provided. The news
article pertains to a specific legal domain (Accounting) and includes a headline and
an abstract. These elements convey the most salient information in different textual
forms: the headline encapsulates the main news points as key phrases, while the
abstract offers a concise reformulation of the news, omitting marginal or redundant
details.

Our objective is to automatically generate the headline and abstract (in Italian) by
summarizing the original content of the news article. Both the headline and abstract
typically consist of brief text segments that emphasize the key aspects of the news.
We consider abstractive summarization methods to be more suitable than extractive
ones, as they rephrase the original text rather than merely extracting portions of it.

4.2.1 Methodology

We conducted experiments using the following open-source Large Language Models
(LLMs) that support Italian-language documents:

• LLaMA 2 [67] is a collection of LLMs comprising both pretrained and fine-
tuned models with parameter counts ranging from 7 billion to 70 billion. These
models are primarily optimized for dialogue-based use cases. LLaMA 2 builds
upon the architecture and pretraining settings of its predecessor, LLaMA 1,
and demonstrates superior performance compared to LLaMA 1 and other
competing models across various tasks, including commonsense reasoning,
word knowledge, and reading comprehension.

• Flan-T5 [94] is an enhanced version of the T5 model [95], which has been
fine-tuned on numerous tasks, including text summarization. Flan-T5 exhibits
improved zero-shot and few-shot capabilities relative to earlier models. The
authors of Flan-T5 demonstrate that instruction fine-tuning can significantly en-
hance performance across a diverse range of models, prompting configurations,
and evaluation tasks.

We initially explore the application of Few-Shot In-Context Learning (ICL) [96],
a technique that allows pretrained LLMs to perform tasks that they have not previ-
ously encountered. This is achieved without any gradient-based training by providing
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a small number of training examples directly as part of the input. However, the num-
ber of examples that can be included is constrained by the model’s maximum context
size. Additionally, because these input text-summary pairs must be included every
time the model generates a prediction, the approach is considered computationally
inefficient.

To address the limitations of Few-Shot In-Context Learning, we employ Parameter-
Efficient Fine-Tuning (PEFT) [26], which enables the adaptation of pretrained
models to specific tasks with minimal computational overhead. PEFT offers sev-
eral advantages, including reduced memory usage, the ability to handle mixed-task
batches during inference, and the fine-tuning of a small subset of additional pa-
rameters while keeping the majority of the pretrained model parameters frozen.
Specifically, we utilize LoRA [27], a lightweight fine-tuning approach that involves
freezing the weights of the pretrained model and introducing trainable rank decom-
position matrices into each layer of the Transformer architecture. This method
significantly decreases the number of parameters that need to be updated for down-
stream tasks. Additionally, to further minimize memory requirements, we apply
8-bit quantization [97] during the training of the LLM.

For comparative analysis, we evaluate the performance of the following estab-
lished language models in the context of abstractive summarization:

• BART-It [98] is an adaptation of BART [99] for the Italian language. BART
employs a denoising autoencoder during pretraining to reconstruct corrupted
text, which enhances its ability to understand linguistic structures and improves
performance in downstream tasks such as text summarization.

• IT5 [100] is the Italian variant of T5 [95]. IT5 utilizes a unified text-to-
text framework, which supports transfer learning and enhances the model’s
adaptability across various tasks.

• mBART [101] is a multilingual sequence-to-sequence model pretrained using
the BART objective across a diverse set of multilingual corpora, allowing it to
handle multiple languages effectively.

• LSG-BART-It [98] is a variant of BART-It that integrates Sparse Global At-
tention [102] in place of the traditional Self-Attention [103]. This modification
aims to address the limitations of Transformers in processing long legal docu-
ments by approximating self-attention with an efficient O(n) approach, where
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n represents the number of input tokens, and is capable of handling documents
up to 16,384 tokens in length.

Baseline methods We also evaluate the following extractive summarization meth-
ods as baseline approaches. These methods generate summaries by selecting relevant
segments from the original news content without performing any additional text
paraphrasing:

• KL-Sum [104] seeks to minimize the Kullback-Leibler divergence between
the word distributions in the sentences and the entire news document. The
core principle is to identify sentences that best represent the overall content of
the news, thereby reducing the distance between the original document and its
summary.

• TextRank [105] is a graph-based method that evaluates the importance of
sentences based on their connectivity within a textual graph.

• LexRank [106] is another graph-based technique that assigns importance
scores to sentences through random walks, based on their mutual similarity.

• LSA [107] employs Latent Semantic Analysis to select sentences that contain
the most words relevant to a topic-level description of the document.

• BERT Extractive [108, 109] utilizes BERT [110] for extractive summariza-
tion. This model first generates sentence-level embeddings and then clusters
them to identify the most representative sentences. For these experiments, we
use the Italian legal adaptation of BERT [90].

4.2.2 Experimental setup

Dataset Table 4.2 provides an overview of the key characteristics of the legal news
articles included in the proprietary dataset utilized in this study. This dataset encom-
passes the following areas of law: Accounting, Finance, Tax, Business, Employment,
and Digital Law. The number of news articles varies considerably across these areas,
with a minimal count for Digital Law and up to 1709 articles for Tax Law.

Table 4.3 offers insights into the reference summaries used in this study, which
are categorized as either headline or abstract. Although the number of input tokens
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Law area Number of legal news

Accounting 112
Finance 234
Tax 1709
Business 265
Job 916
Digital 60

Table 4.2 News distribution across law areas.

Abstract Headline

Input length (tokens) 1,087.36 1,087.36
Output length (tokens) 61.879 15.639
% novel unigram 14.286 11.111
% novel bigram 42.222 37.500
% novel trigram 57.778 57.143
% novel fourgram 68.182 66.667
Coverage 0.317 0.086
Density 0.833 0.129
Compression ratio 0.982 0.984
Table 4.3 Characteristics of the proprietary dataset.

remains consistent regardless of the summary type, there are notable differences in
output length, as headlines are considerably shorter than abstracts.

Abstractive summaries frequently introduce new terms not present in the original
news documents. To assess the relevance of these summaries for the given use case,
we conduct a preliminary analysis of n-gram co-occurrence frequencies1 in both the
original news content and the target summary. The analysis reveals that abstracts
contain a higher percentage of original n-grams compared to headlines; however,
in both cases, the original content is substantially rephrased. To corroborate these
findings, we also calculate established metrics such as extractive fragment coverage,
density, and compression ratio [111, 112].

1An n-gram refers to a sequence of n tokens in a row. For our experiments, n ranges from 1 to 4.
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The extractive fragment coverage metric quantifies the degree to which the
summary retains elements from the original content:

Coverage(A,S) =
1
|S| ∑

f∈F (A,S)
| f | (4.1)

where A = ⟨a1,a2, ...,an⟩ is the input sequence of tokens, S is the corresponding
summary S = ⟨s1,s2, ...,sm⟩ of length |S|, and F (A,S) is the set of token n-grams in
common between A and S.

The density metric represents the average length of the extractive fragments,
calculated as follows:

Density(A,S) =
1
|S| ∑

f∈F (A,S)
| f |2 (4.2)

The compression ratio is defined as the ratio of the number of tokens in the input
text to the number of tokens in the output summary:

Compression(A,S) =
|A|
|S|

(4.3)

It indicates the reduction in token count from the input to the output. Generally,
abstracts exhibit higher values for both coverage and density compared to headlines.

Experimental settings The training set comprises 70% of the proprietary dataset,
10% of this data is utilized as a validation set to identify the optimal model checkpoint
and hyperparameters. The remaining 20% of the dataset serves as the test set.
Stratification based on law areas is applied when generating these splits to ensure
balanced representation across different legal domains. We optimize the model
hyperparameters based on validation set performance. Specifically, we evaluate the
following learning rates: 5×10−5, 1×10−5, and 1×10−6. All models are trained
for a maximum of 10 epochs, with the objective of maximizing log-likelihood using
sequence cross-entropy loss and the AdamW optimizer [113], employing a weight
decay of 0.01. The batch size is adjusted according to the model size and available
hardware resources, ranging from 8 to 32. For fine-tuning Llama 2, we employ LoRA
fine-tuning for a single epoch, setting the rank to R = 64 and the LoRA scaling factor
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to α = 16. This process begins with the base version of the Llama 2 model. Due
to constraints on computational resources, we restrict the model size to 7 billion
parameters. Under these conditions, the memory requirements for training Llama 2
are comparable to those of BART-It and IT-5.

Quantitative evaluation metrics We utilize the well-established ROUGE (Recall-
Oriented Understudy for Gisting Evaluation) metric [114] to measure the syntactic
similarity between human-generated and model-produced summaries. Specifically,
we evaluate the following:

• ROUGE-N: This metric assesses the overlap of token n-grams between the
reference and generated summaries. The score is computed as the ratio of the
number of shared n-grams to the total number of n-grams in the summary.

• ROUGE-L: This metric evaluates the Longest Common Subsequence (LCS)
of tokens between the reference and generated summaries, emphasizing the
matching of longer sequences.

In addition, we employ BERTScore [115] to evaluate the semantic coherence
of the generated summaries. BERTScore utilizes contextual embeddings [110] to
compare generated and reference summaries within the latent space.

Qualitative evaluation metrics We conduct a human evaluation of the automati-
cally generated summaries. Following the methodology outlined in [116], we ask
human experts to assess the summaries based on the following established metrics:

• Grammaticality (GR): This metric evaluates the linguistic correctness and
fluency of the generated text.

• Summary Usefulness (SU): This metric measures the extent to which the
generated summary is informative and valuable relative to the original content.

• Summary Coherence (SC): This metric assesses the logical and semantic
consistency of the generated summary.

• Non-Redundancy (NR): This metric evaluates the presence or absence of
repetitive or redundant linguistic elements within the generated text.
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Evaluation criterion Questions

Grammaticality
How grammatically correct is the generated text?
How fluent and natural is the language used in the gener-
ated text?

Summary Usefulness
How useful or valuable is the generated summary com-
pared to the original content?
Does the summary effectively capture the key points of
the original content?

Summary Coherence
How logically coherent and semantically consistent is
the generated summary?
Does the summary flow in a logical and organized man-
ner?

Non-Redundancy
How much redundant or repetitive information is present
in the generated text?
Does the generated text avoid unnecessary repetition of
ideas or phrases?

Overall Quality How would you rate the overall quality of the generated
summary?

Table 4.4 Evaluation criteria for assessing text generation quality.

• Overall Quality (OQ): This metric provides a comprehensive evaluation of
the overall quality of the generated summary.

Expert evaluators rate the quality of the summaries using a 5-point Mean Opinion
Score (MOS) scale. Table 4.4 presents the questions used to guide the human
validation process.

4.2.3 Results

Abstractive summarization Table 4.5 provides a summary of the performance of
various models on headline and abstract generation across all quantitative metrics.

For abstract generation, LSG-BART-It demonstrates superior performance in
syntactic metrics, such as ROUGE-1, ROUGE-2, and ROUGE-L, while LLama
2 (7B) excels in semantic similarity with the reference summary, as indicated by
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BERTScore. Notably, Flan-T5-XL consistently underperforms relative to traditional
models.

In headline generation, LLama 2 (7B) achieves the highest scores across all
performance metrics. Traditional language models, including IT5-large and BART-It,
exhibit comparable performance in this task. Although LSG-BART-It excels in
abstract summarization, its performance in headline generation is closely matched
by IT5-large and BART-It. Conversely, Flan-T5-XL significantly lags behind other
models, particularly in the headline summarization task.

Summary Model Size R-1 R-2 R-L BERT-score

Abstract

IT5-small 60M 0.368 0.136 0.335 0.559
IT5-base 220M 0.390 0.159 0.358 0.572
IT5-large 738M 0.400 0.166 0.368 0.573
BART-It 140M 0.441 0.231 0.411 0.625
mBART-large 880M 0.433 0.221 0.395 0.633
LSG-BART-It 140M 0.456 0.249 0.427 0.631

Flan-T5-XL 3B 0.113 0.062 0.107 0.557
LLama 2 7B 0.393 0.216 0.295 0.746

Headline

IT5-small 60M 0.245 0.003 0.232 0.541
IT5-base 220M 0.270 0.021 0.258 0.550
IT5-large 738M 0.296 0.034 0.282 0.555
BART-It 140M 0.292 0.047 0.285 0.595
mBART-large 880M 0.265 0.035 0.256 0.591
LSG-BART-It 140M 0.298 0.051 0.290 0.597

Flan-T5-XL 3B 0.053 0.048 0.051 0.542
LLama 2 7B 0.317 0.138 0.271 0.743
Table 4.5 Quantitative evaluation of abstractive summarizers.

Insights into the performance of Large Language Models. We conduct an in-
depth analysis of the performance variability of the top-performing open-source
LLM, Llama 2 7B, across different legal domains in our proprietary dataset (see
Table 4.6).

For abstract generation, the LLM’s performance appears to be influenced by
the specific legal area under consideration, likely reflecting the degree of domain-
specific knowledge encoded in the pre-trained model. The model demonstrates strong
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performance in certain domains (e.g., Finance, Tax), while others (e.g., Accounting,
Employment) present greater challenges. A similar pattern emerges in the headline
generation task, with the best performance observed in the Digital and Accounting
domains, and the weakest in the Tax and Employment areas.

Target Law area R-1 R-2 R-L BERT-score

Abstract

Accounting 0.367 0.209 0.277 0.738
Finance 0.404 0.217 0.293 0.741
Tax 0.398 0.227 0.301 0.748
Corporate 0.397 0.215 0.303 0.744
Job 0.385 0.200 0.284 0.747
Digital 0.376 0.216 0.297 0.745

Headline

Accounting 0.348 0.152 0.279 0.741
Finance 0.308 0.128 0.260 0.737
Tax 0.290 0.128 0.242 0.724
Corporate 0.326 0.149 0.281 0.737
Job 0.288 0.115 0.240 0.729
Digital 0.339 0.161 0.296 0.747

Table 4.6 LLama 2 performance across law areas.

Few-shot Learning and Lightweight Fine-Tuning We evaluate the performance
of Large Language Models (LLMs) under the following configurations:

• Zero-Shot Learning: The LLM generates summaries without any additional
training examples.

• Few-Shot Learning: We fine-tune the LLM using a small number of examples
(N), which range from 5 to 1000, selected from the in-domain training dataset.
This is achieved using LoRA for efficient training.

• Full Training: We fine-tune the LLM with the entire set of available in-domain
training examples, exceeding 3300 samples, employing LoRA for efficient
training.

For each setting, we ensure stratification across legal domains to appropriately
select additional training examples when feasible.
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The results are presented in Figures 4.2 and 4.1. Generally, both abstract and
headline generation performance improves as the number of training examples in-
creases. Specifically, performance metrics show a positive trend with the number
of few-shot training examples. The full training configuration consistently achieves
the highest scores across all performance metrics, indicating that a comprehensive
training approach significantly enhances the accuracy of generated abstracts. No-
tably, BERTScore improvements are most pronounced with approximately 500-1000
training examples, with additional examples contributing only marginal gains. These
findings suggest that the benefits of LLM fine-tuning approach a plateau, likely due
to the sufficiency and diversity of the training dataset.
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Fig. 4.1 Fine-Tuning Llama 2 7B for headline generation.

Human evaluation. We evaluate a subset of automatically generated summaries,
including 250 headlines and abstracts, with the assistance of domain experts. The
qualitative results for abstract and headline generation are summarized in Tables 4.7
and 4.8, respectively.

Our analysis reveals that as the number of training samples used for fine-tuning
the LLM increases, all performance metrics show a consistent improvement, reflect-
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Fig. 4.2 Fine-Tuning Llama 2 7B for abstract generation.

ing enhanced content quality. Both abstracts and headlines exhibit satisfactory levels
of grammatical accuracy and informativeness across all training conditions. However,
non-redundancy scores remain relatively stable with minimal variation. Notably,
headlines consistently receive higher overall quality scores compared to abstracts.
This disparity can be attributed, in part, to the differences in length between abstracts
and headlines.

We also ask annotators to express their model preference. They were instructed
to select the optimal model, favoring those with fewer training data in cases of parity.
For abstract generation, the analysis revealed that 51% of the abstracts were preferred
when produced by the Full Training model. In contrast, 34% of the abstracts were
deemed best when generated by the model fine-tuned with 1000 training samples,
and 11% were favored when using the model fine-tuned with 500 samples. Less than
4% of the outputs were considered unsatisfactory by the annotators.

Regarding headline generation, 7% of the results were classified as unsatisfactory.
For the remaining summaries, model preferences were fairly evenly distributed. The
Full Training model was preferred for 36% of the headlines, while the few-shot
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models with 1000 and 500 training samples were favored in 35% and 22% of cases,
respectively.

A summary of the common errors identified by domain experts is outlined below:

• Incomplete Sentences and Token Overflow: around 60% of errors in ab-
stracts are caused by truncated or incomplete sentences, likely caused by the
language model exceeding the maximum token limit during output generation.
This limitation not only disrupts the flow and coherence of the text but may
also lead to a loss of essential information, compromising the usability of the
abstracts in professional legal contexts.

• Headline Tone and Effectiveness: The tone and stylistic choices in some
headlines are not suitably tailored to the expectations and conventions of
the legal community in 5% of error cases. For instance, overly informal or
sensational phrasing may undermine the perceived credibility of the content
when presented to legal professionals such as lawyers, judges, or regulatory
analysts. Effective communication in this domain requires a more precise,
neutral, and authoritative tone.

• Relevance of Abstracts: A small subset ( 5%) of the generated abstracts fails
to include critical legal references, such as citations to relevant statutes, case
law, or regulatory provisions. This omission limits the abstract’s usefulness
for legal practitioners who rely on accurate contextual grounding to assess
the applicability and importance of the summarized content. Incorporating
these domain-specific elements is essential for ensuring the abstracts meet the
informational needs of their intended audience.

• Factual Correctness and Hallucinations: Around 30% of summaries con-
tain factual inaccuracies or fabricated information, a phenomenon commonly
referred to as "hallucination" in large language models. These errors include
incorrect citations of legal codes, mischaracterization of case outcomes, and
invented regulatory references. Such inaccuracies can significantly undermine
trust in the generated content, especially in legal contexts where precision and
factual integrity are paramount.
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GR SC SI NR OQ

Few-shot (N=500) 4.96 2.76 2.76 4.99 2.88
Few-shot (N=1000) 4.96 3.01 3.04 4.97 3.04
Full training 4.97 3.156 3.17 4.98 3.23

Table 4.7 Human evaluation of Llama 2 7B for abstract generation

GR SC SI NR OQ

Few-shot 500 4.87 4.64 4.66 4.98 4.68
Few-shot 1000 4.96 4.69 4.69 5 4.76
Full training 4.94 4.75 4.75 4.98 4.76

Table 4.8 Human evaluation of Llama 2 7B for headline generation.

Extractive summarization Table 4.9 provides a comparative analysis of various
extractive summarization models. The evaluation employs the same reference sum-
maries as those used for assessing the abstractive summarization methods. The
extractive models were tested against these reference standards, which were initially
established for the abstractive approaches. Generally, extractive models under-
perform relative to their abstractive counterparts. Among the extractive models
evaluated, BERTExtr demonstrates the highest performance.

Table 4.10 presents a detailed performance analysis of BERTExtr across different
law areas and summary types. Similar to the findings with abstractive models,
the performance metrics for abstract generation show greater stability compared
to headline generation. Overall, BERTExtr performance is inferior to that of the
abstractive models, which are more adept at capturing text nuances and contextual
information.

4.3 New resources for italian legal document summa-
rization

In this study [117], we address the gap in models and datasets for training Italian
language models specifically tailored for the legal domain. The key contributions of
our work are as follows:
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Target Model Rouge-1 Rouge-2 Rouge-L BERT-score

Abstract

KL-Sum 0.304 0.146 0.218 0.711
TextRank 0.350 0.188 0.257 0.731
LSA 0.347 0.187 0.254 0.730
LexRank 0.356 0.194 0.260 0.733
BERTExtr 0.31 0.156 0.224 0.718

Headline

KL-Sum 0.145 0.054 0.118 0.661
TextRank 0.172 0.072 0.137 0.674
LSA 0.174 0.071 0.138 0.675
LexRank 0.176 0.073 0.140 0.674
BERTExtr 0.186 0.080 0.150 0.679

Table 4.9 Quantitative evaluation of extractive summarization models

• Introduction of New Pre-trained Models: we introduce LegItBART, a novel
pre-trained model based on BART, specifically adapted for the legal domain.
This model, due to its domain-specific and language-specific pretraining,
effectively captures the intricacies of Italian legal texts.

• Development of Benchmark Datasets: to facilitate the fine-tuning of ab-
stractive summarization models capable of producing concise summaries of
Italian legal documents, we release two benchmark datasets, LawCodes and
LegItConcepts. These datasets include a range of legal document types with
diverse characteristics, such as civil and penal codes and procedural texts.

• Fine-tuning of Models: we fine-tune the pre-trained model on the newly
introduced datasets for the abstractive summarization task. Given the long
length of the input documents, we also fine-tune a model equipped with sparse
attention mechanism to handle extended textual sequences (up to 16k tokens).

• Comprehensive Empirical Evaluation: We perform an extensive quantitative
and qualitative analysis of the fine-tuned model’s performance in comparison
with other language models [98, 100, 67]. Our empirical evaluation examines
various factors, including the type of pre-training and fine-tuning data, model
complexity in terms of the number of parameters, and the effectiveness of
Large Language Models for this specific application.
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Task Law area Rouge-1 Rouge-2 Rouge-L BERT-score

Abstract

Accounting 0.295 0.152 0.220 0.720
Finance 0.328 0.183 0.239 0.725
Taxation 0.300 0.160 0.211 0.719
Business 0.315 0.162 0.226 0.722
Job 0.293 0.140 0.201 0.716
Digital 0.267 0.144 0.198 0.713

Title

Accounting 0.239 0.120 0.193 0.698
Finance 0.200 0.100 0.157 0.687
Taxation 0.181 0.075 0.144 0.677
Business 0.175 0.069 0.148 0.672
Job 0.190 0.081 0.153 0.680
Digital 0.192 0.090 0.177 0.683

Table 4.10 Performance analysis of the BERTExtr extractive summarization model: evalua-
tion across different tasks and legal domains

4.3.1 New curated datasets

In this section we discuss the characteristics of the newly released datasets namely
LawCodes and LegItConcepts.

LawCodes This dataset is derived from the online versions of the Italian legal
codes, including the Civil Code2, Penal Code3, Civil Procedure Code4, and Criminal
Procedure Code5. For each article within these legal codes, the corresponding article
headlines—extracted from the main text—serve as the reference summaries. An
example illustrating the article-summary pair is provided in Table 4.11.

LegItConcepts This dataset encompasses 155 broad, cross-topic categories from
the Italian Wikipedia, each related to Italian law, such as "Corte costituzionale"
(Constitutional Court), "Teoria del diritto penale" (Criminal Law Theory), and
"Obbligazioni" (Obligations). Each category summary consists of the top two
sentences from the introductory section of the respective Wikipedia page, providing

2https://it.wikisource.org/wiki/Codice_civile (accessed October 2023)
3https://it.wikisource.org/wiki/Codice_penale (accessed October 2023)
4https://it.wikisource.org/wiki/Codice_di_Procedura_Civile (accessed October 2023)
5https://it.wikisource.org/wiki/Codice_di_procedura_penale (accessed October 2023)

https://it.wikisource.org/wiki/Codice_civile
https://it.wikisource.org/wiki/Codice_penale
https://it.wikisource.org/wiki/Codice_di_Procedura_Civile
https://it.wikisource.org/wiki/Codice_di_procedura_penale
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Law article Law article title

Original: Nell’applicare la legge non si può ad essa attribuire altro senso
che quello fatto palese dal significato proprio delle parole secondo la con-
nessione di esse, e dalla intenzione del legislatore. Se una controversia
non può essere decisa con una precisa disposizione [...]

Interpretazione
della legge

English: In applying the law, no other meaning can be attributed to
it than the one clearly derived from the literal meaning of the words,
considering their connection and the intention of the legislator. If a
dispute cannot be resolved with a specific provision [...]

Interpretation of
the law.

Original: Nuove disposizioni che prevedono reati possono essere in-
trodotte nell’ordinamento solo se modificano il codice penale ovvero
sono inserite in leggi che disciplinano in modo organico la materia.

Principio della ris-
erva di codice

English: New provisions that establish offenses can only be introduced
into the legal system if they modify the penal code or are included in
laws that systematically regulate the subject matter.

Principle of legal-
ity

Table 4.11 LawCodes: examples of law articles and their corresponding article titles.

a high-level overview of the category. These summaries are extracted from the main
document for our analysis. An example of a category-summary pair is illustrated in
Table 4.12. Data retrieval was conducted using the PetScan tool6, with the maximum
search depth set to zero to ensure content relevance.

Statistics Table 4.13 provides key statistics for the newly introduced datasets, as
outlined below:

• Average Number of Tokens per Input Text and Output Summary: This
metric reflects the typical complexity involved in encoding the input text and
generating the corresponding summary. A greater average length generally
indicates more demanding modeling requirements.

• Percentage of Novel n-grams: This metric represents the percentage of
sequences composed of n tokens in the summary that do not appear in the input
text. The value of n is varied between 1 (unigrams) and 4 (fourgrams). This
statistic is particularly informative for distinguishing between the demands for
extractive versus abstractive summarization techniques.

6https://petscan.wmflabs.org/ (accessed October 2023)

https://petscan.wmflabs.org/
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Concept/fact description Summary

Original: La presentazione della dichiarazione di suc-
cessione e della voltura catastale, oltre ad eventuali
altre dichiarazioni e/o comunicazioni, quali ad esem-
pio quelle previste in caso di “beni culturali”, sono
obbligatorie per legge. La mancanza di detti adem-
pimenti comporta sanzioni amministrative e problem-
atiche che vengono scoperte dagli interessati soltanto
dopo tempo, con rilevanti sanzioni e limiti. La presen-
tazione tardiva, ma non eccessivamente procrastinata
nel tempo viene risolta in modo agevole [...]

La Dichiarazione di successione
, nel diritto civile italiano, è
una dichiarazione che gli eredi
e/o legatari di un deceduto sono
obbligati a presentare, all’Ufficio
dell’Agenzia delle Entrate compe-
tente, entro 12 mesi dalla morte nel
caso il defunto abbia lasciato anche
soltanto un immobile o denaro per
almeno 100 000 euro.

English: The filing of the inheritance declaration and
the cadastral transfer, as well as any other declara-
tions and/or communications, such as those required
for "cultural assets," are legally mandatory. Failure
to comply with these obligations results in adminis-
trative sanctions and issues that are discovered by the
parties involved only after some time, leading to sig-
nificant penalties and limitations. However, a slightly
delayed submission can be easily and not excessively
burdensomely [...]

In Italian civil law, the inheritance
declaration is a statement that the
heirs and/or legatees of a deceased
person are obliged to submit to the
competent Office of the Revenue
Agency within 12 months from the
date of death, in cases where the
deceased has left at least one prop-
erty or cash amounting to at least
C100,000.

Original: A partire dagli articoli 168-177 della Cos-
tituzione albanese, la Corte costituzionale decide: 1.
la compatibilità della legge con la Costituzione o con
gli accordi internazionali di cui all’articolo 126 2. la
compatibilità degli accordi internazionali con la Cos-
tituzione, prima della loro ratifica 3. la compatibilità
degli atti normativi degli organi centrali e locali con la
Costituzione e gli accordi internazionali 4. i conflitti di
competenze tra poteri, così come tra governo centrale
e governo locale [...]

La Corte costituzionale d’Albania,
è il più alto organo giudiziario che
garantisce il rispetto della Costi-
tuzione. La Corte costituzionale
è composta da 9 membri, che
sono nominati, a partire dalla ri-
forma costituzionale del 2016: 3
dal presidente della Repubblica,
3 dal’Assemblea e 3 dalla Corte
Suprema.

English: Starting from articles 168-177 of the Alba-
nian Constitution, the Constitutional Court decides: 1.
The compatibility of laws with the Constitution or with
international agreements referred to in Article 126. 2.
The compatibility of international agreements with the
Constitution before their ratification. 3. The compat-
ibility of legislative acts of central and local bodies
with the Constitution and international agreements. 4.
Conflicts of jurisdiction between powers, as well as
between the central government and local government.
[...]

The Constitutional Court of Alba-
nia is the highest judicial body that
guarantees the respect of the Con-
stitution. The Constitutional Court
is composed of 9 members, who
are appointed following the constitu-
tional reform of 2016: 3 by the Pres-
ident of the Republic, 3 by the As-
sembly, and 3 by the Supreme Court.

Table 4.12 Illustrative examples of input documents and corresponding summaries in the
LegIt Wiki dataset
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• Coverage: Defined as the percentage of tokens in the summary that are part of
an extractive fragment present in the original document, this metric provides
insight into the extent of content preservation in the summary.

coverage(A,S) =
1
|S| ∑

f∈F (A,S)
| f | (4.4)

where A denotes the input text, represented as A = ⟨a1,a2, . . . ,an⟩, S is the
corresponding summary, expressed as S = ⟨s1,s2, . . . ,sm⟩ with length |S|, and
F (A,S) represents the set of token sequences that are common to both A and
S. This measure quantifies the degree to which the summary is representative
of the original document.

• Density: This metric quantifies the concentration of content from the input
document that is captured within the summary. It is formally defined as
follows:

density(A,S) =
1
|S| ∑

f∈F (A,S)
| f |2 (4.5)

• Compression ratio: is defined as the ratio of the length of the original docu-
ment (measured in tokens) to the length of the summary. This ratio provides
insight into the degree of reduction in content from the input text to the gener-
ated summary.

Law codes Law procedures LegItconcepts EUR-Lex-Sum
Penal Civil Penal Civil

Input tokens 135.75 98.57 181.96 142.27 2346.39 23938.8
Output tokens 10.52 8.74 9.85 8.99 96.38 1435.23
New 1-grams (%) 53.86 43.83 38.37 44.51 45.36 40.21
New 2-grams (%) 78.93 74.30 70.30 76.01 81.88 64.21
New 3-grams (%) 87.14 85.97 81.45 87.00 93.00 78.40
New 4-grams (%) 91.54 91.92 88.94 92.07 96.70 84.59
Coverage 0.08 0.08 0.08 0.07 0.31 0.61
Density 0.18 0.15 0.16 0.13 0.45 2.37
Compression Ratio 10.86 12.02 13.26 12.48 9.48 5.21

Table 4.13 Summary of the key dataset statistics
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Fig. 4.3 Density estimation of extractive diversity scores. The y-axis reflects variability in
the length of source sequences included in the summary, while the x-axis shows the variation
in the length of extractive fragments containing summary content. Significant variability on
either axis suggests differences in how source content is summarized.

Comparison between existing dataset We compare the statistics of LawCodes
and LegItConcepts (see Table 4.13) with those of the leading benchmarks for legal
document summarization, specifically the EUR-Lex-Sum dataset [91] and the one
and the Multi-Legal Pile dataset [118].

The output summaries in EUR-Lex-Sum are significantly longer—by two orders
of magnitude compared to those in LawCodes and one order of magnitude longer than
those in LegItConcepts. For the Multi-Legal Pile dataset, ground truth summaries
are not provided, limiting its use to model pretraining rather than fine-tuning. While
EUR-Lex-Sum is suitable for training abstractive models, its fine-tuning process is
unlikely to produce concise summaries, such as headings or brief definitions, due to
the substantial difference in the characteristics of its training samples.

The percentages of new n-grams in the dataset summaries, as presented in Ta-
ble 4.13, further validate this observation. Summaries in LegItConcepts exhibit a
substantial number of n-grams absent from the input documents and a high com-
pression ratio of 9.48, indicating a significant level of abstraction. In contrast,
the EUR-Lex-Sum dataset has a lower compression ratio of 5.21, reflecting less
abstraction in its summaries.

These findings underscore the necessity for specialized summarization models
tailored to the unique characteristics of each dataset.

Figure 4.3 presents a comparative analysis of the density versus coverage scatter
plots for the LawCodes, LegItConcepts, and EUR-Lex-Sum datasets. The EUR-
Lex-Sum dataset is characterized by relatively high coverage values but low-density
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values, suggesting that while the summaries are predominantly extractive, they may
omit important content, leading to some inaccuracies.

In contrast, LawCodes and LegItConcepts exhibit lower coverage values, which
aligns with the nature of abstractive summarization models. As anticipated, LegItConcepts
displays higher density values compared to LawCodes, likely because the introduc-
tory sections in LegItConcepts provide more comprehensive information than mere
document headings.

Moreover, it is important to note that the input documents in LegItConcepts are
considerably more verbose than those in LawCodes and related procedures ( 2300
tokens vs. 100-200 tokens). This highlights the necessity for text encoding strategies
capable of efficiently handling longer texts.

4.3.2 Methodology: BART-IT

Pretraining for Legal Domain Adaptation We utilize the denoising objectives
from the BART pre-training framework, including document rotation, sentence
permutation, token infilling, token masking, and token deletion [99]. These perturba-
tions create corrupted versions of the input texts in a self-supervised manner. The
pre-training objective for LegItBART is to reconstruct the original sentence from its
corrupted form, thereby improving the model’s resilience to noise and enhancing its
comprehension capabilities.

For pre-training, we employ a subset of Italian legal documents from the Multi-
Legal Pile dataset [119], with the aim of adapting the model to understand the
specialized language and terminology used in legal contexts. Within this subset, we
specifically extract documents categorized as contracts, legislation, caselaw, and
other, to ensure a focused and relevant pre-training process.

To ensure relevance within the other category, we apply document clustering and
BERT-based topic modeling [120]. Specifically, we group documents into clusters
based on thematic similarity. Each cluster is characterized by extracting the top-10
most representative keywords. Clusters deemed irrelevant to the legal domain, along
with any outliers, are filtered out. This topic-level filtering eliminates fewer than 4%
of the original documents.

We explore two alternative strategies for pre-training the model:
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• Train LegItBART from Scratch: This strategy involves training LegItBART
exclusively on legal texts. This approach is limited by the relatively small
number of available legal documents.

• Specialize an Existing Model: We initialize LegItBART using the pre-
trained weights of the general-purpose Italian model BART-IT [98]7. This
model already possesses an understanding of Italian language patterns and
terminology, and the goal is to adapt it to the Italian legal domain.

The model is trained using standard cross-entropy loss to optimize the reconstruc-
tion of original inputs from their corrupted versions. During training, LegItBART
applies text corruption techniques at both the sentence and token levels. At each
training iteration, a type of corruption—either sentence-level or token-level—is
randomly chosen to ensure the model encounters a diverse range of perturbations.

Sentence-level corruptions Two methods are employed to induce sentence-level
variations through document rotation and sentence permutation.

• Document Rotation: This method involves segmenting the input document into
individual sentences by splitting on full-stop punctuation. A random sentence
is then chosen as the starting point, with the remaining sentences following in
their original sequence. This process creates a modified document structure
that retains the original sentence order but starts from a different point.

• Sentence Permutation: This approach also begins by dividing the text into
sentences. However, the sentences are then randomly shuffled, resulting in
numerous potential orderings. Unlike document rotation, which preserves
some degree of the original order, sentence permutation introduces complete
variability in the arrangement of sentences.

These sentence-level corruption techniques are employed during the pre-training
phase to expose LegItBART to a range of structural alterations. By encountering
these variations, the model enhances its capability to interpret legal texts even when
the ordering or emphasis of sentences is modified. This is particularly pertinent

7We initialize LegItBART with the pre-trained weights of BART-IT and continue training on
legal documents.
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in legal documents, where critical information can be conveyed through specific
phrasing or the arrangement of clauses.

The application of sentence-level corruptions thereby improves the model’s ro-
bustness in identifying and retaining significant facts, irrespective of superficial
changes in sentence order or structure. This approach also aids LegItBART in com-
prehending complex legal terminology across various possible textual configurations.

Token-level corruptions LegItBART incorporates three token-level perturbations
during pre-training to enhance its capacity to reconstruct texts from incomplete
information.

• Token Infilling: In this perturbation, a span of tokens is selected randomly,
with the span length L drawn from a Poisson distribution with a mean λ = 3.
This span, a continuous sequence of tokens of length L, has a 15% probability
of being replaced entirely with a single [MASK] token. This method introduces
variability by substituting entire spans of text, challenging the model to predict
the omitted content.

• Token Masking: This technique operates at a more granular level than to-
ken infilling. Here, each individual token in the input sequence has a 15%
probability of being replaced with a [MASK] token. Unlike token infilling,
which affects entire spans, token masking modifies only one token at a time,
requiring the model to infer the masked tokens from the surrounding context.

• Token Deletion: For token deletion, each token in the input text is inde-
pendently removed with a 15% probability. The model is then tasked with
predicting the missing tokens that have been randomly omitted. This pertur-
bation simulates scenarios where tokens are absent, enhancing the model’s
ability to handle incomplete or erroneous data.

These token-level perturbations are designed to improve LegItBART ’s resilience
and accuracy in real-world applications where portions of legal terminology might be
unclear, misspelled, or missing. By incorporating various types of noise, the model
is trained to robustly handle diverse contexts involving incomplete or unreliable
information.
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Encoding long legal documents

Transformer-based models previously employed for abstractive legal document
summarization [101] are typically constrained by their capacity to handle a limited
number of tokens (e.g., 1204 tokens). This constraint presents significant challenges
in the legal domain, where documents such as legal codes, procedures, and articles
frequently exceed this token limit.

To address this limitation, LegItBART incorporates an encoder-based Local-
Sparse-Global (LSG) attention mechanism [102]. The LSG attention mechanism
reduces computational complexity to linear time relative to the number of input
tokens, enabling the model to process sequences of up to 16,384 tokens—16 times
longer than the token capacity of traditional models.

The LSG mechanism achieves this by employing i) Local Attention, where
each token attends only to a fixed-size window of surrounding tokens, thereby
constraining the attention scope and reducing computational demands and ii) Sparse
Global Attention where LSG selectively establishes a sparse set of global connections
between tokens, rather than attending to all tokens. This selective connectivity
ensures that the model captures essential long-range dependencies while maintaining
efficiency.

Fine-Tuning for Abstractive Summarization

We fine-tune the pre-trained model using a supervised approach with the legal
document-summary pairs obtained from the newly released benchmarks. In this
context, the reference summary serves as the target sequence, guiding the model
towards the generation of precise abstractive summaries.

During fine-tuning, the model is trained to predict the subsequent token in the
summary sequence based on the preceding tokens and the encoded input document.
This process enables the model to effectively learn to generate summary tokens that
accurately reflect the key information from the input legal documents.

The model optimizes its performance using the autoregressive cross-entropy loss
function, which is formulated as follows:
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L =− 1
N

N

∑
n=1

T−1

∑
t=1

ynt log(pt|t−1) (4.6)

where N represents the number of training examples per batch, T denotes the length
of the summary, ynt is the target token at position t for the n-th training example, and
pt|t−1 is the predicted probability distribution over tokens at timestep t, conditioned
on the preceding tokens.

4.3.3 Experimental details

Metrics We use the following established metrics to quantitatively evaluate the
output summaries under complementary aspects:

• ROUGE [114]: it quantifies the syntactic similarity between generated text and
reference summary by counting their n-gram overlap. Specifically, hereafter
we will consider the F1-scores of the ROUGE-1 (unigram overlap), ROUGE-2
(bigram overlap), and ROUGE-L (longest common subsequence).

• BERTScore [121]: it measures the semantic similarity between generated and
reference summaries based on the BERT embeddings [110].

Experimental details The pre-training phase for the model was performed on a
high-performance computing setup featuring an Intel® CoreTM i9-10980XE CPU
and dual Nvidia® RTX A6000 GPUs, complemented by 128 GB of RAM. This con-
figuration was essential to accommodate the substantial computational requirements
inherent to pre-training transformer-based models. The entire pre-training process
was completed within approximately two days.

For the fine-tuning phase, a single Nvidia® RTX A6000 GPU was utilized, given
the relatively reduced computational demands in comparison to pre-training. Each
model variant was fine-tuned on the legal summarization datasets until no further
improvement was observed in validation performance.

Competitors: Italian Sequence-to-Sequence models. IT5 [100] and BART-
IT [98] are two pre-trained sequence-to-sequence models designed for general-
purpose Italian natural language processing (NLP) and natural language generation
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(NLG) tasks. IT5 is based on the T5 architecture [122], while BART-IT is derived
from the BART architecture [99]. Both models are pre-trained on the Italian subset of
the mC4 Corpus [123], which has been curated to exclude documents with offensive
content, code snippets, or excessively brief sentences.

IT5 [100] utilizes span masking objectives during pre-training and has demon-
strated strong performance across a range of downstream tasks, including summa-
rization. IT5 is available in various model sizes, including small, base, and large
configurations, allowing for flexibility depending on computational resources and
task requirements. The base model configuration (IT5-base) contains 220 million
parameters, making it the second largest publicly available IT5 model.

In this study, we compare the performance of our proposed LegItBART model
against IT5-base. Both models are similarly sized, with IT5-base having 220 million
parameters and LegItBART containing 141 million parameters. This comparison
allows us to evaluate the effectiveness of each model while controlling for size-related
differences.

BART-IT [98] is pre-trained using various text denoising objectives and has
demonstrated robust performance on multiple Italian abstractive summarization
datasets. The authors of BART-IT assert that it achieves an optimal balance between
efficiency and effectiveness for Italian abstractive summarization.

Both LegItBART and BART-IT are based on the BART architecture and share
similar pre-training methodologies. However, LegItBART extends the pre-training
process by incorporating domain-specific Italian legal documents. This comparison
of LegItBART with BART-IT serves to assess the benefits of tailoring a model
to the legal domain through two different approaches: one that trains LegItBART
from scratch on Italian legal texts (LegItBART-LPT) and another that continues the
pre-training of BART-IT on legal documents (LegItBART).

Evaluating LegItBART against BART-IT, alongside its variants, allows for an
investigation into whether initial or continued pre-training on legal texts enhances
summarization capabilities for legal content, independent of the model’s parameter
size.

The finetuning process employed a maximum learning rate of 5×10−5, with a
learning rate scheduler that implemented a linear warmup over the initial 500 steps,
followed by a linear decay phase. Each model was trained for up to 10 epochs, and
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the model checkpoint that achieved the highest performance on the validation set
was selected.

By applying a uniform optimization strategy and hyperparameter configuration
across all models during fine-tuning, we ensure that the performance evaluation is
unbiased and not influenced by variations in training procedures among the models.

Competitors: Open source LLMs. LLaMA 2 [67] comprises a series of pre-
trained large language models (LLMs) with parameter counts ranging from 7 billion
to 70 billion, designed specifically for dialogue-related tasks. These models build
upon the foundational pretraining and architectural principles established by LLaMA
1 [67]. Notably, LLaMA 2 demonstrates superior performance compared to LLaMA
1 and other models across benchmarks evaluating commonsense reasoning, world
knowledge, and reading comprehension.

In contrast to IT5 and BART-IT, which were trained exclusively on Italian
text, LLaMA 2 was trained on a diverse multilingual corpus that includes Italian
among over 20 other languages. This broad training base allows LLaMA 2 to
leverage in-context learning (ICL) [96], a technique that enables the model to handle
previously unseen tasks by providing a few examples without requiring gradient-
based adjustments.

However, using ICL involves significant computational costs as it requires in-
cluding all input-target pairs for each prediction. To mitigate this issue, parameter-
efficient fine-tuning (PEFT) techniques [26] have been developed. PEFT adapts
pre-trained models to specific downstream tasks by only fine-tuning a minimal subset
of parameters. This approach reduces memory requirements, allows for mixed-task
batches during inference, and entails far fewer parameters to fine-tune compared to
traditional methods. In this study, we employ the LoRA (Low-Rank Adaptation) fine-
tuning method [27], which involves freezing the weights of the pre-trained model
and incorporating trainable low-rank decomposition matrices into each transformer
block. This approach substantially reduces the number of parameters that need to be
adjusted for downstream tasks.

Specifically, we apply LoRA fine-tuning for three epoch, with a rank R = 64 and
a scaling factor α = 16, using the 7 billion parameter LLaMA 2 base model. Due
to computational constraints, our experiments are limited to this model size. The
efficient LoRA technique ensures that the memory footprint during training remains
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comparable to that of BART-IT and IT5. To align with our computational resources,
we set the maximum input length to 2048 tokens while fine-tuning the LLaMA 2
model on the legal summarization task. This setup allows us to effectively manage
memory usage while still leveraging the model’s capabilities for the task at hand.

4.3.4 Results

Comparison between pre-training strategies We assess the efficacy of the pre-
training phase in adapting the model to the legal domain.

Figure 4.4 illustrates the training and validation loss variations for LegItBART ,
where one variant is initialized with pre-trained weights from BART-IT (LegItBART),
and the other is initialized with random weights (LegItBART-LPT ).

In the initial stages of training, LegItBART-LPT shows considerably higher
training and validation losses compared to LegItBART. This indicates that initiating
training from scratch on legal texts presents greater challenges than fine-tuning a
well-established Italian language model with continued pre-training. As training
progresses, the loss gap between LegItBART-LPT and LegItBARTnarrows, with
LegItBART-LPT gradually approaching the loss values of LegItBART. Nevertheless,
LegItBART-LPT does not fully match the loss levels achieved by LegItBART, even
after complete pre-training.

These findings suggest that continuing the pre-training of an Italian language
model on legal texts is more effective than training from scratch exclusively on legal
data. The model that builds on pre-existing Italian language knowledge reaches
robust performance more efficiently, demonstrating the advantages of leveraging
prior general language understanding for specialized tasks.

Effect of encoding longer sequence inputs We compare a standard summarization
model, constrained to a maximum of 1024 input tokens, with a variant capable of
handling up to 16384 input tokens. The evaluation results are presented in Table 4.14,
where # input and # output denote the maximum token limits for the input and output
texts, respectively.

LegItBART outperforms other models even when limited to 1024 input tokens,
achieving a +2.57 improvement in the ROUGE-1 score over the second-best per-
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Fig. 4.4 Pre-training and validation loss of LegItBART .

forming model, BART-IT. This suggests that LegItBART is generally more adept at
modeling and understanding legal texts. When extended with local-sparse-global
(LSG) attention, the performance of LegItBART improves substantially across all
tested conditions, with ROUGE-1 score enhancements ranging from +7 to +14
points. The LLaMA 2 model shows competitive performance; however, it falls
short of the LSG-enhanced LegItBART, highlighting the advantages of processing
longer documents with LSG. LegItBART-LPT , which was pre-trained solely on
legal text, does not achieve the performance levels of LegItBART. This indicates that
specialized pre-training alone may be insufficient for developing comprehensive text
understanding and generation capabilities.

# input # output R-1 R-2 R-L BERT-score

BART-IT 1024 1024 28.04 11.94 18.85 71.38
IT5-base 1024 1024 11.84 6.57 9.08 54.76
LegItBART-LPT 1024 1024 27.77 11.89 19.21 69.22
LegItBART 1024 1024 30.61 13.59 19.18 72.75

BART-IT 16384 1024 42.57 20.58 22.99 76.62
LegItBART-LPT 16384 1024 34.81 16.67 21.99 72.59
LegItBART 16384 1024 43.05 20.99 23.29 76.58

Llama 2 2048 34.35 11.92 20.81 59.45
Table 4.14 Evaluation of LegItBART versus baseline models on the EUR-Lex-Sum dataset
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Finetuning on LawCodes As discussed earlier, the documents and summaries
in the dataset are relatively short. Given the short lengths of both the inputs and
outputs, we will focus on evaluating the LegItBART version without extended input
sequences.

Table 4.15 summarizes the performance of various models on the LawCodes
dataset. The results reveal that LegItBART outperforms all other models across all
evaluation metrics. This superior performance indicates that the domain-specific legal
language and structures encountered during LegItBART ’s pre-training significantly
enhance its ability to summarize documents effectively.

Notably, both IT5 and BART-IT perform relatively well on this domain-specific
dataset, with IT5 showing superior performance compared to BART-IT in terms
of ROUGE metrics. However, LegItBART-LPT, which was pre-trained solely on
legal data, shows lower performance compared to other models. This suggests that
general-purpose pre-training provides a substantial advantage even in datasets with a
high degree of domain specificity. LegItBART-LPT’s results are probably due to the
lack of diversity in domain-specific data, which might not capture the full range of
language structures and patterns required for effective summarization.

Overall, the results for the LawCodes dataset underscore the effectiveness of
LegItBART in handling highly abstractive legal texts. Its superior performance
can be attributed to its domain-specific pre-training, which equips the model with
the necessary capabilities to manage the specialized language and structures of
legal documents. The relatively good performance of general-purpose models on
this dataset is also noteworthy, indicating that while these models were not pre-
trained on legal data, they can still perform reasonably well on domain-specific
tasks. Combining general-purpose pre-training with domain-specific fine-tuning,
as demonstrated by LegItBART , may offer a path to further enhancing model
performance.

Finetuning on LegItConcepts The experimental results presented in Table 4.16
reveal that when models are constrained to a maximum input length of 1024 tokens,
BART-IT achieves a higher ROUGE-1 score compared to LegItBART , while LegIt-
BART performs better in terms of ROUGE-2. When input lengths are extended to
accommodate up to 16384 tokens using Local-Sparse-Global (LSG) attention, the



4.3 New resources for italian legal document summarization 81

# input # output R-1 R-2 R-L BERT-score

BART-IT 1024 128 32.04 17.54 31.55 78.3
IT5-base 1024 128 33.72 18.19 33.01 76.9
LegItBART-LPT 1024 128 29.97 15.97 29.26 77.65
LegItBART 1024 128 35.42 20.66 34.92 79.32

Llama 2 2048 25.08 12.03 23.65 73.33
Table 4.15 LegItBART and baseline competitors performance on LawCodes dataset.

performance improvements across all models are modest. This suggests that the
increased input length may not significantly enhance performance on this dataset.

Interestingly, BART-IT consistently outperforms all other models, including
LegItBART, by a small margin (e.g., +0.42 in ROUGE-1 and +0.06 in ROUGE-
2). This indicates that the general-purpose BART-IT model may be more adept at
handling the broad range of topics present in the LegItConcepts dataset.

Furthermore, LegItBART-LPT, which was pre-trained exclusively on legal data,
shows notably lower performance compared to other models. This suggests that
the LegItConcepts dataset is not purely legal in nature. Instead, it seems to target
a broader audience, with content that is less technical and more accessible. As a
result, the specialized legal terminology may not be as beneficial in this context,
highlighting the importance of aligning the model’s training data with the dataset’s
characteristics and audience.

In this context, additional pre-training on legal data may offer limited benefits
and could potentially degrade performance. This is evident from the notably lower
performance of LegItBART-LPT, which was exclusively pre-trained on legal texts.
General-purpose models, which include diverse data sources such as Wikipedia,
benefit from their broad coverage of topics and varied writing styles. For instance,
BART-IT, which was pre-trained on general-purpose Italian data, performs optimally
on the LegItConcepts dataset. Its superior performance can be attributed to its
exposure to a wide range of language patterns and writing styles. The efficacy
of general-purpose models is further illustrated by IT5, which, although slightly
inferior to BART-IT, still achieves commendable results. In contrast, while LLaMA
2 demonstrates competitive performance, it does not surpass LegItBART. This
indicates that, for the LegItConcepts dataset, the advantage lies in models trained on
a broader spectrum of data rather than those solely specialized in legal texts.
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# input # output R-1 R-2 R-L BERT-score

BART-IT 1024 128 32.5 14.32 24.35 73.29
IT5-base 1024 128 24.31 7.38 17.69 67.52
LegItBART (scratch) 1024 128 28.06 10.93 20.6 70.53
LegItBART 1024 128 32.02 14.77 24.23 73.13

BART-IT 16384 128 32.74 14.89 24.85 73.33
LegItBART-LPT 16384 128 29.35 11.94 21.66 70.94
LegItBART 16384 128 32.32 14.83 24.59 73.15

Llama 2 2048 31.50 14.76 21.341 68.20
Table 4.16 LegItBART and baseline competitors performance on LegItConcepts dataset.

4.4 Summary of results and key insights

Several key findings emerge that demonstrate the effectiveness of different ap-
proaches and their practical implications. The experiments demonstrate that combin-
ing general-purpose pre-training with targeted legal domain adaptation represents
the most effective strategy, with LegItBART (initialized from BART-IT and fur-
ther pre-trained on legal texts) consistently outperforming both general-purpose
models and models trained exclusively on legal data from scratch. For abstractive
summarization specifically, LSG-BART-It achieved superior syntactic performance
(ROUGE scores) for abstract generation, while Llama 2 (7B) excelled in semantic
similarity (BERTScore) and dominated headline generation across all metrics. The
integration of Local-Sparse-Global (LSG) attention mechanism proved particularly
valuable, enabling processing of significantly longer documents (up to 16,384 to-
kens) and resulting in substantial performance improvements of ROUGE-1 points.
Importantly, the study reveals that parameter-efficient fine-tuning using LoRA sig-
nificantly improves performance with benefits plateauing around 500-1000 training
examples, while traditional smaller models like BART-It and IT5 often matched
or outperformed much larger models like Flan-T5-XL (3B parameters), indicating
that model architecture and training methodology can influence the performance.
However, human evaluation uncovered critical limitations: 30% of summaries con-
tained factual hallucinations, 60% of abstract errors involved incomplete sentences
due to token limits, and challenges persisted with domain-appropriate tone, though
grammatical quality remained satisfactory. The consistent underperformance of
extractive methods compared to abstractive approaches confirms that legal text sum-
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marization benefits from paraphrasing and abstraction capabilities, yet the prevalence
of factual errors highlights the critical need for additional safeguards when deploying
these systems in legal contexts where accuracy is paramount, particularly given
that optimal performance depends on dataset characteristics with highly technical
content favoring domain-adapted models while more accessible legal content shows
comparable results across different approaches.



Chapter 5

Explainability and reasoning for
complex tasks

This chapter provides a review of the related literature in Section 4.1 and introduces
the research contributions for improving court judgment prediction (Section 5.2), and
legal reasoning applications for solving legal issues (Section 5.4) Language Models.

5.1 Prior works

5.1.1 Court Judgement Prediction and Explanation

Existing research has primarily focused on the jurisprudence of the U.S. Supreme
Court [124, 125], cases of the European Court of Human Rights [126–128] and the In-
dian judicial system [129, 1]. In [130] transformer-based models have demonstrated
superior performance in most application scenarios [131–134], but the constraints on
the maximum document length processable by a transformer-based architecture are
often impractical for legal court cases. Also those models lacks in interpretability,
therefore the need of Explainable AI (XAI) models to enhance the transparency
of AI models [135] in the legal domain is urgent [136]. Interpretable-by-design
XAI methods integrate explainability during the AI model development, resulting
in models with inherent interpretability [137]. Post-hoc XAI approaches provide
explanations for existing, trained models. These explanations can be provided at
either a global level, offering a comprehensive view of model behavior [138–140]
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or at instance-level [141–144]. [145] adopts interpretable-by-design approach, in-
troducing a model-agnostic interpretable layer to predict interpretable intermediate
scores. Similarly, [126] train an SVM classifier with a linear kernel for its direct
interpretability in assessing human rights convention violations.

Despite these efforts, the superior performance of black-box models like transformer-
based deep-learning models has led many studies to turn to post-hoc explanation
methods. For instance, [146] apply the Grad-CAM explanation method to interpret
neural network predictions in legal texts. [147] leveraged LIME [142] and Layer
Integrated Gradients [148] to explain legal judgment predictions of XGBoost and
Longformer models. [149] focused on evaluating the explanations provided by
LIME [142] and SHAP [141]. [150] adopt local explanation methods for a legal
text classification problem, measuring the plausibility of explanations with the as-
sessments of legal professionals. A (local) occlusion-based approach is proposed
in [1]: it involves masking a portion of embeddings and measuring their influence
on classification probability distribution, then they assess the plausibility of the
explanations compared to human rationales.

5.1.2 Legal Retrieval Augmented Generation

The Retrieve-Read [151] RAG research paradigm represents the earliest methodol-
ogy: it includes indexing, retrieval, and generation.

More advanced RAG employs pre-retrieval and post-retrieval strategies, that
includes query transformation or re-ranking [152–154].

Modular RAG add specialized components to enhance retrieval and processing
capabilities. The orchestration of Modular RAG Flow showcase the benefits of
adaptive retrieval techniques such as Retrieve-Read-Retrieve-Read flow of ITER-
RETGEN [155], FLARE [156] and Self-RAG [157]. Although these methods
introduce greater flexibility into the RAG system, they necessitate increased com-
putational resources and substantial data volumes, particularly when fine-tuning is
required [158–162]. Given the constraints of our problem, specifically the limited
availability of data and resources, we will not consider these last methods.

Few works have been proposed for improving Large Language models abilities
with legal knowledge. [163] propose a methodology aimed at generating extensive
responses to any statutory law inquiries, employing a Retrieval-Augmented Gener-
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ation pipeline. The primary objective of this research is not to resolve legal issues
per se, but rather to develop an assistive system for navigating the legal domain
and bridging the gap in legal literacy through the advancement of automated le-
gal aid systems. It is worth noting that the scope of this study is confined to the
French language. Similarly, [164] employs a RAG pipeline on LLM-generated
question-answer pairs derived from the Australian Open Legal Corpus dataset. The
study investigates various representations and comparison techniques with the aim of
extracting information from court cases. In [165], the authors introduce Eval-RAG,
a novel evaluation methodology for texts generated by LLMs.

In our latest work[UNDER REVIEW] we show that GPT-4 outperforms other
models across all methods. Keyword search with tensor re-ranking emerges as
the most effective retrieval method. We also present two effective strategies for
improving the search and the generation of the most correct answer.

5.1.3 Legal Reasoning

Researchers have recently started exploring whether large language models have
the capability to carry out legal reasoning. Unlike BERT-based models, LLMs
are evaluated on their ability to learn tasks in-context, primarily through prompt-
ing [26]. Studies have explored the role of prompt-engineering for Legal Judgment
Prediction [166], statutory reasoning [167] legal exams [168]. Several case stud-
ies [169–173] highlight the potential and the limitations of GPT models in real
use cases. However, to the best of our knowledge, limited effort has been devoted
to analyzing the effectiveness of smaller and open-source language models (e.g.,
Llama 3 [174]) in this domain [175], and how they can effectively be employed in
conjunction with closed-source foundational models, such as GPT-4 [176].

5.2 Improving court judgment prediction

Applying Deep Learning and Natural Language Understanding techniques to legal
court cases poses significant challenges due to several factors:
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• Language style: the nuanced and technical nature of forensic language in legal
documents makes deep content comprehension more difficult than in other
domains [177, 37]

• Model specialization: variability of laws and regulations across different areas
requires custom fine-tuning of models for each specific domain [178, 58].

• Document length: documents are often very lengthy, potentially exceeding the
token limits that state-of-the-art AI models can handle [132, 70].

• Outcome reliability: Because of the critical importance of legal outcomes,
experts are generally hesitant to rely on AI tools in the legal field [130, 84].

Transformer-based models have proven effective in comprehending the forensic
language used in cases from the U.S. Supreme Court, the European Court of Human
Rights, and the Indian judicial system [1]. This progress has partly addressed
the challenge of understanding complex legal language. Simultaneously, research
communities have been increasingly focusing on applying Large Language Models
to legal AI tasks [179–181]. However, integrating automatic judgment prediction
with form of explanations, remains problematic. Consequently, the last challenge is
still unresolved.

In [182, 183], the focus is specifically on court judgment prediction and expla-
nation using the Indian Legal Documents Corpus (ILDC), which contains English-
written case proceedings from the Supreme Court of India from 1947 to 2020. The
main contribution of this work is the integration of a legal named entity recognition
step to enhance both judgment prediction and explanation, addressing challenge
(4). Legal entities describe domain-specific concepts and facts that are crucial for a
deep understanding of court case proceedings. In this study, we aim to explain court
judgment predictions using a local, model-agnostic approach. Notably, post-hoc
model-agnostic methods, which are independent of the classification model used for
explanation, enable us to select the most suitable and best-performing model for our
task, regardless of its inherent interpretability and architecture.

The proposed pipeline includes:

• Entity Recognition: We utilize an entity-aware attention mechanism [184]
to precisely identify legal named entities in court judgments. We evaluate the



88 Explainability and reasoning for complex tasks

performance of domain-specific models that have been pre-trained and fine-
tuned in the legal domain, examining how pre-training improves the quality of
representations for the Named Entity Recognition (NER) task.

• Entity Masking: After identifying legal entities, we mask the corresponding
text snippets. This serves two purposes: (1) Enhancing the generalization
capabilities of predictive models by hiding information irrelevant to the case
outcome, such as personal names. (2) Limiting the spread of potentially
sensitive information, like the names of individuals involved in the court
judgment.

• Leverage Entities in Judgment Prediction and Explanation: We use the
presence of legal entities to aid in selecting specific sentences within the
case proceedings. Sentences rich in semantically meaningful legal entities
are considered more likely to be useful in explaining the predicted judgment.
We compare the performance of a newly proposed explainable AI method,
called the NER Boosting Explainer, with existing post hoc input attribution
explanation methods.

We employ both hierarchical transformers and open-source Large Language
Models (LLMs). Hierarchical transformers enable us to manage legal documents
that surpass the token limits of BERT-based models [132]. Additionally, we also
study Parameter-efficient fine-tuning (PEFT) [26] to tailor LLMs to the legal domain
and the specific tasks at hand [185, 1]. Our empirical findings indicate that entity-
aware methods significantly outperform in both prediction and explanation tasks.

5.2.1 Problem statement

The Court Judgment Prediction and Explanation (CJPE) task [1] encompasses two
objectives: Court Judgment Prediction (CJP) and Prediction Explanation (PE).

Court Judgment Prediction. Given a legal judgment Xi = {xi,1,xi,2, ...,xi,N}, where N
represents the number of sentences in the judgment, CJP seeks to estimate a function
f that predicts the court’s decision, yi. The decision can be allowed, indicating a
ruling in favor of the appellant or petitioner, or dismissed, a decision in favor of the
respondent.
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Prediction Explanation. Given a legal judgment prediction yi generated by a CJP
model, PE provides an explanation for yi. This explanation consists of a subset
of K sentences XK ⊆ Xi, where K ≤ N, that support the decision made by the f̂
model. Explanations are evaluated by comparing them to human-generated sentence
selections.

5.2.2 Methodology

In [182, 183] we introduced a natural language processing pipeline designed to tackle
both CJP and PE. An example of the pipeline execution is illustrated in Figure 5.1.

The initial step of the pipeline involves Legal Named Entity Recognition (NER)
masking. This step serves two primary purposes: identifying relevant legal entities
and masking information that is not pertinent to the legal context. Specifically, legal
entities in the input text are replaced with meaningful tags that preserve essential
information (e.g., [COURT] instead of the High Court of Judicature for Rajasthan
Jaipur in Criminal Appeal).

The annotated text is then segmented into sentences to facilitate the generation
of sentence-level explanations.

In the second step, a hierarchical transformer-based model is utilized to predict
the court’s decision (e.g., Allowed).

The final step involves generating prediction explanations. During this process,
sentences containing relevant legal entities (e.g., [CASE_NUMBER] is preferred
by [PETITIONER]...) are given priority to enhance the quality of the explanations.

In the following paragraphs we will detail these steps.

NER Masking The objectives of NER masking are twofold: (1) To focus on
domain-specific entity-related information during the inference process, thereby
enhancing the transformer’s ability to differentiate between court judgments; (2) To
obscure detailed descriptions of entities in the raw data, thereby removing redundant
or potentially sensitive information (e.g. the appellant name).

Initially, we fine-tune the NER model provided by [185] using the Indian court
judgment dataset. This model is specifically adapted to recognize a subset of legal
domain entities, which are detailed in Section 5.2.3.
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1° Step: NER masking

2° Step: Court Judgment 
Prediction 

3° Step: Court Judgment 
Explanation

These appeals are directed against the judgment and order passed by the [COURT] in 
[CASE_NUMBER] dated [DATE] . It is the acquittal of A 2 which is called in question by the 
appellant [PETITIONER] in [...]

These appeals are directed against the judgment and order passed by the High Court of 
Judicature for Rajasthan Jaipur Bench Jaipur in Criminal Appeal No 593 of 2008 dated 
16.02.1999. It is the acquittal of A 2 which is called in question by the appellant Shobha Ram 
in [...]

Sentence: 1 (allowed)

Sentence splitting

[ 
“These appeals are directed against the judgment and order passed by the [COURT] in 

[CASE_NUMBER] dated [DATE].”, 
“It is the acquittal of A 2 which is called in question by the appellant [PETITIONER] 
in [...]”,
[...]

]

[CASE_NUMBER] is preferred by [PETITIONER]  being aggrieved by the order of conviction and 
sentence passed by the [COURT] and confirmed by the [COURT]. 
The facts in brief are: i) The incident occurred on [DATE] at about 5.30 p.m. PW 1 [WITNESS] who is the 
brother of the deceased [OTHER_PERSON]  [...]

Fig. 5.1 Pipeline describing the proposed methodology.

To generalize the information in the input text, we replace the spans of text
associated with recognized entities with designated tags, referred to as ENTITY_TYPE.
Each tag corresponds to a specific type of entity identified by the NER model. These
masked entity tags are then treated as individual tokens and incorporated into the
vocabulary of the sentence tokenizer.

Court Judgment Prediction. The Court Judgment Prediction (CJP) module com-
prises two main components: a sentence encoder and a hierarchical model.

The sentence encoder processes each sentence from the original document and
produces a vector representation. It utilizes two advanced transformer-based models:
the general-purpose RoBERTa-l (large) and the domain-specific LegalBERT. These



5.2 Improving court judgment prediction 91

models have recently been identified as the top-performing sentence encoders for the
CJP task [186].

Both pretrained models are fine-tuned specifically for the CJP task. However, a
limitation of using transformer-based models is their maximum length constraint,
which restricts the processing of lengthy legal documents such as actual court cases.
To address this issue, we incorporate a hierarchical component that aggregates
the sentence vector representations to produce the final prediction. It consists
of several attention layers and linear layers. Sentence embeddings are combined
through average pooling, and the resulting document representation is fed into the
classification layer to generate the final prediction.

For the sake of comparison, we also investigate the use of Large Language
Models (LLMs) for CJP. Specifically, we fine-tuned three open-source LLMs: Llama
2 7B [67], Mistral 7B v0.1 [187], and Zephyr 7B β [188].

Court Judgment Prediction Explanation and our NER Boosting Explainer. We
utilize post-hoc input attribution methods (model-agnostic). These methods analyze
a model’s prediction for a given target class to estimate the contribution of each
input token to that outcome. In our scenario, however, the model inputs are sentence
embeddings rather than individual tokens. Therefore, we apply input attribution
methods at the sentence level to determine which sentences are most relevant to
the prediction. This approach not only simplifies the explanation process but also
reduces computational costs, which would be significantly higher if performed at the
token level for long documents.

Standard post-hoc attribution methods typically depend solely on the input
documents and the prediction model, often ignoring external knowledge such as
domain-specific entities that legal experts might consider relevant. To address
this limitation, we propose incorporating entity information into the generation of
prediction explanations. The core idea is that sentences featuring legal entities are
more likely to provide meaningful explanations for the predicted outcome.

Our approach, namely NER Boosting Explainer, is composed of the following
steps:

1. We compute a score, named the NER score, to each sentence based on the
proportion of legal entities present in its token representation. Sentences
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with a higher concentration of legal entities are considered more relevant for
explaining judgment predictions.

2. We enhance the explanations provided by the post-hoc attribution methods
using the NER scores. For a given sentence xi, let e(xi) denote the attribution
score from the method, n(xi) represent the NER score, and β ∈ R≥0 be a
boosting parameter. The boosted sentence score is calculated as e(xi)(1+
βn(xi)). A higher β value increases the emphasis on sentences with frequent
legal entities.

3. We construct the explanation by selecting the top-k sentences, ranked according
to their boosted sentence scores, in descending order.

5.2.3 Experimental design

Legal NER We utilize the named entity dataset provided by [185, 1]. This dataset
includes annotations for two tasks of the Indian legal system. The annotations
include the identification and the classification of legal entities, as well as explanatory
elements pertinent to understanding legal judgments.

The dataset for the L-NER task includes 14,444 Indian court judgments and 2,126
judgment preambles, annotated with 14 types of legal named entities. Indian court
judgments are divided into two sections: the preamble, which contains metadata
such as names, dates, and court details, and the judgment itself, which includes the
substantive text. The following list outlines the selected named entities.

• COURT: Name of the court which has delivered the current judgment;

• PETITIONER: Name of the petitioners/appellants/revisionist from the current
case;

• RESPONDENT: Name of the respondents/defendants/opposition from the current
case;

• JUDGE: Name of the judges from the current case;

• LAWYER: Name of the lawyers from both the parties;

• DATE: Any date mentioned in the judgment;
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• ORG: Name of organizations mentioned in text apart from the court;

• GPE: Geopolitical locations which include names of states, cities, villages;

• STATUTE: Name of the act or law mentioned in the judgment;

• PROVISION: Sections, sub-sections, articles, orders, rules under a statute;

• PRECEDENT: All the past court cases referred to in the judgment as precedent;

• CASE NUMBER: All the other case numbers mentioned in the judgment (apart
from precedent);

• WITNESS: Name of witnesses in current judgment;

• OTHER PERSON: Name of all the persons that are not included in petitioner,
respondent, judge, and witness.

For L-NER masking, we consider all entity types except for PROVISION and
STATUTE.

CJP and PE Our focus is on the Indian Legal Documents Corpus (ILDC) [1],
which includes case proceedings from the Supreme Court of India in English, span-
ning from 1947 to 2020.

The ILDC documents are categorized into two main types: single petitions (7,593
documents) and multiple petitions (34,816 documents).

Each document is labeled with the original decision made by the Supreme Court
of India, which serves as the ground truth. Cases can be either accepted or rejected
based on various factors such as case facts, lower court rulings, arguments, statutes,
and precedents.

In addition to the decisions, a subset of 56 test documents has been annotated
with explanations by five legal experts. These annotations, ranked by importance,
provide the ground truth for prediction explanations and are referred to as the explain
set. Note that these explanation annotations are only available for the test set.

To highlight the importance of Named Entity Recognition (NER) in court judg-
ment prediction, we analyzed the frequency of entities in both the documents and
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Legal named entity fREL

PROVISION 0.980
PRECEDENT 0.980
STATUTE 0.961
ORG 0.424
GPE 0.294
OTHER_PERSON 0.272
RESPONDENT 0.255
COURT 0.238
DATE 0.236
WITNESS 0.140
JUDGE 0.110
CASE_NUMBER 0.108
PETITIONER 0.079
LAWYER 0.027

Table 5.1 Frequency count ratio of the analyzed entities.

the ground-truth explanations. Specifically, Table 5.1 presents the frequency count
ratio for each entity, defined as the ratio of the number of occurrences of the entity in
the explanation gold standard to its occurrences in the input documents. The results
show that many entities frequently appear in both the documents and the explanation
annotations, underscoring their significant role in model explainability.

Metrics The evaluation of Named Entity Recognition (NER) models involves
calculating both strict and type-match F1 scores based on the combined preamble
and judgment sentences. The strict F1 score measures the exact match of both entity
boundaries and types. Conversely, the type-match F1 score evaluates the overlap
between predicted and actual entities, considering their types. This latter metric
reflects how closely the model’s predictions align with the ground truth.

In line with [1], the performance of classifiers on binary court judgment prediction
tasks is assessed using macro Precision, Recall, and F1 score metrics.

Explanation evaluation employs established metrics of plausibility and faithful-
ness.

Plausibility assesses how well the explanations align with human reasoning [189].
We measure the alignment of generated explanations with gold annotations using
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several quality metrics: ROUGE-1, ROUGE-2, ROUGE-L [114], BLEU [190],
METEOR [191], Jaccard Similarity, Overlap Maximum, and Overlap Minimum [1].

Faithfulness evaluates how accurately the explanation reflects the model’s reason-
ing process. It is measured using two complementary metrics: comprehensiveness
and sufficiency.

Comprehensiveness indicates whether the explanation includes the sentences that
the model actually used to make its prediction [189]. We measure comprehensiveness
by removing the sentences in the explanation and observing the change in the
prediction probability. Specifically, let xi,1,xi,2, ...,xi,N be the sentences of the legal
judgment Xi and f (Xi)yi be the probability of the CJP model f for the prediction
yi. Let XK ⊆ Xi be the explanation, with xk ∈ {xi,1,xi,2, ...,xi,N} for all xk ∈ XK .
Comprehensiveness is defined as f (Xi)yi − f (Xi \XK)yi , where Xi \XK represents Xi

with the sentences xk ∈ XK removed. A high comprehensiveness value indicates that
the sentences in XK are important for the prediction.

Sufficiency measures whether the sentences in the explanation are sufficient for
the model to make the prediction [189]. It is quantified as the change in predic-
tion probability when only the sentences in the explanation are used as input, i.e.,
f (Xi)yi − f (XK)yi . A low score suggests that the sentences in the explanation are
crucial for driving the prediction.

Models We experimented with the recently proposed Large Language Models and
the most established transformer-based models. The motivations behind our choice
are summarized below: As open access pre-trained Large Language Models we
consider Llama 2 7B [67], Mistral 7B v0.1 [187], and Zephyr 7B β [188] for both
court judgment prediction and explanation tasks.

As baseline methods for Legal NER we consider:

• LUKE [184]: We test both its base (LUKE-b) and large (LUKE-l) versions,
with and without additional fine-tuning on the well-known generic named
entities recognition dataset (CoNLL-2003 [192], Open entity [193], and TA-
CRED [194]).

• BERT [68] and RoBERTa [195]: fine-tuned generically for the NER task in
mono- and multi-lingual setting (BERT-b-multilingualFC and
RoBERTa-b-multilingualFC).
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• A set of models specifically pre-trained on legal corpora (EURLEX, ECHR,
and contracts) [132].

To address CJP we adopt RoBERTa-l and LegalBERT. The former model is
larger and general-purpose, whereas the latter is smaller but pre-trained in the legal
domain. For both model tokenizers we inject new tokens (e.g., [ENTITY_NAME])
corresponding to the NER tags used to mask the documents for part of the experi-
ments. All pre-trained checkpoints of these models are obtained from the Hugging
Face hub repository1.

Large Language Models leverage Parameter-efficient fine-tuning (PEFT) [26]
to adapt the model parameters to specific tasks with lower memory requirements.
Specifically, we employ LoRA [27], which integrates trainable rank decomposition
matrices into each Transformer layer. This approach significantly reduces the number
of trainable parameters required for downstream tasks. To further decrease memory
usage, we implement 8-bit quantization during training [97]. Additionally, we
include the pre-trained model in a zero-shot setting as a baseline for comparison.

The competitor adopts a XLNet with BiGRU and an attention mechanism. For
PE, it proposes an occlusion-based method that operates at the level of chunks of
512 tokens of the document. It estimates the relevance of a chunk as the differences
in output probability between the masked chunk input and the unmasked one. We
leverage and evaluate the following post-hoc feature attribution methods: Gradi-
ent [196] (also named as Saliency), Integrated Gradient [197], and leave-one-out
(LLO) methods. At the implementation level, we employ the ferret [198] XAI library
to generate and benchmark explanations for Transformers models. We extend the
ferret’s Explainer APIs to support sentence inputs rather than token inputs.

For LLM explanation, we iterate over each sentence and we ask LLM to identify
whether this sentence can be used as a explanation, i.e.:

You are provided with a **single sentence** taken from a legal
judgment.
The goal is to determine whether this sentence can serve as a valid
explanation for the final prediction of the judgment:
* **1 (allowed)** — the appeal, request, or claim was accepted.

1https://huggingface.co/models latest access: January 2024

https://huggingface.co/models


5.2 Improving court judgment prediction 97

* **0 (dismissed)** — the appeal, request, or claim was rejected.

A sentence is a valid explanation if it:
* Provides legal reasoning, justification, or causation tied to the
outcome.
* References legal principles, factual findings, procedural
reasoning, or statutes that support the final decision.
* Helps a reader understand *why* the case was allowed or dismissed.

### Instructions:
Given the sentence, output only one number:
* ‘1‘: if the sentence provides a valid explanation for the final
prediction of the judgment.

* ‘0‘ : if the sentence should be dismissed as not explanatory for
the final prediction.

### Input:
<legal_sentence></legal_sentence>

### Prediction:
<predicted_label></predicted_label>

### Output:

5.2.4 Results

Legal NER Results Table 5.2 presents a comparative analysis of the performance
metrics for several models applied to the L-NER task on the validation dataset
(performance metrics for the test set across the complete ILDC dataset are not
publicly accessible [1]). The models are categorized according to their pre-training
and fine-tuning approaches, distinguishing between those designed for general NER
tasks and those specifically tailored for legal domain applications.

The results indicate that the LUKE-l-openentityFC model outperforms all other
models evaluated. It achieves the highest scores across both evaluation metrics, with
a Strict F1-score of 88.82% and a Type Match F1-score of 93.69%. This model
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Model type Model Strict
F1-Score

Type Match
F1-Score

Generic pre-training
LUKE-b 86.42 92.31
LUKE-l 88.59 93.38

Legal pre-training

BERT-s-legalPT 82.61 90.07
BERT-b-legalPT 87.28 93.28
BERT-b-contractsPT 87.56 93.20
BERT-b-echrPT 86.66 92.90
BERT-b-eurlexPT 86.86 92.34
RoBERTa-b-legalPT 83.90 91.20

NER-generic fine-tuning

BERT-b-conllFC 82.75 90.23
BERT-l-conllFC 84.30 91.13
BERT-b-multilingualFC 85.94 91.14
LUKE-l-conllFC 88.81 93.25
LUKE-l-openentityFC 88.82 93.69
LUKE-l-tacredFC 88.03 93.04
MLUKE-l-conllFC 67.52 78.37
RoBERTa-b-multilingualFC 54.19 69.97
RoBERTa-l-conllFC 88.14 92.98

Table 5.2 Comparison of various models based on their performance on validation data.
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leverages the LUKE architecture and has been fine-tuned using the Open Entity
dataset.

Based on the Type Match F1-score, the second highest-performing model is
LUKE-l-conllFC, another general-purpose fine-tuning model built on the LUKE
architecture. This model achieves a Strict F1-score of 88.81% and a Type Match
F1-score of 93.25%. The LUKE-l model, which has not undergone additional fine-
tuning on a specific dataset, also demonstrates strong performance, with a Strict
F1-score of 88.59% and a Type Match F1-score of 93.38%.

General-purpose fine-tuning models exhibit a wide range of performance out-
comes. For example, MLUKE-l-conllFC performs the poorest among all models,
with a Strict F1-score of only 67.52% and a Type Match F1-score of 78.37%. In con-
trast, BERT-b-multilingualFC shows significantly better performance, achieving a
Strict F1-score of 85.94% and a Type Match F1-score of 91.14%.

When evaluating legal-specific models, it is evident that those pre-trained on
legal data tend to underperform compared to their general-purpose counterparts on
this particular dataset. Among the legal pre-training models, BERT-b-contractsPT
achieves the best performance, slightly surpassing BERT-b-legalPT.

The overall results indicate that the model architecture and fine-tuning strategy
relevantly affect the performance of the models compared to the choice of pre-
training. Despite the legal-specific models being pre-trained specifically for legal
text, they generally exhibit worse performance than the LUKE models, which are
fine-tuned on generic datasets. This indicates that the fine-tuning process, where the
models are adapted to the specific L-NER task, has a stronger impact on performance
than the choice of pre-training data. To comprehensively investigate the influence of
named entity recognition masking on the subsequent stage of the proposed pipeline
while effectively managing the experiment complexity, we use two specific NER
models, namely LUKE-l-openentityFC and RoBERTa-l-conllFC. These models
were chosen based on their promising performance in terms of type match metrics,
ensuring a thorough analysis of the impact of NER masking without overwhelming
the experimental setup.
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Classification
Model

NER Model
for masking

Dev Set
Precision Recall F1 Score

BERT-b-legalPT - 76.21 75.86 75.77
BERT-b-legalPT RoBERTa-l-conllFC 76.10 75.75 75.67
BERT-b-legalPT LUKE-l-openentityFC 74.94 74.65 74.57
RoBERTa-l - 80.69 79.38 79.15
RoBERTa-l RoBERTa-l-conllFC 76.60 76.26 76.18
RoBERTa-l LUKE-l-openentityFC 77.27 76.38 76.16

Table 5.3 Results for the CJP model obtained by applying a textual encoder to the docu-
ment tails. RoBERTa-l model reaches the highest performance without the NER masking
approach.

w/o masking w/ masking

Attention
Layers

MLP
Layers Dev Set Test Set Dev Set Test Set

2 2 79.40 75.83 80.58 78.15
2 4 80.41 76.89 80.58 77.12
2 8 79.06 75.69 79.07 76.10
4 2 78.22 74.67 79.53 75.74
4 4 80.06 74.90 80.33 78.47
4 8 65.60 63.61 80.17 77.35
8 2 78.97 74.58 78.82 76.45
8 4 80.01 76.81 79.86 77.80
8 8 78.77 77.02 79.77 78.27

Table 5.4 CJP results obtained applying a hierarchical approach.

CJP Results Table 5.3 presents the results of the CJP model of the initial com-
ponent of the CJP step. Predictions are generated by applying transformer-based
sentence encoders—namely, RoBERTa and LegalBERT—to document tails. Previ-
ous research indicates that document tails are particularly advantageous for prediction
tasks within the legal domain [1, 186].

Before utilizing the sentence encoders, the document tails undergo NER mask-
ing using two distinct NER models: RoBERTa (RoBERTa-l-conllFC) and LUKE
(LUKE-l-openentityFC), the latter being the top performer for the L-NER task.
Both the training and evaluation phases were conducted using the complete dataset,
which includes both single and multiple petition documents.
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Notably, model size exerts a greater influence on performance than in-domain
legal pre-training. For instance, the large version of RoBERTa (RoBERTa-l) out-
performs the smaller LegalBERT (BERT-b-legalPT), despite the latter’s advantage
from legal domain pre-training.

We also investigate the impact of the NER masking operation (done with the
RoBERTa-l model for both encoding and NER masking of document sentences) by
repeating the experiments on the raw document tails. With non-hierarchical models,
the results obtained using a masked text are slightly worse than those reached using
the original document for the prediction task. Such a behavior can be attributed to
the presence of a few entities within document tails that seemingly do not contribute
significantly to the prediction task.

In the following discussion, the model that employs NER-masked sentences will
be referred to as H-NER-MASKED, whereas the model that utilizes raw document
sentences will be designated as H-UNMASKED.

Training Model Precision Recall F1-score

Zero-shot Llama 2 7B 50.31 50.11 40.60
Zero-shot Llama 2 7B-MASKED 49.97 49.99 41.32
Zero-shot Mistral 7B 52.29 51.62 47.88
Zero-shot Mistral 7B-MASKED 51.99 51.58 48.96
Zero-shot Zephyr 7B β 50.76 50.74 50.27
Zero-shot Zephyr 7B β -MASKED 52.40 52.26 51.56

Fine-tuning Llama 2 7B β 51.96 50.93 43.37
Fine-tuning Llama 2 7B β -MASKED 55.27 52.16 43.98
Fine-tuning Zephyr 7B β 52.33 52.32 52.27
Fine-tuning Zephyr 7B β -MASKED 55.86 55.73 55.48

Table 5.5 CJP results achieved by the LLMs on the test set. Model versions’ with name suffix
-MASKED integrate entity masking.

The results presented in Table 5.4 validate the efficacy of the hierarchical ap-
proach for processing long legal documents, achieving an F1 score of 80.41% on
original texts and 80.58% on masked texts. These scores represent improvements
of 1.26% and 4.40%, respectively, over their corresponding non-hierarchical meth-
ods. Unlike predictions based solely on document tails, the model trained with
NER-masked sentences demonstrates superior performance on test data, with an
F1 score of 78.47% compared to 77.00% for the unmasked text. This performance
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enhancement is also observable in the test set, where the model’s results are slightly
lower than those on the validation set. These findings indicate that the removal
of sensitive information, such as defendants’ names, can be effectively managed
without compromising system performance.

Table 5.6 provides a comparative analysis of performance between competitor
models—employing XLNet with BiGRU and attention mechanisms—trained on
both single-petition and multi-petition documents, and the top-performing H-NER-
MASKED.

Model Precision Recall F1-score

XLNet + BiGRU + att. (competitor multi) 77.32 76.82 77.07
XLNet + BiGRU + att. (competitor single) 75.26 75.22 75.25
H-NER-MASKED 78.49 78.47 78.47

Table 5.6 Performance of the best model (hierarchical approach with four attention layers
and MLP layers) compared to competitors’ models trained on single and multi datasets.

Competitor models are evaluated based on their training on either single-petition
or multi-petition documents separately. In contrast, our approach utilizes a unified
model trained on the entire dataset, which includes both single-petition and multi-
petition documents.

Our model, featuring a hierarchical approach with four attention layers and MLP
layers, demonstrates superior prediction accuracy compared to all tested competi-
tors, including those based on Large Language Models (refer to Table 5.5). This
enhanced performance can be attributed to two key factors: (1) the complexity of
legal reasoning tasks for pre-trained Large Language Models (LLMs) [175], and (2)
the length of legal documents, which frequently exceeds the maximum capacity of
these models.

In general, all approaches utilizing entity masking outperform their respective
versions that do not incorporate entity masking.

CJPE Results We conducted judgment prediction on the validation dataset uti-
lizing the H-NER-MASKED model, followed by an evaluation of the explanation
quality for the predictions. It is noteworthy that the model employs masking based
on the large variant of RoBERTa (RoBERTa-l) and is structured with two attention
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CJP model explainer ROUGE 1 ROUGE 2 ROUGE L Jaccard
random 30.35 19.80 33.98 24.37

[1] OCCL 45.07 29.70 42.42 32.39

H-NER-MASKED
LOO 61.43 46.54 59.19 47.89
GxI 61.62 47.01 59.51 48.17
G 62.45 48.30 60.61 49.12

H-UNMASKED
LOO 58.33 43.17 56.02 44.54
GxI 60.58 45.53 58.17 46.88
G 62.24 47.76 60.2 48.52

H-NER-MASKED G+NER 62.46 48.31 60.62 49.10

H-UNMASKED
LOO+NER 58.36 43.20 56.03 44.55
GxI+NER 60.74 45.72 58.33 47.04
G+NER 62.82 48.39 60.68 49.16

CJP model explainer Overlap min Overlap max BLEU METEOR
random 68.66 27.97 9.38 16.35

[1] OCCL 71.85 38.31 17.60 22.29

H-NER-MASKED
LOO 76.84 56.05 42.74 38.98
GxI 77.21 56.33 42.71 38.59
G 77.95 57.14 44.34 39.91

H-UNMASKED
LOO 74.75 52.83 38.22 35.64
GxI 76.06 55.21 40.97 37.18
G 77.31 56.75 43.62 39.18

H-NER-MASKED G+NER 77.94 57.12 44.34 39.90

H-UNMASKED
LOO+NER 74.75 52.84 38.28 35.66
GxI+NER 76.15 55.38 41.26 37.39
G+NER 77.57 57.38 44.99 40.20

Table 5.7 Explanation plausibility of LOO (Leave-one-out), GradientXInput (GxI), Gradient
(G), and gradient β -boosted via NER (G+NER-β ) considering 40% of the sentences as
explanation.
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layers and four MLP layers. Additionally, we examined the explanation quality
of the highest-performing H-NER-MASKED model, comparing it to the masked
version. This optimal model similarly consists of two attention layers and four MLP
layers.

We applied the two models to a separate explain dataset consisting of 50 docu-
ments, for which gold annotations provided by five legal experts are available. The
H-UNMASKED and H-NER-MASKED models achieved F1 scores of 0.71 and 0.73,
respectively. Subsequently, we evaluated the quality of the explanations generated by
the leave-one-out (LOO), gradient (G), and gradient × input (GxI) methods for both
models, as well as those enhanced with named entity recognition (Explainer-NER-β ).
Tables 5.7 and 5.9 present the results for plausibility and faithfulness, respectively.

Comparison with the baselines. We initially assess the plausibility of the proposed
explanations by comparing them against established baselines. In particular, for
all approaches, 40% of the sentences are designated as explanations, following the
methodology described in [1]. Two baseline methods are utilized for comparison.
The first baseline, serving as a sanity check, is a random model where explanations
are generated by randomly selecting 40% of the sentences. The second baseline
involves occlusion-based explanations generated for the XLNet+BiGRU model as
proposed in [1].

For the H-NER-MASKED model, all explanation methods outperform both the
random baseline and the occlusion-based explanations (refer to Table 5.7). Our
approach generates more plausible explanations that align more closely with human-
provided explanations.

The LOO explanations generated by our method and the occlusion-based expla-
nations from [1] exhibit notable similarities, as both techniques rely on omitting
individual inputs and measuring the change in the CJP model’s output probability.
The primary difference lies in the portion of the input that is occluded: our method
occludes sentence embeddings, while [1] occludes chunk embeddings. Despite this
distinction, our approach yields higher quality results across all plausibility metrics.

We attribute this improvement to two main factors. First, the CJP models we
present achieve superior overall performance, which suggests that they have better
learned relevant associations between the input document and the final decision,
thereby producing explanations that are more aligned with human reasoning. Second,
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the finer granularity of sentence-based occlusion appears to be more effective than
using chunk embeddings, which cover multiple sentences, leading to more precise
and plausible explanations.

Impact of NER masking. NER masking leads to the highest CJP performance, with
the H-NER-MASKED outperforming the H-UNMASKEDẆe now assess whether
explanations derived from NER-masking also exhibit a better alignment with experts’
explanations. The ground truth explanations correspond to original sentences within
the judgment. To ensure a fair comparison, the masked sentences selected for
explanation are remapped to their original versions.

The plausibility metrics, both without and with masking, are reported in the 3rd
and 4th blocks of Table 5.7. Across all metrics, each explanation method achieves
higher results when H-NER-MASKED is utilized. This indicates that NER masking
not only enhances prediction accuracy but also improves the plausibility of the
explanations. These findings empirically demonstrate the increased robustness of
the proposed models, which prioritize relevant facts and causes over the identities of
involved parties, regulations, or precedent cases when predicting outcomes.

Impact of NER boosting. We now turn to the evaluation of whether enhancing
explanations via NER tagging improves their overall quality. NER tagging boosting
amplifies the significance of sentences that contain entities, based on the premise
that such entities represent crucial information that experts typically use to draw
conclusions from legal documents, thereby aligning with human rationales.

The boosting parameter β is set to 7, as this value provides an optimal balance
in the proportion of sentences affected by the boosting. A detailed analysis of the
β hyperparameter tuning, along with its impact on the quality of explanations, is
presented later in this section.

We first assess the impact of NER boosting on the H-NER-MASKED. NER
boosting is applied across the three explanation methods; however, only the results
for the gradient (G) method are presented in the 5th block of Table 5.7, as the boosted
explanations for the LOO and GxI methods are identical to their original versions.
The gradient explanation method shows a slight improvement with the adoption of
NER boosting. This outcome suggests that the H-NER-MASKED already effectively
encodes the relevance of entities due to the NER masking, thereby diminishing
the additional benefits of boosting. Next, we evaluate the effect of boosting on
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the H-UNMASKED, with results reported in the final block of Table 5.7. In this
case, NER boosting proves highly beneficial, with all explanation methods showing
improved quality metrics when boosting is applied. The NER-boosted gradient (G)
explanations for the H-UNMASKED achieve the highest scores across all evaluated
configurations, though the differences with the H-NER-MASKED remain marginal.
These findings indicate that NER boosting can be effectively used to introduce post-
hoc information after training, enhancing the quality of explanations. Moreover,
this technique can be applied to masked texts with only a negligible impact on
performance.

Plausibility separately for experts. To this point, we have evaluated the average
plausibility results across five experts. We now analyze the variability in results
among individual experts. Focusing on the best configuration for the H-NER-
MASKED, specifically the NER-boosted gradient (G) explanations, Table 5.8 presents
the plausibility metrics for each expert separately, alongside the occlusion-based
explanations for the XLNet + BiGRU + attention method.

Our G+NER model achieves the highest performance. However, the results
exhibit variability across different experts. This variation highlights that legal experts
may identify different parts of a document as relevant to their judgments, influenced
by their individual experience and expertise. These discrepancies underscore the
importance of providing explanations that can assist legal experts in validating and
trusting model decisions based on their own professional judgment.

Faithfulness of explanations. Table 5.9 provides the metrics for comprehensiveness
and sufficiency, representing the faithfulness of the explanations. Consistent with
the plausibility analysis, the results for NER-boosted Leave-One-Out (LOO) and
Gradient × Input (GxI) explanations for H-NER-MASKED are not presented, as they
are identical to the non-boosted explanations.

Comprehensiveness measures the extent to which explanations encompass the
relevant inputs for the model. The Gradient × Input (GxI) method yields the highest
comprehensiveness scores for H-NER-MASKED among the evaluated methods,
followed by the Gradient (G) method, in both its original and boosted forms.

Sufficiency evaluates how well the explanations alone can account for the model’s
predictions, with lower sufficiency values indicating better performance. The Gradi-
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Method and
Explainer User 1 User 2 User 3 User 4 User 5 avg

ROUGE 1 ours - G+NER 65.22 60.57 62.98 62.49 61.03 62.46
[1] - OCCL 44.40 51.67 40.14 39.07 50.08 45.07

ROUGE 2 ours - G+NER 51.70 42.71 51.87 53.40 41.85 48.31
[1] - OCCL 30.33 29.53 29.65 29.65 29.37 29.70

ROUGE L ours - G+NER 63.80 54.97 63.25 66.08 54.99 60.62
[1] - OCCL 43.92 40.72 42.31 44.45 40.72 42.42

Jaccard ours - G+NER 53.16 43.58 52.43 53.23 43.10 49.10
[1] - OCCL 33.27 31.70 32.79 32.41 31.77 32.39

Overlap min ours - G+NER 79.42 71.43 83.67 86.86 68.31 77.94
[1] - OCCL 74.41 58.87 80.93 83.37 61.69 71.85

Overlap max ours - G+NER 62.01 53.22 58.46 57.90 54.01 57.12
[1] - OCCL 38.97 41.42 36.00 35.11 40.06 38.31

BLEU ours - G+NER 48.85 46.20 41.11 39.23 46.31 44.34
[1] - OCCL 15.97 27.95 9.92 9.31 24.83 17.60

METEOR ours - G+NER 39.94 47.33 33.97 33.48 44.79 39.90
[1] - OCCL 21.10 29.18 17.23 16.91 27.03 22.29

Table 5.8 The quality of explanations is evaluated separately for each user using the gradient
method with NER boosting (β = 7), denoted as G+NER) for the H-NER-MASKED and
compared with the occlusion-based method applied to the XLNet + BiGRU + attention model
from [1]. In both methods, 40% of the sentences are used as explanations.

Masking Boosting Explainer Comprenhensiveness (↑) Sufficiency (↓)
✗ - random 0.126 0.295
✓ - random 0.113 0.254

✗ ✗

LOO -0.059 0.578
G 0.211 0.122

GxI 0.211 0.122

✓ ✗

LOO -0.033 0.470
G 0.237 0.034

GxI 0.295 0.046

✗ ✓
LOO -0.058 0.578

G 0.218 0.114
GxI 0.213 0.120

✓ ✓ G 0.237 0.034
Table 5.9 Faithfulness of explanations for the Leave-One-Out (LOO), Gradient × Input (GxI),
and Gradient (G) methods, with and without NER boosting (β = 7). Explanations are based
on 40% of the sentences. The caption highlights the best-performing method in terms of
faithfulness.
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ent (G) method, both in its original and boosted versions, achieves the most favorable
sufficiency results for H-NER-MASKED.

The results indicate that the masked judgments yield improved comprehen-
siveness and sufficiency metrics compared to the unmasked version. Specifically,
improvements of up to +0.084 in comprehensiveness and -0.088 in sufficiency are
observed for the Gradient × Input (GxI) and Gradient (G) methods. The masking of
entities not only helps to maintain privacy but also enhances the faithfulness of the
explanations.

LLMs explanations. We perform a separate analysis of the interpretability offered
by Large Language Models (LLMs), using the optimal predictive model as input.
Explanations, alongside predictions, are generated following the protocol outlined
in [199]. Table 5.10 presents plausibility metrics collected from five legal experts, as
well as their average assessment.

Compared to the results reported in Table 5.8—which include transformer-based
explanation methods—the LLM-generated explanations consistently score lower on
plausibility. This discrepancy likely stems from the nature of the evaluation setting:
while transformer methods select from a fixed pool of candidate sentences (typically
aligned with the gold standard), the LLM explanations are dynamically generated,
even when prompted to select rather than generate text.

Although we instructed the LLM to select approximately 40% of the most
contributive sentences, minor output variations are difficult to eliminate entirely due
to the generative nature of LLMs. Moreover, current evaluation metrics—designed
around comparison to a gold standard—may be less suited for free-form or flexible
outputs. This mismatch between dynamic generation and static evaluation likely
contributes to the observed performance gap.

To mitigate this, several strategies could be explored. Improved prompting
techniques, such as few-shot learning with demonstrations or the use of more explicit
selection constraints (e.g., via in-context chain-of-thought selection tasks), might
increase alignment with the gold standard. Additionally, alternative output formats,
such as producing binary sentence-level justifications or explicitly ranking candidate
sentences, could help guide the LLM toward more evaluation-compatible outputs.
Lastly, adopting more flexible evaluation protocols, such as expert consistency checks
or agreement with auxiliary model rationales (rather than a static gold set), could
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User 1 User 2 User 3 User 4 User 5 avg

ROUGE-1 25.38 35.24 21.66 20.58 29.69 26.51
ROUGE-2 16.65 19.54 15.42 14.90 15.07 16.32
ROUGE-L 30.17 32.54 27.70 27.54 27.18 29.03
Jaccard 20.96 23.85 19.02 17.86 19.88 20.31
Overmin 80.96 67.52 86.32 86.76 63.61 77.03
Overmax 22.52 27.47 19.86 18.66 22.97 22.30
BLEU 4.32 10.78 2.12 1.97 8.07 5.45
METEOR 12.01 17.82 9.25 8.82 15.14 12.61

Table 5.10 Evaluation of Zephyr 7B β (masked) explanation quality for each individual user.

offer a more faithful assessment of the explanatory value of dynamically generated
text.

Impact of boosting parameter. We optimize the boosting hyperparameter, β on the
validation set. The parameter β is varied across a range from 0 to 30, and its impact
on the explanations generated for the validation set is systematically analyzed.

As β increases, the relevance of sentences with NER taggings also increases.
Figure 5.2 shows that a higher β leads to a greater proportion of documents with
explanations influenced by NER boosting. The impact varies by masking modality
and explanation method. Notably, Gradient (G) explanations without masking are
most affected by boosting, with up to 85% of documents showing an increase. We
identify a knee point at β ≈ 7, where approximately 60% of Gradient explanations,
17% of Gradient × Input (GxI) explanations, and 7% of Leave-One-Out (LOO)
explanations are influenced. In contrast, explanations with masking exhibit minimal
impact, with the maximum effect reaching only 2%. This limited effect is attributed
to the fact that the NER-masked model already effectively encodes the relevant
information regarding the presence of entities.

We investigate the impact of β on faithfulness using the validation set, as il-
lustrated in Figure 5.3. The analysis excludes Leave-One-Out (LOO) explanations
without masking due to their inferior performance compared to other methods, as
detailed in Table 5.9. For the unmasked model, we observe an increase in compre-
hensiveness along with a decrease in sufficiency as β varies. In contrast, boosting
has a minimal effect on the masked model’s explanations, likely because only a small
proportion of documents are affected by the boost.
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Fig. 5.3 Faithfulness results as the degree of boosting β varies on the validation set. Results
with no boosting applied (β = 0) are marked with a star.

These results highlight the significance of including entity information for gener-
ating faithful explanations. Specifically, explanations from the NER-masked model
generally demonstrate higher quality. Meanwhile, for models that do not utilize
NER, applying NER boosting enhances both the quality and faithfulness of the
explanations.

Given the minimal impact on faithfulness, we select the β value based on the
percentage of documents affected by boosting. Specifically, we set β to 7, as this
provides an optimal balance between the extent of boosting and its impact. As
detailed in Table 5.7, NER boosting significantly enhances the plausibility of the
results, particularly for the unmasked model.
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In these experiments, tuning the β value for plausibility measures is not feasible
due to the lack of ground truth explanations for the validation set. However, an
examination of the impact of β on plausibility in the explain set is presented in the
Appendix.

5.3 Evaluating LLM performance on legal problem
solving

There is an urgent need to advance and refine legal reasoning capabilities in Large
Language Models (LLMs). However, practitioners encounter difficulties in evalu-
ating these capabilities due to the limitations of existing legal benchmarks, which
often fail to encompass the full range of legal tasks [175]. To address this challenge,
the SemEval-2024 Task 5 organizers introduce a novel task and dataset of U.S. civil
procedure domain [200, 201]. Each instance in this dataset includes a case intro-
duction, a specific question, a proposed solution argument, and a detailed analysis
justifying the argument’s relevance to the case. The goal of the proposed task is to
assess the accuracy of the given answer based on the provided case introduction,
question, and potential answer.

To address this task, we initially reformulate the dataset as a multiple-choice ques-
tion answering problem using the multiple-choice prompting (MCP) method [202].
We tested various open-source language models on this adapted dataset, including
Flan T5 XXL [203, 94], LLama 7B and 13B [67], Zephyr 7B [67], and Mistral
7B [187]. These models were specifically trained to address legal problems and
provide explanations for their predictions, utilizing the analyses provided in the
dataset.

In this work we propose the CLUEDO approach, which stands for “Choosing
Legal oUtcome by Explaining Decisions through Oversight”.

This framework employs a set of collaborative models to aggregate the final
outcome based on the predictions from each individual model. These models are
trained to predict the label of the correct answer and to generate an explanation of
this prediction. The final component, referred to as the “detective” model, operates
in a zero-shot manner, utilizing the outputs from the collaborative models. This
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model evaluates the answers and explanations provided by all collaborators and
deduces the final answer.

In this work we investigate the following research questions (RQs):

• RQ1. Is the multiple-choice approach more effective compared to the single-
choice approach?

• RQ2. Does incorporating the analysis into both the training and generation
processes enhance performance?

• RQ3. Does our detective model, CLUEDO, demonstrate greater effectiveness
than individual models in a zero-shot setting? Additionally, are the results
from CLUEDO more stable?

Our results on the challenge dataset indicate that the proposed methodology
outperforms individual models trained with standard fine-tuning. Moreover, our
approach achieved second place in the public competition, with a final test F1 macro
score of 0.77.

5.3.1 Dataset

[201] introduce a new dataset sourced from the U.S. civil procedure domain. This
dataset, derived from a textbook designed for law students, is characterized by
its complexity and relevance for evaluating modern legal language models. Each
instance in the dataset comprises i) a general introduction to the case: provides
an overview of the case to establish context. ii) a specific question: presents a
particular legal query related to the case. iii) proposed solution argument: offers a
potential answer to the posed question. iv) an annotated label: Indicates whether the
proposed solution is correct (1) or incorrect (0). v) a detailed analysis: includes a
comprehensive explanation for why the solution argument is applicable to the case.
The task is formulated as a binary classification problem, where the objective is to
predict the correctness of the provided answer based on the accompanying textual
information. During the test phase, both the analysis and labels are not accessible.
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Model P R F1 A

Llama 2 7B 0.57 0.60 0.56 0.64
Mistral v0.1 7B 0.61 0.63 0.62 0.73
Zephyr beta 7B 0.62 0.65 0.63 0.73
Llama 2 13B 0.65 0.69 0.66 0.75

Table 5.11 Performance of trained models on the development set. All models are trained to
produce both labels and analyses within the framework of a multiple-choice setting.

5.3.2 System Overview

This section offers a detailed overview of the proposed methodology. Initially,
we describe our approach to transforming the question-answering problem into a
multiple-choice format and how this adaptation is applied to our specific scenario.
Subsequently, we present the CLUEDO framework, including an explanation of the
various models incorporated into our study.

Multiple-choice. Building on the methodology proposed by [202], we reformulate
the dataset as a multiple-choice question-answering task and employ multiple-choice
prompting (MCP) [202]. In the MCP framework, the language model is presented
with not only the question but also a set of candidate answers, similar to a traditional
multiple-choice test. Each candidate answer is associated with a label, such as “A,”

“B,” or “C.” This setup allows the model to explicitly compare the available options
and reduces computational costs associated with generation.

When only one candidate answer is available, the system generates an additional
option labeled “None of the above is true”. These additional answers are excluded
from the test and validation metrics. Our experiments aim to assess whether the
multiple-choice approach offers a performance advantage over the single-choice
method. In the single-choice scenario, the model is provided with a single answer
and must predict its correctness directly.

CLUEDO. This approach entails the development and training of multiple col-
laborative models, each tasked with predicting the appropriate label for responses
to legal queries. During the training process, each model provides a corresponding
explanatory analysis. In the final stage, a zero-shot model consolidates the predic-
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tions and justifications generated by these collaborative models to derive the most
accurate final decision, leveraging the combined efficacy of the individual models’
outputs. The structure of the CLUEDO system is as follows:

• N Collaborative Models: These models are trained to predict the label corre-
sponding to the candidate answer that best addresses the legal question, while
also generating a rationale for their selection. In our implementation, we
employ three collaborative models, chosen based on their performance on the
development set.

• The Final “Detective” Model: This model operates in a zero-shot manner,
utilizing the outputs and justifications provided by the collaborative models to
determine the most accurate final answer. It receives the same introduction,
legal question, and candidate answers as the collaborative models and is tasked
with synthesizing and assessing the inputs from the collaborators to arrive at
the final decision.

Examples of prompts utilized for both the collaborative and detective models are
provided in Table 5.12.

5.3.3 Experimental design

Models We conducted an evaluation of several open-source models, utilizing
both zero-shot and fine-tuning techniques. The models analyzed include Flan T5
XXL [203, 94], LLama 7B and 13B [67], Zephyr 7B [67], and Mistral 7B [187], cho-
sen based on their distinctive characteristics and performance metrics. Additionally,
GPT-4 [176] was incorporated into our evaluation in a zero-shot setting.

We applied a Supervised Fine-Tuning (SFT) strategy, incorporating precision
enhancement through 8-bit quantization. The models underwent training for three
epochs using Parameter-Efficient Fine-Tuning (PEFT) [204], batch size of 4 and a
learning rate of 5e-5. The sequences were processed with a context length of 4096,
which optimizes the model’s capability to capture long-range dependencies within
the data.
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Models Example Prompt
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<s>[INST] <<SYS>>Given the following explanation and the question,
which of the candidate answers is correct? The correct answer is the
one that is true according to the explanation. <</SYS>>

<explanation>Although discovery usually extends to [...] </explanation>
<question>Confidential chat. Shag [...] </question>
<candidate_answers>
1 - Shag will not have to answer any of the interrogatories [...] </candidate_answers>
[/INST]

<correct_answer>

C
LU

ED
O

<s>[INST] <<SYS>>You are a legal supervisor tasked with resolving legal
queries. You are working alongside three artificial intelligence models,
named m1, m2, and m3. Given an introductory context, a question, and a set
of candidate answers, these three models must choose the correct answer and
provide justification for their choice. Your responsibility is to assess the
models’ responses and determine whether they are correct or not.
To do so, you must read the context (enclosed within the tags <context>
</context>), the question (within <question></question>tags), and the
candidate answers (within <candidate_answers> </candidate_answers>tags),
and identify the correct answer among them (using the <supervisor_answer>
tag).
Additionally, you must provide reasoning for your choice (using the
<supervisor_explanation>tag). While collaborating with the models and
considering their advice, the ultimate decision rests with you.

For each response, use the following format:
<supervisor_answer>SUPERVISOR ANSWER</supervisor_answer>
<supervisor_explanation>SUPERVISOR ANSWER</supervisor_explanation>
<</SYS>>

<context>Although discovery usually extends to [...] </context>
<question>Confidential chat. Shag [...] </question>
<candidate_answers>
1 - Shag will not have to answer any of the interrogatories [...]
</candidate_answers>
[/INST]

</candidate_answers>
<m1_answer>1</m1_answer>
<m1_explanation>[...] </m1_explanation>
<m2_answer>1</m2_answer>
<m2_explanation>[...] </m2_explanation>
<m3_answer>2</m3_answer>
<m3_explanation>[...] </m3_explanation>

<supervisor_answer>

Table 5.12 Example of prompts for collaborative models and our CLUEDO approach.



116 Explainability and reasoning for complex tasks

Model Classification task Prec Rec F1 Acc

Flan T5 XXL Multiple choice 0.60 0.67 0.59 0.64
Flan T5 XXL Single choice 0.54 0.53 0.32 0.32

GPT-4 Multiple choice 0.66 0.73 0.66 0.57
GPT-4 Single choice 0.40 0.50 0.44 0.80

Llama 2 13B Multiple choice 0.64 0.58 0.59 0.79
Llama 2 13B Single choice 0.55 0.58 0.54 0.61

Llama 2 7B Multiple choice 0.51 0.51 0.51 0.74
Llama 2 7B Single choice 0.53 0.52 0.52 0.73

Mistral v0.1 7B Multiple choice 0.55 0.59 0.54 0.61
Mistral v0.1 7B Single choice 0.55 0.58 0.52 0.57

Zephyr beta 7B Multiple choice 0.54 0.56 0.50 0.69
Zephyr beta 7B Single choice 0.40 0.50 0.44 0.80

Table 5.13 Zero-shot models on the development set. The highest performance within each
model family, measured by F1 macro score, is highlighted in bold. Notably, the multiple-
choice approach yields superior performance in five out of the six evaluated cases.

5.3.4 Results

We conduct individual tests for each configuration and present the obtained results
on the development set, to show the efficacy of the multiple-choice setting and
model selection criteria. The following paragraphs address the research questions
previously presented.

RQ1: Impact of the multiple-choice setting. Table 5.13 presents the performance
of zero-shot models on the development set. Within each model family, the multiple-
choice question-answering approach consistently surpasses the single-choice method
in terms of F1 Macro scores. The performance of models within the same family
shows variability, with larger models generally demonstrating better generalization
capabilities compared to their smaller counterparts.

RQ2: Impact of analysis inclusion in model training. Table 5.14 illustrates the
effect of incorporating analysis into the training process of models. To evaluate the
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Model Classification task Analysis included Prec Rec F1 Acc

Llama 2 7B Multiple choice x 0.49 0.48 0.47 0.56
Llama 2 7B Multiple choice ✓ 0.57 0.60 0.56 0.64
Llama 2 7B Single choice x 0.40 0.50 0.44 0.80
Llama 2 7B Single choice ✓ 0.40 0.50 0.44 0.80

Llama 2 13B Single choice x 0.55 0.58 0.52 0.57
Llama 2 13B Multiple choice ✓ 0.65 0.69 0.66 0.75

Table 5.14 Trained models on the development set. The highest F1 Macro scores are
highlighted in bold. For both the 7B and 13B models, incorporating the generation of the
analysis results in superior performance.

impact across different model sizes and classification tasks, we maintained a fixed
model family.

For both the 7B and 13B models, the generation of the analysis (✓) improves
performance when adopting the multiple-choice setting. It balances precision and
recall metrics, improving the overall F1 Macro score. Conversely, for both Llama
2 7B and Llama 2 13B, the F1 Macro scores for single-choice tasks do not exhibit
significant improvement with the addition of analysis. This suggests that these
models may be less responsive to the benefits of additional analysis in single-choice
scenarios. Furthermore, training the Llama 2 13B model with analysis results in an
additional +0.07 F1 score compared to its zero-shot counterpart. In contrast, the
performance of the 7B models deteriorates with the inclusion of analysis during
training.

RQ3: CLUEDO results. The selection of collaborative models is based on the
performance metrics reported on the development set, as detailed in Table 5.11. All
models are configured to produce both labels and analyses within the multiple-choice
framework. Among the models evaluated, Llama 2 13B demonstrates the highest F1
Macro score, reflecting its superior performance across various evaluation metrics,
followed by the Mistral and Zephyr models. For the supervisory model, GPT-4 is
selected, as it shows the best performance in the zero-shot setting, as indicated in
Table 5.13.

In Table 5.15 the results on the test set are presented. When the corrections
based on the consensus of the second and third collaborators (Mistral and Zephyr)
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Dev Test
Method F1 Acc F1 Acc

Best
0.66 (≤ 0.01) 0.75 (≤ 0.01) 0.69 (≤ 0.01) 0.75 (≤ 0.01)

collaborator
Collaborators

0.65 (≤ 0.01) 0.75 (≤ 0.01) 0.65 (≤ 0.01) 0.75 (≤ 0.01)
agreement

Zero-shot
0.63 (± 0.04) 0.71 (± 0.02) 0.77 (± 0.02) 0.83 (± 0.02)

detective
CLUEDO 0.74 (± 0.01) 0.78 (± 0.01) 0.77 (± 0.01) 0.82 (± 0.01)

Table 5.15 Results on dev and test sets: collaborators within CLUEDO are trained to generate
the analysis along with the labels and adopt the MCP approach.

are applied, the result slightly decreases to 0.65 on both the development and test
sets, indicating that the initial predictions from the collaborator were already highly
accurate.

The zero-shot model, GPT-4, achieves an F1 score of 0.63 on the development
set. However, it outperforms all other methods on the test set, attaining an impressive
F1 Macro score of 0.77, which highlights its exceptional generalization capabilities.
The CLUEDO method demonstrates superior performance on the development set
with the highest F1 Macro score of 0.74, and it achieves the second-highest score on
the test set, reflecting its effective performance across both evaluation phases.

To evaluate the stability of predictions, we conducted five separate experiments
on both the validation and test sets, assessing the models’ performance. Despite em-
ploying a greedy decoding strategy, minor discrepancies in floating-point operations
can result in divergent outputs, particularly for larger models [205]. This issue is
notably relevant for GPT-4, as discussed in the OpenAI community 2. Consequently,
despite setting the temperature to 0 for all experiments, users frequently report
significant variations in the model’s output.

Although predictions from the trained models remained consistent, significant
variations were observed in the predictions of GPT-4, especially when used without
collaborators (with the temperature set to zero and no sampling). These results are

2An example of discussion on model variability: https://community.openai.com/t/why-the
-api-output-is-inconsistent-even-after-the-temperature-is-set-to-0/329541, https:
//community.openai.com/t/run-same-query-many-times-different-results/140588

https://community.openai.com/t/why-the-api-output-is-inconsistent-even-after-the-temperature-is-set-to-0/329541
https://community.openai.com/t/why-the-api-output-is-inconsistent-even-after-the-temperature-is-set-to-0/329541
https://community.openai.com/t/run-same-query-many-times-different-results/140588
https://community.openai.com/t/run-same-query-many-times-different-results/140588
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summarized in Table 5.15. The proposed CLUEDO approach notably reduces the
standard deviation by 50%. Furthermore, the error estimates on the development set
are consistent with those obtained on the test set. In conclusion, while CLUEDO may
not achieve the highest performance on the test data, it provides enhanced stability
in predictions.

5.4 An end-to-end pipeline for legal information re-
trieval and problem resolution

Fig. 5.4 RAG pipeline comparison: Naive approach (left) vs. proposed enhancements - case
generation (center) and user input rewriting (right)

The aforementioned challenge oversimplifies the duties of a legal professional
by reducing their role to merely identifying the correct response to a given legal
case. In reality, resolving a legal case requires a more comprehensive approach.
Firstly, the expert should retrieve the most pertinent information, such as locating and
extracting the specific statutory provisions, precedents, or doctrinal explications that
directly address the legal issue at hand. Secondly, the expert must conduct a thorough
analysis of the retrieved materials to discern the most appropriate resolution, taking
into account the nuances and complexities of the particular case.

To address this limitation, we propose a Retrieval Augmented Generation (RAG)
pipeline to more accurately simulate the process of resolving legal cases. A generic
RAG pipeline first retrieves the most relevant contextual information coming from
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this dataset (the topic introduction), to provide the necessary knowledge base for
addressing the legal issue. Subsequently, the pipeline selects the most appropriate
resolution by analyzing and generate an answer using the retrieved context within
the specific factual circumstances of the case.

If the user’s query and the passages in the knowledge base have a semantic
mismatch, it can lead to a query-passage misalignment [206]. This misalignment
can negatively impact the performance of dense retrieval methods, as they rely on
capturing semantic similarities between the query and the passages, therefore causing
a subsequent performance drop in the generation step of a RAG.

To overcome this issue, in our RAG pipeline, we propose two alternative solutions
in both retrieval and generation phases (see Figure 5.4). A Problem generation step to
automatically generating fictitious legal cases from the original passages to improve
the retrieval phase and better match the input sequence. A query re-writing phase,
that automatically rewrite the user input and extract the most important terms for the
retrieval phase. We evaluate the proposed approaches using the aformentioned legal
reasoning dataset derived from U.S. civil procedure domain [200, 201]. We compare
the performance of different retrieval methodologies and language models, including
GPT-4, SAULM, and Llama-3 8B.

5.4.1 Problem formulation

We assume that we do not possess prior information regarding the relevance of
the legal topic description associated to a specific legal issue (henceforth referred
to as passages). Our objective is to construct a pipeline that, given a legal case
inquiry, is capable of i) retrieving the most pertinent passage and ii) leveraging the
retrieved passage to enhance the accuracy in identifying the correct answer with a
Large Language Model. Therefore, given a legal case description and a question qi,
accompanied by its corresponding alternative answers ai,1,ai,2, . . .ai,n, the goal is
to predict the correct answer ai, j and provide the most appropriate passage pi ∈ P

from the set of passages P (the legal textbook to explore) in a zero-shot fashion,
i.e., without utilizing any training dataset. The rationale behind adopting the zero-
shot setting stems from the fact that obtaining an annotated dataset of this nature is
generally a costly endeavor.
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5.4.2 Methodology

A Naive Retrieval-Augmented Generation (RAG) pipeline applied to legal problem
resolution is presented and depicted in Figure 5.4.

• The retrieval module aims to retrieve the most pertinent passage with respect
to the case description and the question provided by the user. Given a user
input qi, which in our case is the case description, the case question, the
retriever computes the score s(qi, p j) for each passage p j ∈ P . Subsequently,
the retriever ranks each passage score and returns the top k passages with the
highest scores.

• The generation module takes the first k passages selected by the retriever, the
user input qi, and returns its answer according to the information provided by
the passages.

Recent approaches [206] found that query-passage misalignment can lead to
lower performance in the retrieval phase, causing a subsequent performance drop in
the generation phase.

Given the limited data availability, infeasibility of employing methodologies that
necessitate training or fine-tuning a retrieval model [206] for solving this problem,
we propose two alternative approaches for addressing this issue:

• Case generation: Instead of indexing the original passages, we first auto-
matically generate fictitious legal cases starting from the original passage
(simulating the user input) and index them instead of the original one. More
formally, for each passage p j ∈ P , we generate the corresponding fictitious
legal problem p′j ∈ P ′ with a LLM. Then, the retriever computes the score
s(qi, p′j) for each new passage p′j ∈ P ′, ranks each passage score, and returns
the top k original passages p j associated with the generated legal problems p′j
with the highest scores. We generate them with the following prompt:

Given the following text, generate two
(2) distinct legal issues or problems
that could realistically arise within
the context described.
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The legal issues should be plausible
and logically connected to the details
provided in the text.

Text:
{}

Legal problem 1: [...]

• Query generation: A LLM is employed to rewrite the user input qi, extract-
ing the most important terms q′i. Therefore, the retrieval module computes
the score s(q′i, p j) for each passage p j ∈ P , ranks each passage score, and
returns the top k original passages p j with the highest scores. The generation
component takes the first k passages selected by the retriever, the original user
input qi, and returns its answer according to the information provided by the
passages. We generate the query with the following prompt:

Given the following legal problem,
generate a single high-quality search
query that can help find relevant
information in a book to solve
the problem.

The search query should:

1. Summarize the key concepts and
topics related to the legal problem.
2. Include relevant keywords, legal
terms, and phrases that capture the
essence of the problem.
3. Avoid being too broad or too narrow
, striking a balance between
specificity and comprehensiveness.
4. Generate 1 single query, without
punctuation or special characters.
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The goal is to construct a
query that can effectively retrieve
passages or sections from the book
index that are highly relevant and
useful for addressing the given legal
problem.

Text:
{}

Query: [...]

5.4.3 Results

Dataset [201] introduce a novel dataset of U.S. civil procedures. This dataset
has been created from a textbook designed for law students. From this dataset, the
following components are extracted:

• Legal case question: a description of a legal case and a specific question
pertaining to that case.

• Introduction of the context: an overview of the most relevant civil procedures
for resolving the aforementioned case.

• Possible solution argument: a potential answer associated with the question is
provided.

• Annotated label: it determines whether the possible solution is correct (1) or
incorrect (0).

The authors formulate the problem as a binary classification task, where the
objective is to predict the correctness of the provided answer, i.e., the label, based
on the textual information. We convert the problem from binary classification to
multiple-choice question answering problem, adopting the multiple-choice prompt-
ing (MCP) [202]. In MCP, the language model see the question and the set of
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candidate answers, akin to a multiple-choice examination. Each answer is linked to
a symbol, such as “A,” “B,” or “C”. This approach enables the model to explicitly
compare answer choices and reduces computational expenses associated with gen-
eration tasks. In cases where none of the given options are correct, we generate an
additional option None of the above is true. In these cases, this option is labeled as
the correct answer.

The average number of candidate answers is 4 (with a maximum of 6). The
mean number of characters in the input legal problems is 760, with some problems
reaching up to 1980 characters. For sake of clarity, we report an example below. An
example of passage (topic introduction):

Under Rule 56(a) summary judgment should be granted only if there
is “no genuine dispute as to any material fact” and the moving party is
entitled to judgment as a matter of law. This is a somewhat misleading
provision, unless you parse it very, very closely. Consider this question.
In most cases, the plaintiff’s complaint does state a claim for which
relief can be granted. It isn’t usually that hard to allege a valid cause
of action. But it is one thing to allege the required elements and quite
another to prove that they are true. [...]

An example of legal case and question (the user input):

Tang sues Crucible Laboratories, Inc., for injuries suffered in an accident
with Jericho, who was driving a Crucible van at the time of the accident.
His complaint alleges that Jericho’s negligence caused the accident,
that Jericho was acting in the scope of his employment for Crucible
at the time, and that Tang suffered a serious back injury as a result of
the accident. In its answer, Crucible denies that Jericho was negligent,
denies that Tang suffered a back injury from the accident, and denies
that Jericho was acting in the scope of employment at the time of the
accident. [...] Summary judgment for Crucible should

The associated possible answers:

1 - be denied, because Tang’s supporting evidence shows that there are
genuine issues of material fact concerning Jericho’s negligence and the
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cause of Tang’s back injury.
2 - be denied, because the pleadings show that three issues of fact
are in dispute: Jericho’s negligence, whether he was in the scope of
employment, and the cause of Tang’s back injury.
3 - be denied, because Tang has submitted evidentiary materials with his
opposition to the motion.
4 - be granted.

Experimental setup Three main retrieval methods were explored: 1) dense re-
trieval using embeddings using the LegalBERT [49], a BERT [110] model pre-trained
on the legal domain 2) standard keyword search, and 3) a hybrid approach combining
dense and keyword retrieval with re-ranking. The retrieval process involved several
hyperparameters:

• Top-K passages to retrieve, ranging from 5 to 10;

• Re-ranking operation: determining whether the re-ranking scores should be
added or multiplied to the original query score;

• Top-N passages for re-ranking, from 10 to 100, applicable only for the hybrid
search;

• Minimum should match parameters, specifying the percentage of query words
that should match with passages, ranging from 0% to 70%.

These hyperparameters were tuned on a validation set. Three generative language
models were used in the experiments: the open-source Llama 3 8B [174] and SauLM
7B models [207], as well as the closed-source GPT-4 model from Openai.

RAG pipeline results In table 5.16 we show the results of the complete RAG
pipeline. GPT-4 performs better than SAULM and Llama-3 8B across all methods,
both SAULM and Llama-3 8B exhibit lower performance compared to GPT-4, with
SAULM performing particularly poorly across all methods. Although this model is
pre-trained on legal domain, demonstrate lower generalization capability in zero-shot
task that involves reasoning skills.
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Model Method A P R F1

SAULM

Lower Bound 0.270 0.170 0.160 0.160
Upper Bound 0.390 0.330 0.320 0.325
Naive RAG 0.250 0.220 0.190 0.200
Case Generation 0.250 0.284 0.250 0.240
Query Re-writing 0.170 0.115 0.172 0.138

Llama-3 8B

Lower Bound 0.351 0.333 0.378 0.346
Upper Bound 0.484 0.587 0.490 0.517
Naive RAG 0.401 0.389 0.377 0.382
Case Generation 0.400 0.399 0.403 0.401
Query Re-writing 0.410 0.404 0.400 0.402

GPT-4

Lower Bound 0.347 0.252 0.244 0.247
Upper Bound 0.618 0.560 0.554 0.560
Naive RAG 0.515 0.414 0.413 0.414
Case Generation 0.550 0.448 0.449 0.448
Query Re-writing 0.590 0.550 0.560 0.550

Table 5.16 Comparison of RAG performance across different models and retrieval methods.

The query re-writing method yields the highest scores for GPT-4 across all
evaluation metrics. This suggests that reformulating the queries to better match the
information in the knowledge base can significantly improve the performance of the
GPT-4 model. For sake of completeness we also show the upper bound scores, i.e.
the theoretical maximum performance that the models could achieve on the task,
assuming perfect information retrieval. On the other side, the lower bound represent
the minimum performance that the models could achieve without any contextual
information (textbook passages).

These results highlight the importance of having access to relevant contextual
information for legal problem-solving tasks. While generative alone can provide a
baseline performance, access to external knowledge sources and effective information
retrieval techniques are crucial for maximizing the performance of these models in
this domain.

Information retrieval results Table 5.17 presents the results of the information
retrieval phase.
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Setting Search MRR R@1 R@3 R@5 R@10 P@1

Baseline

Tensor re-ranking 0.337 0.219 0.414 0.516 0.633 0.219
Keyword 0.341 0.219 0.414 0.508 0.625 0.219
Keyword re-
ranking

0.068 0.023 0.078 0.117 0.188 0.023

Tensor 0.152 0.078 0.203 0.250 0.328 0.078

Case generation

Keyword search,
Tensor re-ranking

0.359 0.211 0.422 0.500 0.633 0.221

Keyword 0.323 0.211 0.391 0.453 0.594 0.211
Keyword re-
ranking

0.085 0.055 0.078 0.125 0.195 0.055

Tensor 0.161 0.117 0.172 0.211 0.305 0.117

Query re-writing

Tensor re-ranking 0.368 0.234 0.453 0.563 0.688 0.234
Keyword 0.351 0.227 0.422 0.516 0.680 0.227
Keyword re-
ranking

0.138 0.078 0.156 0.211 0.344 0.078

Tensor 0.176 0.102 0.195 0.266 0.391 0.102

Case generation
and

Query re-writing

Tensor re-ranking 0.353 0.203 0.445 0.555 0.711 0.203
Keyword 0.347 0.195 0.445 0.570 0.688 0.195
Keyword re-
ranking

0.106 0.070 0.109 0.156 0.242 0.070

Tensor 0.158 0.086 0.195 0.242 0.359 0.086

Table 5.17 Information retrieval performance metrics across different methods and search
techniques.

Keyword search with tensor te-ranking performs best: this method consistently
outperforms or matches the best performance across all settings and metrics. This
hybrid approach, which combines keyword matching and dense vector re-ranking,
appears to be the most effective for retrieving relevant information from the knowl-
edge base in the legal domain. On the other side, the methods that rely solely or
primarily on dense vector representations ("Tensor" and "Tensor search, Keyword
re-ranking") consistently underperform compared to the keyword-based and hybrid
methods. This suggests that while dense vector representations can capture semantic
similarities, they may struggle to effectively retrieve relevant information in the legal
domain without the aid of explicit keyword matching.

The query re-writing method consistently improves the retrieval performance
compared to the baseline setting, especially for the methods that involves the key-
words. This highlights the importance of query reformulation in improving the
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alignment between the queries and the knowledge base. The case generation method
yields modest improvements over the baseline, particularly for the "Keyword search,
Tensor re-ranking" and "Keyword" methods. However, the improvements are not as
substantial as those achieved by the query re-writing method.

The combination of problem-generation and query re-writing does not consis-
tently outperform the query re-writing method alone. This finding supports the
hypothesis that aligning the query with relevant passages is crucial for the retrieval
phase, especially when using tensor search.

Generation quality In table 5.18 we tested the goodness of the generation. To
evaluate the quality of authomatically generated problems we consider the overlap
between problem generated and true. For queries, verlap between query and problems
from which they have been generated from. While the problem generation method
achieves higher scores on the ROUGE metrics, suggesting better text quality, the
query re-writing method appears to be more effective in the overall RAG pipeline
for legal problem-solving. This indicates that the ability to reformulate queries to
better match the knowledge base is more crucial for the downstream performance of
the complete system.

R-1 R-2 R-L R-Lsum BERT score
Compression

ratio

Problem generation 25.16 4.46 14.46 14.89 82.50 114.34
Query re-writing 17.49 7.87 13.38 13.38 82.29 660.69

Table 5.18 Generation quality evaluation for problem generation and query re-writing tech-
niques.

5.5 Summary of results and key insights

Based on the experimental results from three comprehensive legal AI studies, several
critical findings emerge that advance our understanding of effective approaches
for legal natural language processing tasks. The experiments consistently demon-
strate that architectural choices and fine-tuning strategies have greater impact than
domain-specific pre-training, with LUKE-based models outperforming legal-specific
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pre-trained models in NER tasks, while GPT-4 significantly outperformed domain-
specific SAULM models in legal reasoning, suggesting that general reasoning ca-
pabilities may be more valuable than legal domain specialization for zero-shot
tasks. For court judgment prediction systems, hierarchical approaches with NER
masking prove most effective (80.58% F1-score on development, 78.47% on test
sets), not only enhancing prediction accuracy but also improving explanation quality
and privacy protection by effectively managing sensitive entity information with-
out compromising performance. The studies reveal that collaborative multi-model
frameworks, exemplified by the CLUEDO approach with its supervisory "detective"
component, achieve superior stability by reducing prediction variance by 50% while
maintaining competitive performance, addressing the significant prediction insta-
bility observed in individual high-performing models like GPT-4. In information
retrieval tasks, query re-writing consistently outperforms other RAG enhancement
methods across all models, while hybrid approaches combining keyword search
with tensor re-ranking prove more effective than pure dense vector methods, indi-
cating that explicit keyword matching remains crucial in legal domains. Finally,
gradient-based explanation methods with NER boosting consistently outperform
baseline approaches across multiple evaluation metrics (ROUGE, BLEU, METEOR).
Effective information retrieval remains the primary bottleneck in legal RAG systems,
emphasizing that successful legal AI systems must balance accuracy, explainability,
privacy preservation, and stability while prioritizing query-passage alignment for
optimal performance.
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Conclusion

This dissertation explored various aspects of automatic analysis of legal documents,
addressing challenges related to the goal of automatic exploration of legal documents,
improving content access and exploration, and improving decision-making processes.

When addressing the challenge of enhancing document exploration, the type
of legal information has a great impact on LM performance and their performance
decreases while considering labels at deeper levels of granularity in the taxonomy
because the classification problem gets much more complex.

Classification problems can be effectively deployed in production environments,
as they maintain a degree of error that is generally acceptable for most applications.
The uncertainty and variability observed in the outputs of LLMs are often comparable
to the level of disagreement found in human evaluations. This makes classification
tasks a robust and scalable application of LLMs in real-world scenarios. However, it
is important to note that, while classification is effective for well-defined problems,
it is not sufficient to address more complex challenges.

For improving content accessibility, the presented works demonstrate that com-
bining general and specialized model pre-training yields higher-quality domain
adaptation compared to exclusively training summarization models on legal data
from scratch, and extending the model’s ability to attend to longer sequences of
tokens improves legal summarization performance on benchmark datasets.

In text summarization tasks, language models demonstrate good performance,
particularly when pre-trained on in-domain data and fine-tuned for specific use
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cases. These strategies significantly enhance the quality of the generated summaries.
However, trust and transparency remain concerns, as the outputs often lacks the level
of explainability required in high-stakes applications.

When facing decision-making, the AI systems face challenges related to cali-
bration, fairness, and transparency. In general, NER methodologies for text pre-
processing are beneficial both to obtain more accurate and more plausible predictions.
The model, when predicting outcomes, prioritizes the facts and causes over the in-
volved parties, regulations, or previous cases.

Adopting an approach that combines different models for case outcome predic-
tion, enhances prediction stability, provides more accurate explanations, and makes
it easier to identify prediction errors.

Large language models, including those specifically fine-tuned for legal reason-
ing, continue to face difficulties in solving complex reasoning problems. Although
closed-source, general-purpose LLMs often outperform smaller, fine-tuned models
in terms of generalization capabilities, they still fail to generate reliable reasoning in
intricate scenarios. Furthermore, the current generation of models lacks the flexibility
to be easily updated or scaled to reflect rapidly changing regulatory frameworks,
posing challenges for dynamic and evolving domains such as law.

Limitations Despite the promising results and novel methodologies presented in
this dissertation, several limitations remain. First, many of the experiments rely on
proprietary datasets or internal taxonomies, which may limit reproducibility and
generalization to other legal systems or jurisdictions. While efforts were made
to include multilingual and diverse document typologies, most studies focused
primarily on Italian legal texts, which may not capture the full variability of global
legal corpora.

Second, the evaluation of interpretability and summarization is still largely
dependent on human judgment or gold-standard annotations, which may introduce
subjectivity or mismatch when applied to dynamically generated outputs from LLMs.
This highlights the need for more robust and automated evaluation protocols tailored
to legal contexts.

Third, while classification tasks show consistent and scalable performance, more
complex reasoning tasks continue to reveal shortcomings in current LLM architec-
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tures, including hallucinations, lack of legal rigor, and difficulties with multi-step
inference. Fine-tuned models often struggle to generalize across unseen legal scenar-
ios, and closed-source models, while more robust, lack transparency and adaptability
for domain-specific customization.

Finally, many of the advanced techniques proposed remain in the experimental
phase. Their integration into real-world legal pipelines presents challenges in terms
of infrastructure, interpretability, and regulatory compliance, all of which must be
carefully addressed in future research.

Future research directions In conclusion, while several benchmarks have been
proposed [175], the legal domain lacks a unified and structured benchmark capable of
encompassing diverse tasks and providing comprehensive domain coverage, unlike
other fields such as the medical domain (e.g., https://huggingface.co/blog/leader
board-medicalllm). Furthermore, there is a pressing need for custom automated
evaluation methods tailored to the legal context, emphasizing the enhancement of
evaluation metrics and reporting capabilities by exploring performance measures
beyond standard accuracy. These advancements would significantly improve the
reliability and applicability of AI systems in legal tasks.

One promising avenue for advancing LLM research involves the integration of
symbolic and rule-based methods, creating hybrid approaches. While LLMs excel
at generating fluent and contextually relevant text, their output can sometimes lack
the logical rigor required for high-stakes applications like legal reasoning. Symbolic
reasoning [208] systems, grounded in formal logic and rule-based frameworks, could
provide an additional layer of verification or enhancement. For instance, symbolic
systems might check LLM-generated arguments against predefined legal principles
or regulations, flagging inconsistencies or errors. Moreover, these approaches can
play a crucial role in evaluation. Existing benchmarks for LLMs tend to rely on
statistical metrics or human judgment, which may not fully capture the quality of
legal reasoning. Symbolic methods could help establish more objective criteria by
evaluating outputs against structured legal frameworks.

Also, LLM Agents [209] represent a new and promising research direction,
particularly in the context of automating complex, multi-step tasks by leveraging
the capabilities of large language models in tandem with external tools or APIs.
While such agents have been explored in general-purpose domains, their potential

https://huggingface.co/blog/leaderboard-medicalllm
https://huggingface.co/blog/leaderboard-medicalllm
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in legal applications remains largely unexplored [210]. The development of LLM
Agents for legal reasoning, document drafting, and case analysis could significantly
transform the efficiency and accessibility of legal services. Future work should
investigate the challenges and opportunities of adapting LLM Agents to the legal
domain, addressing issues such as interpretability, adherence to jurisdictional rules,
and integration with domain-specific tools.
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