
Automation of Information Extraction and Analysis of
Portuguese Judgments

Igor da Cunha Caetano

Master’s in Integrated Business Intelligence Systems

Supervisor:
PhD José Eduardo de Mendonça Tomás Barateiro, Assistant
Professor,
University of Algarve and Iscte - Instituto Universitário de Lisboa

Supervisor:
PhD João Miguel de Sousa de Assis Dias, Assistant Professor,
University of Algarve

September, 2025



[ This page is intentionally left blank. ]



Department of Information Science and Technology

Automation of Information Extraction and Analysis of
Portuguese Judgments

Igor da Cunha Caetano

Master’s in Integrated Business Intelligence Systems

Supervisor:
PhD José Eduardo de Mendonça Tomás Barateiro, Assistant
Professor,
University of Algarve and Iscte - Instituto Universitário de Lisboa

Supervisor:
PhD João Miguel de Sousa de Assis Dias, Assistant Professor,
University of Algarve

September, 2025



[ This page is intentionally left blank. ]



To My family for believing in me even when they had no idea of what I was doing. To
My girlfriend for always standing by my side. To My grandmother who sadly did not live

to see me finish but whose love guided me every step. To my younger self, who bravely
(or foolishly) decided to embark on this journey.



[ This page is intentionally left blank. ]



Acknowledgment

This dissertation represents the result of both rigorous academic inquiry and the unwa-
vering support of remarkable people. I wish to express my heartfelt gratitude to everyone
who has guided, inspired, and supported me throughout this journey.

First, I would like to express my gratitude to my supervisors, Professor Doutor José
Eduardo de Mendonça Tomás Barateiro and Professor Doutor João Miguel de Sousa de
Assis Dias, for the guidance, patience, perspectives, experiences, and knowledge shared
throughout this process. Their support and contributions were crucial to the development
of this work and for my academic growth.

Secondly, I would like to give a special thanks to ByTheLaw and their support and
contributions, without them, this dissertation would not have come to reality.

I would like to express my thanks to the director of the Master’s program, Professora
Doutora Elsa Cardoso, for her dedication and advice, which contributed not only to the
development of this dissertation and my academic growth but also to an enriching overall
experience during this Master’s program.

To the faculty members and my colleagues of the Master’s program, I am grateful
for the enriching learning environment and for the countless insights and contributions
during classes.

I want to give my sincerest gratitude to my family, friends and specially my girlfriend,
for their unwavering support and countless times that they stood by my side motivating
me, helping me, and encouraging me throughout my academic journey and the develop-
ment of this dissertation.

In summary, the research and writing of this Master’s dissertation has been enriched
by the support, contributions, honesty, and generosity of many remarkable individuals. I
hope that this work can make a meaningful contribution to the academic community and
the advancement of knowledge in the legal and technological domains.

i



[ This page is intentionally left blank. ]



Resumo

A pesquisa jurídica envolve a análise minuciosa de documentos relevantes para identificar
princípios jurídicos, regras e legislação aplicáveis que possam apoiar a tomada de decisões
jurídicas, a fim de fortalecer ou enfraquecer uma posição jurídica. Esse processo exigente
requer que os especialistas invistam uma quantidade considerável de tempo e trabalho,
destacando um dos desafios inerentes à área. O crescimento do Processamento de Lin-
guagem Natural (NLP) impulsionou o interesse de muitos investigadores e desenvolvedores
em criar e desenvolver ferramentas para o domínio jurídico, a fim de apoiar especialistas ju-
rídicos nessas tarefas, permitindo-lhes trabalhar com mais eficiência. Com o surgimento
dos Large Language Models (LLMs), muitos têm desenvolvido ferramentas específicas
para o domínio jurídico devido às suas vastas capacidades em vários domínios e tarefas.
No entanto, o uso destas tecnologias traz desafios relacionados não apenas à tendência
dos modelos de alucinar, mas também à forma como podemos avaliar esses sistemas sem
conjuntos de dados anotados. Este estudo tem como objetivo explorar como, através da
construção de uma ferramenta baseada em Retrieval Augmented Generation (RAG) de
prova de conceito, os LLMs podem ser usados para auxiliar peritos jurídicos na pesquisa
jurídica, minimizando as alucinações, e desenvolver uma metodologia de avaliação que
possa ser aplicada quando não temos acesso a dados anotados para validar ou avaliar os
nossos sistemas.

Palavras-chave: Legal, Large Language Models, Retrieval Augmented Generation,
Documentos Portugueses
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Abstract

Legal search entails thoroughly analyzing possible relevant documents to identify applica-
ble legal principles, rules and legislation that can support legal decision-making in order
to strengthen or undermine a legal position. This demanding process requires experts to
invest a considerable amount of time and labor, highlighting one of the challenges inherent
in the field. The growth of Natural Language Processing (NLP) has propelled the interest
of many researchers and developers to create and develop tools for the legal domain in
order to support legal experts in such tasks, allowing them to work more efficiently. With
the emergence of LLMs, many have been developing tools specific for the legal domain
due to their vast capabilities across fields and tasks. However, the use of such technologies
brings challenges related not only to the models’ tendency to hallucinate but also on how
we can evaluate these systems without annotated datasets. This study aims to explore
how, through building a proof-of-concept RAG-based tool, LLMs can be used for aiding
legal experts in legal search while minimizing hallucinations, and to develop an evaluation
methodology that can be applied when we don’t have access to annotated data to validate
or evaluate our systems.

Keywords: Legal, Large Language Models, Retrieval Augmented Generation, Por-
tuguese Documents
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CHAPTER 1

Introduction

The task of legal search entails thoroughly analyzing possible relevant documents to iden-
tify applicable legal principles, rules, and legislation that can support legal decision-
making in order to strengthen or undermine a legal position. This demanding process
requires experts to invest a considerable amount of time and labor [1], highlighting one of
the challenges inherent in the field. With this, a growing interest in leveraging technolo-
gies like Natural Language Processing (NLP) has surfaced in order to assist experts by
simplifying or automating some processes and tasks due to the nature of the legal domain.
Recent advancements in NLP have further propelled exploration and development of in-
novative solutions, not only for legal search but also for various other tasks in the legal
domain. This research focuses on developing a tool capable of automating Information Ex-
traction (IE) and Information Retrieval (IR) of legal documents, specifically Portuguese
Judgments, and uses recent NLP technologies like Large Language Models (LLMs) to
analyze the extracted information to support legal search. This chapter introduces this
study, presenting the motivation, research questions, objectives, and methodology fol-
lowed in this research.

1.1. Motivation

Traditionally, implementations of NLP technologies in the legal domain have relied on
three main approaches: (i) Rule-based methods, where a given system uses manually
written rules to extract information from documents; (ii) Information Retrieval (IR) to
efficiently retrieve relevant legal documents from various sources; and (iii) Named Entity
Recognition (NER) to identify and classify entities present in a given document [2]. In
addition to these approaches, some tools or implementations also focus on summarization
or even Information Extraction (IE) instead of solely on Named Entity Recognition (NER)
[3]. However, it is important to mention that due to the nature of this domain and of
these technologies there are limitations and challenges they bring such as the language
ambiguity and complexity from legal texts [2].

In the last few years, Large Language Models (LLMs) have emerged and shown great
potential across various tasks and fields [4], which has lead many to try and implement
them in the legal domain in order to handle some of the challenges. LLMs in the legal
domain have been used in many tasks, including legal search, legal consultation [1], Con-
tract Analysis [2] and others. Nevertheless, these models also bring their own limitations
and challenges, such as the tendency to hallucinate, which entails in creating information
that is not supported by facts [5]. Across fields but, specially in the legal domain, it is

1



crucial to minimize hallucinations since, in this field, answers should be supported with
the proper sources [6].

Due to the tendency of LLMs to hallucinate, the Retrieval Augmented Generation
(RAG) framework surfaced as an approach to try to minimize this problem in order to
enhance the generation of knowledgeable, accurate and contextually relevant responses
[5] [7] [8]. RAG is a framework which involves the use of a retriever and a generator. The
retriever is capable of accessing external databases to retrieve the relevant documents for a
given query, and the generator, a Large Language Model (LLM) in this case, is responsible
of generating the answer to the given question according to the retrieved documents, a
system prompt and the contents of the question itself. This leads to a more flexible and
cost-efficient use of this technology [9] since there is not a need to fine-tune or re-train a
model when we are able to update the document database or the documents themselves
[10]. With this, many solutions try to apply and modify this framework while also testing
different approaches to execute the retrieval step or testing different generative models or
even different embedding models in order to create more semantically and contextually
relevant representations of text.

As mentioned, one of the core features of RAG is the use of a retriever, which retrieves
relevant documents from a database for a given query. While certain studies focus on
modifying the retrieving step, there is still a need to have a high amount of high quality
data in order to allow these models to retrieve accurate and relevant documents for a
user’s query, leading to a need to have ways to create structured annotated datasets.

1.2. Research Questions and Objectives

As previously mentioned, this study will focus on developing a tool developed for the
purpose of supporting Portuguese legal experts in legal search. With this purpose, the
objectives of this study are:

(1) Build a proof-of-concept system that has the capacity to extract information from
Portuguese legal documents using NLP;

(2) Through the use of LLMs analyze the extracted information and provide a sum-
mary of the information;

Given these objectives, two research questions arise:

(1) How can we extract relevant information for legal experts from Portuguese legal
documents;

(2) How can we validate and evaluate a question-answering systems for the legal
domain without a dataset of questions and answers annotated by experts?

1.3. Research Methodology

For this dissertation, it was opted to follow the Design Science Research Methodology [11]
to develop an objective-centered solution based on the objectives mentioned in Section
1.2.

The Design Science methodology abides by the following structure:
2



Figure 1.1. Design Science Research Methodology Diagram [11]

For the purposes of this study, our entry point is an objective-centered solution, since
we are developing a tool with a given objective, in this case, support legal experts through
the use of LLMs and the RAG framework.

As detailed in the beginning of this chapter and in Section 1.1, in the legal domain,
legal search tends to be a demanding and prolonged process. Such challenge has lead
researchers to develop NLP-based systems capable of allowing researchers to execute said
process more efficiently.

In order to aid experts in legal search, as mentioned in Section 1.2, our objective is to
build a system that leverages NLP technologies such as Retrieval, IE and LLMs capable
of extracting, analyzing and summarizing relevant legal information for experts. In our
case, we opted to use the Portuguese Supremo Tribunal de Justiça’s judgments in order
to create a specialized system we could more easily validate.

Through designing and developing our system, we were capable of creating a set of
artifacts in order to contribute to a solution for the issue at hand. The contributions
produced are (i) a systematic literature review on NLP-based approaches in the legal
domain, (ii) the development of an evaluation methodology for question-answering sys-
tems without a dataset annotated by experts, (iii) a specialized RAG system capable of
receiving an user’s request related to our data and answering it based on retrieval and
LLM technology.

To demonstrate the effectiveness of the artifacts, we created a validation dataset.
Questions were generated by an LLM based on the legal information and the predefined
question categories. With our generated questions, through the RAG framework we were
capable of taking advantage of the process of retrieval to answer the generated questions
while also extracting the retrieved context.

Given this validation dataset, to evaluate our system we took advantage of BERTScore,
where we were able to iteratively test and improve our system in order to prove how the
system’s prototype is capable of aiding experts in the process of legal search.

Finally, the outcomes of this work are intended for scholarly publications, where we
expect to publish two articles derived from the literature review and the systems produced
alongside this dissertation.

3



1.4. Document Structure

The remainder dissertation is structured in five chapters, them being:

• Chapter 2 (Background), where we present an overview of the fundamental
NLP technologies and techniques in existing approaches applied to the legal do-
main alongside the key concepts, techniques and processes of the technologies
applied during this dissertation.

• Chapter 3 (Literature Review) contains the literature analysis of related
topics addressed in the dissertation like Large Language Models (LLMs), Infor-
mation Extraction (IE), Information Retrieval (IR), Retrieval Augmented Gen-
eration (RAG) alongside an analysis of the trends present in the literature;

• Chapter 4 (Design & Development), presents the core components and
functionalities of our system alongside the decisions made during the development
process.

• Chapter 5 (Results) shows how the tool and its core functionalities are evalu-
ated by describing the approaches and experiments made and respective results
achieved;

• Chapter 6 (Conclusions) encompasses the assessment of the tool in terms of
complying with the set objectives previously presented and the limitations faced
during development alongside with possible future work that can be performed
in order to enrich the study;

4



CHAPTER 2

Background

Before delving into the details of the research made for this dissertation, it is imperative to
firstly comprehend the key concepts and processes of NLP based solutions and how they
are applied to the legal domain. This section provides an overview of the fundamental
NLP technologies and techniques in existing approaches applied to the legal domain,
starting with the existing tasks, the datasets used alongside the process of extraction of
data, the models and techniques used, and finally the common evaluation methods used.

2.1. Tasks

The first step for the development of any type of tool is the identification of the task or
tasks that align with the predefined objectives or requirements of the desired tool. In NLP,
depending on the objective, there are many existing tasks; however, for the purposes of
this study, only tasks applicable to the specific domain of this research will be presented.

Greco and Tagarelli [12] subdivided several NLP tasks into a set of legal tasks, namely
Legal Search, Legal Document Review, and Legal Outcome Prediction.

Legal search or legal research, as mentioned previously, entails thoroughly analyzing
possible relevant documents to identify applicable legal principles, rules, and legislation
that can support legal decision-making in order to strengthen or undermine a legal posi-
tion. Normally, this process is lengthy and requires a deep understanding of legislation
and how it can be used for a given case, leading this task to be driven by the concepts
of relevance in order to obtain legal documents that contain legal information for a legal
question of concern.

Legal document review pertains to the analysis and organization of available docu-
ments to determine which are sensitive or relevant to the litigation. An example given by
Greco and Tagarelli [12] is the following, "For instance, document review can be intended
to negotiate or revise an agreement, ensure that the filings of an attorney’s client comply
with appropriate regulations, modify a brief for a trial motion, inspect a contract to avoid
potential risks, or review client tax documents". Depending on the case, different criteria
might have more relevance, for example for the specific example given previously, the
authors mention "Relevance, responsiveness to a discovery request, privilege, and confi-
dentiality are essential criteria for any document in the review, but also in the analysis of
the information to relate key documents to alleged facts or key legal issues in the case",
highlighting the complexity of this process for experts.

Legal outcome prediction, as the name suggests, consists of predicting "the outcome
of a judicial decision based on the relevant facts and laws" [12]. This prediction can be
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applied to a variety of cases, however, there is a higher prevalence of criminal or civil
cases for this specific task. Inside this task, Greco and Tagarelli [12] also mention other
critical secondary tasks such as legal precedent prediction, which involves the prediction of
"passages of precedential court decisions that are relevant to a given legal argument posed
in the context of a judicial opinion or a legal brief ", overruling prediction, which consists
of determining "if a statement is an overruling, i.e., a sentence that nullifies a previous
case decision as a precedent, by a constitutionally valid statute or a decision by the same
or higher ranking court (which establishes a different rule on the point of law ...)", case
importance and article violation, which entails "Predicting the importance of a case can
be seen as a regression task, e.g., to measure on a scale from lower scores for key cases, to
higher scores for unimportant cases" and finally, employment notice prediction, relating
to the prediction of "the number of months awarded for reasonable notices in employment
termination cases".

Having a basic understanding of which legal tasks are the most commonly seen across
studies and implementations, we also need to understand which NLP tasks relate to them
and what they entail, with a focus on legal search tasks, since it is the task this dissertation
focuses on. Based on the categorization proposed by Greco and Tagarelli [12] and the
adaptation of said structure proposed by Siino et al. [13], in legal search, we find three
main NLP tasks, namely, Text Entailment, Information Retrieval, and Question
Answering. In addition to these tasks, based on the objectives of this dissertation, we
also included the task of Information Extraction, since such a task is relevant to the
process of building text-based tools.

Text Entailment aims to determine whether a logical relationship exists between
two segments of text, meaning whether a segment of text is inferred from the other [14].
For this task, traditionally, two segments can be classified into one of three categories,
for example, assuming we have segments A and B, if A proves B, then its classified
as "entailment" or "positive"; if A disproves B then its classified as "contradiction" or
negative; and if they have no correlation then its categorized as "neutral" [15].

Information Retrieval is the process of finding or obtaining information within
a collection of text or documents given an objective or need, allowing a user to access
information from a specific repository through a system. The information can be retrieved
at text-level, meaning, retrieving the text inside of a document; at document level, where
a set of documents is retrieved; and metadata-level, where the metadata that describes the
data of the collection is analyzed and retrieved. There are many ways a user interacts with
a similar system, it can be through either a query or an index, which can be formatted
according to the specifications of the system, such as numbers or natural language [16].

Question Answering, as the name suggests, involves the process of a user asking
the system a question or query expressed in natural language, and consequently, the
system will answer the query based on the information it was trained on using natural
language. This task can be used alongside information retrieval, allowing the system

6



to fetch contextual information based on a set of documents the developer wishes to
use. Examples of this technology are Frequently Asked Question robots, where given a
user’s question, they will answer it based on a collection of preset answers, extracting
and presenting the answer of the most similar question to the user’s query. However,
nowadays with the evolution of technologies such as LLMs, we have seen systems using a
generation component for answers instead of an extraction component [17].

Information Extraction is the process of extracting and/or identifying structured
information such as entities, relationships, events, and sentiments from semi-structured
or unstructured text data, and transforming it so it becomes organized, searchable, and
machine-readable. In other words, the process of extracting and identifying data from
unstructured data and transforming it into structured data, such as, for example, a data-
base table, that allows the systems to more easily use the data and generate insights from
it.

Inside Information Extraction there are other sub-tasks derived from it such as Named-
Entity Recognition (NER) which entails identifying named entities in a text; Re-
lationship Extraction, which consists of extracting and categorizing the relationship
between entities; Event Extraction, which allows a system to identify events such as
"meetings" or "appointments", when and where it took place and who was involved; Fi-
nally Sentiment Analysis, which consists of identifying the sentiment being expressed
or communicated by a piece of text [18].

2.2. Datasets

One of, if not the most crucial step to build any data-based tool is the choice of the
dataset. This step is crucial because it will influence the model’s answer quality and
become the basis for all the answers. The choice of the dataset is dependent on the task
and objective and in certain cases it is possible to use pre-existing datasets, but on the
other hand, specially for the legal domain, there is a need to build our very own dataset
since, the applicable legislation is distinct between countries and jurisdictions, which leads
many researchers to build datasets specific for their respective country and/or legislation.
In this section, some examples of common existing datasets, both general datasets used
across domains and specific datasets for the legal domain, are provided.

Firstly, we have SQuAD or Stanford Question Answering Dataset, which consists of a
dataset with questions posed by crowdworkers on a set of Wikipedia articles, where the
answer to every question is a segment of text, or span, from the corresponding reading
passage, or the question might be unanswerable [19]. This dataset is commonly used for
Question Answering-based tasks and is even considered one of the standards for this task.

CUAD or Contract Understanding Atticus Dataset is a corpus of 13,000+ labels in
510 commercial legal contracts that have been manually labeled under the supervision
of experienced lawyers to identify 41 types of legal clauses that are considered impor-
tant in contract review in connection with a corporate transaction, including mergers,
acquisitions, and more [19].
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LECARD or Chinese Legal Case Retrieval Dataset [20] is a legal case retrieval dataset
for Chinese law systems, which contains 107 query cases and 10,700 candidate cases. These
queries and results are adopted from criminal cases published by the Supreme People’s
Court of China with annotations from legal experts.

LLeQA or the Long-form Legal Question Answering dataset is a French native dataset
for studying information retrieval and long-form question answering in the legal domain,
which contains 1,868 expert-annotated legal questions in the French language, complete
with detailed answers rooted in pertinent legal provisions [21].

COLIEE is the Competition on Legal Information Extraction and Entailment, an
annual competition run by the International Conference on Artificial Intelligence and
Law (ICAIL) [22]. In this competition, there are many tasks that many researchers try to
compete in, such as Legal Case Retrieval, Legal Case Entailment, Statute Law Retrieval,
and Legal Textual Entailment. For each task, there is a dataset used, such as the Statute
Law Retrieval and Legal Textual Entailment datasets, which were built based on the
Japanese civil law.

As we can see, there are many datasets, and most of them are used depending on the
country where the implementation is being built. In Chapter 3, we will see how during
the literature review analysis, researchers chose or built their datasets.

2.3. Embedding models

In order for computational models to understand natural language, we need a way to
transform textual data into numerical data. To achieve such a thing, we can use embed-
dings, which refer to the representation of high-dimensional vectors in lower-dimensional
spaces, where each vector represents part of our data. For example, we can represent
words such as "king" and "queen" as vectors, and we can make calculations based on
those vectors and infer meaning from them based on similarity and/or distance. Given
these vectors, machine learning models can process them and understand their patterns
and be used for tasks such as classification, clustering, recommendation, text generation,
and more [23].

The choice of an embedding model has an impact when implementing it with ma-
chine learning models, since, depending on the training data used for these models, the
same word can have different representations between models. Consequently, the encoded
meaning can also be different, which can lead to better or worse results depending on the
objective and available data. Embeddings are computed based on tokens, which are the
basic units of text or data that a model processes. Tokens can correspond to full words,
sub-word units, characters, sentences, or even larger structures, depending on the model
and its tokenization strategy. The choice of which unit to apply is dependent on the task
and available data. Some examples of commonly used embedding models are BERT or
Bidirectional Encoder Representations from Transformers [24], which considers the con-
text from both sides of a word when making the representation and creates contextualized
embeddings, where distinct word embeddings are created for the same word depending on
8



the context; Word2Vec [25], a prediction-based model which also uses neural networks to
learn the associations between words; GloVe or Global Vectors for Word Representation
[26] that leverages the co-occurrence matrix of words across the entire corpus.

2.4. Large Language Models

Large Language Models or LLMs are one of the most recent developments in NLP and
have made a great impact not only on the field of research and technology but also on
culture and in our day-to-day. This section discusses the core functionalities of LLMs and
how they work.

2.4.1. Language Models and Transformers

Firstly, we need to understand what language models are. According to Quevedo et al. [3],
language models or even the task of language modeling consists of predicting upcoming
words from a prior word context. We can exemplify this by having a sequence of words,
where each word belongs to a set of all possible words, or a vocabulary, and based on
the sequence and vocabulary, we can try to predict what is going to be the next word
through probability or statistical methods. Advancements in deep learning led to the
development of LLMs, which leverage Transformers-based architectures and are trained
on a large collection of data, enabling them to generate more coherent natural language
across a range of topics. Due to this, these models are more capable of processing vast
amounts of information and recognizing complex patterns, allowing them to perform tasks
such as summarization, translation, information extraction, and others.

The Transformers architecture has made a great impact both in the NLP field and
also the Machine Learning field, leading it to be considered nowadays one of the stan-
dards when developing solutions in technological field. The reasons for such architecture
to be considered a standard stem from the self-attention mechanism and the ease of ac-
cess to pre-trained models through the HuggingFace [27] platform. This Neural Network
architecture implements an attention mechanism called self-attention, making it possible
for the model, through a word in the input, to capture its relationship with other words
around it. When a model receives an input, it will first tokenize the input and create
embeddings for each token. Given those tokens, the model will process each of them and
compute attention scores based on three key concepts: a query, a set of keys, and a value.
The query represents a vector for a specific word or token chosen for the respective iter-
ation of the process; the keys represent the vectors for all words or tokens of the input;
and the value corresponds to the dot product between the query and a key. Iteratively, a
word or token is chosen, and the values are calculated based on the existing keys of the
input, giving us the attention score. The attention score is high when two tokens match
or are related. This process is done in a Multi-headed attention layer in the Transformers
model, so each head applies self-attention and tries to capture different aspects of the
relationship [28]. We can see an example in Figure 2.1.
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Figure 2.1. Transformers’ Attention Mechanism Example

Transformers can be used in three different configurations. Encoder-only, where a
single attention mechanism is used with bi-directional attention, and is used in tasks where
one has immediate access to all words from the text. The bi-directional attention works by
instead of only using the previous words to predict a specific word, it also uses the words
that come after the predicted word in order to create a representation that considers the
whole context. One task where this mechanism is applied in in Mask Language Modeling,
which implies masking a random word in a given sentence and training the model to
predict that word based on the words around it in the sentence [29] [30]. As we can
see here, the focus is to create the best representation possible based on previous and
subsequent words in a given sentence.

Decoder-only architecture is used in tasks where one does not have access to all words
in the text, because, for instance, they do not exist yet. Hence, the models that employ
this architecture are focused on tasks such as text generation [29] [30], where, based
on previous words, the model can predict the next word in a sequence. The attention
mechanism applied in this architecture is unidirectional, and can only look at preceding
words to calculate the representation of the query word.

Finally, Encoder-Decoder architectures combine both attention mechanisms. For in-
stance, it is often used for translation tasks, where the text in the source language is
used to create a richer representation using a bi-directional attention mechanism, and the
text being generated in the target language is represented using a unidirectional attention
mechanism [29] [30].

With this knowledge, we can see how the different Transformers’ architectures can
be applied to many NLP based tasks. Encoder-only models have a focus on tasks such
10



as Text Classification, Information Extraction, and Information Retrieval, Decoder-only
models have a focus on Text Generation, and Encoder-Decoder models can be used for
Text Translation, Question Answering, and Summarization. Some examples of existing
models are Google’s BERT, one of the most well-known and most used Encoder-only
models, OpenAI’s GPT (Generative Pre-trained Transformers), a Decoder-only model,
and Google’s T5, a translation Encoder-Decoder Transformers model [28] [29] [30].

Given this, we now have a grasp of how LLMs work and what their core technologies
are. Given this, some LLMs are well known, and many use them in their daily lives.
Some examples of LLMs are OpenAI’s ChatGPT, which uses different versions of the
GPT models mentioned previously and is probably the most recognized model; Google’s
Gemini/BARD; META’s Llama; Anthropic’s CLAUDE; Mistral; Deepseek, and others.

2.4.2. RAG and Fine Tuning

Despite the capabilities of these models, due to the statistical methodology applied when
generating information, it is rather complex to guarantee and understand the veracity of
information, especially when LLMs present it as a fact. When an LLM generates answers
with fabricated, false, or inconsistent information, we call these types of answers hallu-
cinations, and these answers are one of the most prevalent limitations of this technology
[31]. Considering this occurrence, we can see how hallucinations can impact solutions
built for the legal domain, where the factuality of information is significant independently
of the task, leading this to not be acceptable in this domain [10]. In order to address such
phenomena, different approaches can be applied, such as re-training the model, fine-tuning
it, or using the RAG framework.

Re-training consists of repeating the process of model training with or without chang-
ing the parameters of this process. The model can be trained for larger periods of time,
which can lead to better accuracies, however, the cost of this process is very high [9], and
in certain cases, it can not even be feasible due to the amount of processing needed for
such a process.

Fine-tuning is the process of adapting a specific model for a specific task and/or do-
main. Some LLMs such as GPT, Llama and Gemini/Bard are initially trained on a diverse
collection of data, which allows them to have a general language understanding. With
fine-tuning we can specialize a model for a specific purpose in a chosen domain and/or
task by further training a model on a set of documents chosen, leading to the adjustment
of its parameters which can lead to higher accuracy and better pattern recognition in
the domain of choice. However, this process can be costly [9] both computationally and
monetarily, and requires curated datasets for the respective objective, and depending on
the amount of data needed for a given objective, this process can either require a lower
or greater amount of resources.

Retrieval Augmented Generation or RAG consists of a framework applied to LLMs
with the objective of allowing these systems to use up-to-date information without the
need to re-train or fine-tune, while trying to minimize hallucinations [9]. The traditional
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method for RAG follows a specific set of steps. First, a user gives a query, and through an
embedding model, a vector representation of the query is created. Second, through a sim-
ilarity measure, most commonly the cosine similarity, the top K most relevant documents
are retrieved from a database, which contains the vector representations of the data we
want to use. Third, the retrieved documents are given to a Generator, a generative model,
such as an LLM, that based on those documents and the user query, answers accordingly.
Figure 2.2 presents a diagram of how the traditional RAG pipeline works.

Figure 2.2. Traditional RAG Pipeline

This technique allows us to use up-to-date information by updating our database, so
for example, in the legal domain, if a certain legislation is updated, we do not need to
re-train our LLM if we use RAG, we only update the vector database. With access to
tailored data for our task, objective, and domain in the vector database, and by giving the
system instructions to answer questions solely based on the retrieved documents, we are
capable of minimizing hallucinations. For the legal domain, if our database is populated
with legal documents, we are able to increase the reliability of these systems since when
it answers a question, it will use valid legal information to formulate that answer.

As we can see, RAG brings a considerable amount of benefits when compared with
both re-training and fine-tuning, specially for the legal domain, where information is not
static since legislation can and is updated over time, and new cases surge every day. For
legal search specifically, it is important to consider all the information available, be it
old or new, which translates into a necessity of updating our knowledge base instead of
solely relying on new information. With RAG, it is possible to only update the database,
instead of changing the parameters of the model, leading us to consider this framework
for possible solutions in this field.

Despite this, it is important to keep in mind that hallucination can not be solved, by
any solution since this phenomenon is inherently tied to the fundamental mathematical
and logical structure of these models. Even though solutions such as RAG try to minimize
12



hallucinations, this phenomenon will always exist due to how the process of generation is
made and the mathematical foundations present in these systems [31].

2.4.3. Prompting

One of the core aspects of LLMs is prompting, which consists in the use of natural language
for guiding an LLM’s behavior in order to improve its performance in a specific task or
output [32]. This differs from traditional models because LLMs are traditionally trained
on a large amount of data without a specific objective in mind, allowing them to be used
in a wide variety of tasks. With prompting, we are able to leverage the LLM’s capabilities
for a determined outcome while not altering the weights of the model.

The process of making a prompt, or prompt engineering, can be challenging since it
is an iterative process with the objective of achieving the preferred outcome, as natural
language can be interpreted in different ways. In order to do this, there is a set of best
practices, however, these will not be the focus of this dissertation. With this knowledge,
one important factor to consider is the different techniques we can apply in prompting,
such as zero-shot prompting, few-shot prompting, and chain-of-thought prompting [32].

Zero-shot and few-shot prompting are related to a type of learning of the same name,
zero-shot learning and few-shot learning, which can be applied to machine learning models,
where we can choose to include or not include examples in the process of training. For zero-
shot we do not give the model any training examples, allowing the model to generalize to
new or unseen outputs when it is impossible or impractical to obtain labeled data for each
possible category. For few-shot learning we only give a small number of examples, leading
the model to generalize based on a desired output, which allows the use small amounts
of data when a bigger amount of data is unavailable [33]. For the prompting techniques,
this approach can be applied when writing our prompts, meaning when choosing to build
a query we can either write examples of output we desire through few-shot prompting
which enables few-shot learning or even in-context learning [34], or we can choose not
to include any examples and only write the objective with zero-shot prompting, which
enables zero-shot learning [35].

Another prompting technique we can apply is the Chain-of-Thought (CoT) technique,
which consists of writing a set of intermediate steps for the LLM to follow when trying to
solve a given problem [36]. This technique can also be applied alongside either zero-shot
prompting or few-shot prompting, depending on the amount of "reasoning" we want the
model to use before answering, which allows the model to handle more complex tasks. In
addition to this, for the legal domain, Reji et al. [37] have incorporated a variation of the
IRAC (Issue, Rule, Application, Conclusion) [38], legal analysis technique with CoT in
order to leverage both the technology of LLMs and legal framework so that it is possible
to achieve better results when using LLMs in the legal domain.

By applying these techniques, we can guide LLMs to a desired output and have more
control over it, which can lead to better performances, however, this iterative process
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requires effort in order to find the prompt that leads to our desired output according to
the desired specifications.

2.5. Evaluation

One crucial factor in building any tool is testing and evaluation. This process involves
using both quantitative and/or qualitative measures to assess the tool’s effectiveness,
accuracy, and overall performance in relation to its intended purpose. In this section, we
will present some of the benchmarks used to evaluate the system, describe the metrics
commonly applied, and briefly discuss the relevance of qualitative evaluation methods
[39].

2.5.1. Benchmarks

Benchmarks or benchmarking for LLMs pertains to the process of using standardized
frameworks for assessing the performance of LLMs. Traditionally, a benchmark consists
of a sample of data with a set of tasks, metrics, and a scoring mechanism. For the
case of LLMs, they are benchmarked based on a set of capabilities, for example, we
could benchmark a model on coding, math, legal knowledge, translation, summarization,
common sense, reasoning, etc [40]

Benchmarks are crucial in developing and/or enhancing models since they show us the
progress of a model while learning, and since they use quantitative measures, they allow
us to more directly analyze where the model excels and where it needs to improve. We
can apply many benchmarks simultaneously, and most of the time, when new models or
new versions of models are released, they are tested in a high number of benchmarks to
analyze the capabilities of the LLM [40].

In addition to being a dataset, SQuAD also works as a benchmark. This benchmark
version of the dataset contains a specific subset of the data from the original dataset
alongside a set of metrics which is used to assess the capabilities of the models in Question-
Answering. Other examples are MT-Bench, which tests how well an LLM can engage in
dialogue and follow instructions [40], and MTEB, which tests the performance of text
embedding models on diverse embedding tasks [41].

2.5.2. Quantitative Metrics

One way to assess the performance of a given system is to use a variety of quantitative
evaluation metrics, where each metric provides different insights into the system’s perfor-
mance. There is an extensive list of applicable metrics, however, for the purposes of this
dissertation, only the most commonly used in NLP-based solutions will be addressed.

Firstly, we have classification metrics such as Accuracy, Precision, Recall, and F1-
score, which focus on evaluating the system’s ability to correctly identify information.
In order to understand how these metrics are calculated, we need to understand what a
confusion matrix is. A confusion matrix, for classification, is built according to Figure 2.3

Focusing on the metrics mentioned and based on the confusion matrix in Figure 2.3,
we have:
14



Figure 2.3. Confusion Matrix Illustration

(i) Accuracy measures the proportion of correct predictions for all classes among all
predictions made, giving us an overall score of how, in general, the model performed in
assigning labels [39]. The calculation of this metric is the following:

Accuracy =
TP + TN

TP + FP + TN + FN
(2.1)

(ii) Precision measures the proportion of true positive predictions among all positive
predictions made, providing us a score of the positive predictions made [39]. This metric
follows this formula:

Precision =
TP

TP + FP
(2.2)

(iii) Recall or sensitivity measures the proportion of true positive predictions among all
actual positive instances, measuring how often the system identifies the positive instances
among all positive samples [39]. It’s calculated according to this formula:

Recall =
TP

TP + FN
(2.3)

(iv) F1-score consists of the harmonic mean between precision and recall, helping us
to identify if a model is becoming too specialized in identifying a specific label [39]. Its
formula is the following:

F1 =
2× Precision×Recall

Precision+Recall
(2.4)

Outside of classification measures, we also have regression measures and specific
metrics which are used in certain cases, depending on what we want to achieve with the
system.

Root Mean Squared Error, or RMSE, which is the square root of the Mean Squared
Error (MSE), provides a standard way of measuring the error between the actual value
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and the predicted value [42]. RMSE’s formula is presented as:

RMSE(y, ŷ) =

√√√√ n∑
i=1

(yi − ŷi)2

n
(2.5)

For NLP based metrics, one core concept we need to understand is the N-grams
technique, which consists of separating sentences into sets of N consecutive words. The
following metrics apply N-grams to some extent alongside metrics previously presented.

BLEU, or Bilingual Evaluation Understudy, assesses the quality of a machine-generated
text when compared to one or multiple textual references with the use of N-grams and
Precision, allowing us to quantify the resemblance between texts [43]. We can see an
example of how BLEU can be calculated in Figure 2.4.

Figure 2.4. BLEU Example [43]

ROUGE, or Recall-Oriented Understudy for Gisting Evaluation, is similar to BLEU,
where it is used to assess the effectiveness of machine-generated summaries through N-
grams, however, it calculates Recall instead of Precision, leading to this measure focusing
on determining how much information from the reference is contained within the gener-
ated text [43]. There are multiple variations of ROUGE such as ROUGE-N, ROUGE-L,
ROUGE-W and ROUGE-S that employ distinct which employ different techniques in
their calculations. We can see an example of ROUGE-N in Figure 2.5.

Figure 2.5. ROUGE-N Formula [44]

METEOR, or Metric for Evaluation of Translation with Explicit Ordering, differs
from the above mentioned metrics by incorporating the F1-score, or the harmonic mean
between Precision and Recall, and takes into consideration synonyms, stem forms of words
and word order when making its calculations. We can see its formula in Figure

Perplexity is one of the most common metrics used for LLMs. This metric measures
how confidently the model is able to predict the sequence of words through the probability
distribution for each word generated by the model [43]. Perplexity is calculated in the
following way:
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Figure 2.6. METEOR Formula [45]

PPLmodel = exp

(
−

t∑
i=1

log (Pθ(xi | xj ̸= xi))

)
(2.6)

where log(Pθ(xi | xj ̸= xi) is the log predicted probability of the ith token conditioned
on other tokens (j != i) in the sentence according to the model.

BERTScore [46] is a metric used for Transformers-based models, such as BERT, that
computes cosine similarity between candidate and reference sentences. The reference
sentences represent our standard text, which the candidate, our output text, will compare
against by aligning the tokens between sentences and computing the cosine similarity
between them, producing a score. The scores are then aggregated to produce Precision,
Recall and F1 measures. Here is an example of BERTScore:

Figure 2.7. BERTScore Example [47]

One important consideration to have is that these metrics do not consider the semantic
meaning of words, leading these measures to have difficulties analyzing any detail related
to the meaning of the words. In certain situations, for example, for problems related to
fields where the quality of information and its coherence are imperative, such as in the
legal field, other forms of evaluation could be used in addition to metrics in order to have
a better system.

2.5.3. Qualitative

In some cases, the use of qualitative techniques either alongside or over quantitative
measures is preferred due to the preference for a better understanding of the results and
outputs achieved. For instance, with NLP, systems that take advantage of textual data,
specially LLMs, are more prone to bias and misinformation in addition to hallucinations
[48], leading to the need to evaluate similar systems qualitatively in order to prevent such
occurrences, which, for the legal domain is an important consideration 1.

For qualitative techniques, there are not stipulated measures that most follow in order
to assess the quality of a system. In such cases, most determine the approach or framework
1In future sections, the problems, consequences, and ethical considerations LLMs bring will be discussed
more throughly.
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according to their respective resources, for example, some might build questionnaires for
experts to fill according to their opinion of the system [49], some might ask of experts to
evaluate a system according to a set of standards or metrics [50] and many other ways.
The conclusion we can take from the use of qualitative techniques for evaluation is that
researchers and/or developers should apply such techniques depending on the available
resources of the project and its objective and purpose.
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CHAPTER 3

Literature Review

3.1. Search Strategy and Inclusion Criteria

This research was conducted until the 1st of January of 2025, following the PRISMA
methodology. Three repositories were used, Scopus, Web of Science (WoS), and IEEE
Xplore (IEEE), from which 231 articles were obtained. The inclusion criteria that resulted
in the articles obtained were: only choose documents from 2021-2025, writing had to be
in English, and only conference papers and articles were included.

3.2. Study Selection

To filter the articles and papers obtained, the title, abstract, keywords and introduction
were read, from which some exclusion criteria were defined in order to only retrieve the
relevant documents related to the objectives and research questions previously stipulated.

3.3. Literature Extraction and Analysis

With the objective of conducting a systematic literature review, the PRISMA guidelines
were employed. This set of guidelines aids researchers in conducting systematic literature
reviews by providing a clear set of instructions on how to proceed with a literature review
in order to gather the relevant information and clearly present it. This allows researchers
to more reliably analyze the current state of the concepts, technologies, and/or solutions
for their respective research problem. Through this approach, it was possible to more
reliably research the relevant information and the most current to the time of this study
is being conducting, leading to the enhancement of the quality and reliability of this
review and even ensuring the reproducibility of the research process which provides a
better overview of the current state of LLMs and other technologies in the legal domain.
To better understand how this methodology was applied in the following subsections,
the scope of the research will be presented through the research questions, the inclusion
and exclusion criteria, and the results of the assessment of the retrieved documents from
certain databases.

To extract the necessary documents, the same query was used across every repository,
which goes as follows:

"(TITLE-ABS-KEY("RAG" OR "Retrieval Augmented Generation" OR
"LLM" OR "LLMs" OR "Large Language Model" OR "Large Lan-
guage Models") AND TITLE-ABS-KEY("legal" OR "law" OR "case
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law" OR "judicial decisions" OR "legal documents") AND TITLE-ABS-
KEY("retrieval" OR "extraction" OR "recognition" OR "summariza-
tion")) AND PUBYEAR > 2021 AND PUBYEAR < 2025 AND ( LIMIT-
TO ( LANGUAGE,"English" ) ) AND ( LIMIT-TO ( DOCTYPE,"cp"
) OR LIMIT-TO ( DOCTYPE,"ar" ) )".

Given the results from the search, 231 articles and papers were found. From this, it
was necessary to manually filter documents in order to only keep the relevant literature
for this study. Firstly, duplicates were removed, followed by reading the title, abstract,
keywords, and in some cases reading the introduction to assess if the article or paper fits
by using exclusion criteria to more consistently filter the documents.

Figure 3.1. Definition of Keywords used to Search

The exclusion criteria used are defined as:

(1) Does not belong to the legal domain;
(2) Does not use textual data;
(3) Objective not related to Legal Search;
(4) Not being publicly accessible;
(5) Being a conference cover;

Figure 3.2 illustrates the screening process applied to the 231 documents retrieved
through the PRISMA methodology. First, duplicate records across the three databases
were identified, totaling 37 documents, which were subsequently removed. Second, the
titles and abstracts of the remaining documents were analyzed to screen for studies that
did not meet the inclusion criteria, resulting in the exclusion of 9 studies. Third, the full
texts of the remaining 185 documents were thoroughly examined to assess their eligibility,
applying the predefined exclusion criteria to determine which studies should be excluded
from the review. Specifically, 47 studies were excluded for not belonging to the legal
domain, one study did not utilize textual data, 79 studies had objectives unrelated to
legal search, 14 studies were not accessible, and one record represented a conference cover.
In total, 142 studies were excluded at this stage, leaving 43 documents for inclusion in the
review of this dissertation, which will be presented and analyzed in the following sections.
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Figure 3.2. PRISMA Flow Diagram

Given the new number of articles and papers, it was opted to analyze the results in
order to visualize patterns present in the research. Since some articles did not contain
keywords, the author assigned each document a set of keywords associated with topics
and technologies implemented. The keywords used were LLM, RAG, QA (Question-
Answering), Extraction, Retrieval, Summarization, Ethics, Traditional, Recognition, ICL
(In-Context Learning), and KG (Knowledge Graphs). These keywords were chosen since
they represent the great majority of techniques used across the different studies. "LLM"
and "RAG" are separated in order to identify studies that solely implement solutions based
on LLMs without RAG and solutions based on the RAG framework respectively; "Re-
trieval" represents papers that apply or test different retrieval techniques; "Extraction"
represents papers that use IE techniques and "Recognition" represents the documents that
primarily implement NER and similar techniques focused on extracting one key piece of
information; "Ethics" represents articles that describe in certain detail ethical concerns,
challenges and limitations of their implementations; "Traditional" represents the docu-
ments that directly mention and use traditional NLP techniques or solutions and compare
them to their respective solution. "QA," as mentioned, focuses on Question-Answering
solutions.
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This allows the creation of visualizations and more easily have a set of keywords that
represent each article, which we can see in Figures 3.3 and 3.4.

Figure 3.3. Word frequency of Keywords

Figure 3.4. Frequency Heatmap of Keywords

As we can see on Figures 3.3 and 3.4, there is a high predominance of studies focused
on LLMs, and there is also a great amount of studies that implement either RAG or
Question-Answering (QA). Alongside these, there seems to exist a moderate amount
of articles that implement both QA with either RAG or LLMs. Retrieval techniques
have also been shown to be used across implementations due to their moderate amount
across the previously mentioned keywords. Contrary to this, there also seems to be a
reduced amount of literature obtained that applies either Knowledge Graphs, In-Context
Learning, and Recognition techniques. The Ethics label shows to be more associated with
LLM applications, which indicates that the challenges and limitations are focused on this
type of technology.
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3.4. Literature Review Discussion

As introduced in Chapters 1 and 2, the legal domain has increasingly adopted NLP tech-
nologies to address many tasks across the domain, especially in tasks such as legal search,
legal document review, and legal outcome prediction. With the emergence of LLMs,
recent studies have explored new possibilities and challenges in applying these models
to legal contexts, often combining them with existing NLP methodologies or integrating
them into more complex frameworks such as RAG.

This section presents the findings of the literature review, focusing on how recent
works have applied LLMs and related NLP technologies to legal tasks. The structure of
this review mirrors the one established in the Chapter 2, and is organized as follows:

• Datasets, where the datasets used across the studies and the different strategies
and approaches used in order to build the tools laid out by the authors will be
presented;

• Large Language Models, where it will be explained the capabilities of LLMs,
which models were used across studies, which techniques were applied, and the
objectives and presentation of their respective approaches;

• Evaluation, where it will be discussed how many authors assessed the quality
of their tools;

• Limitations will show the limitations that authors faced with LLMs, how they
tried to circumvent them, and what their impact is when developing solutions
based on LLMs

By following this structure, the review aims to provide a comprehensive synthesis of
how state-of-the-art techniques are currently being explored and evaluated in the legal
NLP domain and what their limitations are.

Table B.1 in Appendix B, presents a comprehensive list of all the articles where their
main objective was developing a tool, system or solution. This table does not include other
studies that did not develop a system since, for the purpose of analyzing the trends across
datasets, models, techniques, and evaluation methods, such documents would not contain
that respective information. However, these other studies, according to our review, present
reviews, discussions, or testing of the best practices or between existing techniques, which
will be discussed through this chapter nonetheless.

3.4.1. Datasets

For the purpose of this study, for each of the documents retrieved, they were categorized
into a set of labels as follows: "Public Datasets" comprised of datasets publicly avail-
able, or used in conferences; "Extracted Documents from Public Repositories" consists
of an approach based on how the authors extracted legal documentation from publicly
available repositories and created a dataset based on the specific documents extracted;
and "Annotated / Augmented Data either by Humans or LLMs" represents the use of
either a public dataset or extracted documentation with addition of either gold standard
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annotations, or the use of LLM-generated information such as questions and/or answers
to enhance the dataset quality, or the addition of references or other types of information
made by humans. We can see the results of this categorization in Table 3.1.

Table 3.1. Datasets from Review

Origin of Dataset # of Studies Citations

Extracted Documents from Public
Repositories/Websites

18 [51], [52], [49], [53], [10], [54], [50], [55], [56],
[57], [58], [59], [60], [61], [5], [7], [62], [8]

Public Datasets 11 [63], [64], [65], [66], [50], [67], [68], [37], [2],
[69], [70]

Annotated/Augmented Data either by
Humans or LLMs

8 [9], [71], [72], [62], [73], [74], [59], [55]

For categories "Public Datasets" and "Annotated / Augmented Data either by Hu-
mans or LLMs", we can see a relatively low amount of studies which used such approaches,
where we see 11 studies and 8 studies respectively. As for "Extracted Documents from
Public Repositories" it is apparent how this approach is the approach of choice, with 18
studies adopting it.

Such a phenomenon was expected due to the nature of the legal domain, as pre-
viously mentioned, legal information differs between countries and jurisdictions, which
leads researchers to adopt an approach where they extract and utilize only the informa-
tion relevant to their specific study, considering both the country in which the solution
was developed and the study’s objectives.

3.4.2. Large Language Models

LLMs, as mentioned, have surfaced recently and have greatly impacted many aspects in
our society. They possess a considerable amount of possible uses, specially in the legal
domain where they can aid experts in many tasks. In some articles, authors such as
Anh et al. [2], Quevedo et al. [3] and Greco and Tagarelli [12] present some of the NLP
specific tasks and how these technologies are used in legal tasks such as legal search, legal
document analysis and legal outcome prediction. Anh et al. [2] mentions the evolution
over the years of NLP methodologies in legal tasks and what the common strategies
are when developing NLP based solutions for the legal domain. Such approaches were
the use of Rule-based methods, IR and NER to build their solutions. Quevedo et al.
[3] expands on the aforementioned tasks, mentioning tasks such as summarization but
also IE as a whole instead of solely NER. Greco and Tagarelli [12] delve into much
detail on how Transformers-based technologies are used in certain legal tasks, such as the
ones previously mentioned, and, in addition, share many NLP strategies used to create
implementations inside these tasks. Moreover, the authors also mention how GPT-based
methods are being used, giving examples of implementations and how they impacted the
legal domain, noting some studies which show the potential of LLMs and how they are
able to be comparable with other Transformers models. This study also remarks on the
limitations that LLMs bring and how the abuse of use of this technology has shifted
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the way people work, leading to the development of countermeasures in order to debunk
many of the risks these technologies bring, such as misinformation and data security.
Also, the studies mention how these technologies are contributing to a rise in interest
for researchers, leading to more studies testing the capabilities and limitations of these
systems across domains.

In order to better understand how these technologies are being used, firstly, the ca-
pabilities of LLMs in the legal domain will be presented. Secondly, we will present the
techniques employed across the studies relative to the models used and the training and
prompting techniques applied. Lastly, we will also delve into the approaches and tech-
niques used for both Question-Answering, RAG and Information Extraction systems,
respectively.

3.4.2.1. Capabilities
Some applications where LLMs can be used are presented by Anh et al. [2], where they
mention the possibility of these models being used in tasks like Legal Document Sum-
marization, Contract Analysis and Generation, Legal Question Answering, Legal Text
Classification, Legal Information Extraction and Legal Reasoning. Lai et al. [1] also
present some of the characteristics these models have in the domain and how they are
applicable, for example, in Legal Consultation, where "...LLMs can interact with users.
Therefore, users can ask legal questions to the model and receive answers and suggestions
based on the training data". Quevedo et al. [3] present legal NLP tasks like Summariza-
tion, Information Extraction, Question Answering and Information Retrieval, that were
analyzed between 2015 and 2022 and presents the traditional methods used and some ex-
amples LLM-based, showing us this way the great potential these models have in the legal
domain. Some studies, such as the one made byM, P, and M [58], discussed the possible
use for LLMs specifically in summarization, showing the potential of these models in legal
text summarization be it abstractive or extractive and how they are at least comparable
to other state-of-the-art deep learning models.

In some situations, such as in the study made by Adhikary et al. [74], a way to auto-
matically annotate legal documents through sequence labeling with LLMs was developed
as a way to augment the number of training samples. This solution shows how, even if
LLMs are not the core technology being applied, they still show potential in augmenting
data. Another examples of said approach can be seen in the studies made by Moreira et
al. [72], Cho et al. [73], Ryu et al. [55], Hoang et al. [67], and Espírito Santo et al. [59],
where they utilize LLMs to generate samples for their respective datasets, showcasing the
possible usages of this technologies outside of the NLP tasks mentioned previously.

There are also in addition to the aforementioned studies, examples of researchers ex-
perimenting with this technology for other purposes. S et al. [75] use Llama2-7b [76], Flan
[77] and Claude2 models for summarizing legal text for legal analysis. The best results
the authors achieved were with Llama2-7b in the metrics used, but there is still space for
improvement, maybe with the addition of more prior information to the models. Yao et
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al. [50] present an Artificial Intelligence (AI) Agent, where LLMs are used in various steps
during development, like, pre-processing, synthetic data generation for data quality aug-
mentation and CoT output generation. They also applied other approaches for generating
answers, such as systems like IR on a Knowledge base, a Recommendation System with
re-ranking of relevant documents and a Reinforcement Learning system based on human
feedback in order to guarantee higher quality on LLM answers. In terms of results, the au-
thors state that by using qualitative analysis through experts’ questions and answers, and
metrics, the model was comparable to other tested models. Chauhan et al. [61] created
an AI Agent based on LLMs that can answer questions and recognize the intention and
entities, and uses retrieval to create more accurate answers. The results from this study
was a 65% accuracy value, showing potential but also space for improvement. Quevedo et
al. [3] use Language Models and Large Transformers to show that these solutions still have
space for improvement and even show that some models exclusively trained on specific
domain text do not necessarily outperform general-purpose models across legal tasks, and
suggest the use of these models with other state-of-the-art techniques.

With this great variety of tasks these models are capable of doing, many studies apply
LLMs in different ways for different purposes, however, due to the objectives of this
study, the tasks that will be presented will focus on Information Extraction, Information
Retrieval and Question Answering since these tasks are also the most associated with
Legal Search.

3.4.2.2. Models and Techniques
In Section 2.4, some examples of Large Language Models were given. Although there is
a great number of existing models, in the process of research, it was only possible to see
some models across the literature, which we can see in Table 3.2.

Table 3.2. Models from Review

Models # of Studies Citations

GPT Variants 20 [64], [65], [71], [72], [52], [49], [53], [10], [50], [73], [55], [67], [68],
[74], [57], [58], [59], [60], [8], [5]

LLaMa 13 [9], [64], [63], [51], [54], [70], [74], [56], [58], [59], [60], [69], [75]
Gemini / Bard / Gemma 2 [52], [60],
Mistral 7 [9], [66], [56], [37], [60], [69], [7],
Others 9 [64], [51], [53], [62], [50], [67], [59], [2], [75]

For this dissertation, it was opted to divide the models between three of the most
well-known models, such as the variations of GPT, Llama [78] and Gemini/BARD [79].
In addition to these, the Mistral [80] category was also added since it is one of the more
popular open source models. Finally, the "Others" category represents other models such
as Claude, Cohere, Qwen [81] and others.

We can see GPT, Llama and Mistral represent the most used models with 20, 13 and
seven implementations respectively. It is expected to see the prevalence of GPT, since it
is the most popular model and one with the best results in terms of benchmarks. Llama
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also has great results and potential based on the great number of studies that opted to
implement this model.

In terms of the techniques used, we can see in Tables 3.3 and 3.4 the techniques used
across studies related to training and prompting processes respectively.

Table 3.3. Training Techniques from Literature

Techniques # of Studies Citations

LLM Fine-tuning 7 [9], [64], [50], [74], [59], [60], [2]
Retrieval Augmented Generation 13 [9], [63], [64], [51], [49], [53], [66], [10], [54], [55], [37], [5], [7]
LLM Training 2 [61], [69]

While 13 articles use the RAG framework, the application of fine-tuning for LLMs
is still used, specially with open-weights models like Mistral and Llama. However, for
most RAG implementations, fine-tuning was not used for the final system even if it was
considered and tested, as we can see the seven articles which applied such technique. Al-
though the process of fine-tuning an LLM was not overly applied, some studies fine-tuned
the embedding models or used already fine-tuned models for legal data and/or respective
language in which the solution is being applied, leading to some studies considering this
process one of the most defining ones in order to produce better results. We can also see
two cases where LLMs were trained from scratch, which is an expensive process leading
to the few examples of such technique.

Another aspect we can analyze that is not represented in the tables is the choice of
the retrieval similarity measure. For the RAG implementations, as mentioned in previous
sections, the cosine similarity is the similarity measure most used across studies. Since
most of the approaches followed a naive or traditional application of said framework, it
was expected the choice of using cosine similarity. Some studies use other techniques for
retrieval, such as Elasticsearch [53] [73] or even divide the retrieval process between types
of data, such as only legal cases or only legal legislation [63].

Table 3.4. Prompting Techniques

Prompting Technique # of Studies Citations

Zero-shot 4 [67], [56], [58], [37]
Few-shot (One, Two, Three, etc) 5 [74], [56], [58], [37], [73]
Chain of Thought 2 [67], [37]
Others 3 [67], [56], [37]

In terms of the prompting techniques presented in Table 3.4, most studies applied
either Zero-shot or Few-shot, and some applied both. In addition to this, two studies
experimented with the use of CoT and three others applied other types of prompting
techniques. Reji et al. [37] use IRAL, a variation of the IRAC [38] method for analyzing
legal issues, alongside other prompting techniques.
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3.4.2.3. Question-Answering
One of the keywords most present in the literature was QA (Question-Answering), which
involves having a system receive questions or queries from a given user and answer it
accordingly. Normally, these types of systems are based on retrieval, which was cor-
roborated during the research for this dissertation, where the solutions implemented the
RAG framework, which is based on Retrieval. We can see in Table 3.5 a summary of the
techniques used in the articles retrieved.

Table 3.5. Question Answering Approaches

Technique # of Studies Citations

Traditional 8 [5], [64], [51], [60], [61], [69], [10], [53]
LLMs for Data Augmentation 7 [9],[55], [67], [59], [49], [72], [63]

As we can see in Table 3.5, for the implementations focused on QA, eight studies
approached this task traditionally, where given a dataset with questions and answers,
an Information Retrieval System is implemented that based on the question made by a
user, the system will answer based on the answer of the most similar question from the
dataset. However, we also see another seven examples of approaches where LLMs are
used to augment the dataset or even aid in creating a dataset for the specific purpose of
the study, in addition to the traditional application of QA techniques.

In terms of RAG framework, we can see that a resonable number of authors apply
this technique in their system in different degrees ([5], [64], [51], [10], [53], [9], [55], [49]
and [63]), which will be discussed in the RAG section of this study. While the other six
studies apply other retrieval techniques.

Ryu et al. [55], Hoang et al. [67] Espírito Santo et al. [59] use LLMs to generate
questions based on legal data. This comes from the lack of datasets which contain the
necessary data, in this case, both questions and/or answers, related to a data entry.

Visciarelli et al. [9] go further compared to the previous studies, where, with the aid of
experts, a complete QA dataset is created with metadata related to the legislative informa-
tion related to a specific entry in the dataset. Likewise, Yao et al. [50] used LLMs to not
only pre-process the dataset with grammatical corrections, but also generate synthetic
data in order to have a higher amount of data with higher diversity and subsequently
higher quality. Hu, Luo, and Feng [63] also generate a dataset with LLMs based on the
data the authors chose to use, where, after a question is made, the answer will be based
not only on the question but also on responses for each retrieved article.

Mamalis et al. [49] augment their data with LLMs by using these models to generate
sub-questions for each question of the dataset, with the purpose of when an answer needs
to be generated, if a given question is rather complex, the model can answer each sub-
question, leading to a more in-depth and coherent answer.

Moreira et al. [72], like previous solutions, also generate questions, but also generates
summaries for each answer to enhance the retrieval step in their system. However, they
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go a step further and use clustering techniques to create groups of Common Questions,
Groups of Similar Answers and Final Questions where depending on the user’s query, the
LLM will analyze the cluster and find the most relevant answer for the user.

Bakir, Yildiz, and Aktas [69] focus on traditional techniques for QA also presents met-
rics to evaluate the quality of the answers generated by LLMs and discuss how traditional
metrics and similarity measures such as ROUGE, BLEU, METEOR, Cosine Similarity,
F1-Score, Precision and Jaccard are not enough to evaluate QA systems.

In terms of results, although the approaches from these studies show some promise
with the application of LLMs and/or RAG, there are still challenges and limitations that
directly impact the capabilities and possible formal use of these models in the field which
will be explored in the Limitations section.

3.4.2.4. Retrieval Augmented Generation
For the RAG implementations, we can see the use of many different models for different
tasks. This framework is applied due to allowing these systems to use up-to-date infor-
mation without the need to re-train or fine-tune, which can be costly, and even tries to
minimize the consequences of hallucinations [9]. While there is a traditional way to ap-
ply RAG, which was discussed in Chapter 2, some researchers also try to apply different
techniques in this framework, be it through changing how the retrieval is done or how
similarity is calculated. We can see in Table 3.6 how which studies apply the traditional
framework and which apply a non-traditional approach.

Table 3.6. Retrieval Augmented Generation Approaches

Technique # of Studies Citations

Traditional 8 [7], [54], [37], [5], [9], [49],[10], [55]
Non-Traditional Retrieval Methods 10 [66], [63], [51], [72], [82], [83], [67], [53], [8], [65]

As we can see in Table 3.6 we have eight examples of studies that follow the traditional
approach and 10 that alter how RAG is done.

Some articles follow the traditional method for RAG and address the potential of this
framework and LLMs and in some cases presenting their respective limitations [7], [54],
[37], [5], [9], [49],[10], [55].

Jacob et al. [7] use Mixtral-8x7B-Instruct-v0.1 for RAG which showed moderate results
with space for improvement. Alongside this study, Visciarelli et al. [9] and Cherubini et
al. [10] also show similar conclusions where Visciarelli et al. [9] tested Mistral-7B-v0.1,
Mixtral-8x7B-Instruct-v0.1 and LLaMAntino-2-7b-hf-ITA for legal QA and, with the help
of experts the models were evaluated, and the authors reached the conclusion that the
technology shows promise. Cherubini et al. [10] describe the benefits of RAG over fine-
tuning and built a prototype based on RAG and the evaluation was made through a
questionnaire for experts. The authors mention how promising these implementations are
in answering simple questions, but despite this, they also mention the need for experts
to truly evaluate the answers. Kurniawan and Hiererra [5] explain the benefits of RAG
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and implement a prototype that is tested using a Likert scale question for users and
interviews with experts, in which they showed the potential of these models, although
there are ethical concerns, most answers were not accurate enough in certain cases and its
empathized the need for ongoing collaboration between legal experts. Mamalis et al. [49]
used GPT3.5 and GPT4 and evaluated the models by using three sets of four questions
varying in difficulty, of which the models for the first two sets produced reasonable answers,
but the hardest questions had more inadequate answers according to experts.

Amri, Bani, and Bani [54] use a Llama-70B and compare this model with other open-
weights models on traditional benchmarks, showing that their model displayed better
results in comparison.

Reji et al. [37] while following the traditional approach for RAG, tested different
prompt strategies like CoT and IRAL, a modified version of IRAC [38], and different
generation strategies like the traditional Naive greedy decoding, Beam search, Contrastive
Search, and Multinomial sampling. Of these techniques, the combination of CoT and
Beam search showed the best overall results.

Ryu et al. [55] also follow the traditional RAG approach, however, they also use GPT4
to generate questions to possibly improve the retrieval step when the retriever tries to find
the relevant documents for a given query. The implementation of RAG brought better
results over the use of just LLMs however, there were still some limitations that will be
mentioned further.

Louis, Dijck, and Spanakis [64] use two approaches for RAG, one where the Generator
training is based on In-Context Learning and the other based on fine-tuning. The In-
Context Learning approach works by giving the LLM a context, which is defined by
a task description, a test question, and the top-K most pertinent legal provisions to
the question as identified by the retriever. As for the results obtained in this study, the
retrieval reached superior values compared to baselines, but these results leave substantial
room for improvement since less than half of the relevant documents are retrieved due to
the hallucinations of the model. However, the fine-tuning of the model showed a more
consistent increase in performance.

Besides the traditional method used for retrieval, some studies tried to apply different
approaches.

Wiratunga et al. [66] used Case-Based Reasoning for the retrieval step by organizing
non-parametric memory so that cases are more efficiently associated with queries. This
technique increased RAG performance and was shown to be better than the baseline.

Hu, Luo, and Feng [63] retrieval step is divided between cases and articles, so when a
query is made, the top-K most relevant articles are retrieved and then a response inter-
preter generates answers based on a dataset for each article and a similarity is calculated
between the answer and each article’s sentence. If the similarity exceeds a threshold
the answer is given and the same is applied to the case retrieval step. Non-expert users
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evaluated both the article and case retrieval, which was noted the potential of these re-
trieval methods since some answers had a certain amount of relevant information for the
questions made.

Garlyal, Hariharan, and Singh [51], for their retrieval, used a Dense Passage Retriever,
a retriever based on MIPS to identify the top-K nearest indexed document. For the LLMs
used Llama 2, MISTRAL and PHI2, however, the F1 measure had a value between 0.4
and 0.48 across all models, showing some promise but still relatively under-performing.

Moreira et al. [72] mention that the limitations of the traditional retrieval methods
still depend on the manual effort of experts. This approach uses GPT-4 as a way to create
clusters of different types of questions and answers in order to become more efficient and
accurate. The results of this technique proved to be satisfactory, but with a Recall of
0.51, which indicates that the clustering process needs refinement.

Zhou et al. [82] experiment with a semantic embedding model alongside the use of
comparative learning for retrieval. The model was compared with other embedding models
like OpenAI’s, Baidu and GLM, which achieved better results over them due to the use
of comparative learning techniques.

Gao et al. [83] implemented a Graph Matching Network based on Graph Similarity
Learning with the use of GNNs. A cross-graph matching strategy based on attention
mechanisms was also applied in order to capture significant features. For the results
achieved, the network was able to pass state-of-the-art models like TF-IDF and BERT.

Hoang et al. [67] in terms of IR use a lexical model based on TF-IDF, BM25 Okapi,
and Paraformer to determine the relevance between documents and a query and also use
ChatGPT to generate both questions and answer. This approach showed good results
for the dataset used, although it mentioned the need to do prompt tuning, since this
technique, in the perspective of the authors, increases the performance.

Nai et al. [53] used a fine-tuned LLM and, for the similarity measure, decided to
use Elasticsearch instead of the traditional cosine similarity, and a ranked list with the
relevance score of the documents. The evaluation was made by a qualitative method
through experts’ analysis, which mentioned the answers were relevant.

Alif Adillah et al. [8] differ from the previous approaches by using metrics like Recall,
Precision, F-measure and Mean Reciprocal Rank to calculate the relevance of a document
for a given query. This study shows promising results, but it is mentioned that there is a
need to adjust their embedding model.

Zhou, Huang, and Wu [65] focus on analyzing the best methodologies for Legal Re-
trieval, where, with the aid of experts they tested many models in the identification
of salient or relevant content. They used various models such as TF-IDF, BM25, QL,
BERT-CLS and BERT-PLI and tested different combinations of them to assess their per-
formance for retrieval. They calculated the attention score for each combination and then
applied specific metrics such as Recall and Precision. While this approach did not produce
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great results, GPT3.5 was tested instead of the alternatives and produced better results
generally.

One aspect we can conclude from these methods is that even though there are distinct
approaches to assign relevance scores or organize documentation, most of these approaches
apply traditional Encoder-only models such as BERT in their solutions due not only their
capability of using the complete query for their embeddings through the use of the bi-
directional attention mechanism, but also due to the stability of these models. Besides
recent developments with ModernBERT [84], there have not been other innovative or
disruptive methodologies for this task, leading to the prevalence of using models such as
BERT for retrieval. It is also important to mention that ModernBERT is very recent,
and as of the time of writing this dissertation, there have not been Portuguese models
based on ModernBERT.

In terms of the results achieved, we can also see the prevalent trend in these solutions
being that these models show promise or potential but still have space for improvement
with the support of legal experts, specially for the evaluation process, while still being
mindful about the ethical implications this technology brings.

3.4.2.5. Information Extraction
Information Extraction (IE) is one of the tasks that, while not directly related to retrieval,
is still related to the objectives of this study. This led us to analyze solutions that used
LLMs as their main approach and see how it compares to other approaches.

One key factor to consider is that IE has other tasks that belong to this task, such as
NER, Relationship Extraction, and Event Extraction, which some articles covered. As
such, we can see the Table 3.7 with the approaches used by the studies.

Table 3.7. Information Extraction Tasks

Tasks # of Studies Citations

General Information Extraction 5 [85], [56], [68], [73], [71]
Relationship Extraction 3 [62] [86], [52]
Entity Extraction 6 [62] [86] [57] [52] [70], [71]
Event Extraction 1 [57]

As we can see, the studies that have a focus on Information Extraction either extract
what the authors would consider relevant information, categorized by "General Informa-
tion Extraction" or specific information such as relationships, entities and events.

Amorim et al. [85] contrary to other solutions built a Python package to extract
information while not ignoring the narrative structure without the use of LLMs, instead
they used GPT3 as a point of comparison to test their solution’s performance. The results
obtained by the authors were comparable to the state-of-the-art and GPT3, however, in
future work, they intend to test LLMs.

Coelho et al. [71] show traditional methods such as Text Classification and NER
methods for extraction of legal opinions and how LLMs compare to them. These methods
include Naive-Bayes, SVM, Random Forests, Classification LSTM for Text Classification
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and BERT for Portuguese NER. The LLM of choice was GPT3.5-Turbo, and in terms of
results, it showed to be comparable to other models with space for improvement.

Cho et al. [73] built a no-code tool for information search and extraction alongside
visualization of statistical information of the structured data. For information extrac-
tion, the authors built a custom system, which is a hybrid system between LLMs and
open-source SLMs (Small Language Models). In addition to this, they also use LLMs for
keyword and sentence extractions. The results the models obtained showed still limita-
tions due to the hallucinations, leading to limitations in the use of the system in formal
legal work.

Zambrano [56] tested the capabilities of LLMs using a zero-shot approach for IE of
court rulings. They tested Llama and Mixtral with multiple prompts for each legal area.
The results showed to be better than the traditional Machine Learning approaches, with
Llama as the model that achieved the better results overall.

Zin et al. [68] used GPT3.5 to extract information from summaries of contracts, and it
was compared to other more traditional models such as RoBERTa and DeBERTa, where
even though GPT3.5 had better and comparable performance to the other models, it also
had a limitation where the maximum number of tokens was surpassed.

For the other cases and tasks, the overall results achieved for the objective of the
respective articles were either an enhancement of results compared to other methods [65],
comparable at maximum [57] [62] or not capable of achieving substantial results [86], [52].

Krasadakis, Sakkopoulos, and Verykios [86] tested LLMs in many tasks of IE such as
NER, EL (Entity Linking), RelEx (Relation Extraction) and Coref (Coreference Resolu-
tion), and their conclusion was that these models fall short when compared to state-of-
the-art models in handling these tasks in specialized domain such as the legal domain
in non-English languages. Also, they showed difficulties in terms of understanding the
terminology, structure and nuances of legal text.

Litaina et al. [52] also showed that these models have limitations in combining informa-
tion between two documents, predicting legal actions, and even identifying the number of
relationships between entities, specifically in Greek. The authors also raised ethical ques-
tions, bias and non-determinism in the answers, making the solution limited in certain
aspects.

One aspect to consider for this task nowadays is the prevalence of LLM based systems,
which has led to a smaller number of solutions and implementations of these technologies,
as we can see from the number of studies returned from the research query.

3.4.3. Evaluation

Due to the supervised approach mentioned, we can see in Table 3.8 that most studies, in
this case 23, focused on following a quantitative approach as their chosen strategy for the
evaluation process. Metrics such as Precision, Accuracy, Recall and F1 seem to be the
most prevalent across studies, with ROUGE also being widely used. However, there are
10 studies that either apply a more qualitative evaluation or combine the use of metrics
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Table 3.8. Evaluation Approaches across studies

Evaluation Approach # of Studies Citations

Quantitative 23 [64], [65], [71], [51], [72], [52],[53], [66],
[62], [73], [70], [67], [68], [74], [56],
[57], [58], [37], [8], [2], [61], [7], [75]

Qualitative 5 [63], [49], [50], [60], [5]
Quantitative + Qualitative 5 [9], [10], [55], [59], [69]

with a qualitative approach. In different studies, different methodologies for this type of
evaluation are applied, leading to a diverse number of distinct approaches. For example,
Cherubini et al. [10] use alongside metrics such as Mean Reciprocal Rank, a questionnaire
for experts to answer questions related to the quality of the LLM-generated answers. Hu,
Luo, and Feng [63] noted feedback from users when they use their respective solution,
and Mamalis et al. [49] asked experts to develop a set of questions with increasing levels
of difficulty for the systems to answer and also used the experts to evaluate the system’s
answers. Yao et al. [50] defined metrics like completeness, reliability, logical coherence,
for experts to evaluate their solution on based on their respective opinions.

As we can see, there is not a set methodology to evaluate the answers of these systems,
the evaluation method depends on which data is being used and the respective techniques
and processes applied, but also if it is possible to access experts to evaluate the outputs
of these models based on the task and objective. Most studies conform to the use of
classification metrics due to the nature of their dataset and even due to the techniques
like LLM-generated question-answer sets, since these metrics are more easily applied.

3.4.4. Limitations

Just like every technology, LLMs possess limitations in their applications across the many
fields where such models are applied. Zhang et al. [6] in order to circumvent some of the
existing limitations of LLMs, they present techniques such as the use of Legal Prompting
by leveraging techniques like CoT and Tree-of-Thought, and the use of Legal Embeddings,
as best practices. However, the problem with hallucinations still persisted, leading to the
use RAG and/or fine-tuned embedding models being considered. With this knowledge,
across the literature, many authors presented some of the limitations and their impact on
their respective solutions and some of the techniques used to create better solutions.

Espírito Santo et al. [59] use different models like GPT3.5 and a fine-tuned LlaMa
2-7B for Question-Answering and evaluated the model through qualitative evaluation.
They noted some limitations such as adherence to legal text, hallucinations and inappro-
priate text concluding that the bias, and the inaccurate and unsafe information present
in outputs, prevents formal or practical use of these models.

Ryu et al. [55] while using LLMs to generate questions in addition to traditional
RAG approach for retrieval enhancement, it is still mentioned that even though the RAG
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framework improved the results over solely using LLMs, there is a need for the evaluation
process to include expert’s evaluation in addition to metrics.

Kaoutar et al. [60] addresses the potential of chatbots like ChatGPT, Gemini and fine-
tuned open-source models like Mistral-7B-Instruct-v0.2 and Gemma in the legal domain.
From the tests executed, the models achieved a very low accuracy, and the authors mention
how these models are inaccurate and inefficient. The authors concluded by indicating that
without higher computational power, bigger annotated datasets and better consideration
for ethical questions these models pose, it is not possible to put these implementations in
production despite their potential.

Bakir, Yildiz, and Aktas [69] focuses on using LLama2-7B and Mistral-7B for Question-
Answering and how different metrics and similarity measures can be used to improve the
performance for the legal domain. They mention that the traditional similarity measures
do not capture factual and contextual accuracy, logical consistency and legislation rele-
vance to the question. So, they tested the different existing metrics and used model-based
strategies to calculate the congruence between the actual answer and the predicted coun-
terpart by using the pre-trained models mentioned. The author’s conclusion is that the
use of model-based metrics shows to be more capable than similarity-based metrics in
some cases, while affirming the need for more complex and situation-aware evaluation
methods.

Cong-Lem, Soyoof, and Tsering [4] focuses on the limitations of LLMs across fields
where they register the main problems of this technology. In terms of accuracy, the
authors show the technical inconsistencies and inaccuracies in specific domains. For some
domains, they also show limitations related to critical thinking, where models were not
able to infer more complex answers or even justify them, and were not able to relate
concepts in the answer generated, showing limitations in complex reasoning, and even
political bias which leads to legal and ethical concerns.

As previously mentioned Zhang et al. [6] focus on the best practices, however, they
present ethical concerns relating to bias, intellectual property and data privacy. Other
studies like Louis, Dijck, and Spanakis [64] also elevate these concerns. Yao et al. [50] also
mention problems relating to bias, but also show a problem with how answers generated
are non-deterministic, leading to a high heterogeneity in the legal domain. Anh et al. [2]
mentions some limitations for the legal domain, such as the length of the text, language
ambiguity, context sensibility, hallucinations, the contextual window based on the fixed
number of tokens which in the domain is a challenge, they also mention concerns relating
to bias, privacy, security, intellectual property, explainability, transparency, responsible
use and others. Quevedo et al. [3] also mention other limitations such as data quantity,
lack of standard legal procedures across nations, lack of information relating to knowledge
modeling, legal reasoning, interpretability, ethical concerns, document length, need for
experts to determine relevance, data scarcity, lack of examples for multilingual examples,
unbalanced distribution of charges, lack of human evaluation, language ambiguity and
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confusion, lack of resources such as benchmarks. Cherubini et al. [10] comment on the
non-deterministic nature of these solutions and also on other aspects such as text length,
query quality and how the results tend to be of better quality when derived from a
single document, when compared to when the answer is derived from various documents.
Kurniawan and Hiererra [5] also mention concerns relating to data privacy and security.

As we can see, most of these studies encountered the same limitations relating not
only to the ethical questions these models bring, such as bias in the training data, in-
tellectual property concerns, data privacy and security, but also issues relating to the
non-deterministic nature of these models, the hallucinations they generate, and the need
for legal experts for evaluation. In addition to these, concerns related to legal data, such
as the reduced data quantity, high text length, data scarcity and language ambiguity are
also noted since these limitations impact the performance and even how solutions are
implemented. These limitations and concerns pose challenges for this study’s solution
and are going to be considered for the development of the tool. Some of these challenges
have workarounds, which some studies try to solve, however, it is not possible to remove
or resolve these challenges completely since most of them are intrinsic to the nature of
LLMs, RAG or even the legal domain.

36



CHAPTER 4

Ask Supreme - Design & Development

This dissertation aimed to build a prototype capable of receiving questions of legal experts
related to the Portuguese Supreme Court of Justice (Supremo Tribunal de Justiça). The
objective of the proposed system is to aid legal experts during the legal search process by
implementing an LLM using the RAG framework to reduce the effects of hallucinations,
allowing such experts to more easily search for information related to the documents used.

In this chapter, we will present how we followed the CRISP-DM methodology for the
development of Ask Supreme, where we will present all phases of development we followed,
except the Deployment phase, since our objective is to present a prototype, leaving us to
end the development of the system after Evaluation.

4.1. Design and Development Methodology

Considering the data-driven nature of this system, it was opted for the development of the
prototype to apply the CRISP-DM methodology. CRISP-DM or the Cross Industry Stan-
dard Process for Data Mining methodology consists of a model for data mining projects
composed of six phases, these being Business Understanding, Data Understanding, Data
Preparation, Modeling, Evaluation, and Deployment [87].

Business Understanding pertains to the understanding of the business objectives, the
assessment of the available resources, requirements, constraints, risks, costs and benefits,
the determination of the data mining goals and production of a project plan. Here,
possessing a deep level of knowledge and understanding of the domain of the project is
crucial.

Data Understanding entails collecting, describing and exploring data and verifying its
quality. This can also include analyzing the information the data relates to, which in this
case involves having a basic understanding of how the legal data is structured and its
meaning.

Data Preparation involves cleaning, formatting and filtering the data. In addition, in
this section, we can create new features and/or merge already stipulated characteristics
of the data in order to create new features that we can use for modeling or to have a
better understanding of the data.

Modeling consists of selecting, building and assessing models to apply to our data
in order to fulfill our objectives and goals. In this phase, many models are tested and
their parameters altered in order to evaluate what aligns best both with our data and its
underlying structure and our goals.
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Deployment is related to how the model is deployed and respectively maintained and
monitored. In this phase, the final reports and review are also done.

With the understanding of the phases of the mentioned methodology, we can see
CRISP-DM’s structure in Figure 4.1

Figure 4.1. CRISP-DM Diagram by Kenneth Jensen

Given this methodology, for the development of the prototype, the structure was
slightly modified in order to fit the development of this dissertation. The changes consisted
of the removal of the Deployment phase. Deployment involves having the infrastructure
needed for our system to be accessible anytime, anywhere, by anyone. For this disserta-
tion, deploying the system is out of our scope since we intended to build a proof-of-concept
system, leading to the removal of this step.

With this structure as a basis, the next sections in this chapter will be divided into
the phases already mentioned, and it will delve into the details, steps and decisions made
during said phases of development.

4.2. Business Understanding

Before delving into the development of our system, it is crucial to understand our objec-
tives, the available resources, constraints, risks, and benefits. In our case, these aspects
have been presented throughout this dissertation, such as our objectives, where in Chap-
ter 1 we discuss the objective to developing a system capable of supporting legal experts
in legal search. Chapter 2 and Chapter 3 describe some of the available resources at our
disposal to build such a system, alongside the constraints, risks, costs and benefits as
presented more in depth in Sections 3.4.2, 3.4.3 and 3.4.5 in Chapter 3.
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4.3. Data Understanding

It is imperative to conduct an initial exploration of the data to assess its structure,
quality, and suitability for the objectives of this dissertation. This stage, designated as
Data Understanding, serves to provide a detailed overview of the datasets employed and
to identify potential issues or limitations that will need to be addressed during Data
Preparation.

For the development of this work, two distinct datasets were considered. The first
dataset consists of Portuguese court judgments made available through an online reposi-
tory from the Conselho Superior da Magistratura, where we extracted the data from. This
dataset includes both metadata and full-text legal content [88]. The second dataset, sup-
plied by ByTheLaw, is a private dataset composed of expert-formulated legal questions
and will later be used primarily for evaluation of the system. While both datasets are
relevant to the project, this section will focus predominantly on the judgments dataset,
as it constitutes the foundation of the retrieval component.

4.3.1. Overview of the Dataset

The judgments dataset contains records spanning from 1931 to 2025, with each entry
representing a legal decision. Each record is associated with a set of features, including
identifiers such as ecli, tribunal and relator, categorical fields such as tematica, descritores
and decisao, textual fields such as sumario and sumarioCompleto, and temporal attributes
such as dataAcordao. Additional numeric features, such as recurso, score and maxScore,
are also present but are often sparsely populated.

To better understand the meaning and significance behind the features, in Table 4.1,
we can see the description of each feature and their meaning relative to a respective court
judgment.

Table 4.1. Feature Descriptions

Feature Name Description

ecli The European Case Law Identifier (ECLI) assigned to each judgment, providing a unique
and standardized reference across jurisdictions.

tribunal The court responsible for issuing the judgment.
relator Court reporter who authored or summarized the judgment, serving as an identifier of

judicial authorship.
tematica A set of thematic keywords assigned to the judgment by the reporter, intended to create a

thematic index for retrieval
descritores A descriptive keyword assigned to the judgment by the reporter
decisao The final ruling or outcome of the case (e.g., dismissal, approval, rejection), representing

the conclusion reached by the court.
sumario Summary of sumarioCompleto
sumarioCompleto Summary of the judgment containing the questions made by legal professionals and infor-

mation relative to who made them and their respective interpretation of the arguments
presented

dataAcordao The date on which the judgment was issued, indicating the temporal context of the decision.
recurso An indicator of whether the case involved an appeal.
score A numerical score provided in the dataset for retrieval purposes.
maxScore A numerical score provided in the dataset for retrieval purposes.
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A preliminary exploration revealed that the dataset is heterogeneous in nature, com-
bining structured attributes such as dates and identifiers with unstructured textual in-
formation. The text features, in particular, vary considerably in length, with sumario
and sumarioCompleto representing different degrees of summarization. sumarioCompleto
refers to the complete summary of the judgment containing the questions made by legal
professionals and information relative to who made them and their respective interpre-
tation of the arguments presented, and sumario is a manually written summary of that
respective information, hence, sumarioCompleto tends to contain longer descriptive pas-
sages and more detailed information compared to sumario.

Another important factor analyzed was how textual fields such as tematica, descritores,
and decisao were populated. These fields are open text fields that are filled by the
respective court reporter. This, accompanied by the lack of a standardized and agreed
vocabulary for filling these fields, leads to a high degree of heterogeneity between values
in those features, which consequently can lead to two different reporters for two distinct
cases while filling the respective value in one of the fields mentioned. Such might be
perceived as distinct values in the dataset due to how they were registered, even if they
might be perceived as equal in the eyes of experts.

4.3.2. Data Quality and Completeness

An essential component of data understanding is the assessment of missing or inconsistent
values. Analysis of the dataset revealed that all records contained at least one missing
value due to three features, these being recurso, score and maxscore. Excluding these
features, we were able to identify 32.97% of all records contained at least one missing
value, with the highest proportion of missing entries was tematica, with 32.62% of its
values absent. Other features such as descritores and decisao also exhibited missing or
incomplete information, though to a lesser extent, 2.14% and 4.46% respectively. To an
even lesser degree, dataAcordao contained only 0.22% or 157 of its records missing, and
both sumario and sumarioCompleto only had 0.03% or 22 records missing. In contrast,
identifier features such as ecli, tribunal, and relator were completely populated across all
records.

Beyond missing data, as already mentioned, the dataset also presented issues of incon-
sistency. Features decisao, tematica, and descritores lacked a controlled vocabulary, which
resulted in semantically similar documents being assigned to distinct labels. Similarly,
certain textual attributes, particularly sumarioCompleto, included extraneous elements
such as HTML tags and metadata that do not contribute meaningfully to legal analysis.

4.3.3. Feature Analysis

With a basic understanding of the structure of the dataset and its contents, we were then
able to analyze each feature individually and draw some conclusions from this analysis.

The first feature we analyzed in more detail was the dataAcordao feature, where we
analyzed the temporal distribution of the records. As illustrated in Figure 4.2, the dataset
40



covers nearly a century of judicial activity. However, the density of judgments increases
significantly in more recent decades, reflecting the growing availability of digitized legal
resources.

Figure 4.2. Distribution of Documents over Time

In order to analyze the effects of the semantic inconsistencies mentioned above, we
opted to visualize the distribution of values for those respective features. We can see the
respective distributions in Figures 4.3, 4.4 and 4.5.

Figure 4.3. Top 20 values of column tematica

Figure 4.4. Top 20 values of column descritores

In Figure 4.5, we can see that the first column in the figure represents a collection of
values contrary to the other columns which represent a single one. This was due to the
high number of possible values the column contains, so in order to be able to visualize some
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Figure 4.5. Distribution of values from column decisao

of them, all values with counts inferior to 500 were grouped. The 20527 values represented
in the "Other" column belong to 3248 distinct values, so we can then conclude there is
high variability of values for this column.

As we can see, these columns contain high variability in their respective values, even
if there are certain values that are more represented. In some instances, particularly in
features decisao and descritores, there seems to be some overlap between values where
they could represent the same information, but they are recognized as different in a
computer system. This might be considered a limitation of the dataset that can impact
the performance of the retrieval process, since in order for the system to better retrieve the
most similar documents, some degree of consistency across features is needed. However,
decisao is a feature of great importance to the dataset since it represents the judgment’s
final decision in court, leading us to consider its use on the proposed system.

4.3.4. Data Selection

From the analysis above, it becomes evident that not all features contribute equally to the
objectives of this dissertation. Attributes such as decisao and sumarioCompleto emerge as
central to supporting the retrieval process, while features with high rates of missing values
or inconsistent categorization are less reliable. Moreover, understanding the temporal
scope of the dataset highlights the trade-off between completeness and efficiency, guiding
the choice of a reduced yet representative time interval. With this, it was opted to use
the features ecli, sumarioCompleto, decisao and dataAcordao as the foundational data for
our system.

4.4. Data Preparation

With the knowledge from our data obtained from the previous section, it was possible to
advance into the Data Preparation phase of the development. As previously mentioned,
this step involves cleaning, formatting and filtering our data in order to prepare for the
Modeling phase. For the purposes of this dissertation, two distinct datasets were used,
one which contains the legal text of the Portuguese judgments, and one which contains
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legal questions made by experts. The first dataset will serve as the retriever’s knowledge
base, and the second will be used for the evaluation of this tool. In this section, we will
focus on the first dataset mentioned, and the second will be presented more deeply in
Chapter 5.

4.4.1. Missing Data and Feature Removal

Firstly, empty columns were removed, meaning features which did not contain values were
removed from the dataset, since there is no data, information or knowledge we can take
advantage of from using these features. The features were, score, maxScore and recurso.
In addition to these features, identifier columns such as tribunal and relator. Such columns
were removed due to their nature as identification columns, meaning they unequivocally
identify the registry, in this case, who recorded the data and where. For the objective
of this dissertation, these features are not needed, since not only is the column tribunal
filled with only one value, Supremo Tribunal de Justiça in this case, but also information
about who wrote the information does not aid in legal search according to the definition
presented in Chapter 1.

After removing these columns, we analyzed the number of records that contained
missing values, which comprised 32.967% of the available data. Such a percentage is due
to the amount of missing values of feature tematica, which has 32.62% missing values as
we have seen in the previous section. While other features also contain missing data, their
respective quantity is considerably low to the point that those registries can be removed
without worrying about the impact such process will have on the system’s performance.

It is also important to mention how in conversation with one expert, when they do legal
search, they do not commonly use the details such as tematica or descritores, but they
find the decision to be crucial when researching. According to this and considering these
features as open text fields, it was opted to remove them since there is not a delimited
vocabulary of possible categories for their respective values, since they are open text
fields. Such can lead to similar documents having distinct categories in either or both
features, which can lead to situations where similar cases are distant in the vector space,
significantly impacting accuracy. Although the feature decisao also has the same nature
as the mentioned columns, this feature possesses great importance for legal experts when
trying to research similar cases.

4.4.2. Filtering

As presented in the previous section, our dataset contains data from 1931 to 2025 (as seen
in Figure 4.2). With the aid of a legal expert, it was discussed which time interval would
better fit for the system, since when doing legal search, specially related to these types of
documents, it is not needed to use all historical documents. In discussion with experts, it
was defined that an interval between 15 and 20 years would be the best fit for the system.
With this knowledge, the data was then filtered according to the 20 year interval, so our
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data includes documents from 2005 to 2025, considerably reducing the amount of data,
which can be a benefit since it reduces processing time.

4.4.3. Cleaning

Given the chosen features to keep for modeling and the respective time interval, it is
important to analyze if the data, specially textual data, contains characters or sets of
characters that do not contain understandable information. These characters can be
special characters and/or numbers spread across the text, making it less legible for humans
and less "understandable" for computer systems. After analyzing the columns decisao and
sumarioCompleto, there were some aspects which we could clean in order to make the text
more usable for modeling. For the feature decisao, it was noted that every registry was
upper-cased and some of them included a "." at the end, which in certain cases made so
that the same text was considered a different category due to the presence of the period, so
all registries were changed to lower-case and the periods removed. For sumarioCompleto
the presence of HTML delimiters and metadata, which for the purposes of the system
are not needed, were then removed, leading to each registry containing only the text
associated with its respective document. The feature dataAcordao, which corresponds to
the date of emission of the document, was modified in terms of its type, making it so the
system could identify that said column contains information related to the date of the
document instead solely text.

4.4.4. Chunking

When dealing with LLMs, one step many tend to include in the pre-processing phase is
chunking. Chunking or text splitting consists of dividing large pieces of text into smaller
pieces. This process is considered crucial for the development of RAG because when we
are dealing with large documents or even large datasets, chunking allows a more efficient
retrieval while also allowing us to retrieve more specific information, enabling faster and
more accurate results [89]. The process of breaking down large pieces of text can be done in
multiple distinct ways, such as by characters, tokens, paragraphs, pages or other elements
of a given document structure. However, it is also possible to do semantic or contextual
chunking, where chunking is done based on meaning or context, respectively, possibly
with the aid of an LLM. Another aspect to take into consideration is the limitation of the
token size LLMs usually employ, meaning, for most LLMs after a certain number of tokens
is reached, the model can not receive more data even if there is more information, so this
process is crucial to preserve the whole context of our data while mitigating truncation
of text by the LLM.

As mentioned in Section 4.3.1, our sumarioCompleto feature contains information
related to the questions and interpretations made by experts throughout the case. In
this dataset, the questions or interpretations posed are presented in the form of a list,
with each row being assigned a Roman numeral indicating when they were declared in
court. Given this structure, it was opted to chunk the data based on Roman numerals
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of each registry, meaning each chunk would represent a single question or interpretation
for a given judgment with its respective Roman numeral. This allows us to have a more
concise piece of text while also being specific enough to benefit from chunking. Figure 4.6
illustrates the resulting distribution of chunk sizes. In total, 99,372 chunks were obtained,
with an average length of 84.85 tokens. The distribution of tokens per chunk shows that
most text segments remain relatively short. This property will later be advantageous
when aligning the chunks with expert-formulated queries.

Figure 4.6. Distribution of Chunk Token Length

4.5. Modeling

With the Data Preparation phase completed, the finalized dataset is now ready to be
utilized in the Modeling phase of the process. In this section, we will focus on presenting
the objectives of this stage, the models selected and used, the retrieval parameters, and
the orchestration framework of the overall pipeline.

The goal of the modeling phase was to construct a system capable of answering legal-
domain questions accurately and coherently by leveraging both the generative capabilities
of an LLM and the contextual knowledge of a legal judgments database. By building this
system, it will be possible to answer one of the proposed Research Questions, mainly "How
can we extract relevant information for legal experts from Portuguese legal documents?".

This section will present the multiple components developed for the Ask Supreme
system alongside the respective details, techniques, prompts and models employed.

4.5.1. System Overview

Figure 4.7 presents the core components of the system, and this section will delve into
the components shown.

The integration of these components was implemented in Python, enabling the devel-
opment of a functional pipeline capable of handling expert-formulated queries. During
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Figure 4.7. Ask Supreme Pipeline

inference, the system first retrieves semantically similar chunks from the knowledge base
using cosine similarity. These retrieved segments are then combined with the user query
and passed as context to the generative model, which produces the final answer.

4.5.2. Embeddings

With our data prepared to start the modeling, before delving into the components of
our system, we need a way of creating and storing the embeddings of our data. This
step involves encoding the processed data into vector representations that populate the
system’s knowledge base, storing them in a vector database so our RAG system is capable
of retrieving information relating to a user’s query.

First, in order to create our embeddings, we need to choose an embedding model to
use. Traditionally, there are three main approaches when using Transformers. The first is
using a base or agnostic model, such as BERT and its variations, and applying it directly
to our data. The second is using already fine-tuned models that might have been trained
on similar contexts, or trained on the same language or even on our data. The third is to
fine-tune or train our own model with the resources available to us. In our case, since our
data relates to the Supremo Tribunal de Justiça of Portugal, our data is related to the
legal domain and in Portugal’s Portuguese. There is an existing model already fine-tuned
for our context, the Legal-BERTimbau [90]. Such model was chosen given how well the
model meets the linguistic and domain specificities of this dissertation. Due to the limited
amount of data, we chose to use local embeddings, meaning, embeddings which are saved
locally on a machine in order to more efficiently process the retrieval step.

Having the embedding model ready to use, now we need a way to store the data so
that our RAG system can access it and retrieve the documents needed when prompted.
For our solution, since we are using a limited amount of data, we opted to use FAISS
[91] given its efficient handling of local embeddings and seamless compatibility with the
46



selected framework. This decision was reinforced by the practical constraints encountered
during experimentation, where alternative databases, such as Pinecone [92], necessitated
greater resource expenditure. For this dissertation, we opted to assign metadata to the
embedded chunks. The metadata assigned were the data related to the ecli, dataAcordao
and decisao. By embedding this information, we support queries based on different facets
of the documents, which can be useful for experts. With this, we were then capable of
creating 99,372 text embeddings alongside the respective metadata related to the identifier
of the document, the date it was written and the respective final decision.

4.5.3. Orchestration

To integrate the generative model, the embeddings, and the retrieval mechanism into a
unified system, the LlamaIndex [93] framework was selected. LlamaIndex offers substan-
tial capabilities for the development and validation of RAG systems, facilitating modular
construction and experimentation with various configurations, making it a suitable choice
for this dissertation. It is also important to mention its direct compatibility with FAISS,
allowing us to more easily use the database and efficiently process the retrieval step.

4.5.4. Retrieval

The core component of the RAG framework is the retriever, which is responsible for
identifying the most relevant documents to support generation. We followed a similarity-
based retrieval approach, where among the various distance metrics applicable to high-
dimensional embeddings, cosine similarity was adopted due to its widespread use and
proven effectiveness in high-dimensional vector spaces.

In addition to the similarity function, several retrieval parameters were defined. Specif-
ically, for each query, the top-5 most similar chunks were selected. Retrieved segments
were concatenated and passed to the generative model as context, ensuring both coverage
of relevant material and adherence to token limits.

An important aspect to mention is how the metadata used in our embeddings impacts
the retrieval process. By using metadata with our embeddings, the retrieval process can
better filter our data by the respective metadata, and if in our dataset there are similar
chunks but with different metadata, our system will better recognize those differences
and retrieve the information most related to the query. An example of this is, if we asked
the system for documents from 2020 to 2025, when retrieving, given we have the date as
metadata, the model would be able to recognize that filter and the documents retrieved
would only be from the interval mentioned. With this, the usage of metadata gives us
better performance for the retrieval process and more specific filtering and selection of
relevant information.

4.5.5. Generative Model

The second component of the RAG architecture is the generative model. This model is
responsible for producing natural language answers conditioned on both the user’s query
and the retrieved contextual documents. Guided by the analysis of related work and

47



the prevalence of OpenAI models in the literature, the GPT-4o model was selected.
This choice was motivated by its state-of-the-art performance in text generation and
multilingual capabilities, which align with the requirements of processing Portuguese legal
texts.

To guide the model’s behavior and ensure legally grounded responses, a structured
system prompt was designed and employed. The following prompt was used 1:

Usa o contexto seguinte para responder à questão posta. O contexto
refere-se a subconjuntos de acordãos portugueses de Portugal do Supremo
Tribunal de Justiça. As respostas devem ser respondidas em português
de Portugal. Caso o contexto não seja suficiente para responder à questão
responde que não é possível responder à questão dada com a informação
disponível.

Contexto: [context]
Questão: [query]
Resposta:

For this component, our embeddings’ metadata aids in mitigating hallucinations by
granting the generative model more context besides solely the text retrieved. This is
possible because before the LLM generates text, it will analyze the context’s text and
metadata and then generate the data. For example, if we specify in our query that
we want to analyze the decisions of similar cases to a specific one we described, after the
documents are retrieved, the LLM will be able to see the metadata related to the decisions
assigned to the documents and use that information in the generated answer. This detailed
context reduces the chance of our model hallucinating, giving us more reliable answers.

4.6. Evaluation

While traditionally in this section we would present how we evaluated our system, and the
respective results achieved and discussion, our research methodology is the Design Science
Research Methodology, and this methodology also has an evaluation phase. With this,
we opted to present these details in Chapter 5. This is possible to do due to the iterative
nature of both methodologies, meaning we are able to develop our system iteratively
within our design and development methodology (CRISP-DM) while also doing the same
within our macro research methodology (Design Science Research Methodology).

1Example of prompt usage in Appendix A
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CHAPTER 5

Evaluation

With the RAG pipeline built, we can proceed with the evaluation step. This phase consists
of developing a set of experiments with the pipeline through an iterative process where we
assess the model’s performance based on metrics and then proceed to make adjustments
to our pipeline accordingly in order to achieve reasonable results while fulfilling our ob-
jectives. In addition to this, we will present and discuss the results achieved during the
evaluation of the proposed RAG system and determine the extent to which it meets our
objectives defined in the earlier stages of this dissertation and if it answers our research
questions "How can we extract relevant information for legal experts from Portuguese
legal documents?" and "How can we validate and evaluate a question-answering system
for the legal domain without a dataset of questions and answers annotated by experts?".

The chapter is structured as follows. First, the evaluation methodology will be pre-
sented, where we delve into how the process was conducted and also present some of the
core concepts and techniques applied. Second, we will go into detail on how developed the
question generation method and show examples of generated questions. Third, we will
explain the iterations or experiments done in order to improve our system’s performance.
Finally, we will discuss our results and their significance to this study.

5.1. Evaluation Methodology

Before we proceed to explain the evaluation process, it is important to share how we
assessed the system’s performance. As mentioned in Chapter 2, traditionally, experts
make use of quantitative and/or qualitative measures to assess the tool’s effectiveness,
accuracy, and overall performance in relation to its intended purpose. While for this spe-
cific use case, using qualitative measures would bring us more in-depth knowledge about
our results, due to time constraints, for this dissertation, we opted to use a quantitative
measure in order to evaluate our results and determine some of its possible limitations.

One recent contribution developed for the process of evaluation of RAG systems is the
RAGAS [94] framework. RAGAS allows us to evaluate our system by relying on auto-
mated metrics rather than annotated datasets, making it a potential alternative for eval-
uating our prototype’s performance. The way this framework works is by first, evaluating
the retrieved context for a given query, measuring metrics such as relevance, precision, and
recall of the retrieved documents with the aid of an LLM. Next, it assesses the generated
responses, analyzing their faithfulness to the retrieved context, semantic alignment with
the query, and overall answer quality, also with the aid of an LLM. Finally, it combines
these metrics to provide a holistic assessment of the system, capturing how well the RAG
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model retrieves information and generates accurate, context-aware answers. However,
this framework possesses some limitations, specially for the legal domain, since it uses
LLMs to analyze if an answer answers a question and if it is related to the context. This
is a problem, since it makes the evaluation process too opaque and assumes a generalist
LLM is capable of evaluating the task correctly, which for the legal domain and in our
case, where we can not fine-tune our LLM due to a lack of resources, we believe it is not
appropriate.

Considering this, we then propose a new evaluation methodology when we do not
have access to annotated datasets inspired by RAGAS. This methodology is capable of
being applied even when not having access to the ground-truth, since we will generate
examples of questions based on original texts through Bloom’s Taxonomy. Like RAGAS,
this methodology will analyze the relation between a question and an answer, and the
relation between an answer and the retrieved context. Instead of using an LLM to measure
the relation between pairs, we will use BERTScore.

The BERTScore metric [46], as presented in Chapter 2, is used for Transformers-based
models, such as BERT, and computes cosine similarity between candidate and reference
sentences. The reference sentences represent our standard text, which the candidate, our
output text, will compare against by aligning the tokens between sentences and computing
the cosine similarity between them, producing a score. The scores are then aggregated to
produce Precision, Recall and F1 measures.

In our case, the F1 measure will be the primary analyzed metric since it represents the
harmonic mean between Precision and Recall. By leveraging the contextual embedding
from BERT and matching them with a similarity measure, we are capable of evaluating
how semantically close our text is between different components, in this case, how semanti-
cally close our answers are to our questions, and how close our answers are to the retrieved
context. This metric does not assess if the information generated is correct or applicable
to the respective questions. In order to be able to discern if a given answer is appropriate
to a question and if the context is useful to answer the question, we would need to apply
a different evaluation methodology based on qualitative metrics, be it through reporting
user tests, expert evaluation or using a questionnaire to assess experts’ opinions on the
generated results. However, as mentioned, due to time constraints, it was not possible to
incorporate such techniques for this dissertation.

With this metric and our dataset, we then apply BERTScore between (i) the system’s
output (answers) and our questions; and (ii) the system’s output and the retrieved context.
By using such metric, we are able to analyze the semantic alignment of our answers and
determine if the model is capable of generating answers closely aligned with our questions
and the retrieved context, which in turn, reflects the system’s ability to generate legally
grounded responses and helps identify if hallucinations were mitigated.
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5.2. Question Generation Methodology

Given this new evaluation framework, as mentioned, we need to generate examples of
questions based on original texts. To do this, we developed a method of question gen-
eration based on Bloom’s Taxonomy [95] in order to generate specific types of questions
we could use to evaluate our system and to specialize it in. This section will first present
the core concepts of Bloom’s Taxonomy. Second, demonstrate the question classification
process based on the taxonomy. Finally, show how the questions were generated and some
examples we generated.

5.2.1. Bloom’s Taxonomy

As mentioned in Chapter 4, we have a second dataset containing legal questions made by
experts, which we could use for this phase, however, a great majority of the questions made
are not related to our legal topic of choice, the Supremo Tribunal de Justiça judgments,
and there is a vast diversity of topics and types of questions in the dataset. Due to
these constraints, it was opted to first categorize the existing questions and use an LLM
to generate questions of a set number of categories in order to have a way to create
questions in a topic and for our system to answer them.

While there is not a standard agreed method for question classification, specially
for our context, during research we found Bloom’s Taxonomy [95]. This taxonomy is a
recognized hierarchical framework used by educators to classify and structure educational
objectives according to their complexity and specificity. There are two versions of this
taxonomy, the first one was created in 1956, and the other is a revised version created in
2001, which is the version we will apply for the purpose of this dissertation. This revised
taxonomy has altered the categories from the previous version and now includes action
verbs associated with each of the six aspects of cognition, which we took advantage of
when classifying the questions.

Bloom’s Taxonomy encompasses three primary domains: cognitive, affective, and psy-
chomotor. For the purposes of our dissertation, we will focus on the cognitive domain,
which contains six categories and a knowledge dimension with four other categories. The
core six categories are as follows:

• Remember: Be able to recall information such as dates, events, places, ideas,
definitions, formulas, and theories;

• Understand: Be able to grasp the meaning of the information, express it in own
words, and/or cite examples;

• Apply: Be able to apply knowledge or skills to new situations. Use information
and knowledge to solve a problem, answer a question, or perform another task;

• Analyze: Be able to break down knowledge into parts and show and explain the
relationships among the parts;

• Evaluate: Be able to judge or assess the value of material and methods for a
given purpose;
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• Create: Be able to pull together parts of knowledge to form a new whole and
build relationships for new situations.

As for the knowledge dimension and the four distinct types of knowledge which the
above categories can apply. They are as follows:

• Factual Knowledge: Pertains to knowledge which involves understanding termi-
nology and details;

• Conceptual Knowledge: Involves understanding the relationships among pieces
of concepts or theories;

• Procedural Knowledge: Consists of understanding processes and methods of the-
ories and problems;

• Metacognitive Knowledge: Relates to learning strategies and processes.

In Figure 5.1 we can see examples of the action verbs associated with each category,
and in Figure 5.2 we can see the relation between categories and knowledge dimensions:

Figure 5.1. Diagram of Bloom’s Taxonomy with Action Verbs [96]

5.2.2. Bloom Classification

By using Bloom’s taxonomy as a basis for our question classification process, we are
able to use keywords or key expressions in order to assign one of the six categories to
each question in the dataset. For this process, two different approaches were used: one
rule-based approach and an LLM-based approach.

The rule-based approach was made by building a function that, based on a set of Por-
tuguese keywords and semantic expressions assigned to each Bloom category, the system
looks to each question and counts how many expressions from the different categories
are in said question, where the category which has the most representation present in the
question will be the one assigned to the question. In the case where two or more categories
are equally represented in a question, we use the category hierarchy to determine which
category is assigned, and in the case where no category is represented, the question is
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Figure 5.2. Diagram of Bloom’s Taxonomy with Knowledge Dimensions [97]

Table 5.1. Keywords and Expressions for Bloom Classification

Bloom Category Keyword and Expressions

Remember qual; quando; quem; quais; onde; quanto; (que /no) (artigo / artigos);
que lei / que acórdão; resumidamente; sabes; o que é; o que são

Understand o que significa; qual o significado; interpretação de; como funciona;
para que serve; fala-me; descreve; explica; define; porquê; para que;
como

Apply se eu; em caso de; ocorrer; supõe que; é aplicável; quid juris; situação
concreta; aplica

Analyze diferença entre; compara; analisa; distinção; contrasta; análise; difer-
encia; relaciona

Evaluate é legal; é justo; opinião; deveria; achas que; concorda; acha que;
opiniões

Create resume; faz um resumo; reformula; inventa; elabora; cria; sumariza;
formula; desenvolve

classified as "Uncategorized". We can see the list of keywords used for the classification
process in Table 5.1.

In Figure 5.3 we can analyze an example of how sentences are classified through the
rule-based method.

For the LLM-based approach, GPT-4o was used to classify each question based on its
understanding of Bloom’s taxonomy. By analyzing its Chain-of Thought, it was possible
to analyze how the classification process was made, and it followed a similar approach
to the rule-based method used, however, it contained a different set of keywords and
expressions. The prompt used for the classification process was the following:

I want to classify legal Portugal’s portuguese questions made by users
according to the 2001 revised version of Bloom’s Taxonomy. I will give
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Figure 5.3. Rule-based Bloom Classification Example

context for the taxonomy, the data that contains the questions and the
objective you will have to do.

Bloom Context: " A group of educational researchers and cognitive
psychologists developed the new and revised Bloom’s Taxonomy frame-
work in 2001 to be more action-oriented. This way, students work their
way through a series of verbs to meet learning objectives. Below are
descriptions of each of the levels in revised Bloom’s Taxonomy:

- Remember: Be able to recall information such as dates, events,
places, ideas, definitions, formulas, and theories. Action verbs examples:
list, define, identify, recall, name, state, describe

- Understand: Be able to grasp the meaning of the information,
express it in own words, and/or cite examples. Action verbs examples:
explain, summarize, interpret, paraphrase, illustrate, classify

- Apply: Be able to apply knowledge or skills to new situations. Use
information and knowledge to solve a problem, answer a question, or
perform another task. Action verbs examples: apply, use, demonstrate,
implement, execute, solve

- Analyze: Be able to break down knowledge into parts and show
and explain the relationships among the parts. Action verbs examples:
analyze, compare, contrast, examine, differentiate, categorize

- Evaluate: Be able to judge or assess the value of material and
methods for a given purpose. Action verbs examples: evaluate, assess,
critique, justify, argue, defend, rate
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- Create: Be able to pull together parts of knowledge to form a new
whole and build relationships for new situations. Action verbs examples:
create, design, invent, develop, construct, compose, propose

The hierarchy goes as the following (bottom to top): Remember >
Understand > Apply > Analyze > Evaluate > Create

Knowledge Dimension: Bloom’s revised taxonomy (by Anderson and
Krathwohl, 2001) introduces the Knowledge Dimension, which comple-
ments the cognitive domain by clarifying what learners are expected to
know.

While the cognitive domain describes how learners use and process
knowledge, the Knowledge Dimension classifies the type of knowledge
students engage with:

- Factual Knowledge: Knowledge of basic elements, terminology, and
details essential to a discipline (e.g. historical dates, mathematical sym-
bols, scientific terms)

- Conceptual Knowledge: Understanding relationships among con-
cepts, principles, and theories (e.g. grasping the principles behind eco-
nomic theories like supply and demand).

- Procedural Knowledge: Knowing how to perform tasks and pro-
cesses (e.g. conducting laboratory experiments or following a mathe-
matical algorithm).

- Metacognitive Knowledge: Awareness and understanding of one’s
own thought processes (e.g. reflecting on study habits to improve per-
sonal learning strategies)."

Data Context: The data is a csv file with 1240 registries with a col-
umn named "content". Each registry contains Portugal’s Portuguese
question(s) made to a Chatbot where the subject matter of said ques-
tion(s) is related to legal matters.

Objective: Create 2 columns in the data called "bloom category" and
"knowledge dim" where for the first column the value for each question
will be one of Bloom’s Category and the second will be the respective
dimension. In case a given question/text does not contain enough infor-
mation to be classified, or the text does not have a question, categorize
it as "Uncategorized" for either column; if the text involves a resolving
an exercise or a very specific request that ca not be categorized in one
of the given categories, classify it also as "Uncategorized".

We found the model was able to better fulfill the prompt’s request by using an English
prompt instead of Portuguese, and while the model does possess information relating to
Bloom’s Taxonomy we found it better to use a given interpretation in order to avoid
possible hallucinations and misinterpretations outside of the preconceived one we possess.
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In terms of the results of the classification between both approaches, we can analyze
Figure 5.4.

Figure 5.4. Comparison between Rule-based and LLM-based Classification

As we can see in Figure 5.4, the LLM process tends to classify more questions as
"Uncategorized". The reason behind such phenomenon, after analyzing the Chain-of-
Thought of the LLM, was that the model used fewer keywords than the ones used by the
rule-based method, leading to the LLM classifying more questions as "Uncategorized".

By analyzing Figure 5.4 and examples from both methods, we are able to understand
which type of questions we want to focus on for our model. Taking into consideration
the objectives of this work and the types of questions most present in the dataset, it was
opted to use questions relative to the Remember and Understand categories since those
are the most well represented types of questions in the dataset. Given this information,
we can then proceed with the generation of questions.

5.2.3. Question Set Definition

As mentioned previously, the question dataset did not possess questions relative to matters
of the Supremo Tribunal de Justiça. It is imperative to have questions related to our topic
in order for our system to be able to answer them with accuracy and reliability. Due to
this, it was determined that it would be necessary for experts to either create a set of
questions we would use or generate them. The chosen strategy was the latter, since due
to constraints, it was not possible to have expert-made questions.

With this information, and with the aid of GPT-4o, we proceeded to generate 100
questions based not only on the data relative to the Supremo Tribunal de Justiça but also
according to Bloom’s categories, in this case, Remember and Understand. The prompt
given to the system was the following:

Based on these examples I want you to act as a Legal Expert (Lawyer/Judge)
and generate questions based on the annexed data file. I’ll give the con-
text for the data and I’ll give your objective alongside some restrictions.
Be mindful the text from the data and the text you’ll generate will be
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in Portugal’s portuguese. The questions to be generated must belong to
the Remember and Understand dimensions of the Bloom taxonomy.

Data context: 97300 registries that are segments of judgments ("acórdãos")
of the "Supremo Tribunal de Justiça". The data contains 4 columns: ecli,
chunk, date and decision. ecli refers to the document identifier which
the segment belongs to; chunk contains the text of said segment; date
refers to when the document was emitted; and decision refers to the final
decision given by the Supremo Tribunal de Justiça.

Objective: First generate 20 examples of questions. The questions
MUST be able to be answered by looking only at the dataset given,
avoid mentioning questions to other legal documents or legislation not
mentioned in the data. Questions must be general but specific to the
dataset, meaning, avoid general questions such as "O que diz o artigo
nº X?", "Quais as decisões mais comuns do STJ?", "O que significa X
decisão?", "O que o STJ quer dizer com decisão Y?", "Em que datas
foram proferidos acórdãos com decisões de absolvição?", "Quais são os
diferentes tipos de decisão final registados nos acórdãos do STJ?", "Em
que segmentos são referidos os fundamentos para a prescrição da pena?",
assume the legal expert you’ll act as already has a basic understanding
of Portugal’s legislation and legal system.

In addition also avoid questions that can only be answered by a single
instance or document of the dataset such as "Qual crime foi julgado com
base no art. 24º neste acórdão do STJ?", avoid mentioning specifically
a document or segment. The questions you’ll generate must be in the
middle, so not general enough or refer to the dataset or even analyze it,
and also not specific enough so that only a single segment or document
can answer. In addition also avoid mentioning either the segments or
even the dataset so when generating questions avoid saying "Em que
segmentos...", "Segundo o conjunto de dados / dataset / segmentos...".
Take advantage of the other columns, keep the structure and the main
focus of the questions still about the text but add aspects to the decision
or even the date.

Use this template to generate the questions: Question Template:
" X. (X = Number of the question) Questão: (question) Bloom Cog-
nitive Dimension: (Remember or Understand) Knowledge Dimension:
(Respective Knowledge Dimension "

Given the prompt shown and some adjustments to the results given, we were able to
obtain the questions we would use for our evaluation process. Here are some examples of
the generated questions:
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1) Que norma exige unanimidade dos condóminos para alterar o uso de
uma fração?

2) Como o tribunal pondera a proporcionalidade da reação do arguido
face à ofensa sofrida?

3) Porque a improcedência de pedido principal pode tornar irrele-
vante o conhecimento de pedidos acessórios?

4) Qual é a consequência legal da ausência de “declaração formal” na
aceitação de cláusulas contratuais?

5) De que forma o STJ trata a conexão entre erro-vício e erro-
obstáculo em litígios contratuais?

6) Como o princípio da boa-fé interfere na execução de cláusulas
contratuais omissas?

5.3. Experiments

With access to a reasonable amount of questions which contain content relevant to our
focus and objective, we then proceed with the application of the RAG pipeline to our
evaluation dataset.

In this section, we will delve into the parameters and additional techniques employed
for our system, and the iterative experiments made to assess the model’s performance.

5.3.1. Parameters and Techniques

A technique we applied for the evaluation process pertains to a crucial consideration to
keep in mind when developing a solution based on LLMs, which is their non-deterministic
(e.g. the output of a model is unpredictable for any given input) nature. Although
LLMs contain a parameter called temperature, which controls how non-deterministic the
model is when answering prompts, we still decided to implement a technique in order to
account for the multiple ways a model can answer a given question. For this, even while
our system’s temperature was set at 0.1, in total, three answers were generated for each
question to account for the non-deterministic nature of LLMs when generating answers.
By applying this, our evaluation process will account for the different possible answers a
model can give, even if the changes between answers are relatively small.

In terms of parameters of BERTScore, since our text is in Portugal’s Portuguese, the
parameter lang was set to "pt". Additionally, since the text was not processed, certain
words were not removed, such as prepositions, which by themselves do not hold relevant
information (we consider such words stopwords). Given this, it was opted to keep the
parameter idf set to True, which allows the system to take into account the relative
importance of words when calculating the score.

5.3.2. Iterations

As already mentioned, the scoring algorithm was inspired by RAGAs [94] and was applied
to two groups of candidate–reference pairs: (i) questions and answers, and (ii) answers
and context. With this, three different experimental iterations were carried out, namely:
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1) Application of base BERTScore without additional processing;
2) Use of BERTScore with token-based segmentation for answers and context, along

with a comparison against mismatched question–answer and answer-context pairs;
3) Application of Legal-BERTimbau instead of BERT-multilingual in BERTScore,

followed by a comparison of both models.

For the first one, BERTScore was applied directly without any type of processing,
meaning the token length was not taken into consideration when applying the metric and
the contexts were joined together as a single unit of text. For the score between questions
and answers, it was assigned to the question the average F1 Score between each result, so
between each question and its respective answers.

The second iteration took into consideration the token length between questions, an-
swers and contexts and processing of the text was applied. In Figure 5.5 we can analyze
the difference between token lengths for the questions, answers and contexts and note
how, on average, answers contain more tokens than questions and contexts. While there
is not a great difference between answers and contexts in terms of token length, we can
see how questions have considerably fewer tokens than answers and contexts.

Figure 5.5. Token Length Comparison between Questions, Answers and Contexts

As part of this iteration, we tested how the scoring algorithm would behave with
mismatched pairs of questions and answers, meaning we built a function which selected
a random question and a random answer that is not paired with their respective ques-
tion. This allowed us to understand how well the scoring method fits our system and its
respective limitations.

The third iteration centered in using a distinct model for the scoring instead of the
base bert-base-multilingual-cased model, in this case, Legal-BERTimbau. This iteration
focused on analyzing the differences between the models and the impact a different model
has on our results. Similar to the previous iterations, the new score was applied to the
question-answers pairs, answer-contexts pairs and mismatched question-answer pairs.
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With this information, it was decided to, when calculating the BERTScore between
questions and answers, each answer was segmented into sets with token length similar to
the question, where we added a overlap of three more tokens in between segments. The
BERTScore was then calculated for each segment, with the mean or maximum value being
the one assigned for the pair. Since we possess three answers for each question, again, the
average of the BERTScore of each pair was calculated and assigned to that question.

As for the scores between answers and contexts, in this iteration, instead of joining
the contexts retrieved into a single text, the BERTScore was calculated for each context
retrieved with the answers, and the average was assigned to that answer. Segmentation
was not applied in this situation due to the token length between these pairs being similar.

5.4. Discussion

In this section, we present the results obtained across the experiments and draw the
corresponding conclusions. The subsequent sections are divided between the distinct
iterations of development, where it will BE presented not only the respective visualizations
which represent and compare our results, but also the respective interpretations of said
results.

For context, the data used across experiments was composed of 100 questions, 300
answers and 300 sets of context with an average of five chunks of text in each set of
context, making it 300 pairs in total. The reason behind having 300 answers, as mentioned
in Section 5.3.2, is that for each question, three answers were generated and consequently,
three sets of context were retrieved for each answer. For the first iteration, we used the
complete dataset with every question, answer and context. In the second iteration, when
creating a mismatched set, we used 100 questions, answers and sets of context. Finally,
for the third iteration, we applied the data used in previous iterations.

5.4.1. BERTScore without Processing

The first iteration served as a baseline for evaluating the system’s performance and for
understanding how subsequent experiments affected it. Figure 5.6 shows the distributions
of BERTScore values achieved by the system for each set.

The average scores are relatively high, with 0.722 for the Question-Answer set and
0.662 for the Answer-Context set. These values suggest that the system is capable of
achieving semantic alignment across different text pairs. However, it remains necessary
to determine whether, for a given question, an unrelated answer yields sufficiently distinct
results to allow a clear assessment of performance, and the same for a given answer and
an unrelated context.

Another aspect to take into consideration is segmentation in both sets. As illustrated
in Figure 5.5, questions and answers differ substantially in their average token length,
which may impact our system’s performance since the difference in token lengths between
candidates and reference pairs impacts BERTScore scoring. In contrast, answers and
context are more balanced in this regard. In this first iteration, no segmentation was
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Figure 5.6. Distribution of BERTScore values between Question-Answer
(QA) and Answer-Context (AC) sets

applied, meaning the context was represented by concatenating the top-5 documents
retrieved for each answer, leading to a considerable increase in token length for the context,
which might have negatively influenced our results.

5.4.2. BERTScore with Mismatched sets and Segmentation

Building on the baseline analysis, the second iteration aimed to determine whether the
model could effectively discriminate between matched and mismatched sets of questions
and answers, and whether segmentation had a measurable impact on results. Figures
5.7 and 5.8 illustrate the effect of segmentation on QA and AC, respectively. Figure 5.9
shows the distribution comparison between matched and mismatched Question–Answer
(QA) sets, while Figure 5.10 presents the same comparison for the Answer–Context (AC)
sets.

From Figures 5.7, 5.8, 5.9, and 5.10, several insights can be drawn. Firstly, considering
the effects of segmentation, Figures 5.7 and 5.8 show that segmentation improved the
average score by 0.054 for the AC set, but decreased the average score by 0.031 for the
QA set. This indicates segmentation is beneficial for the AC set but not for the QA set. It
is important to note that the scores from the segmentation of answers for the QA set were
averaged across segments rather than taking the maximum. This adjustment was made
because, in some cases, the maximum produced abnormally high values, even reaching
1.0, which indicated potential overfitting.

Turning to mismatched sets, from Figures 5.9 and 5.10, we can observe how the
distributions for both sets are relatively close, especially in the AC set. This indicates
the model is not effectively discriminating between related and unrelated pairs. Such
discriminative capability is crucial since if the model cannot distinguish between matched
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Figure 5.7. BERTScore Distribution Comparison between with and with-
out Segmentation for QA set

Figure 5.8. BERTScore Distribution Comparison between with and with-
out Segmentation for AC set

and mismatched sets, then even when semantically similar answers are produced, it cannot
be relied upon to generate the type of legally grounded answers that experts would pose.

Given this analysis, one possible explanation for these results lies in the underlying
model used by BERTScore. With the parameter lang="pt", BERTScore defaults to the
application of the bert-base-multilingual-cased model, which is not fine-tuned for Por-
tuguese legal text. Consequently, the embeddings may not capture sufficient semantic
distinctions in this domain since there is a great number of legal terms used across ques-
tions, answers and context. This motivated the third iteration, in which we decided to
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Figure 5.9. BERTScore Distribution Comparison between Matched and
Mismatched QA sets

Figure 5.10. BERTScore Distribution Comparison between Matched and
Mismatched AC sets

apply Legal-BERTimbau instead, with the expectation that it would discriminate more
effectively between the distributions.

5.4.3. BERTScore with LegalBERTimbau

Based on the previous analysis, the third and final iteration applied Legal-BERTimbau
instead of bert-base-multilingual-cased to assess whether the model could better dis-
criminate between matched and mismatched sets, and whether overall performance would
improve. We titled this new score, BERTimbauScore, since it uses Legal-BERTimbau in-
stead of the base BERT model. Through Figures 5.11 and 5.12, we can analyze the impact
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of Legal-BERTimbau made between matched and mismatched sets for the QA and AC
sets, respectively, while Figures 5.13 and 5.14 compare Legal-BERTimbau’s performance
with the base model between sets.

Figure 5.11. BERTScore Distribution Comparison between Matched and
Mismatched QA sets for Legal-BERTimbau

Figure 5.12. BERTScore Distribution Comparison between Matched and
Mismatched AC sets for Legal-BERTimbau

Figures 5.11 and 5.12 show evidently that the new model discriminates, on average,
more effectively between matched and mismatched sets, particularly for the QA set. How-
ever, for the AC set, even though the distributions are more distant than with the base
model, the overlap between them remains relatively high.
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Considering this, we analyzed the system’s answers that explicitly indicated insufficient
context such as "...não é mencionado diretamente nos excertos fornecidos, pelo que não
é possível..." or "Não é possível fornecer...com base nos acórdãos fornecidos, pois...". We
identified four such cases, with mean BERTScores of 0.486 for AC and 0.568 for QA.
Although this sample’s size is small, these values provide a useful reference point for
interpreting the lower end of the distributions. Figures 5.11 and 5.12 show the reference
lines marking the aforementioned means, alongside the distributions of scores.

Based on Figures 5.11 and 5.12 with the reference lines we can see how lower-scoring
answers tend to cluster closer to the mismatched distribution, indicating Legal-BERTimbau
is better at separating relevant from irrelevant cases. In Figure 5.11, the mismatched QA
distribution lies mostly below the reference line, while in Figure 5.12 the AC mismatched
distribution shows partial overlap above the line, though most values remain below it.

Figures 5.13 and 5.14 provide a direct comparison between Legal-BERTimbau and
the base model. By analyzing these figures, we can observe that while the base model
achieves higher absolute scores in both QA and AC compared to Legal-BERTimbau, this
does not necessarily reflect better performance, since, as shown in the second iteration, it
fails to discriminate effectively between matched and mismatched pairs.

Figure 5.13. BERTScore Distribution Comparison between BERT-base
and Legal-BERTimbau for QA set

In summary, despite producing slightly lower overall scores, Legal-BERTimbau demon-
strated superior discriminative ability, especially for the QA set. While some overlap re-
mains in the AC case, the model still distinguishes matched from mismatched pairs more
reliably than the base model. One possible reason for this phenomenon comes from how
legal text is complex, where arguments stated might have distinct formulations for the
same meaning. Consequently, Legal-BERTimbau, a model fine-tuned on this data, is able
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Figure 5.14. BERTScore Distribution Comparison between BERT-base
and Legal-BERTimbau for AC set

to more effectively embed information given such complexity, making it the best option
for this process of evaluation within the tests made.

While this evaluation process does not allow us to assess the quality of the answers
in terms of accuracy of information, it still allows us to differentiate between possible
unreliable and reliable answers by analyzing how semantically similar the answers are to
their questions and context. As we have seen throughout this chapter, Ask Supreme with
the use of Legal-BERTimbau possesses capabilities of distinguishing between semanti-
cally similar and distinct pairs of questions and answers, and answers and context. This
demonstrates the potential that RAG systems have in the legal domain for Portuguese
legal documents and that, with support from experts, we could build a system that would
effectively aid them in legal search.
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CHAPTER 6

Conclusion

Having developed, implemented, and evaluated our proposed system, this chapter presents
the final conclusions of this dissertation. This chapter aims to revisit the main objectives
defined at the beginning of this work and to reflect on how they were addressed throughout
the different stages of development and evaluation.

In addition to summarizing the main findings and contributions of this research, this
chapter also discusses its limitations, which help to frame the scope of the results obtained
and highlight the aspects that could not be fully explored. Finally, directions for future
work are outlined, pointing to possible extensions and improvements that may further
enhance the system or broaden its applicability.

6.1. Summary of Contributions

Throughout this dissertation, the central objective was to investigate how NLP-based
technologies such as LLMs could aid in the legal search process by using this technology
to extract information and provide an analysis to legal experts. From this objective, we
composed two research questions related to how we can extract relevant information from
legal documents, how LLMs can aid in this extraction and respective analysis, and how
we can evaluate these systems without annotated datasets. Guided by our objectives and
research questions, the work resulted in a set of contributions that are summarized in this
section.

In order to answer our research questions and fulfill our objectives, multiple method-
ological strategies were used and combined. The Design Science Research methodology
provided the overarching structure, guiding the research through iterative cycles of design,
development, and evaluation. Within this framework, an adapted version of CRISP-DM
was employed during the Design and Development step, enabling an incremental and
modular construction of the system while ensuring that each stage remained closely tied
to the data, our expertise, and our objectives. At the technical level, the system was
implemented as a traditional RAG pipeline, allowing the integration of legal document
retrieval with LLM-based answer generation. This combination of methodologies made it
possible not only to structure the research process effectively but also to gradually refine
the system in a way that reflects both technical and domain-specific requirements.

Besides the development of our tool, this dissertation also possesses other contributions
that extend beyond the development of Ask Supreme. The tool itself was built as a
system capable of answering legal questions related to a specific topic, namely the Supremo
Tribunal de Justiça judgments, demonstrating the applicability of RAG to Portuguese

67



legal texts while also aiding legal experts in legal search. Second, we conducted an updated
and systematic literature review on LLM-based approaches in the legal domain, which
helps situate this work within the current state of research. Third, we introduced a novel
approach to question classification and filtering, which leverages Bloom’s Taxonomy as a
means of analyzing the cognitive level of questions. This method not only can be used to
evaluate similar systems without the use of annotated dataset, it also informs how data can
be curated and filtered, and also provides insights into how Question-Answering systems
might be specialized for different categories of questions instead of being developed as
a generalist system. Together, these contributions provide both a practical artifact and
theoretical insights that can support future work at the intersection of law and artificial
intelligence.

6.2. Conclusions

In Chapter 5, we presented a series of visualizations of the system’s performance alongside
their interpretation. With this analysis we could verify the degree of semantic alignment
achieved across the different text sets. Through our iterative process, we could identify
how the use of a fine-tuned model substantially improved the system’s ability to discrimi-
nate between matched and mismatched information, even though the overall distribution
of scores remains modest.

With regard to this dissertation’s objectives, just as proposed, we successfully built
a tool capable of extracting and analyzing information while generating insights based
on user input. By applying an RAG methodology, the tool was able to, based on a
given question, retrieve the related context and extract the relevant information from the
retrieved documents. This enables the system to generate answers grounded in contextual
evidence, thereby reducing hallucinations and subsequent unreliability.

Regarding the first research question, "How can LLMs aid in the extraction and anal-
ysis of legal information from Portuguese legal documents", even though the development
of the prototype and the systematic literature review highlighted the capabilities of LLMs
and their respective limitations, the system itself and the evaluation methodology em-
ployed, do not allow us to directly evaluate the accuracy and relevance of the answers
generated. Firstly, based on our results, although LLMs show potential in assisting le-
gal experts in legal search through the use of the RAG framework, the limitations of
these models must be acknowledged, along with the ethical issues raised by their use
and development, which remain critical considerations across the domain. Secondly, even
though the evaluation methodology based on BERTScore and RAGAS does not allow
us to assess the accuracy or relevance of the generated answers, this methodology serves
as an indicator of the similarity between question, answer and context, providing a way
to assess the presence of hallucinations, specially in situations where we are not able to
apply a qualitative evaluation methodology. These observations are consistent with the
findings presented in the systematic literature review, where domain specific fine-tuning
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improves performance, but challenges remain in ensuring reliability, relevance of generated
information, and mitigating the ethical concerns these models bring.

Based on our results, these models possess the capacity to assist legal experts in legal
search by retrieving relevant documentation and providing contextualized analysis. Al-
though LLMs show such capabilities, their limitations must be acknowledged, along with
the ethical issues raised by their use and development, which remain critical considera-
tions across the domain. These observations are consistent with the findings presented in
the systematic literature review, where domain specific fine-tuning improves performance,
but challenges remain in ensuring reliability and mitigating ethical concerns.

LLMs show such capabilities, their limitations must be acknowledged, along with the
ethical issues raised by their use and development, which remain critical considerations
across the domain. These observations are consistent with the findings presented in the
systematic literature review, where domain specific fine-tuning improves performance, but
challenges remain in ensuring reliability and mitigating ethical concerns. In relation to
our results, even though the approaches employed do not assess the accuracy and quality

Considering the methodologies employed and results achieved, we can see how for
this research questions we were not able to directly identify relevant information for ex-
perts without a qualitative evaluation methodology. However, through the BERTScore
approach, we have an indicator

Turning to the second research question, "How can we validate and evaluate a question-
answering system for the legal domain without a dataset of questions and answers anno-
tated by experts?", through the development of the question generation method based on
Bloom’s Taxonomy alongside the usage of BERTScore we were able to circumvent one of
the challenges of developing a legal NLP system, this being the evaluation of the systems
without either a annotated dataset or with the help of experts. With Bloom’s Taxonomy,
we were capable of generating specific types of questions related to our legal topic of
choice while also controlling the level of detail of the respective questions. For the usage
of BERTScore with a RAGAS-based approach, as mentioned in Chapter 5, this metric
allows us to analyze the semantic similarity between our pairs of questions and answers,
and answers and context in order to determine if our system is capable of producing an-
swers related to our questions and context, indicating the usability of RAG systems for
the legal domain. Even though we were able to address the challenge of evaluating our
system without annotated datasets or the aid of experts, such would greatly benefit our
system and our respective results and allow us to evaluate the accuracy, applicability and
reliability of our system as an aid to the process of legal search.

The results achieved and presented in Chapter 5, demonstrate how the use of a fine-
tuned model greatly improves the discrimination capabilities between matched and mis-
matched sets. Nonetheless, while promising, these results reveal considerable scope for
improvement, particularly in data processing, modeling, and validation.
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In summary, the objectives set at the outset of this dissertation were achieved, and
the research questions were adequately addressed. Despite the constraints and limitations
encountered during this process, with the system’s prototype, we were able to analyze the
potential of LLMs and RAG-based systems to support legal experts in legal search for
Portuguese legal documents. At the same time, some limitations were also noted, and
experts from both the technological and legal domains must remain attentive to issues of
accuracy, reliability, and ethics. In addition to this, the integration of Bloom’s Taxonomy
and the development of a RAGAS-based approach with BERTScore for evaluation into
our approach represents a valuable and novel contribution, as it provides not only a
way to validate and evaluate similar systems without an annotated dataset, but also
provides a means of classifying questions and opens opportunities for focusing Question-
Answering-based systems. This method still offers a promising avenue for future search
and development, which could help build more specialized systems and guide analysis of
the information being fed to LLMs.

6.3. Limitations

As discussed throughout this dissertation, a number of limitations and constraints were
encountered during the development of this study, which impacted the final artifact and
respective results achieved. These limitations primarily concern two core aspects of the
system, its degree of specialization and the process adopted for validation.

6.3.1. Data

Regarding our data, as presented in Chapter 4, from the repository used to extract our
data, we only had access to the summaries of the available judgments. By only having
access to the summaries instead of the full-text, we end up possibly losing portions of
information that could benefit our systems, even if it would translate in more time being
spent in processing the text.

6.3.2. Specialization

With respect to specialization, the system favors answering questions specifically related
to the Supremo Tribunal de Justiça and only in Portuguese. Moreover, most of the
supported questions fall into the “Remember” and “Understand” categories of Bloom’s
Taxonomy. These restrictions reflect the choice of building a specialized proof-of-concept
prototype, rather than a general-purpose solution, which would have introduced consid-
erable complexity. Although this narrow scope limits the generalization of the results, it
allowed for greater control over the development and validation process while still enabling
the system capability to meet the objectives defined for this dissertation. In this regard,
the prototype serves as an initial demonstration of the applicability of RAG systems in
the Portuguese legal domain.
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6.3.3. Validation

In our validation phase, we relied on the use of LLM generated questions and the BERTScore
metric. While these choices facilitated experimentation, they also introduced limitations.
First, the exclusive use of generated questions meant that accuracy may have been com-
promised, as these questions do not necessarily mirror the phrasing or complexity of
expert-level questions. Second, the reliance on quantitative metrics restricted the analysis
to semantic alignment. Although BERTScore provides an indicator of possible hallucina-
tions, it does not capture the full accuracy, completeness, or usefulness of the generated
answers by itself. Third, the validation dataset itself was limited in size, containing only
100 initial question–answer pairs. A larger and more diverse dataset would have improved
the reliability of the evaluation and improved the system’s retrieval capabilities. These
limitations were partly the result of time and computational resource constraints, which
also prevented us from conducting a complementary qualitative evaluation with legal ex-
perts. Considering this, it is important to note that, as presented in Chapter 3 and in
Appendix B, a great number of studies applied a similar approach to ours when gener-
ating Question-Answering datasets and using quantitative metrics while recognizing its
limitations.

Despite these constraints, the prototype nonetheless provided meaningful insights into
the design and operation of RAG systems for legal applications. These limitations, in
turn, highlight important directions for improvement, many of which are addressed in the
following section on Future Work.

6.4. Future Work

While the system and techniques developed in this study demonstrate the potential of
the RAG framework for assisting experts and novel ways to validate and evaluate these
systems without annotated datasets, several opportunities still exist for further improve-
ment and expansion of this work. The following sections outline the potential avenues for
future research and development, highlighting directions that could enhance the system’s
performance and reliability, and address some of the limitations identified throughout this
dissertation.

6.4.1. Feature Processing

In our Portuguese judgments dataset, we had access to features such as decisao, tematica
and descritores. These features as described in Chapter 4, possess high variability of
values leading us to ignore these features in our system since some values present in the
features overlap where some of these values could represent the same information but they
are recognized as different in our system, which can impact our results since the model
might not effectively and accurately identify the similarities and patterns present in the
data. However, for decisao feature, with the aid of legal experts, we could identify some
of these overlapping values or even better categorize them into fewer categories, allowing
us to have more consistency and more evident patterns which our system can more easily
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and effectively identify. As for the other features, we would need to possibly manually
filter and categorize the values for each feature, with the possibility of needing a legal
expert to better categorize the values.

In addition to this, exploring IE techniques and their applicability and performance
in our system was not possible since not only most of our dataset was already structured,
it would also require more legal expert knowledge in order to better model our data and
extract meaningful insights.

The downside of these processes is that they require the orientation of legal experts
and manual work in order to not only identify all possible values each feature can have
and categorize them accordingly, but also to support the IE process.

6.4.2. RAG Experimentation

While we applied a traditional RAG method to build the system’s prototype, other tech-
niques could have been added to our approach, for the proof-of-concept such techniques
were not applied such as Hybrid Retrieval, Reranking (e.g. addition of a reranking layer to
our retrieval step allowing this process to filter more relevant information from the docu-
ments), and experimenting with other similarity measures. By applying these techniques,
we would possibly see an improvement in our system across the metrics and validation
methods being employed.

As mentioned in Chapter 4, for the Ask Supreme system, we used GPT-4o and Legal-
BERTimbau as the LLM and embedding model of choice, respectively. Another experi-
ment which could be done is the testing of other different models to the ones employed,
which most certainly could impact performance and the generation of answers.

6.4.3. Validation Process

As described in Chapter 4, for validation of our system, we used an LLM generated dataset
of questions and answers and applied the BERTScore metric between different pairs of
text in order to judge the semantic alignment of our system. However, in order to create
a reliable and accurate system, instead of generating a dataset and using a quantitative
measure to assess performance, we would need the aid of legal experts to better validate
our system through a qualitative approach.

This process would require a dataset composed of expert-level questions and answers
related to our topic of choice and a team of experts to aid us in validating our system’s
answers and their respective accuracy and reliability, either through a questionnaire or
interviews, where we would personally analyze how the system is being used by experts
and document their experience and respective opinions of the system. In addition to this,
as mentioned in Section 6.3, we would require a great number of examples from experts
in order to have a diverse sample of examples that our system could take advantage of.

As expected, applying this approach would require a considerable amount of time and
resources in order to be carried out, in addition to requiring an available team of experts.
However, with these resources, this would greatly improve the system overall, not only
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leading to a more accurate and reliable system, but also a system designed alongside
experts, catering to their needs and requirements.

6.5. Final Remarks

This dissertation demonstrates the feasibility of building a RAG-based system for Por-
tuguese legal text and how it can be used to aid experts in legal search. With our
proof-of-concept, we are able to see the potential of LLM-based technology and how it
can be implemented in the legal domain, while still being mindful of its limitations and
concerns it brings forth.

We recognize the limitations of this study, such as the use of a quantitative-based
approach for validation instead of a qualitative-based approach, and the use of LLM
generated datasets for such process.

In summary, we believe that this study was able to achieve its objective while also
making a significant contribution to the legal and technological field by providing novel
approaches to question classification and filtering and providing evidence of the potential
and limitations of LLMs and RAG-based systems in legal search.
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APPENDIX A

Appendix: Example of Prompt usage

Usa o contexto seguinte para responder à questão posta. O contexto
refere-se a subconjuntos de acordãos portugueses de Portugal do Supremo
Tribunal de Justiça. As respostas devem ser respondidas em português
de Portugal. Caso o contexto não seja suficiente para responder à questão
responde que não é possível responder à questão dada com a informação
disponível.

Contexto: [’I - I. Não pode adquirir-se a propriedade de parte física de
fracção autónoma de prédio constituído em propriedade horizontal antes
que haja alteração do título constitutivo que autonomize essa parte física
da fracção da outra em que estava inserida. II. O Tribunal não pode al-
terar o título constitutivo da propriedade horizontal em violação das
normas legais em vigor, designadamente, sem a aprovação de todos os
condóminos e junção de documento emanado da Câmara Municipal com-
provativo que a alteração está de acordo com as leis e regulamentos em
vigor na autarquia, porque não pode impor a terceiros nem aos Condómi-
nos uma decisão que a todos atinge, quando os condóminos e o Município
não são sequer partes na acção. III. O Tribunal só pode declarar adquiri-
das por usucapião fracções autónomas completas (a menos que se trate
de aquisição em compropriedade), sob pena de fraude à lei. IV. Actua
com abuso de direito o construtor vendedor que depois de ter declarado,
através de documento particular, doar a um condómino uma garagem e
arrecadação e durante mais de 15 anos ter agido como verdadeira doação
válida se tratasse, vem invocar a inobservância da forma legal, ao fim
desses anos todos, para obter a declaração judicial de nulidade da doação.
V. Do abuso de direito podem decorrer vários efeitos jurídicos: pode dar
lugar à obrigação de indemnizar, à nulidade nos termos gerais do art.
294.º; à legitimidade da oposição; ao alongamento de um prazo de pre-
scrição ou de caducidade, etc.’, ’IV - A fim de afastar a presunção de
comunhão das partes comuns que estejam afectadas ao uso exclusivo de
um dos condóminos, basta uma afectação material, uma destinação ob-
jectiva, mas já existente à data da criação do condomínio, embora não
se exija que ela conste do respectivo título constitutivo da propriedade
horizontal, como acontece, por exemplo, quando só se pode ter acesso
ou comunicação a uma parte do edifício, como seja, um terraço, através
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da fracção autónoma de um condómino.’, ’IV - A amplitude normativa
conferida pelo legislador ao regulamento do condomínio que faça parte
do título constitutivo da propriedade horizontal e a sua força vinculativa
é muito maior do que a que é conferida a regulamento que seja aprovado
pelos condóminos em momento posterior à constituição da propriedade
horizontal. Para além de outras diferenças, importa realçar que o regula-
mento integrante do título pode regular e disciplinar não só a utilização
das partes comuns, mas também o uso e fruição das fracções autónomas.’,
’II - Não é possível através da interpretação dos negócios de constituição
de propriedade horizontal e de compra e venda celebrados entre a 1.ª
Ré e os condóminos Autores, concluir-se pela integração de “Clube de
Lazer”, como parte comum, no Edifício constituído em propriedade hori-
zontal, se tal Clube está instalado em terreno que não pertence ao prédio
a que a escritura pública se refere e onde foi construído tal Edifício, isto
independentemente do sentido de vontade real (ou normativa) das partes
que outorgaram naqueles negócios formais (art. 238.º do CC).’, ’VI - O
negócio realizado pelas partes consistiu na cessão de quotas de uma so-
ciedade. Como contrato translativo de titulares, tem o negócio, como
elementos essenciais, o reconhecimento/especificação das quotas a ceder
e o preço da cedência (para além, obviamente, da identificação dos su-
jeitos intervenientes). Assim sendo, a estipulação quanto ao preço de
alienação das quotas constitui uma cláusula essencial, devendo ser in-
serida na escritura pública. Não constando desta, é tal estipulação nula
(art. 220.º do CC).’]

Questão: Que tipo de vício pode tornar nula uma cláusula que al-
tera a finalidade de uma fração autónoma num prédio em propriedade
horizontal?

Resposta:
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APPENDIX B

Appendix: List of Documents from Literature

Table B.1: List of Documents from Literature

Authors Publication
Year

Dataset LLM Techniques Task Evaluation
Method

Visciarelli
et al. [9]

2024 PDFs of the
regional laws
of Emilia-
Romagna

LLaMA-2,
Mistral

LLM Fine-
tuning, Re-
trieval, RAG

Legal
Search

Metric (Perplex-
ity) + Experts

Amorim et
al. [85]

2024 ACE 2005
dataset and
the Lusa News
dataset

GPT3 Information Ex-
traction, Knowl-
edge Graph

Not appli-
cable

Metrics (Preci-
sion, Recall, and
F1)

Hu, Luo,
and Feng
[63]

2024 LeCaRD LLaMA Legal Arti-
cle and Case
Retrieval, Em-
bedding Model
Fine-tuning, Co-
sine Similarity,
RAG

Legal
Search

Human Evalua-
tion (User Tests)

Louis,
Dijck, and
Spanakis
[64]

2024 LLeQA LLaMA,
Vicuna-
1.3,
WizardLM-
1.0,
TULU,
Guanaco,
gpt-3.5-
turbo

ICL, LLM Fine-
tuning, RAG

Legal
Search

Metrics (ME-
TEOR, F1)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Zhou,
Huang,
and Wu
[65]

2023 LeCaRD GPT-3.5-
Turbo

Retrieval, Infor-
mation Extrac-
tion

Legal
Search

Metrics (Re-
call, Preci-
sion, P@5(%),
P@10(%),
MAP(%),
NDCG@10(%),
NDCG@20(%),
NDCG@30(%))

Coelho et
al. [71]

2024 959 manually
annotated legal
opinions (in
Brazilian Por-
tuguese) enacted
by lower court
judges in the
State Court of
Rio de Janeiro
in the context of
consumer com-
plaints involving
electric power
companies

GPT-3.5-
Turbo

NER, Text
Classification,
Information Ex-
traction, BERT
Fine-tuning

Legal
Search

Metrics (Preci-
sion, Recall, F1-
score, Accuracy,
RMSE)

Garlyal,
Hariharan,
and Singh
[51]

2024 Indian Penal
Code

LLAMA 2,
MISTRAL
and PHI2

Retrieval
(MIPS), RAG

Legal
Search

Metrics
(ROUGE-N
and ROUGE-L)

Moreira et
al. [72]

2024 352 LLM-
Generated
Question-
Answer pairs
based on 50
Brazilian legal
documents

GPT4
Turbo

BERT Fine-
tuning, UMAP
for Dimension-
ality Reduction,
DBSCAN for
Clustering of
questions and
answers

Legal
Search

Metrics (Pre-
cision, Recall,
F1 Score, Di-
vergence (DIV)
to measure the
disagreement
between two
detected prece-
dents of a legal
matter)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Litaina et
al. [52]

2024 17 handwritten
Greek Contracts
of the XIX cen-
tury

GPT-3.5,
Gemini

Information Ex-
traction (NER,
Relationship
Identification)

Legal Doc-
ument Re-
view

Metrics (Preci-
sion, Recall) cal-
culated from the
comparison with
the answers of a
legal expert

Mamalis et
al. [49]

2024 428 extracted
documents of
EUR-Lex which
included U
treaties, leg-
islative acts,
international
agreements,
and prepara-
tory documents
and european
case-law

GPT3.5,
GPT4

Question Gener-
ation, RAG

Legal
Search

Qualitative
Analysis by
experts (Ex-
pert defined
set of questions
(12) related to
GDPR divided
into groups
based on the de-
gree of difficulty
of the answers
and analyzed
the answers of
the LLM)

Nai et al.
[53]

2024 3 Tables with
information
relative to Pro-
curement, Con-
tract Authority,
Economic Oper-
ator respectively
extracted from
ANAC

GPT mod-
els, Cohere

Information Re-
trieval, Elastic-
search, RAG

Legal
Search

Metric (NDCG)

Wiratunga
et al. [66]

2024 Australian
Open Legal QA
(ALQA)

Mistral-
7B-open

Information
Retrieval, CBR,
Similarity-based
KNN for Re-
trieval, RAG

Legal
Search

Metrics (F1, Co-
sine, ANOVA)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Li and Yi
[62]

2024 manually cre-
ated a set of
100 training
samples for legal
entity relation
extraction tasks
as a seed pool.
From this pool,
we randomly se-
lected six man-
ually crafted
samples and
an additional
two samples
generated by
the model in
the previous
step, CAIL2022,
CCKS2021

Baichuan2-
13B-Chat

LLM Fine-
tuning, Few-shot
prompting, In-
Context Learn-
ing, Information
Extraction

Legal
Search

Metrics ( Preci-
sion, Recall, F1)

Cherubini
et al. [10]

2024 European le-
gal acts taken
from EUR-Lex
repository

gpt-4 Information
Retrieval, KNN,
RAG

Legal
Search

Metrics (Mean
Reciprocal Rank
based on an old
dataset using ex-
pert annotators)
+ Human Eval-
uation (Experts
score answers)

Amri,
Bani, and
Bani [54]

2024 Moroccan labor
law data, includ-
ing articles from
the Moroccan
Labor Code
and the Dahirs
(royal decrees)

LLaMa-
70B

Information Re-
trieval, RAG

Legal
Search

Not specified
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Yao et al.
[50]

2024 BELLE, MOSS,
Scrapped Chi-
nese Website
Information,
Lawyer Llama,
DISC-Lawllm,
Alpaca

ChatGPT,
Qwen-
14B-Chat

CoT prompt-
ing, LLM
Fine-tuning,
Recommenda-
tion System,
Information
Retrieval,
Document
Re-ranking,
Kmeans, KCen-
ter, Reinforce-
ment Learning

Legal
Search

Human Evalu-
ation (Experts
used metrics like
Completeness,
Reliability, Log-
ical Coherence,
User friend-
liness, Legal
ability, Intention
Understanding,
Harmlessness
to evaluate the
answers of the
LLM)

Cho et al.
[73]

2024 4 human-
labeled, and 192
LLM-labeled
examples

GPT3.5-
Turbo,
GPT4

Information
Extraction, Re-
trieval, Elastic-
search, Few-shot
prompting

Legal
Search

Metric (F1)

Nunes et
al. [70]

2024 2 Brazilian le-
gal datasets for
NER

Sabia
(LLaMa
7B fine-
tuned)

Information Ex-
traction (NER),
In-Context
Learning, Co-
sine Similarity

Legal
Search

Metrics (micro
F1, precision,
recall)

Ryu et al.
[55]

2023 Korea Legal
Aid Corpora-
tion and Korea
Legislation
Research Insti-
tute data and
LLM-Generated
Questions for
the data

ChatEval
and
FairEval
(GPT3.5,
GPT4)

Information
Retrieval, Ques-
tion Generation,
RAG

Legal
Search

Metrics (Pear-
son, Spearman,
and Kendall
correlation co-
efficients) +
Human Evalu-
ation (human
grading eval-
uated by the
lawyers)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Hoang et
al. [67]

2023 ALQAC
2022/2023, Zalo,
LLM-Generated
Questions

ChatGPT,
Flan-T5-
XXL,
Flan-
Alpaca-
XXL,
VietAI/envit5-
translation

Lexicon, Zero-
shot prompting,
CoT Prompting,
JSON Prompt
Formatting,
Translation

Legal
Search

Metrics (Pre-
cision Recall
F2-macro, Accu-
racy)

Zin et al.
[68]

2023 CUAD (QA
dataset with 510
contracts)

GPT3.5 Summarization,
Retrieval, Re-
ranking, Em-
bedding model
fine-tuning,
Information
Extraction

Legal
Search

Metrics (F1, Ex-
act Match)

Adhikary
et al. [74]

2024 Gold standard
200 legal docu-
ments annotated
by law students,
collection of
6854 legal case
documents from
the Supreme
Court of India
from 1958 to
2016

GPT2,
GPT3.5-
Turbo,
GPT4,
LLaMa-2

LLM Fine-
tuning, Few-
shot prompting,
Weak Super-
vision, Entity
Extraction,
Judgment Pre-
diction

Legal
Search

Metrics (Accu-
racy, Precision,
Recall, F1-score)

Zambrano
[56]

2024 400 court deci-
sions

LLaMA3,
Mixtral
8x7B

Zero-shot
prompting,
Information Ex-
traction, JSON
prompting

Legal
Search

Metrics (Accu-
racy, precision,
recall and F1
score)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Gabriela
Argüelles
Terrón [57]

2023 Spanish
Worker’s
Statute

GPT-3.5 Zero-shot
prompting,
3-shot prompt-
ing, 5-shot
prompting,
Event Extrac-
tion, In-Context
learning

Legal
Search

Metrics (Preci-
sion, Recall, F1)

M, P, and
M [58]

2024 7130 documents GPT4,
LLaMa-2,
BART,
T5, Pega-
sus, (Legal
Pegasus,
Legal
BERT,
Encoder-
Decoder

Summarization,
Text Rank, Lex
Rank, LSA,
BERT and KL
Summ, Zero-
shot prompt-
ing, One-shot
prompting,

Legal
Search

Metrics
(ROUGE -
1, ROUGE - 2,
ROUGE - L,
BERT, SCORE)

Reji et al.
[37]

2024 COLIEE Mistral 7B
Instruct
v0.2

Cosine Similar-
ity, Few-shot
Prompting,
Zero-shot
prompting,
IRAL prompt-
ing, CoT
prompting,
Naive greedy
decoding Gen-
eration, Beam
search Gen-
eration, Con-
trastive Search
Generation,
Multinomial
sampling Gener-
ation, RAG

Legal
Search

Metrics (Accu-
racy, precision,
recall, F1 score)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Espírito
Santo et
al. [59]

2024 172,408
Scrapped Brazil-
ian legislation
and LLM-
Generated QA
dataset for
Fine-tuning

LLaMa-
2-7B,
GPT3.5,
Sabia,
Maritalk

LLM Fine-
tuning

Legal
Search

Metrics (BLEU,
ROUGE-N,
BERTSCORE,
MOVER-
SCORE) +
Qualitative
analysis made
by the re-
searchers

Kaoutar et
al. [60]

2024 Documents of
Canadian law

GPT3.5,
Gemini,
Mistral-
7B-
Instruct-
v0.2,
Gemma-
7B, Falcon
180B,
Llama2
70B

LLM Fine-
tuning, Seman-
tic Chunking

Not appli-
cable

Based on a set of
40 questions pro-
vided by a tax
expert

Alif Adil-
lah et al.
[8]

2024 Indonesia Non-
Convention
Vessel Stan-
dards (NCVS)
books

GPT3.5-
Turbo

RAG Legal
Search

Metrics-based
Similarity (pre-
cision@k, re-
call@k, F1, and
Mean Reciprocal
Rank)

Anh et al.
[2]

2023 COLIEE 2022 Flan-
t5-xxl,
Flan-Ul2,
T0pp,
Bloomz-
7b1, Mt0-
xxl

Casual LM Gen-
eration, Masked
LM Gener-
ation, LLM
Fine-tuning

Not appli-
cable

Metrics (Accu-
racy)
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Authors Publication

Year
Dataset LLM Techniques Task Evaluation

Method
Chauhan
et al. [61]

2024 2.5GB of Indian
Legislation with
articles and case
law

Not speci-
fied

LLM Training,
Cosine Simi-
larity, Intent
and Entity
Recognition,
Information
Retrieval

Legal
Search

Metrics (Accu-
racy)

Kurniawan
and Hi-
ererra
[5]

2024 Public Corpus of
Indonesian Leg-
islation

ChatGPT RAG Legal
Search

Human Evalua-
tion based on a
Likert scale and
Interviews with
Experts

Bakir,
Yildiz, and
Aktas [69]

2023 SQUAD LLama2-
7B

LLM and Em-
bedding Train-
ing, Similarity
Measure Testing

Legal
Search

Metrics
(ROUGE,
BLEU, ME-
TEOR, Cosine
Similarity, F1,
Precision, Jac-
card, RMSE,
MAE) and Hu-
man Evaluation

Jacob et
al. [7]

2024 Curated legal
documents,
case laws, and
relevant legal
literature

Mistral-
8x7B-
Instruct-
v0.1

RAG Legal
Search

Metrics (BLEU,
ROUGE, and
METEOR)

S et al. [75] 2024 Not specified LLaMA-2,
FLAN-
T5-Base,
Claude2

Summarization Legal
Search

Metrics
(ROUGE 1,
ROUGE 2,
ROUGE L,
BERT (Preci-
sion), BERT
(Recall), BERT
(F1))
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