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Abstract 

This study explores RAG systems tailored to the Portuguese legal domain, highlighting 

challenges in underrepresented languages. Fixed-size chunking strategies, particularly 

TokenTextSplitter, were found to be most effective, while more advanced techniques like 

Recursive and Semantic splitting showed little benefits. Larger chunk sizes improved retrieval 

accuracy and answer quality, though the impact of chunk overlap remains inconclusive. Self-

reflection techniques show promising results, particularly for weaker LLMs and when different 

techniques are paired. However, there is an increment in computational cost to consider.  
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Definitions 

● AI: Artificial Intelligence 

● BERT: Bidirectional Encoder Representations from Transformers 

● CoT: Chain of Thought 

● DL: Deep Learning 

● GenAI: Generative Artificial Intelligence 

● GraphRAG: Graph Retrieval-Augmented Generation 

● LLM(s): Large Language Model(s) 

● MAS(s): Multi Agent System(s) 

● ML: Machine Learning 

● NLP: Natural Language Processing 

● RAG: Retrieval-Augmented Generation 

● RNN: Recurrent Neural Network 

● SOTA: State-of-the-art 
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1 Introduction 

The rapid evolution of Large Language Models (LLMs) has marked a significant turning 

point over the years in the application of Artificial Intelligence (AI) across various domains. In 

recent years, research highlights that specialization, rather than merely increasing parameter 

counts, can significantly enhance model performance while minimizing inference costs (Zhao 

et al., 2023; Almeida et al., 2024). In the legal domain, this specialization is particularly 

impactful, as advances in AI, such as in Machine Learning (ML) and Natural Language 

Processing (NLP), are reshaping how legal professionals and law firms approach their work.  

Legal professionals must often manage and interpret vast amounts of complex texts, 

including statutes and case law, which consumes a significant amount of time that could 

otherwise be spent on case analysis and solution development. For this reason, AI has emerged 

as a transformative tool capable of efficiently analysing and synthesising information in a 

fraction of the time traditionally needed (Conrad et al., 2023). However, legal language is highly 

nuanced and varies across jurisdictions and cases. This makes it difficult for general-purpose 

LLMs to capture the subtle distinctions necessary for accurate interpretation (Chalkidis et al., 

2021), which may also translate in an increased risk of "hallucination", a phenomenon where 

models “fabricate information” by producing plausible but inaccurate responses (Azamfirei, 

Kudchadkar, and Fackler 2023). 

In this context, LLMs tailored to the legal domain offer a unique advantage in 

interpreting and processing challenging legal language and reducing the risk of hallucinations. 

Yet, despite their advantages, there is a notable scarcity of LLMs specifically designed for non-

English legal systems, including the European Portuguese legal framework. To enhance the 

model’s understanding of the natural legal language and mitigate the risk of hallucinations, it 

proves essential to improve model training by incorporating more relevant domain-specific 
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data, implementing smarter training methods that require fewer data and resources, and 

adapting general-purpose models to interpret contextual nuances more accurately (Wei et al., 

2023).  

Nevertheless, adapting LLMs to meet specific legal tasks via fine-tuning, while less 

costly than training models from scratch, still presents significant financial and computational 

challenges, particularly for smaller firms (Xia et al., 2024). As a response to these limitations, 

Retrieval-Augmented Generation (RAG) systems have emerged as a cost-effective solution, 

requiring minimal retraining to stay current with the surge of new cases and laws (Katz et al., 

2020), and consistently outperforming fine-tuning alone (Ovadia et al., 2024). RAG systems 

achieve this by retrieving up to date, external information to contextualize generated responses 

for greater accuracy, as opposed to generalised or fine-tuned models that rely solely on the 

information it is trained on. 

Although RAG emerges as a promising solution for domain adaptation, its effectiveness 

depends highly on component design and optimization. There are several optimization methods 

across its components, with one of the most important ones being chunking (Yepes et al., 2024), 

which involves segmenting large documents into smaller, manageable pieces.  

Chunking is especially important for legal corpora, which are characterized by intricate 

structures and long-context texts. While prior studies have studied chunking, Wang et al. (2024) 

propose further research to evaluate the specific impact of different strategies on the overall 

performance of the RAG system. Hence, the group component addresses this gap by focusing 

on experimenting with various chunking techniques to create a robust baseline for a RAG 

framework suited for Portuguese legal texts. It provides a comprehensive overview of chunking 

strategies, including fixed-sized, recursive, and contextual strategies (Yepes et al., 2024), along 

with advanced techniques like Sliding Window and Small-To-Big (Yang, 2023). The generated 
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responses from these strategies are then assessed in a three-fold approach: retrieval relevance, 

presence of hallucination, and overall answer quality, combined with computational efficiency 

in embedding and generation, thus aiming to identify configurations that can best handle the 

complex structure, extended length, and underrepresented language of European Portuguese 

legal documents.  

The thesis also tackles key challenges in RAG applications, particularly the persistent 

issue of hallucination, even in well-structured retrieval systems. To mitigate this, it emphasizes 

ensuring the relevance of document selection, queries, and generated answers by integrating 

graph-based reasoning to enhance the model’s overall performance. 

By addressing these challenges, it is aimed to deliver important insights to expand the 

capabilities of RAG systems for legal research in the Portuguese Legal Domain, empowering 

professionals to navigate the complexities of Portuguese legal documents with greater precision 

and efficiency.  
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2 Literature Review 

2.1 A Brief Introduction to LLM History 

LLMs have significantly influenced the field of NLP, introducing new capabilities for 

understanding human language and producing human-like generations (Touvron et al., 2023b). 

Defined by their large parameter counts and extensive training on diverse datasets, these models 

handle tasks like translation, text completion, and summarisation fluently (Radford et al., 2018). 

Widely recognized LLMs, such as GPT, BERT (Bidirectional Encoder Representations from 

Transformers), PaLM, and more recently Llama, Claude and others, are known for their ability 

to generalise tasks, not requiring any sort of fine-tuning or special prompting to return useful 

results (Wang et al., 2024). 

Early Works and NLP 

The early development of language models traces back to the interwar period, with the 

World first observing the term “translating machine”. During World War II, the first language 

task was solved by a human-made machine, the development of a department led by Alan 

Turing that discovered a way to break the German messaging cryptography. The field was later 

advanced after research from Noam Chomsky, with the joint effort of IBM and Georgetown 

University to create a machine capable of doing machine translation, this time, capturing 

grammar (Johri et al., 2021). 

With more advancements, came the modern models, reliant on statistical techniques, 

such as n-grams and Hidden Markov Models (HMMs), which used probabilistic frameworks to 

predict word sequences based on previous sentences. These models were the groundwork to 

modern NLP approaches, but struggled to capture context and long-range dependencies, 

limiting their capability especially when dealing with longer texts (Wang et al., 2024). With the 
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introduction of Neural Networks, language models gained the ability to represent words in a 

continuous vector space. This development enabled them to capture semantic relationships 

between words, improving context-awareness and performance across different NLP tasks 

(Touvron et al., 2023a; Touvron et al., 2023b). 

The Introduction of Pre-Trained Models 

The transition from these earlier models to LLMs was significantly accelerated by the 

development of self-supervised learning techniques, which enabled developers to train their 

models with more data. While earlier models often relied on manually labelled datasets, 

constraining their scalability due to time and monetary constraints for data annotation (Wang 

et al., 2024), self-supervised learning addresses this limitation by allowing the model to identify 

patterns without human-based labels, generating a more generalized language understanding 

(Bommasani et al., 2022). 

Shift to Transformer Architecture 

Building upon these advancements, the development of the transformer architecture, 

introduced by Vaswani et al. (2017), provided a powerful framework for capturing context, 

allowing the development of models such as GPT-1, by OpenAI. The model innovates by 

utilising the Transformer model with generative pre-training for language tasks and then fine-

tuning it for specific goals (Radford et al., 2018), generating better results than previous models 

and establishing a benchmark for the future, with upcoming models, such BERT and GPT-2 

following a similar strategy (Wang et al., 2024).  

Different from Recurrent Neural Networks (RNNs), which process the text sequentially, 

the Transformer model uses a self-attention mechanism, allowing it to model relationships 

between words in parallel. This design not only improves the efficiency of capturing context 

and long-range dependencies but also significantly reduces the training time while enhancing 
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the overall model performance (Radford et al., 2018). It also enables LLMs to handle sentences 

of different lengths, more complex structures, making them more suitable for larger and less 

curated datasets for pre-training. This architecture serves as the cornerstone for models such as 

GPT-3 and PaLM, benchmarks of generative language modelling (Naveed et al., 2024). 

Scaling in Data, Parameters, and Computational Power 

The development of LLMs has been possible due to advancements in data availability, 

model size, and computational power. Larger datasets provide the linguistic and contextual 

diversity needed for models to generalise across different tasks (Kaplan et al., 2020). Plus, 

increasing model parameters have shown to improve performance significantly, with 

diminishing returns to scale, as demonstrated by models like GPT-3, with its 175 billion 

parameters (Brown et al., 2020). 

These improvements, however, come with great computational demands. Scaling up 

parameters and data simultaneously, the best approach for increasing model performance, 

requires high-performance hardware and extensive processing power, making LLM training 

both costly and resource intensive. The development of specialised hardware, such as GPUs 

and TPUs, has become essential in meeting these computational needs, being the latest enabler 

to the development of LLMs (Radford et al., 2018).  

Yet, despite these advancements that have broadened the scope of LLM applications, 

there are still challenges in context-specific fields such as law and medicine, where the tolerance 

for error is lower (Touvron et al., 2023b), and with models still struggling to deliver accurate, 

up-to-date information on recent developments or provide reliable outputs for knowledge-

intensive tasks, as their knowledge is inherently limited to the data available during training. 
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2.2 LLMs to RAG: The shift from traditional LLMs to RAG model 

To address these challenges, researchers have been investigating approaches to improve 

the efficiency and capability of AI frameworks within the legal domain (Padiu et al., 2024), 

focusing on better adapting models to handle domain-specific language, improving reasoning 

capabilities, and refining retrieval mechanisms. 

Lewis et al. (2020) introduced the RAG framework as a method to improve the LLM's 

output factual accuracy through incorporating retrieval mechanisms externally. This approach 

improves pre-trained language models, which traditionally rely on internally stored information 

(parametric memory), by granting them access to external knowledge (non-parametric 

memory). This framework achieves state-of-the-art performance by combining a pre-trained 

retriever with a generator, allowing LLMs to excel in knowledge-intensive tasks. In this system, 

the internal memory is managed by a pre-trained sequence-to-sequence transformer, while 

external memory consists of a dense vector index - often built from sources like Wikipedia - 

accessed through a pre-trained neural retriever.   

The Evolution of the RAG Paradigm 

Since its introduction, numerous research efforts have explored different RAG 

frameworks and architectures to optimise retrieval accuracy and reduce hallucinations. 

Nevertheless, the core components of the RAG paradigm - Retrieval, Generation, and 

Augmentation - remain consistent. Pertaining to these main components, Gao et al. (2024) 

categorise the evolution of RAG research into three main stages: Naive RAG, Advanced RAG, 

and Modular RAG. 

The Naive RAG approach is presented as a more straightforward architecture. As Gao 

at al. describes, this system relies on a process of indexing, retrieval, and generation to integrate 

external knowledge into language model outputs. During indexing, unstructured data in various 
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formats is pre-processed into consistent text chunks that align with the input constraints of 

language models. These chunks are then stored in a vector database in a vectorized form after 

processing using an embedding model (Chen et al., 2024). During retrieval, the system 

calculates and compares similarity scores between the user query and the stored chunks (both 

in vectorized form) and identifies the top K most relevant chunks. Finally, the user query is 

synthesized with the retrieved chunks and are fed as inputs to the LLM to generate an output 

(Zhang et al., 2023; Gao et al., 2024). 

While Naive RAG introduced significant advancements by adding context to queries 

and enhancing the accuracy of generated responses, several limitations have been highlighted 

(Gao et al.,2024). In the retrieval phase, it deals with precision and recall issues that can result 

in distracting or missing pieces of context, affecting the quality of the response. During the 

generation phase the model's response may not align with the retrieved context, making Naive 

RAG susceptible to Hallucinations and consequent production of irrelevant or biased outputs 

toward pre-trained knowledge. The augmentation process often encounters challenges such as 

fragmented or overly repetitive responses, making it difficult to maintain logical flow, relevance 

to the topic, and consistency in tone or meaning. Furthermore, there is a risk of over-relying on 

retrieved content without adding meaningful new insights, limiting the depth and originality of 

the generated response (Gao et al.,2024). 

Advanced RAG emerged as a framework to address the limitations of Naive RAG by 

introducing optimization strategies across the RAG pipeline components. Such strategies 

include refining the user query and improving the indexing structure which happens in the pre-

retrieval phase. This includes transforming or re-writing the query (Ma et al., 2023 & Peng et 

al., 2023) to make it clearer and more suitable for retrieval, as well as enhancing the granularity 

of the data and incorporating metadata to better the comprehension of the indexed text by the 
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model. In post-retrieval, key optimization strategies focus on integrating retrieved information 

with the query more effectively. This includes prioritizing the most closely connected context 

chunks through re-ranking algorithms (Xi et al., 2023), following with the compressing of the 

re-ranked chunk list to emphasise essential parts. This helps prevent the LLM from being 

overwhelmed with irrelevant details that do not contribute to the task at hand (Ilin, 2023). 

Building on this, Modular RAG introduces even greater adaptability through a flexible 

modular structure composed of interchangeable modules that can be reconfigured to address 

specific challenges and that enable task-specific optimizations (Gao et al., 2024). Key modules 

include Search, which extends retrieval capabilities beyond vector databases by integrating 

sources like search engines and knowledge graphs; Fusion, that enhances the search process by 

using multiple queries to explore different perspectives; and Memory, leveraging the LLM’s 

internal memory for continuous self-improvement and better query alignment. Additionally, 

Routing optimises the pathway of the query to the different RAG components, while Predict 

minimises irrelevant information and repetition by generating more focused context directly 

from the LLM. The Task Adapter module further allows customization of RAG for specific 

tasks, particularly in retrieval, enabling more tailored solutions across different domains. These 

components are customizable, and researchers have tried to develop various frameworks and 

toolkits to facilitate Modular RAG development, including LangChain, LlamaIndex, Haystack, 

FlashRAG (Jin et al., 2024) etc. Yet, all these frameworks share the same principle of offering 

greater flexibility, allowing RAG to be fine-tuned for a wide variety of tasks and use cases.  

Beyond the three main research paradigms, recent studies have also focused on 

GraphRAG, an innovative framework designed to address the limitations of traditional RAG 

approaches in real-world applications (Hu et al., 2024). Leveraging graph-based data, such as 

Knowledge Graphs (KGs), it maps relationships between information through interconnected 
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edges and nodes that represent relationships or semantic similarities. Unlike the sequential 

retrieval system used in traditional RAG frameworks, GraphRAG enables a more efficient and 

targeted retrieval process by exploring datasets based on the relationships between data points 

(Edge et al., 2024). This method enhances retrieval precision and generation quality, delivering 

more accurate and contextually relevant outcomes for knowledge-intensive tasks (Peng et al., 

2024). 

Tailoring LLMs to Specific Domains: RAG vs Fine-tuning 

Another approach to optimising LLMs, besides RAG, is fine-tuning, which involves 

adapting a pre-trained language model to a specific task by further training it on a smaller, task-

relevant dataset (Bergmann, 2024). This process allows the model to specialise by updating its 

internal weights and parameters to fulfil the specific requirements of the task, effectively 

internalising patterns and knowledge relevant to a particular domain. In contrast, RAG 

combines retrieval-based methods with generative language models. Rather than relying 

exclusively on the knowledge embedded in the model’s parameters, it retrieves relevant 

external information in real time and integrates into the model's response. This suggests that 

this dynamic retrieval process enables RAG to handle up-to-date or domain-specific queries 

without requiring additional retraining. As a result, it is particularly useful in cases where the 

model needs to access current information or specialised knowledge that the model has not been 

originally trained on. 

Fine-tuning and RAG are often compared to each other in the realm of their performance 

of injecting external knowledge into LLMs (Ovadia et al., 2023 & Alghisi et al., 2024). As 

Ovadia et al. explain, fine-tuning is beneficial for tasks and domains that don't necessarily 

require constant updates, while RAG excels in knowledge-intensive tasks where real-time 

access to information is crucial. Nonetheless, it is noted that RAG consistently demonstrated 
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superior performance over unsupervised fine-tuning in various knowledge-intensive tasks 

spanning multiple topics. However, these approaches are complementary rather than exclusive 

and can be combined to enhance the optimization of LLMs, enabling both efficient real-time 

retrieval and customized responses. Moreover, the efficacy of both methods often relies on the 

specific used case and the combination of tools employed (Alghisi et al., 2024). 

Applications of the RAG Architecture 

RAG’s application spans a wide range of activities. Fan et al. (2023) categorise them 

into three main categories: NLP applications, downstream tasks and domain-specific 

applications. 

In NLP applications, RAG helps to enhance the capabilities of Q&A systems, ChatBots, 

and fact verification by providing external knowledge support, enabling more interactive and 

contextually rich exchanges with users, and judging the reliability of retrieved information (Gao 

et al., 2023). In downstream tasks, including personalised recommendation systems and 

software engineering, RAG enhances user preferences by integrating retrieval and generation 

processes (Lu et al., 2021), and facilitates code generation and repair by improving accuracy 

and efficiency in code summarization and semantic parsing tasks.  

Considering the LLM’s limitations to provide reliable information in knowledge-

intensive domains, RAG facilitates various automation tasks across domains like Science, 

Finance, and more. In Science, it has been utilized for tasks such as generating molecules (Wang 

et al., 2022), designing proteins, and predicting molecular properties (Ma et al., 2023). In 

Finance, RAG can improve the accuracy of financial sentiment analysis by retrieving financial 

information from external sources (Zhang et al., 2023).   

As RAG is an evolving architecture, its applications are actively being developed and 

tested across various domains. There is a growing trend of leveraging RAG to address diverse 
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business challenges and automate processes. However, there are limited open-source research 

publications that explore the feasibility, best practices, and detailed outcomes of RAG systems 

specifically within the legal domain. Companies like Thomson Reuters and LexisNexis, for 

instance, offer legal research tools powered by RAG. They claim that these systems effectively 

minimise Hallucinations, with LexisNexis even asserting a 100% Hallucination-free experience 

(Wellen, 2024). However, as these tools are proprietary, empirically assessing these claims 

remains challenging.  

Magesh et al. (2024) evaluated these tools with a focus on factual Hallucination and 

found that RAG-based legal research tools, such as those from LexisNexis and Thomson 

Reuters, still exhibit hallucination rates ranging from 17% to 33%. In comparison, GPT-4 

demonstrated a higher hallucination rate of 43%. This goes to show that RAG is a sensible 

solution to reducing hallucinations, especially when compared to LLMs such as GPT; however, 

they are not without limitations. Rather than serving as a definitive solution, RAG-based tools 

should be seen as valuable for expediting initial stages of legal research, though not as an 

absolute source of reliable information.   

Evaluation methods 

Evaluating RAG systems is a significant challenge due to their different components 

and specific application cases. Even so, an effective evaluation framework is crucial to ensure 

the RAG system performs reliably, especially in high-stakes domains such as legal research.  

According to Yu et al. (2024), there are different evaluation frameworks that use 

specific metrics for both the retrieval and generation components; there are both tailored 

solutions to different problems and standardised versions, aiming to adapt to a wide variety of 

RAG applications. Popular frameworks for developing RAG systems such as LangChain or 

LlamaIndex, emphasise metrics such as faithfulness, to ensure generated answers are grounded 
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in the retrieved context; context relevance, to evaluate how well retrieved chunks and answers 

align with the query; and correctness, which compares generated answers to a reference or 

ground truth answer. Many also leverage mean-reciprocal rank and precision metrics to 

evaluate retrieval, and semantic similarity metrics for assessing generation quality. 

Community-driven RAG specific evaluation tools such as UpTrain, DeepEval, RAGAS, and 

RAGChecker, available on GitHub, offer additional frameworks for evaluating AI systems and 

RAG pipelines.    

Other evaluation measures commonly used include BLEU, or Bilingual Evaluation 

Understudy, developed by Papineni et al. in 2001, and ROUGE, also known as Recall-Oriented 

Understudy for Gisting Evaluation, developed by Santhosh in 2023. BLEU is widely applied in 

machine translation tasks, where the objective is to automatically translate text from one 

language to another. It assesses the precision of n-grams - contiguous sequences of n words - 

by comparing the model's output to human-generated reference translations (Papineni et al., 

2001). 

ROUGE, on the other hand, is primarily focused on recall. It calculates the proportion 

of true positives relative to the total number of true positives and false negatives, making it 

particularly valuable in situations where false negatives are more critical than false positives. 

Frequently used in text summarization tasks, ROUGE measures the similarity between 

automatically generated summaries and reference summaries by analysing the overlap of n-

grams, including unigrams, bigrams, and higher-order sequences (Santhosh, 2023). 

While these tools have proven valuable across various applications, there is no universal 

solution that addresses all challenges, particularly in specialized domains like law. Many of 

these evaluation tools are limited in their compatibility with languages other than English, 

which is a significant concern when applying them to legal texts in languages such as European 
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Portuguese. To effectively assess performance in the legal domain, they often require adaptation 

to account for the unique linguistic, contextual, and terminological characteristics of the 

application case. This may involve customizing existing evaluation frameworks or developing 

entirely new methodologies to ensure accurate and reliable assessments of domain-specific 

language processing models. 

2.3 AI Applications in the Legal Domain  

The legal domain is inherently rooted in language, as legal institutions, actors, and 

processes rely heavily on the production, consumption, and interpretation of vast amounts of 

text (Chalkidis et al.,2021). Over the past three decades, the volume and complexity of legal 

texts has expanded significantly, driven by increased regulation, digitalization of legal 

processes, and the globalisation of law (Katz et al., 2020; Coupette et al., 2021). As a result, 

traditional judicial processes, characterised by time-consuming and costly procedures led by 

human decision-making, have increasingly struggled to keep pace with these demands (Lai et 

al., 2023). 

In response to these challenges, recent advancements in DL and AI are being leveraged 

to alleviate the workload on judicial systems, improving efficiency and enhancing the quality 

of decision-making (Re et al., 2019). Through automated routine tasks and legal analysis 

support, AI has the potential to address critical shortcomings in traditional legal workflows, like 

long delays, high costs, and inconsistent rulings (Ejjami, 2024). However, the legal domain 

remains a particularly hard case for LLM specialization due to the complicated nature of the 

legal corpora that composes its data. Challenging structures, domain-specific language, and 

varying interpretation make up some of the difficulties faced by both human and machine in 

legal interpretation (Padiu et al, 2024).  
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AI and Legal Applications 

 Several applications have been developed for this field and the tasks they aim to address 

may be categorized into case retrieval, judgement prediction, document drafting, semantic 

annotation, and question answering, as per Padiu et al. (2024). Recent research has heavily 

emphasized the adaptation of transformer models for the legal domain. Chalkidis et al. (2020) 

investigated three approaches to tailoring BERT for legal applications: employing the standard 

BERT model, further pre-training it on legal-specific datasets, and pre-training a new model 

exclusively on legal data. Their findings reveal that domain-specific pre-training substantially 

improves outcomes in tasks like legal text classification and entailment. In a similar vein, 

Tewari (2024) introduced LegalPro-BERT, a fine-tuned model designed specifically to classify 

legal provisions in contracts. 

One notable development is ChatLaw (Cui et al., 2024), an open-source LLM tailored 

for Chinese legal applications trained on a very large dataset of statutes, regulation, and case-

law. This model can perform tasks such as legal consultation, case analysis, and document 

drafting by incorporating a legal knowledge graph to improve retrieval accuracy and contextual 

understanding. Other developments in the Chinese legal domain include Lawyer LLaMA 

(Huang et al., 2023), also trained on a large-scale Chinese legal dataset, to provide legal advice, 

analyse cases, and generate legal articles.  

For Portuguese legal professionals, Alpaca Law (AIChatOnline, 2024) stands out as a 

tailored application, trained on Portuguese court and legislative data specifically designed to 

provide information and guidance on Portuguese law.  

Legal Datasets and Benchmarks 

The development of legal datasets and benchmarks plays a crucial role in advancing AI 

applications in the legal domain. Given the specificity of the field and consequent needs for 
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evaluation methods, legal applications should favour accuracy, reasoning capability, and 

specific language understanding to mimic those of lawyers, and as such cannot be evaluated on 

standard datasets. The Case Law Evaluation and Retrieval Corpus (CLERC) (Hou et al., 2024), 

for example, supports the identification of relevant case citations and the integration of retrieved 

citations into coherent legal analyses, comprising over 1.84 million federal case documents. 

Although models like GPT-4 achieve high scores in analysis generation, issues such as 

hallucination remain a challenge. The CLERC benchmark serves to advance the development 

of AI systems capable of effective retrieval and reasoning over legal precedents. 

Another significant contribution to the field is LegalBench (Guha et al., 2023), a 

comprehensive benchmark for evaluating the legal reasoning capabilities of LLMs. Developed 

through interdisciplinary collaboration with legal professionals, LegalBench includes over 100 

tasks covering six types of legal reasoning and was evaluated on 20 open-source and 

commercial models. LexGLUE (Chalkidis et al., 2021), another important benchmark, 

evaluates language models on tasks such as case classification, judgment prediction, and legal 

entailment using seven datasets. This benchmark highlights the challenges of adapting general 

models to the legal domain and highlights the necessity of domain-specific training for optimal 

performance. 

These advancements demonstrate the growing importance of tailoring language models 

and benchmarks not only to the unique requirements of the legal domain, but also to specific 

use cases, may they be related to the task itself or not. By addressing challenges such as domain-

specific reasoning, handling long documents, and improving retrieval capabilities, these studies 

pave the way for the effective integration of AI into legal practice. 
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Real-World AI Applications in Law 

Some AI applications are already being integrated into real-world applications. One 

notable implementation of AI in this context is the Harm Assessment Risk Tool (HART), a 

predictive tool employed by law enforcement in the United Kingdom in custody-related 

decisions that predict the likelihood that an individual will commit a grave offence within the 

following years (Greenstein, 2022). Similarly, in China, the use of AI has advanced with the 

creation of “Internet courts” (Vasdani, 2020), where legal cases are decided online, offering 

faster, more accessible justice. Elsewhere, the use of AI in the legal domain has sparked debate, 

as seen in a recent case in Colombia where a Judge used ChatGPT to support his ruling on a 

child’s medical care (Aydin, 2023). While the ruling itself was not disputed, the use of AI in 

judicial decision-making triggered controversy, highlighting both the opportunities and 

challenges AI presents to modern legal systems. 

As observed, AI is increasingly transforming legal processes, improving efficiency and 

access to justice through specialized models and real-world applications. Despite significant 

advancements, challenges in accuracy and ethical considerations remain central to the future of 

AI in law. 

2.4 Regulatory Considerations in Legal AI 

2.4.1 Introduction to Data Privacy and Security in Legal AI 

In the legal field, privacy and security are crucial elements as the field handles sensitive 

and highly confidential information. Client/lawyer relationship hinges on confidentiality, a 

“fundamental principle of justice”, as per the Council of Bars and Law Societies of Europe. 

While applications of AI in the legal system offer efficiency, they also present unique 

challenges, especially regarding confidentiality. RAG systems, designed to enhance LLM 

performance by obtaining pertinent information from outside sources prior to producing a 
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response, introduce potential vulnerabilities. These systems can expose sensitive legal 

information, making them susceptible to cyberattacks or accidental access, which could 

undermine both confidentiality and trust (Bruckhaus, 2024). For instance, a cybersecurity 

breach could expose sensitive legal information, undermining both confidentiality and trust.  

2.4.2 Legal and Regulatory Frameworks Governing Privacy 

The demand for strong regulatory frameworks has increased due to the quick adoption 

of AI technologies in high-stakes industries like law. By addressing privacy, security, and 

ethical issues, these frameworks make sure that the use of AI systems complies with social 

norms and legal requirements (European Parliamentary Research Service, 2020).  

In 2018, the European Council introduced the GDPR, a framework for data protection 

rules. Aimed at controlling the collection and processing of personal data, it seeks to safeguard 

individual privacy rights within the EU. By establishing strict guidelines for the collection, 

processing, and storage of personal data, GDPR ensures that individuals retain control over 

their personal information (Council of the European Union). The flexibility of GDPR’s 

provisions encourages innovation in AI applications. However, this adaptability also introduces 

ambiguities, particularly regarding compliance in AI systems like RAG, which operate at the 

intersection of data retrieval and processing (European Parliamentary Research Service, 2020).  

Building on GDPR’s foundation of data protection, the European Union has introduced 

the EU AI Act, the first comprehensive regulation designed specifically to govern the ethical 

and safe deployment of AI systems (European Parliament, 2024). The AI Act takes a risk-based 

approach, meaning that the level of regulatory scrutiny intensifies with the level of risk the AI 

system poses (Die Bundesregierung, 2024).  

The GDPR and EU AI Act enhance one another. While GDPR establishes baseline 

privacy protections, the AI Act extends these safeguards by addressing the ethical implications 
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of AI deployment, particularly in high-risk sectors. National bodies like Portugal’s CNPD 

operationalize these frameworks, ensuring local compliance through audits, enforcement 

actions, and guidance for legal AI implementations (Comissão Nacional de Proteção de Dados, 

n.d.). This combination of frameworks provides a comprehensive approach to managing the 

intersection of AI and privacy, forming the foundation for enforceable security measures that 

will be discussed in the following section. 

2.4.3 Security Implications in Legal AI 

Data used in the legal domain is inherently sensitive, encompassing personal 

information, confidential case files, and attorney-client communications, making data security 

of utmost importance. LLMs, which rely on large datasets and complex models, introduce new 

risks, such as data leakage. This complexity can lead to legally incorrect results or errors due to 

outdated or unverified information, presenting significant challenges to data integrity and 

reliability in legal applications (Jegorova, 2022). Additionally, these risks can result in the 

unauthorized disclosure of sensitive data and expose the system to adversarial attacks, where 

attackers manipulate input data to reveal confidential information (Wallace et al., 2021). 

This emphasizes the importance of robust data processing protocols, encryption, and 

regular model checking, to safeguard customer privacy and preserve integrity of legitimate AI 

results.  

Ensuring Accurate AI Outputs in Legal Systems 

The presence of hallucinations highlights the necessity for robust validation protocols 

to minimize errors in high-stakes legal decisions, as they pose serious risks to legal outcomes. 

A 2024 Stanford study found that 1 out of 6 Legal Models hallucinate in benchmarking queries, 

stressing the prevalence of this risk (Magesh et al., 2024) and the need for precaution given that 
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LLMs rely on statistical patterns, generating text without understanding or validating 

information (Lewis et al., 2021).  

Mitigation Strategies include human oversight and model audits. Human oversight, also 

called the human-in-the-loop approach, where humans are permitted to intervene at every stage 

of the model (Cousineau, 2024) permits those with deep domain knowledge, to detect errors in 

AI outputs. As discussed in this paper before, the legal domain is extremely nuanced and could 

be easily misinterpreted without human intervention, which can provide context, critical 

thinking and judgement to compensate for AI's limitations (Dienstein et al., 2024).  

Transparency is also critical in maintaining trust in AI systems. Many AI models, 

particularly those built on DL architectures, operate as “black boxes”, making it difficult to 

interpret or justify their outputs (Bathaee, 2018, pp. 890-893). This lack of transparency risks 

undermining the legal profession's foundational principles of reasoning and accountability. 

Mechanisms such as audit trails and explainability requirements can address these challenges, 

providing clear rationales for AI-generated decisions and ensuring that legal professionals can 

validate outputs (Doshi-Velez, 2017; Wachter, 2017). 

2.4.4 Bias in AI Models 

Bias is a critical risk in AI, especially when it comes to ensuring fairness in high-stakes 

decisions, such as legal sentencing and hiring. The potential for bias to impact outcomes that 

affect individuals’ lives and rights demands careful examination and mitigation. Implementing 

an LLM with or without RAG systems can replicate biases from training data or introduce new 

ones. This issue becomes particularly concerning when AI is used in high-risk areas such as 

judicial decision-making, labour law procedures, and medical diagnosis, when people's lives 

and rights may be significantly impacted by these biases (Bogen et al., 2019). Eliminating AI 
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bias in the legal field is therefore not just a technical issue, but a key step toward ensuring justice 

and equality before the law. 

Algorithmic bias, defined as systematic errors leading to discriminatory outputs based 

on protected characteristics, reflects the EU's understanding of bias as differential treatment 

(Amann et al., 2020; European Union Agency for Fundamental Rights, 2022). The 2016 State 

v. Loomis case illustrates algorithmic bias, with the Wisconsin Supreme Court ruling that using 

AI for sentencing did not violate due process, highlighting fairness and transparency challenges. 

This case accentuates the challenges of balancing fairness and transparency in legal AI systems, 

particularly when they impact judicial decisions. 

Bias in legal texts, such as stereotypical language or unequal case outcomes, can have 

serious consequences in AI applications. A 2010 study by Boyed et al., found that male judges 

are statistically less likely to favour parties alleging discrimination unless they were seated with 

a female colleague.   

Fairness in AI  

Fairness is closely tied to ethical principles such as transparency and accountability. A 

lack of transparency, especially in “black box” models, raises ethical concerns. Decisions must 

be justifiable and interpretable to uphold legal reasoning. Ensuring accountability for AI 

outputs, whether through lawyers, developers, or organisations, is critical to preventing misuse 

or errors that undermine trust in legal AI systems (Doshi-Velez, 2017; Wachter, 2017).  

In an ethical application of AI in the legal domain, bias and fairness are deeply 

intertwined. Addressing bias and ensuring fairness in AI models helps maintain public trust, 

uphold justice, and support equality in high-stakes legal decisions (Alvarez et al., 2024).  
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3. Methodology 

Figure 1 - Methodology to implement the RAG infrastructure 

This section outlines the methodology employed in the development of the RAG 

application, with a focus on leveraging LangChain as the core framework to streamline the 

process. Initially, it describes the processes for data collection, including the sources and 

selection criteria, and details the methods for cleaning and pre-processing the data to ensure 

quality and consistency. Next, the exploratory strategy for chunking strategies is presented, 

highlighting the rationale behind the chosen approaches given the aim of this study, as well as 

an overview on embedding models and vector stores. In the sections that follow, the decisions 

regarding the construction of the RAG infrastructure are detailed, to form a baseline model to 

evaluate chunking techniques. Finally, the evaluation strategy employed is presented, 

highlighting the criteria and variations considered in assessing the system's overall 

performance. 
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3.1 Framework 

The study leverages LangChain, an open-source framework that simplifies the 

development, production, and deployment of applications using LLMs. Specifically, it provides 

essential tools for building RAG applications, including functionalities for chunking, 

embedding, retrieval, and other advanced features (LangChain, 2024). 

Throughout the development of this thesis, LangChain has changed and updated its 

packages and versions of the framework, also deprecating some functions in a near future. This 

work uses the v0.3 version that was last updated in September of 2024. 

3.2 Data Gathering & Constructing a Database 

3.2.1 Data Sources and Collection 

With the aim of constructing a system to assist lawyers in legal research, it was essential 

to simulate an environment reflective of the types of documents traditionally used in this 

context. To achieve this, a small-scale system focusing on labour law was developed. The 

dataset comprises ten (10) “acórdãos” - judicial decisions that include a description of the case, 

the reasoning underpinning the decision, and the final ruling - all relative to Labour Legislation 

and selected from the “Tribunal da Relação de Lisboa”, the second-instance court from the 

Lisbon region, thus ensuring their relevance to the Portuguese legal context. 

In addition to the “acórdãos”, the dataset includes the primary Portuguese legal codes 

frequently referenced in these decisions, specifically the “Código do Trabalho”, “Código do 

Processo Civil”, and “Código do Processo de Trabalho”. These materials constitute the non-

parametric knowledge base of the RAG system. 

Focusing on labour law provides a cohesive thematic scope, which is instrumental in 

developing an evaluation framework. This approach enables cross-referencing between 
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documents, ensuring that the system retrieves information that is accurate, relevant, and 

contextually interconnected. 

The “acórdãos” were collected using Crawl4AI, an open-source Python library 

specifically designed for web crawling which scrapes them into markdown format, and then 

saved into a CSV file (Crawl4AI, 2024). In contrast, the “Códigos” were obtained as PDF files 

from the official Portuguese source - “Diário da República”. Due to the differences in source 

formats, the uploading processes also differ: the “Códigos” are processed using LangChain's 

PyPDFLoader, while the “acórdãos” are uploaded from the CSV file, generated during the 

scraping process. This CSV includes metadata such as the court case name, date, link, 

responsible judge, decision, vote, descriptors (words or short sentences that resume the main 

themes or questions being addressed in a decision) or keywords, and a summary of the decision, 

whereas the PDFs only contain the source of the document, as well as the page the chunk 

belongs to. 

3.2.2 Cleaning Techniques 

Text preprocessing is widely recognized as a critical step in NLP downstream tasks, as 

emphasized by Haviana, Mulyono, and Badie’ah (2023). This area has seen notable 

advancements in recent years, particularly with the emergence of transformer models, which 

have ushered in a new era of text analysis (Ridoy et al., 2024). 

As per Shabbir (2023), unprocessed text data can be compared to “a chaotic jigsaw 

puzzle”, where cleaning serves as the process of assembling the pieces, discarding those that 

don’t belong, and refining the rest to create a clear and coherent picture. Thus, cleaning 

enhances the data quality, improves readability for the model and ensures consistency to allow 

for easier learning (Shabbir, 2023). 
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The most common cleaning methods consist of lowercasing the data, removing 

punctuations, numbers, extra spaces, emojis, emoticons, contractions and special characters in 

general, and replacing the repetitions of punctuations. By installing the right libraries, one can 

easily go through these steps, but when it comes to domain-specific data and a less-represented 

language that not many models are trained on, further consideration must be given to each 

traditional step to ensure it is sensibly applied. 

The Portuguese Language 

Portuguese, the fifth most spoken language globally (Diplomatic Portal, 2024), presents 

unique linguistic features that demand specialized approaches for effective language 

processing. It is the official language of several countries, including Portugal, Brazil, and 

Mozambique, but significant differences exist between Brazilian and European Portuguese. 

These variations span pronunciation, verb conjugation, and syntax. For example, in Brazilian 

Portuguese, object pronouns are commonly placed before the verb, resembling Spanish 

structures, while in European Portuguese, they typically follow the verb (Posner et al., 2024). 

Additionally, Portuguese grammar includes distinctive features such as the "infinitivo 

pessoal" (personal infinitive), which allows an infinitive to indicate its subject. This 

characteristic, along with regional dialectal differences, poses challenges for traditional 

linguistic processing techniques that rely on rigid grammatical structures or standardized 

vocabulary. 

These complexities highlight the importance of developing tailored language cleaning 

and processing methodologies to address the unique requirements of Portuguese, particularly 

for tasks involving European Portuguese, where existing tools may fall short in handling its 

intricate grammatical and syntactic nuances. 
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Portuguese Language Preprocessing 

For cleaning the Portuguese text, this thesis emphasises maintaining the original 

structure of the documents to ensure generalisation and minimising overfitting to specific cases. 

Lemmatization, a process that reduces words to their base or root form, was avoided due to the 

unique challenges of the Portuguese language. For example, in Portuguese, many words and 

verb conjugations share similar structures but convey entirely different meanings depending on 

their context, which could hinder the model's ability to fully comprehend the text. 

Given the considerable variation in structure across “acórdãos” and other legal texts, 

even within the same court, the text cleaning was kept minimal. For “acórdãos”, the cleaning 

process involved simple techniques such as lowercasing, removing image links, excess spaces, 

newlines, and markdown artefacts which were found to not have an emphasising effect. By 

contrast, the “Códigos”, extracted from PDFs using LangChain, lacked markdown artefacts and 

required less preprocessing. This streamlined approach was chosen to maintain consistency 

across the dataset and facilitate future scalability, while addressing the complexities of the 

Portuguese language. 
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3.2.3 Chunking 

Figure 2 - Chunking strategy pairs employed in the study. 

A notable limitation of LLMs is their restricted contextual window, which hinders their 

ability to process lengthy documents such as legal texts in their entirety. To address this, large 

texts are segmented into smaller, manageable portions, allowing LLMs to analyse each segment 

more effectively. This approach, known as chunking, enhances the model's ability to deliver 

accurate and coherent insights across the document (Yepes et al., 2024). 

By grouping together information into ideally sized pieces, LLMs can efficiently 

process and produce the desired outcomes. Whenever the RAG system receives a question, it 

will search for contextually relevant chunks and ground the generated answer on the retrieved 

chunks. Moreover, chunking can also be applied to quickly grasp the key concepts of a 

document, such as a book or journal article. If the text can be clustered into semantically 

coherent groups and then each cluster summarised in some way, this can help speed up the time 

to insights (Martin-Short, 2024).  

The following section introduces the chunking techniques employed in this thesis, 

which represent key strategies outlined by Yepes et al. (2024): fixed-size, recursive, and 
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contextual chunking. These methods are designed to segment text while preserving essential 

metadata, as described in Section 3.2.1, ensuring that each chunk remains linked to its original 

document properties. 

Fixed-Size Strategy - TokenTextSplitter 

TokenTextSplitter is a chunking technique from LangChain which splits a raw text string 

based on the number of tokens rather than characters or sentences. It first tokenizes the text into 

Byte-Pair Encoding (BPE) tokens, a compression-based algorithm, and then splits these tokens 

into chunks of a predefined size. Finally, the tokens within each chunk are reconstructed back 

into text, ensuring the chunks are manageable while retaining the original meaning. 

Unlike character-based or semantic chunking, which may overlook the actual token 

count, TokenTextSplitter breaks down text precisely by the number of tokens. This 

advantageously prevents token overflow errors, which can disrupt processing when input 

exceeds the model's maximum token capacity. However, it may overlook the underlying 

context and affect the response generation (Yepes et al., 2024). 

Recursive Strategy - RecursiveCharacterTextSplitter 

The RecursiveCharacterTextSplitter is typically seen as the go-to first algorithm for 

many applications within LangChain. It divides large text into smaller, manageable chunks 

through a hierarchical process using a predefined or customizable set of separators. The 

algorithm starts with broader splits, such as paragraphs, and progressively uses finer separators, 

like commas, until the chunks meet the specified size. 

This approach may be beneficial in legal or other structured document analysis, 

allowing for the preservation of contextual relevance within each chunk while maximising the 

readability and traceability of each chunk. 
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Contextual Strategy - SemanticChunker 

SemanticChunker, from LangChain, focuses on preserving the relationships within the 

text by creating semantically meaningful chunks. It uses cosine similarity between embeddings 

of consecutive text segments to ensure each chunk captures cohesive and contextually complete 

information. This method may be particularly beneficial for applications requiring a nuanced 

understanding, such as legal or scientific document analysis, where maintaining context and 

logical flow is crucial. 

One critical setback, however, is the increased processing time compared to the previous 

chunking strategy. Moreover, there is no guarantee that the chunks will be semantically 

meaningful or even complete sentences (Qu et al., 2024). 

Additional Dimensions in Consideration 

Chunk size plays the primary role in determining the contextual window for processing 

and understanding text. If the chunks are too small, they may lack sufficient context, while 

excessively large chunks risk including irrelevant information, diminishing their utility 

(Pipitone and Alami, 2024). To address this, particularly in the case of legal texts, it is essential 

to explore different chunk sizes in the strategies where it is applicable (fixed-size and recursive). 

Advanced chunking methods that will be discussed include the Sliding Window 

approach, which introduces overlaps between chunks to better preserve context, and the Small-

To-Big strategy (Yang, 2023) that involves retrieving information using smaller sized chunk 

embeddings and subsequently contextualising it with larger chunks for improved accuracy, 

assessing its potential application given the results of previous evaluations. 

Therefore, TokenTextSplitter and RecursiveCharacterTextSplitter strategies will be 

implemented using four (4) chunk sizes: 128, 256, 512, and 1024 tokens, each size will then be 

tested both without overlap and with an overlap of 20 tokens. While larger overlaps would 
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ideally be used for larger chunk sizes to preserve context across chunks, a uniform overlap of 

20 tokens will be employed for all configurations to maintain consistency, thereby 

implementing the Sliding Window hypothesis. 

3.2.4 Embeddings & Storage 

Upon chunking, the following step concerns the translation of the generated chunks into 

machine-consumable representations. This corresponds to transforming the chunks into 

embeddings, which “are representations of values or objects like text, images, and audio that 

are designed to be consumed by machine learning models and semantic search algorithms” 

(Cloudflare, 2024). As machines need assurance with how to deal with words, the Word 

Embedding Technique is based on converting words to mathematical, high-dimensional space, 

fixed-size vector representations in a way that NLP and ML models can effectively 

comprehend, converting semantic relationships between documents into spatial relationships 

between vectors (Sturua et al., 2024). 

With this said, embeddings offer numerous advantages. They reduce dimensionality, 

make computations more efficient, and help models generalise better (Harsoor, 2024). 

Additionally, they also place words with similar meanings, creating together a semantic 

relationship, e.g. ‘king’ and ‘queen’ would be closer together than ‘king’ and ‘apple’. Moreover, 

nowadays, modern embeddings like BERT or GPT also take into account the context in which 

the word was used, allowing the same word to have different embeddings depending on its 

usage in a sentence. 

Embedding models face a significant dual challenge when applied to Portuguese legal 

documents: handling a less-represented language and accommodating the long-context 

windows that characterise legal texts. To address the Portuguese language, various multilingual 

models have been developed by extending traditional training, typically conducted in English, 
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with datasets in other widely spoken languages. Notable examples include Sentence 

Transformers, which offer four multilingual variations, as well as XLM-RoBERTa (Conneau et 

al., 2019), a multilingual adaptation of the RoBERTa model that supports Portuguese. 

Despite their utility, these multilingual models present a critical shortcoming: the 

adaptation process often results in lower maximum sequence lengths. For instance, Sentence 

Transformer and Bert models are limited to sequence lengths of 128 tokens, while XLM-

RoBERTa supports up to 512 tokens, meaning that larger sequences get truncated and therefore 

not embedded. This imposes constraints not only on the range of chunk sizes that can be 

effectively tested, but also on the chunking strategies employed. Semantic chunking cannot 

reliably ensure that token counts remain below these thresholds, potentially leading to the loss 

of meaningful context in the document. 

To address these limitations and enable the study of chunking methods, jina-

embeddings-v3 was selected as the embedding model for this study since it supports larger 

sequence lengths, making it particularly well-suited for handling the extensive and highly 

structured nature of legal documents. This feature allows for exploring a broader range of 

chunking strategies without the risk of exceeding token limits. 

Jina Embedding Model 

The jina-embeddings-v3 is a cutting-edge multilingual text embedding model based on 

the XLM-RoBERTa model, with 570M parameters and 8192 token-length, outperforming the 

latest proprietary embeddings from OpenAI and Cohere on MTEB, ranking 2nd place on the 

MTEB English leaderboard for models with fewer than 1 billion parameters (Jina, 2024). It’s 

larger than jina-embeddings-v2, but significantly smaller than embedding models fine-tuned 

from LLMs (Sturua et al., 2024). 
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This model achieves state-of-the-art performance on multilingual data and long-context 

retrieval tasks (Sturua et al., 2024), and features task-specific Low-Rank Adaptation (LoRA) 

adapters enabling it to generate high-quality embeddings for various tasks including query-

document retrieval, clustering, classification, and text matching. It includes four key tasks and 

offers five adapters to cater to different use cases, including embedding queries and passages 

in asymmetric retrieval scenarios, classification tasks, and for tasks involving semantic 

similarity, such as STS or symmetric retrieval (Jina, 2024). 

The large advantages of this model for this thesis are that it both supports 89 languages 

in total, with Portuguese being included within the thirty with best performance, and it supports 

sequence lengths up to 8192 tokens as well. Although this is a paid alternative, its promising 

claims stand out and its price offering for smaller companies may be an attractive selling point 

(Jina, 2024). 

3.2.5 ChromaDB 

A vector database is designed to store, index, and query high-dimensional vector data 

with efficiency. Unlike traditional relational databases that structure information into rows and 

columns, vector databases emphasize the geometric properties of the stored data. This enables 

them to perform tasks such as similarity searches and distance calculations more effectively by 

utilizing the mathematical characteristics of vector spaces (Nidhiworah, 2024; Ramprasad and 

Sivakumar, 2024). 

Currently, there are many types of these structures being built, and they are also 

becoming more specific between themselves, from being open-source or commercial, to being 

dedicated vector databases or databases that support vector search. In 2024, the five best vector 

databases to consider are: Pinecone, MongoDB, Milvus, Chroma and Weaviate (Orr, 2024). 
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For the purpose of this study, the Chroma vector store was chosen as it’s an open-source 

vector database designed for the efficient storage and retrieval of vector embeddings generated 

from rhetorical or textual data (Chroma, 2024), which is integrated into the LangChain 

framework. This way, the vector database will then contain a collection for each of the chunking 

strategy pair embeddings. 

Although Pinecone can also connect with LangChain allowing for real-time and 

content-based searching, there are concerns regarding its pricing structure, particularly for 

large-scale deployments with significant data volumes, and advanced querying capabilities. On 

the other hand, Chroma allows for extensible querying, including complex range searches and 

combinations of vector attributes, and benefits from being open-source and having a growing 

community of developers contributing to its improvement and addressing issues (Woyera, 

2023). 

 

3.3 Selection of the LLM 

The selection of an appropriate model for this thesis involves navigating trade-offs 

between computational capacity, model output quality, deployment strategy, and whether to 

operate the model locally or via an API. These decisions are critical in the context of the legal 

domain, where the sensitivity of data and the practical constraints of implementation must be 

carefully addressed. The selection of the model is also constrained by the reduced number of 

options available for Portuguese, as opposed to models suitable for the English language. 

With that said, a key decision in model selection lies in determining whether the model 

should be run locally or accessed via an external API. Each approach offers distinct benefits 

and challenges that must be weighed in relation to the project’s goals. Running the model 

locally entails processing data within a controlled environment, which offers a significant 
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advantage in terms of data privacy, as information remains within the user’s infrastructure 

without being transmitted to external servers. In domains like law, where data confidentiality 

is a key priority, this can be a critical consideration. For the specific use case of this thesis, the 

legal data utilized is derived from publicly available sources, reducing the need for local 

processing to protect confidentiality. While local deployment ensures control over data, it 

imposes constraints on the size and complexity of the model that can be employed. This is due 

to the significant computational requirements of large-scale models, which often exceed the 

capabilities of standard hardware. Additionally, maintaining the infrastructure necessary to 

support such models can be resource-intensive, requiring both financial and technical 

investments that may not be justified for public data processing. 

Despite these limitations, local deployment becomes highly advantageous in scenarios 

involving law firms or institutions that wish to integrate classified or proprietary data into their 

systems. In such cases, the benefits of enhanced privacy and control outweigh the challenges, 

making local deployment the preferred option. Conversely, deploying the model via an API 

provides a scalable and resource-efficient alternative. By leveraging the computational 

infrastructure of external providers, this approach allows access to advanced models without 

requiring significant local hardware investments. This can enable the use of state-of-the-art 

models that would otherwise be infeasible to run locally.  

Nonetheless, reliance on APIs introduces concerns about data security and compliance, 

particularly when dealing with sensitive or jurisdiction-specific legal data. For this thesis, these 

concerns are mitigated by the public nature of the data, making API-based deployment a 

practical and effective choice. Moreover, API-based solutions can facilitate rapid prototyping 

and experimentation, which align well with the research objectives. 
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The decision between local and API-based deployment ultimately hinges on the specific 

requirements of the use case. For research purposes, both a local and API-sourced model were 

selected, and their results will be compared.3.3.1 Llama 

According to Hugging Face, the Llama collection comprises multilingual LLMs that are 

pretrained and instruction-tuned generative models supporting a wide range of languages, 

including Portuguese. These models are optimized for multilingual dialogue use cases, such as 

agentic retrieval and summarization tasks, and often surpass many open-source and proprietary 

chat models in performance on standard industry benchmarks. It’s an autoregressive language 

model that uses an optimized transformer architecture, often intended for use cases like 

commercial and research use in multiple languages. Its capabilities make it well-suited for 

assistant-like chat functionalities and agentic tasks such as knowledge retrieval and 

summarization, aligning with the objectives of this thesis. 

Among the models available, the Meta-LLaMA/LLaMA-3.1-8B model from Hugging 

Face stands out for its balance between lightweight requirements and robust reasoning 

capabilities (Meta, 2024), as well as its capacity for the Portuguese language, and therefore is 

the first selection for a local model. 

3.3.2 OpenAI 

 The GPT-4o Mini is OpenAI's most cost-effective small model, designed to make 

applications more affordable while outperforming GPT-4 in chat preferences on Chatbot Arena 

(formerly LMSYS leaderboard). It is over 60% cheaper than GPT-3.5 Turbo, with pricing set 

at $0.15 per million input tokens and $0.60 per million output tokens (OpenAI, 2024). 

This model is particularly suited for applications requiring multiple models calls in 

sequence or parallel, processing large volumes of context, or providing fast, real-time text 

interactions with users. Supporting both text and vision via API, it offers a context window of 
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up to 128K tokens and a maximum output of 16K tokens, with knowledge updated to October 

2023 (OpenAI, 2024). These features made it an ideal choice for API integration in the context 

of this thesis. 

3.4. Evaluation 

This section outlines the standardized evaluation process developed to assess various 

RAG configurations, detailing the construction of an evaluation dataset, the evaluation criteria, 

and their applications. The evaluation covers the distinct collections of embeddings stored in 

the retriever, each representing a unique combination of chunking strategy, and, where 

applicable, chunk size and overlap as detailed in Section 3.2.3. 

The evaluation framework is designed to systematically measure both computational 

efficiency and performance at different stages of the RAG process. The evaluation will pertain 

2 evaluation moments: the first corresponding to the embedding of documents into the vector 

store for each chunking strategy pair, measuring computational efficiency; and the second to 

the deployment of the RAG to generate answers. 

To ensure a comprehensive evaluation in the second half, each collection is tested for 

retrieval and generation performance, alongside computational efficiency, to determine the 

most effective chunking configurations for the task. To approach this, LLMs were leveraged to 

judge the generations and retrieval. This iterative evaluation process promotes the development 

of a robust, efficient, and high-performing system tailored to the unique requirements of the 

legal domain. 

3.4.1 Question Dataset for Evaluation 

This unified evaluation process begins with creating a question dataset tailored to the 

documents embedded in the database collections. Constructing this dataset presents challenges 

due to limited domain-specific expertise, such as determining what questions accurately reflect 
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those a lawyer might ask, identifying correct answers, and pinpointing the relevant sections of 

text they rely on. To address these challenges, a more advanced LLM, ChatGPT (specifically 

GPT-4o), was employed to generate questions systematically, which were subsequently 

proofread and validated by a lawyer to ensure domain accuracy. 

Each “acórdão” that composes the database was uploaded as an attachment, with a 

custom prompt crafted to generate questions relevant to its legal context (Appendix 1). For 

legislative codes, individual articles were uploaded, and a specific prompt was created to 

generate targeted questions (Appendix 2). The prompts emphasized key aspects: adopting the 

role of a legal advisor, posing analytical questions focused on legal interpretation, and 

addressing the implications of the legislation. To generate a robust dataset, the prompt explicitly 

required the generation of two types of questions: single-hop and multi-hop. Single-hop 

questions - those requiring answers directly from the text or via a single reasoning step - test a 

model’s ability to retrieve explicit information and handle straightforward reasoning. Multi-hop 

questions, on the other hand, involve multiple pieces of context or reasoning steps, capturing 

the complexity and interconnected nature of legal reasoning. This type of question is shown to 

evaluate a model’s ability to synthesize information across documents or disparate sections of 

text (Khashabi et al, 2018), reflecting real-world scenarios lawyers face when interpreting laws 

and cases, although expected outcomes in responses are worse than those of human 

performance (Welbl et al., 2018). 

The final dataset consists of twenty-six (26) questions in Portuguese split equally 

between single-hop and multi-hop types, alongside reference answers, the context necessary for 

the response, as well as the type of question. This structure ensures a comprehensive evaluation 

framework that tests both retrieval accuracy and reasoning depth. Single-hop questions provide 

a baseline for assessing a model’s ability to handle direct queries, while multi-hop questions 
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challenge the model to integrate and synthesize information, reflecting the intricate reasoning 

often required in legal contexts. By combining these question types, the evaluation aims to 

benchmark RAG models effectively against the dual demands of precision and complexity 

inherent in legal tasks. 

3.4.2 Evaluation Criteria 

 As discussed above, the evaluation comprises two distinct moments: embedding into 

the vector store, and the generation of answers to the crafted question dataset. Embedding time 

will become increasingly relevant when building a database more comprehensive than the one 

used for research in this thesis and therefore is also important in determining the best 

configurations. Portuguese Courts contain hundreds of thousands of legal documents, of which 

a small sample of the universe was selected.  

In the first moment, the evaluation of embedding times will simply consider the time 

taken for each chunking strategy and the respective number of chunks created. In the second 

moment, performance of the model itself will be assessed. Based on the evaluation criteria 

proposed by frameworks such as LangChain, LlamaIndex, and referencing works in section 

2.3, the assessment of each RAG variation follows a three-fold structured approach: retrieval 

quality, generation quality, and computational efficiency. These dimensions aim to provide a 

thorough evaluation of the effectiveness and suitability of each configuration. 

Retrieval Evaluation 

The evaluation of retrieval quality focuses on the ability of the RAG system to retrieve 

context chunks containing the necessary information to answer a given question. Following the 

standard practice in using the Chroma vector as a retriever, each retrieval step provides four 

context chunks for analysis. This assessment is performed using an LLM, specifically gpt-4o-

mini, with a tailored prompt (Appendix 3) designed to determine whether the retrieved set 
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includes the chunks most relevant to the question. This results in scores of 0, if not present at 

all; 0.5 if some information is included; and 1, if fully present. This approach ensures that the 

subsequent generation step is grounded in accurate and relevant information. An average score 

for retrieval quality is computed across all questions for each collection, with separate 

evaluations conducted for single-hop and multi-hop questions. This allows for nuanced insights 

into how the retrieval mechanism performs under varying levels of question complexity. 

Generation Evaluation 

Generation quality is evaluated in two (2) distinct ways: checking the generated answers 

against the reference answer and checking for hallucination. To achieve this, once more 

prompts were crafted (Appendix 4 & 5) to guide the LLM in determining the alignment between 

the generated answers and reference answers, and whether the generated answer is grounded 

on the retrieved context, respectively. This grounding check is vital, as hallucinations 

undermine the reliability of the model, particularly in high-stakes domains like legal analysis. 

The quality of the generated answers is scored for each question from 0 to 5 by the LLM, and 

an average score is calculated for each collection, adapted from a 0 to 1 scale and again 

distinguishing between single-hop and multi-hop questions to analyse performance across 

question types. 

Computational Efficiency 

Computational efficiency of generated answers captures the time elapsed during the 

RAG pipeline’s response generation for each question. Efficiency is essential in practical 

applications, where the speed of response generation can impact usability and scalability. For 

each RAG configuration, the average time taken to answer the questions is recorded, enabling 

comparisons between variations. While computational efficiency depends significantly on the 
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choice of LLM and the underlying system infrastructure, it provides a useful relative measure 

when evaluating different configurations. 

Additional Criteria & Factors 

Additional measures to have in consideration include considering the number of times 

the model fails to reply, as it may give insights into the performance of the dimensions 

evaluated. It is acknowledged that the measures employed, particularly those relying on LLM 

judgments, involve a degree of subjectivity. This subjectivity means that the evaluation results 

should be interpreted as relative comparisons rather than absolute metrics. This relativity 

demonstrates the importance of focusing on the comparative strengths and weaknesses of 

different configurations within the same experimental context. 

In summary, the evaluation framework leverages LLMs for detailed assessments of 

retrieval and generation quality while integrating computational efficiency as a practical 

consideration. By distinguishing between single-hop and multi-hop questions, between local 

and API-run models, taking into consideration the different strategies, chunk sizes, and 

presence of overlap, and accounting for the subjective nature of some measures, the evaluation 

provides meaningful insights into the performance of various RAG configurations, tailored to 

the demands of processing long and structured legal documents. 

3.5 RAG Pipeline 

To run this experiment, a simple form of the RAG was used, that simply uses the core 

components of the RAG infrastructure - retrieval and generation - allied to a prompt. The 

prompt was designed to place the LLM as a Portuguese Legal Expert in providing answers 

(Appendix 6), and for the retriever, it uses simply the vector store with each collection of 

strategy pair embeddings. This standard method returns 4 documents and searches for 

similarities. 
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4. Results & Discussion 

This section provides a detailed account of the experimental results. It begins by 

evaluating the outcomes of various pairs of chunking strategies, analyzed individually 

according to the different assessment criteria. Following this, a discussion of the aggregated 

results is presented, along with potential recommendations based on the findings. Additional 

tables and calculations can be found on the supplemental Excel attached to the work. 

4.1 Chunking and Embedding 

These results (Appendix 7) are a measure of the time taken to chunk and embed under 

a determined strategy pair. From a scalability standpoint, this stands as an important criteria 

given the increase in volume of information. 

 

Figure 3 - Time to embed (in seconds) per chunking strategy pair 



Group Part 

 44 

 

Figure 4 - Number of chunks per chunking strategy pair 

Impact of Chunking Strategies 

Empirical results demonstrate that the TokenTextSplitter consistently outperforms the 

RecursiveCharacterTextSplitter in terms of embedding time, regardless of chunk size or 

overlap. For instance, for comparable chunk sizes, the TokenTextSplitter achieves embedding 

times as low as 530 seconds, whereas the RecursiveCharacterTextSplitter requires over 600 

seconds for each configuration. This significant performance difference highlights the 

efficiency of the TokenTextSplitter for embedding workflows where computational speed is 

critical. 

Although the SemanticChunker generates substantially fewer chunks than the other 

strategies, it is the slowest in terms of embedding time, at around 800 seconds. This is likely 

due to the additional computational overhead required for semantic analysis during chunking. 

While its semantic accuracy may be advantageous in certain contexts, the SemanticChunker's 

inefficiency may make it less suitable for applications where time is a primary concern. 

Impact of Chunk Size 

Contrary to expectations, no consistent relationship was observed between chunk size 

and embedding time for either the TokenTextSplitter or RecursiveCharacterTextSplitter. This 
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lack of a clear pattern suggests that factors such as the content or structure of the text being 

processed may play a more significant role than the chunk size itself. Further investigation into 

these factors could help clarify the interaction between chunk size and embedding time. 

Impact of Chunk Overlap 

The integration of chunk overlaps, which increases the total number of chunks, results 

in only a minor increase in embedding time for both the TokenTextSplitter and 

RecursiveCharacterTextSplitter. On average, embedding times rise by just 5.6%, suggesting 

that overlaps are computationally affordable. This makes chunk overlaps a viable strategy for 

preserving context between chunks without significantly compromising efficiency. 

4.2 Retrieval 

Retrieval is evaluated on a 0 to 1 scale (Appendix 8), where a score closer to 1 indicates 

the retriever has collected the information pertinent to the key context, and 0 where it fails to 

do so. 

 

Figure 5 - Retrieval scores for single and multi-hop questions 
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Comparison of Chunking Strategies 

When comparing chunking strategies, contrary to what was expected (Narimissa and 

Raithel, 2024), the TokenTextSplitter consistently outperforms other methods, achieving higher 

retrieval scores across all chunk sizes and configurations, with an overall average of 0.48. It is 

particularly sensitive to overlaps, which enhances its performance further for 256 and 512 

chunk size. 

The RecursiveCharacterTextSplitter, while achieving comparable scores for larger 

chunk sizes, exhibits inefficiency and inconsistent responses to overlaps, resulting in a slightly 

lower average performance of 0.44. Its recursive splitting logic, although effective for 

maintaining a hierarchical structure, may fragment context in a manner less conducive to 

retrieval tasks. The difference in performance between chunking strategies is more pronounced 

for single-hop questions, where the fixed-size strategy of the TokenTextSplitter is clearly 

superior, while for multi-hop questions, the contrast is less distinct. 

Finally, the SemanticChunker, despite its promise of producing semantically coherent 

chunks, underperforms significantly in retrieval tasks, with an average retrieval score of 0.405. 

This indicates that semantic coherence alone does not ensure retrieval accuracy. It is possible 

that the SemanticChunker generates chunks that are too broad for matching. 

Influence of Chunk Size 

Retrieval performance exhibits a notable improvement as chunk sizes increase. Smaller 

chunks, such as those of 128 tokens, consistently underperformed across both single-hop and 

multi-hop questions, with average retrieval scores of 0.41 for the TokenTextSplitter and 0.38 

for the RecursiveCharacterTextSplitter. In contrast, larger chunks (e.g., 1024 tokens) 
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demonstrated significantly higher performance, achieving averages of 0.52 and 0.54, 

respectively. 

This trend likely stems from the increased retrieval context provided by larger chunks, 

which encompass more relevant information from the reference chunk. However, this 

improvement may also reflect subjectivity in the evaluation methodology, as larger chunks 

inherently overlap more with the reference chunk, thus inflating retrieval scores. 

Impact of Chunk Overlap 

The inclusion of chunk overlaps generally benefits retrieval performance, though the 

degree of impact varies across strategies. For the TokenTextSplitter, medium chunk sizes 

seemed to benefit from its inclusion, resulting in significant increases in retrieval scores for 

both type of questions. This suggests that overlaps may contribute to maintaining context 

between chunks, thus improving retrieval accuracy. It is important to note that the size selected 

for the overlap may be skewing these results, as for the smaller chunk size (128) the overlap 

may be too harsh, and for a larger chunk size, like 1024, the size may be too minute to yield an 

impact. 

In contrast, the RecursiveCharacterTextSplitter showed inconsistent results, with 

overlaps providing limited or negligible improvements in some cases. This limited impact 

suggests that its recursive splitting logic may not effectively leverage overlaps to maintain 

context continuity. These findings indicate that while overlap inclusion is broadly beneficial, 

its effectiveness depends on the chunking strategy pair and potentially overlap size. 

4.3 Generation 

Generation is evaluated from a three-fold perspective: hallucination, overall answer 

quality, and generation response time. Some additional considerations on answer quality and 

output of response constitute a final equilibria criterion. 
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4.3.1 Hallucination 

Hallucination is measured on a scale from 0 to 1 (Appendix 9), where scores closer to 

1 suggest the answer if fully grounded on the retrieved context, whereas lower scores indicate 

hallucination in the generation. 

 

Figure 6 - Hallucination scores for single-hop questions 

 

Figure 7 - Hallucination scores for multi-hop questions 

Influence of Chunking Strategies 

TokenTextSplitter emerges as the most effective, achieving a marginally higher overall 

average hallucination score of 0.63. The RecursiveCharacterTextSplitter, while slightly less 



Group Part 

 49 

effective, achieves an overall average score of 0.57, with performance comparable to the 

TokenTextSplitter. On the other hand, the SemanticChunker performs the worst, with an overall 

average hallucination score of 0.54, further emphasizing its limitations in scenarios where 

grounding in context is critical. Despite its semantic precision, the SemanticChunker fails to 

provide the same level of grounding as the other chunking strategies, which may render it less 

useful for this specific task. 

Influence of Chunk Size and Overlap 

The results for hallucination provide mixed insights into the role of chunk size and 

overlap and very little can be deduced. There is no clear trend indicating that larger or smaller 

chunks reduce hallucination consistently. For instance, with the TokenTextSplitter, scores hover 

around averages of 0.63 for most chunk sizes, showing minimal variation between sizes like 

256, 512, and 1024 tokens. Moreover, the inclusion of overlaps results in inconsistent results 

that do not allow for plausible conclusions. These observations suggest that neither chunk size 

nor overlap alone can effectively mitigate hallucination in this setup. 

 Influence of LLMs 

A substantial disparity exists between the performance of the two language models 

evaluated. OpenAI consistently outperforms Llama across all chunking strategies and 

configurations, with hallucination scores averaging 0.85 in single-hop and 0.84 in multi-hop 

evaluations for the TokenTextSplitter. On the other hand, Llama achieves significantly lower 

scores, averaging 0.46 in single-hop and 0.38 in multi-hop tasks for the TokenTextSplitter. This 

large gap indicates that model selection is a critical factor in reducing hallucination. 
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4.3.2 Overall Quality 

Overall answer quality is measured as compared to a reference answer (Appendix 10), 

once again from 0 to 1, where 1 represents the highest possible score and similarity to the 

reference.  

 

Figure 8 - Answer quality score for single-hop questions 

 

Figure 10 - Answer quality scores for multi-hop questions 

Influence of Chunking Strategies 

The TokenTextSplitter consistently outperforms other chunking strategies in terms of 

overall answer quality, achieving an average score of 0.49. This is slightly higher than the 
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RecursiveCharacterTextSplitter and SemanticChunker, both of which average 0.46. While the 

differences are marginal, the TokenTextSplitter demonstrates a clear advantage in single-hop 

questions, particularly when paired with larger chunk sizes, where its grounding capabilities 

seem to improve.  

Chunk Size & Overlap 

For single-hop questions, the results suggest that increasing chunk size positively 

impacts answer quality, particularly when using the OpenAI model. For example, the 

TokenTextSplitter achieves progressively better scores as chunk size increases, with 1024-token 

chunks outperforming smaller sizes. This trend for single-hop questions is also visible for 

RecursiveCharacterTextSplitter with OpenAI’s model, where larger chunks allow for greater 

context, resulting in improved grounding and accuracy. The same can be seen for multi-hop 

questions for both strategies, regarding the Llama model. 

However, this pattern does not hold consistently across. While overlaps and chunk sizes 

occasionally yield slight improvements, the overall influence of these parameters remains 

inconsistent. These observations suggest that chunking parameters alone is insufficient to 

consistently optimize performance. 

Influence of LLMs 

Although there are little discernible differences in other dimensions, the answers from 

the gpt-4o-mini model consistently outperform the local Llama model, some to a great margin, 

for all but the SemanticChunker on single-hop questions. 

4.3.3 Generation Response Time 

Finally, the generation response time is measured as an average of the time to answer 

the questions that did in fact get a reply (Appendix 11).  



Group Part 

 52 

 

Figure 11 - Results for time (in seconds) for the generation of answers under different chunking strategy pairs 

Chunking Strategy 

 The impact of Chunking strategies is foregoable between the TokenTextSplitter and 

RecursiveCharacterTextSplitter, with similar generation times for both SemanticChunker 

struggles, with a much higher generation response time. 

Chunk Size & Chunk Overlap 

The response generation time varies significantly depending on the chunk size and 

overlap configuration. Smaller chunk sizes generally lead to shorter generation times for both 

Llama and OpenAI models, especially in multi-hop tasks.  

The addition of overlap reduces generation time for Llama in many cases. However, for 

OpenAI, overlap has a negligible or inconsistent impact on response times. 

Influence of LLMs 

 Similar response times were observed for both models, thus resulting in a larger 

ponderation weight for other criteria, like retrieval and generation quality. 
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4.3.4 Additional Criteria 

Final consideration was given to the prevalence of unanswered questions in each of the 

dataset (Appendix 12). The results are hardly significant for the Llama model generated 

answers, as there are very few instances of unanswered questions, which contributes to the 

prevalent hallucination discussed previously. For the OpenAI answers however, there is a vastly 

observable trend of unanswered questions for lower chunk sizes, with overlap not having 

distinct results. This suggests that lower chunk sizes may not retrieve the necessary context to 

fully ground the question and provide valuable insights. 

4.3.5 Final Considerations 

 Given the extensive dimensions explored in this study, there is no single optimal 

configuration, as each setup involves a trade-off between metrics such as quality, speed, and 

resource efficiency. However, the findings do support some recommendations. 

From the perspective of chunking strategies, TokenTextSplitter consistently 

outperformed other approaches across all evaluated dimensions, including retrieval scores, 

response quality, hallucination reduction, response time, as well as embedding time. Its 

simplicity and efficiency eliminate the need for more complex chunking strategies, such as the 

RecursiveCharacterTextSplitter or SemanticChunker. This aligns with previous findings, which 

suggest that semantic-based strategies often consume excessive computational resources 

without providing substantial benefits (Qu et al., 2024). 

Regarding chunk size, larger chunks are recommended for some metrics, however they 

may not solely optimize performance of the RAG system. While smaller chunk sizes 

demonstrated faster response times, the difference was marginal and came at the cost of reduced 

retrieval scores and incomplete answers due to insufficient context. Larger chunk sizes excelled 

in retrieval performance and the number of complete answers generated, though their impact 
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on answer quality and hallucination was inconclusive. The trade-off between speed and context 

completeness strongly favours larger chunk sizes for use cases prioritizing accuracy and 

thoroughness. 

Chunk overlap, while not critical, provides a slight improvement in retrieval scores. The 

inclusion of overlap results in a marginal increase in chunking and embedding time but has little 

to no impact on other metrics. Therefore, overlap can be used as a complementary 

configuration, but its absence will not significantly degrade performance, and its presence will 

not significantly enhance it. 

The choice of language model proved to be the most critical factor influencing 

hallucination, response quality, and generation speed. OpenAI models consistently 

outperformed Llama in all categories, demonstrating superior grounding in retrieved context, 

significantly lower response times, and more complete and accurate answers. For applications 

where minimizing hallucination and ensuring timely responses are priorities, OpenAI’s GPT 

models are the clear choice between the two and highlight a larger trend of more advanced 

models being largely more suitable. 

Small-To-Big 

 Given the results of the experiment, the application of the Small-To-Big strategy is not 

advised in this context. Larger chunk sizes yield better retrieval scores, and thus retrieving from 

smaller chunk sizes could prove inefficient. Additionally, generation was not clearly impacted 

by the chunk size dimension, therefore proving further inefficiency. 

4.5 Constraints and Limitations 

The development and evaluation of the proposed system encountered several constrains 

that limited its scalability and performance.  



Group Part 

 55 

The absence of extensive legal domain expertise posed a significant challenge 

throughout the development and evaluation processes. The creation of the evaluation dataset 

relied exclusively on LLM-generated questions, reference contexts, and answers, rather than 

curated legal queries derived from real-world legal practice. While the dataset was subsequently 

validated by a legal expert to ensure alignment with Portuguese jurisprudence, the lack of direct 

collaboration with multiple legal practitioners during its design limited both the depth and 

representativeness of the dataset. This reliance on a single point of validation restricted the 

ability to fully capture the complexity and variability inherent in real-world legal reasoning 

tasks. 

Moreover, the reference contexts and answers generated during dataset creation were 

subsequently used to evaluate the system's outputs via another LLM. This methodology 

introduced a significant limitation, as it assumed the generated reference data to be entirely 

correct. Consequently, it constrained the evaluation process, reducing the flexibility of the LLM 

to produce alternative, yet still valid, responses or reasoning paths. This rigidity in evaluation 

could lead to underestimating the system's true performance, particularly in scenarios where 

legally valid interpretations differ from the reference answer. 

Optimal development and implementation of LLM applications require iterative 

collaboration between computational experts and domain specialists, especially for tasks 

involving the design of evaluation datasets, contextual retrieval strategies, and prompt 

engineering (Szymanski et al., 2024). In this research, the synthetically generated evaluation 

dataset, despite being validated by a legal expert, was inherently limited in size and scope, 

restricting its ability to provide a comprehensive and meaningful assessment of the proposed 

methodology. 
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Additional constraints emerged from the resource-intensive requirements of the 

methodologies applied. The process of preparing the data - spanning scraping, cleaning, 

chunking, and embedding - proved particularly demanding in terms of computational resources. 

The cleaned database had to be processed seventeen (17) times to evaluate all the proposed 

techniques, significantly limiting the scale of the dataset and, by extension, the generalizability 

of the results. 

The final critical limitation arises from the embedding models and LLMs available for 

use in the Portuguese legal domain. While the use of open-source LLMs like Llama-3.1-8B 

enabled local deployment and multilingual capabilities, their ability to reason and generate text 

in Portuguese legal language lagged significantly behind proprietary models like GPT-4o-mini. 

These limitations highlight the challenges of working in a less-resourced language and domain, 

where advancements in legal AI research have been disproportionately concentrated in English-

language contexts. Addressing these gaps would require fine-tuning embedding models and 

LLMs with high-quality Portuguese legal corpora, alongside developing tailored architectures 

for legal reasoning tasks. 

Despite these challenges, the research provides a foundation for advancing legal AI in 

the Portuguese domain. With access to advanced computational infrastructure, expanded and 

diversified datasets, more sophisticated language models, and iterative feedback from domain 

experts, the proposed methodology demonstrates significant potential for improved scalability, 

accuracy, and applicability. These advancements would not only enhance the system’s 

performance but also contribute to closing the resource gap for Portuguese legal AI, enabling 

broader and more impactful applications. 
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5 Graph-Based Reasoning for Retrieval-Augmented Generation: A 

Study in the Portuguese Legal Domain 

 

Figure 12 –Schema of Multi-Agent RAG Pipeline 

5.1 Introduction 

In 2023, Yao et al. referred to the unique human ability to seamlessly integrate verbal 

reasoning with task-oriented actions. They used the analogy of cooks, who continuously reason 

about their next steps after preparing ingredients, adjust their plans when they discover a 

missing item, or seek additional information to refine their approach while following a recipe. 

This interplay between reasoning and acting creates the synergy necessary for learning new 

tasks and making effective decisions even under uncertain conditions.  

Drawing inspiration from this natural process, Yao et al. introduced the ReAct 

framework, the first to combine reasoning traces and task-specific actions using LLMs. By 

intertwining these elements, ReAct empowers machines to mimic human adaptability, enabling 

them to refine strategies and handle complex tasks in real time. These principles of reasoning 
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and acting have become increasingly relevant in generative AI, as mechanisms like self-

reflection enhance the performance of AI frameworks (Renze ang Guven, 2024). 

While transformative, traditional RAG architectures - critical for domain-specific tasks 

such as those in the Portuguese legal system - remain constrained by their static nature. 

Challenges such as fixed retrieval configurations, lack of self-verification mechanisms, and 

inefficient handling of query complexity limit their adaptability and full potential, despite their 

strengths in enhancing traceability and reducing hallucination (Gao et al., 2024). 

This section explores the implementation of Multi-Agent Systems (MASs) through 

graph-based flows in the RAG infrastructure targeting flexibility within the retrieval and 

generation components. By referencing significant prior work on RAG LLM reasoning and 

self-assessment, this study adopts an ablation-oriented approach to evaluate the contributions 

of individual components and their combination. The objective is to identify the elements of 

the pipeline that derive the greatest benefit from adaptive nodes, demonstrating their potential 

to enhance the efficiency and accuracy of RAG systems. 

5.2 The Static Nature of RAG Architectures 

A key limitation of the RAG framework lies in its static nature, a result of its one-size-

fits-all architecture, affecting both the retrieval and generation components.  

From a retrieval perspective, the rigidity of RAG systems creates two significant issues. 

First, retrieval configurations, such as the number of documents retrieved per query or similarity 

thresholds, are applied uniformly across all queries. This inflexibility leads to trade-offs: 

thresholds set too high risk missing essential information, while those set too low result in an 

overflow of irrelevant data that overwhelms the system (Kratzwald and Feuerriegel, 2018). 

Second, while the group component shows that larger chunk sizes tend to improve 

retrieval scores, this also comes with significant trade-offs. Larger chunks often introduce 
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excessive or irrelevant context, increasing computational overhead, as seen in the longer times 

required to generate answers. Despite higher retrieval scores, the quality of the generated 

responses does not improve proportionally. This occurs because the LLM processes all 

retrieved information during generation, including irrelevant content, which it struggles to filter 

effectively, resulting in degraded outputs (Shi et al., 2023). 

In addition to retrieval challenges, RAG systems lack flexibility in query management, 

rigidly requiring retrieval for every query - even when unnecessary. In many cases, the 

parametric knowledge embedded within the LLM may be sufficient to generate accurate and 

relevant responses without external retrieval (Zhang et al., 2024). When retrieval is redundant, 

it introduces unnecessary computational overhead, increases inference time, and reduces overall 

efficiency. Although the evaluation dataset assumes retrieval for every query, this limitation is 

critical in real-world applications where users may ask clarifying or follow-up questions. 

Applying the same retrieval approach uniformly to all queries - whether simple or complex - 

leads to inefficiencies, emphasizing the need for adaptive mechanisms tailored to query 

complexity. 

Post-retrieval, the static nature of RAG also affects the quality of generated responses. 

While RAG frameworks are agreed to be more reliable than parametric-only models for 

reducing hallucinations and producing faithful, grounded answers, both existing research from 

Shuster et al. (2021) and empirical findings from the group study indicate that this reliability is 

not guaranteed. The absence of verification mechanisms in generation means the system cannot 

systematically evaluate or correct hallucinations, particularly when processing large volumes 

of retrieved data. 
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5.3 Reference Works in LLM Reasoning in RAG Architectures 

 Recent research has highlighted the static nature of RAG systems, through the 

development of novel frameworks designed to address the limitations discussed above. This 

section details several of these frameworks, focusing on their principles and methodologies, as 

they form the foundation for this study in enhancing retrieval and generation processes within 

the RAG system. 

One of the most significant advancements in this area is the Self-Reflective RAG 

framework (Self-RAG), introduced by Asai et al. (2024), which achieves state-of-the-art outputs 

by addressing challenges inherent to the retrieval and generation processes. To achieve this, the 

framework trains an arbitrary language model in an end-to-end manner, enabling it to generate 

and leverage special tokens known as reflection tokens. These tokens act at critical stages of 

the RAG workflow, first determining whether to retrieve information, then assessing the 

relevance of retrieved chunks. Finally, they evaluate generated responses for hallucination and 

alignment with the query, ensuring the selection of only the best results. 

Other token-based methodologies include QUARK (Lu et al., 2022), which applies 

reinforcement learning to guide generation through a reward-based mechanism to align outputs 

with user expectations and unlearn bad behaviors. Similarly, the CTRL framework (Keskar et 

al., 2019) uses control tokens to allow precise guidance of generation attributes, such as style 

and content, offering a mechanism for tailoring outputs to specific needs.  

Focusing on query complexity, Adaptive-RAG (Jeong et al., 2024) trains a classifier - a 

smaller language model - to predict the complexity of incoming queries, which the system 

categorizes into three levels: those requiring no retrieval, simple retrieval, or iterative retrieval. 
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This method allows for reducing computational overhead for simple queries and avoiding 

inadequate handling of complex ones. The CRAG framework from Yan et al. (2024), extends 

this adaptability to query complexity by introducing corrective mechanisms that evaluate the 

quality of retrieved information. It adopts a “decomposition and recomposition” technique that 

partitions the chunks into “knowledge strips” and maintains only the relevant pieces of context 

to reduce Hallucinations. Similarly, Yoran et al. (2023) emphasize robustness in retrieval-

augmented models by employing natural language inference filtering on retrieved passages and 

fine-tuning the model with mixed-content datasets containing both relevant and irrelevant 

material, which mitigate the impact of irrelevant retrieved passages and of cascading-errors, 

particularly in multi-hop questions. Further advancements include frameworks like SAIL (Luo 

et al., 2023), which incorporate external knowledge sources, such as internet-based searches, to 

complement non-parametric data.  

5.4 Multi-Agent Systems 

5.4.1 Introduction to Multi-Agent Systems  

Multi-Agent Systems (MASs) (Weiss et al., 2000) are composed of multiple interacting 

computing entities, or agents, capable of reasoning and acting autonomously while 

collaborating to achieve individual or shared objectives. According to Wooldridge (2002), 

agents exhibit two core characteristics: independence in decision-making and adaptability to 

their environment. These properties enable MASs to address complex, distributed problems 

beyond the scope of centralized approaches. 

MASs emerged from the field of Distributed Artificial Intelligence, which explored how 

autonomous entities could collaborate to address complex problems beyond the capabilities of 

individual systems. This framework has proven valuable in addressing distributed problems 

across a variety of domains, from optimizing industrial processes (Yahouni et al., 2021) to 
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improving decision-making in healthcare systems (Shakshuki & Reid, 2015). Organizationally, 

MASs can adopt a variety of structures from hierarchical to peer-to-peer organizations, among 

others (Abbas et al., 2015), allowing them to adapt to system complexity and requirements. 

The integration of LLMs into agent decision-making processes has introduced 

promising opportunities for advancing MASs (de Zarza et al., 2023). Previous studies 

demonstrate that LLMs can significantly enhance agent performance by providing strategic 

recommendations and facilitating informed decision-making in various tasks such as 

negotiation (Muglich et al., 2022) and coordination (Yang et al., 2022). This synergy between 

MASs and LLMs highlights the capacity of recent advancements in GenAI to augment the 

autonomy and collaborative capabilities of agents, opening new avenues for addressing 

increasingly complex and dynamic challenges. 

5.4.2 MASs in RAG Architectures  

MASs have been increasingly utilized in RAG systems to enhance efficiency, 

adaptability, and scalability in domain-specific tasks. For instance, Gamage et al. (2024) 

describe a supervisory MAS in a net-zero emissions energy system, where agents manage 

anomaly detection, behavior analysis, and visualization, optimizing workflows by processing 

structured and unstructured data. Similarly, in business information extraction (Arslan et al., 

2024), MASs automate the retrieval, enrichment, and classification of events from diverse 

sources, working collaboratively in a pipeline. 

Beyond task delegation, MASs enable dynamic decision-making across retrieval and 

generation steps, improving adaptability in RAG pipelines (Ghosh, 2024). The Modular RAG 

paradigm introduced by Gao et al. (2024) aligns with this approach by decomposing RAG 

systems into autonomous but collaborative task-specific modules for retrieval, re-ranking, and 

generation, allowing for fine-tuning and task-specific optimizations. 
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5.5 A Multi-Agent RAG through LangGraph 

LangGraph, part of the LangChain ecosystem, is a library meant for developing stateful, 

multi-agent applications leveraging LLMs. It translates workflows into graphs, where nodes 

correspond to agents and edges define the flow of information. This approach enables flexibility 

in designing complex systems, supporting the diverse MASs discussed in section 8.4., and 

tracks and updates a central state, ensuring all agents share a common understanding of the 

task’s progress (LangChain, 2024). Therefore, it is a valuable tool for exploring graph-based 

RAG architectures, particularly in tasks requiring dynamic decision-making and adaptive 

workflows. 

This study builds upon insights from methodologies presented in section 8.3 that aim to 

overcome the static nature of traditional architectures by incorporating self-assessment and self-

reflection mechanisms under a more resource-efficient and modular approach, overcoming 

resource and restrictions on domain knowledge, involved in training and fine-tuning models. 

The principles of these methodologies are adapted into a graph-based framework to 

systematically examine their impact on RAG systems through ablation experiments. The focus 

of this exploration is on three key components: query processing, retrieval validation, and 

generation quality. The evaluation of these components follows the common framework 

detailed in earlier sections, ensuring consistency and comparability of results. Central to the 

system’s design is the use of LLM reasoning, which underpins all decision-making processes 

(represented as nodes) and ensures adaptability across the pipeline.  

5.5.1 Query Processing 

In this study, all queries in the testing dataset require retrieval, rendering threshold-

based decisions to retrieve, such as in Self-RAG, unnecessary. Instead, a classification process 
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distinguishes between simple and complex queries (Appendix 13), a distinction influenced by 

the Adaptive-RAG and CRAG frameworks. Simple queries proceed through the standard RAG 

pipeline framed in section 3.5, while complex queries are processed using LangChain's 

MultiQueryRetriever. This retriever generates multiple queries from diverse perspectives 

through LLM reasoning, retrieves relevant documents for each query, and combines the results 

into a deduplicated, unified set. By diversifying retrieval perspectives, this approach mitigates 

limitations inherent in distance-based methods and ensures a richer context for subsequent 

stages. 

5.5.2 Retrieval Validation 

To ensure the quality of the retrieved documents, the retrieval validation process iterates 

through each document to evaluate its relevance to the original query. Building on principles 

from Self-RAG, this iterative process determines the inclusion or exclusion of documents in the 

final context used for generating answers, which reduces the risks associated with excessive or 

irrelevant context (Appendix 14). 

5.5.3 Generation Quality 

The final stage in the RAG pipeline focuses on ensuring that generated answers 

(Appendix 6) meet the standards of accuracy, relevance, and alignment with the retrieved 

context. To achieve this, two mechanisms are implemented. The first involves hallucination 

detection, where the generated answer is compared against the retrieved chunks to verify its 

grounding (Appendix 15). If the answer is found to diverge significantly from the context, the 

system triggers a regeneration process using the same retrieval set, already approved by 

previous stages, but with a prompt focusing on its previous fault (Appendix 16). The second 

mechanism addresses relevancy validation, assessing whether the generated answer directly 

addresses the user query (Appendix 17). In cases where the answer fails to meet the relevance 
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criteria, the system employs LLM reasoning to refine the query or suggest alternative 

formulations (Appendix 18), enabling an adaptive and iterative approach to improve alignment 

with user intent. 

5.5.4 Application 

The different nodes were applied independently, with experiments conducted for query 

complexity assessment, document relevance selection, hallucination detection, and query 

rewriting. These were further combined into more comprehensive structures: a Self-RAG-like 

setup integrating document grading, hallucination and relevancy checks, and query rewriting 

for non-relevant results; a CRAG structure combining complexity assessment with document 

validation; and a complete infrastructure incorporating all nodes (Figure 12). All configurations 

are detailed in Appendix 19, based on the nodes from Figure 14. 

5.6 Results 

Each experimental configuration was evaluated on the single-hop and multi-hop 

question datasets with 2 of the best performing chunking strategy pairs, TokenTextSplitter, of 

chunk size 512, with both no overlap and overlap of 20. The results were averaged across these 

two configurations for each type of question, with the baseline for comparison derived from the 

previous experiments (Appendix 20). The baseline employed the simple RAG architecture 

without additional reasoning layers, while the evaluated methods incorporated advanced 

components to assess their impact on performance. 

Evaluations were conducted using both OpenAI gpt-4o-mini and extended to 

MistralAI’s NeMo, an open 12B parameter model that supports Portuguese. Mistral was 

selected over Llama, which had been utilized in the group component, due to compatibility 

constraints; LangChain and LangGraph methods are not fully adapted to Llama, whereas 

Mistral offers comparable capabilities to Llama 3.1-8B (Mistral) alongside the necessary 
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compatibility. Additional results for baseline were ran for Mistral, under the same framework 

in section 3.5 (Appendix 21).  

The results will be compared in a 2-fold method: from an LLM perspective, and 

differentiating single-hop from multi-hop questions, to try to derive conclusions on the 

application as well as what configurations may be most beneficial. The results discussed 

represent the percentual difference between the baseline and the applications, highlighting only 

significant differences. Time was not taken into consideration, due to time increments applied 

for MistralAI to safeguard the maximum of 1 request per second. 

5.6.1 LLM Comparison (Appendices 22 & 23) 

A key observation in the comparison of LLMs is the varying degree of improvement 

observed for each model. MistralAI’s NeMo, as an approximation of Llama and therefore a 

weaker model, displays significantly larger enhancements from the integration of self-reflection 

techniques compared to the more advanced GPT model. For example, Mistral shows substantial 

improvements in answer quality metric with Self-RAG (+20%) and Hallucination checking 

(+17%), whereas GPT achieves comparatively more modest gains, such as +5% for Self-RAG 

and +10% for Hallucination Checking. These results suggest that a stronger baseline reasoning 

ability, such as that of GPT, may reduce the benefits of additional reasoning nodes. 

For GPT, most setups provided limited gains in answer quality (hovering around +3% 

to +6%) and retrieval assessment, with all configurations negatively impacting the 

Hallucination scores. On the other hand, for Mistral, Hallucination Checking and Document 

Grading proved particularly effective, with gains of +20% and +16%, respectively, in retrieval 

scores. Still, both models benefited from ensemble setups such as Self-RAG and the complete 

architecture, with these configurations amplifying gains across multiple metrics. Notably, Self-
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RAG for Mistral saw improvements of +20% in answer quality and +15% in retrieval, 

highlighting the synergy of combining hallucination control and document grading. 

However, certain setups, such as Query Rewriting and Complexity Assessment, failed 

to produce significant standalone improvements. For example, Query Rewriting negatively 

impacted Mistral’s retrieval (-13%) and hallucination (-29%) scores, while Complexity 

Assessment showed only minor gains (+5% for Answer in Mistral, +4% in GPT) but substantial 

degradation in hallucination (-17% for Mistral, -7% for GPT). The CRAG ensemble also 

performed poorly, particularly for Mistral, where it showed no improvement in Answer scores 

(0.00%) and degraded Hallucination (-25%). These results highlight the need for thoughtful 

integration of reasoning components to avoid redundancy or performance degradation. 

5.6.2 Question Type Comparison (Appendices 24 & 25) 

Single-hop questions demonstrated more pronounced improvements in answer quality 

compared to multi-hop questions, reflecting their simpler nature. Gains in retrieval scores for 

single-hop were modest across most setups, with the highest coming from Hallucination 

Checking (+3%) and the Complete ensemble (+2%), suggesting that basic retrieval mechanisms 

suffice for these tasks. 

Multi-hop questions, in contrast, showed their greatest benefits in enhancing retrieval 

scores, which in turn were correlated to higher answer quality score impacts, emphasizing the 

importance of robust mechanisms to handle their complexity. Document Grading and Self-RAG 

delivered strong performance for multi-hop tasks, with retrieval score improvements of +16% 

and +17%, and subsequent answer scores of +8% and 10%, respectively. The Complete 

ensemble also performed well, yielding +12% in retrieval and +11% in answer quality scores. 

Despite these retrieval-focused improvements and their corresponding answer quality 



Maria Leonor Trindade Hermenegildo 

 68 

improvements, multi-hop tasks experienced smaller gains in answer quality, reflecting the 

increased difficulty of generating coherent answers across complex queries. 

Hallucination remained a persistent challenge across both question types. Multi-hop 

questions proved particularly prone to hallucination-related degradation, with most 

configurations showing negative impacts. However, some configurations, such as Hallucination 

Checking, Self-RAG, and the Complete ensemble, demonstrated some mitigation of this issue, 

with multi-hop hallucination scores degrading slightly less, suggesting potential in the 

hallucination check node, present in all. 

Overall, the comparative analysis highlights the differing demands of single-hop and 

multi-hop questions. Single-hop queries favour straightforward reasoning approaches, while 

multi-hop questions rely more heavily on retrieval-focused strategies to achieve balanced 

outcomes. Ensemble approaches such as Self-RAG and Complete ensemble consistently stand 

out as the top performers across both question types, amplifying the benefits of stand-out 

individual nodes like Hallucination checking and Document Grading. 

5.7 Discussion 

The results presented in this study highlight significant variability across models and 

question types. Techniques like Hallucination Checking, Document Grading, and their 

combination in the Self-RAG-like and Complete ensembles presented promising results across. 

However, the study's exploratory nature, constrained by the use of prompting frameworks 

instead of task-specific fine-tuning, led to time-intensive answer generation (Appendix 26) and 

increased complexity from combining multiple techniques, underscoring the need for 

optimization. Fine-tuning models to the best configurations could streamline processes and 

reduce latency. 
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While the prompts guiding LLM reasoning were refined using AI tools, further tailoring 

could improve results significantly. Testing these prompts on larger, more diverse datasets 

would better evaluate their generalization and effectiveness. Future work should focus on 

optimizing prompts, incorporating task-specific tuning, and scaling experiments to more 

complex datasets. These steps could address challenges like hallucination control and enhance 

the reasoning capabilities of weaker LLMs, advancing RAG systems. 
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6 Conclusion 

This study explored RAG systems tailored for the Portuguese legal domain, addressing 

the challenges posed by underrepresented languages in legal and AI research. By implementing 

and evaluating advanced methodologies such as chunking strategies and graph-based reasoning, 

this work sheds light on the opportunities and obstacles in enhancing legal tool for Portuguese-

speaking legal professionals. 

Key findings, in the group component, revealed that the TokenTextSplitter approach 

yielded the most effective collections. While Semantic and Recursive chunking techniques 

faced computational limitations, larger chunk sizes were found to improve retrieval accuracy 

and answer quality significantly, emphasizing the importance of fine-tuning chunking 

parameters for legal tasks. However, as European Portuguese is underrepresented in the training 

data of cutting-edge LLMs compared to English, performance discrepancies were observed. 

Larger multilingual models helped bridge this gap, aligning with trends noted in OpenAI (2024) 

and other studies, highlighting the scalability of larger parameter counts for multilingual tasks. 

The integration of graph-based reasoning showed significant variability across models 

and question types, with techniques like Hallucination Checking and Document Grading 

performing well on their own, and amplifying results when combined in ensembles. However, 

the use of prompting frameworks, rather than task-specific fine-tuning, led to slower answer 

generation and increased complexity. While fine-tuning models could improve efficiency and 

reduce latency, further refining prompts and testing them on larger, more diverse datasets could 

improve generalization. Future work should focus on optimizing prompts, task-specific tuning, 

and scaling to more complex datasets, addressing challenges like hallucination control and 

enhancing the reasoning capabilities of weaker LLMs. 
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Despite its promising findings, this study faced several limitations. Computational 

constraints restricted the size of the dataset and the scope of the knowledge base, potentially 

affecting retrieval performance. Furthermore, the absence of domain expertise within the team 

limited the contextual evaluations of legal nuances. These limitations highlight the importance 

of expanding resources and expertise in future iterations. 

Future Directions 

To further improve the performance and applicability of RAG systems, future work 

should focus on several areas. Fine-tuning with larger, more diverse datasets, including cross-

jurisdictional legal documents, would broaden applicability and enhance retrieval accuracy. 

Exploring alternative embeddings methods, retrieval strategies, and chunking configurations 

could yield more computationally efficient solutions. Additionally, the inclusion of domain 

expertise from legal professionals would ensure more accurate and contextually relevant 

outputs, as well as a more faithful evaluation framework. Extending this work to other 

underrepresented languages would further generalize the findings and address the linguistic 

inequities in AI research.  

Portuguese, despite being the 5th most spoken language globally, has significantly worse 

performance in LLMs when compared to Mandarin or English, the 2 most spoken languages 

worldwide. This is partly due to limited funding and research contributions from Portuguese-

speaking countries, as well as the already mentioned bias in sources coming to LLMs. By 

addressing these gaps and fostering collaboration across linguistic domains, this work 

highlights the potential to bridge these disparities and improve AI support for underrepresented 

languages. 
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Closing remarks 

 This study contributes to the growing body of research aimed at reducing linguistic and 

domain-based inequities in AI. By focusing on European Portuguese legal analysis, this work 

sets the groundwork for extending RAG systems to other underrepresented languages and 

specialized domains, ultimately promoting inclusivity and advancing the utility of AI-driven 

tools in legal contexts. 
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Appendices 

 

Appendix 1 - Prompt template for generating questions from “acórdãos” (Adapted from 

Portuguese). 

 

 



 

 

 

Appendix 2 - Prompt template for generating questions from “Artigos” (Adapted from 

Portuguese). 

 

 

Appendix 3 - Prompt template for evaluating retrieval. 

 



 

 

 

Appendix 4 - Prompt Template for evaluating overall answer quality. 

 

 



 

 

 

Appendix 5 - Prompt template for assessing hallucination in generated answers. 

 

Appendix 6 - Prompt template for LLM in answer generation. 

 

 

 



 

 

 

Appendix 7- Results for time (in seconds) for the generation of chunks and embeddings under 

different strategies. 

 

Appendix 8 - Retrieval scores under different chunking strategy pairs. 



 

 

 

Appendix 9 - Hallucination scores for the different chunking strategy pairs. 

 

Appendix 10 - Overall answer quality scores for the different chunking strategy pairs. 



 

 

 

Appendix 11 - Results for time (in seconds) for the generation of answers under different 

chunking strategy pairs. 

 

 

Appendix 12 - Number of unanswered questions per chunking strategy pair. 

 

 

 

 



 

 

 

 

Appendix 13 - Prompt for assessing query complexity. 

 

 

 

 

Appendix 14- Prompt for assessing document relevance. 

 



 

 

 

Appendix 15- Prompt for Hallucination checking. 

 

 

Appendix 16- Prompt for answer regeneration. 

 



 

 

 

Appendix 17 - Prompt for answer relevancy check. 

 

 

Appendix 18 - Prompt for query rewriting. 



 

 

 

Appendix 19- Configuration setup for experimentation (nodes are exemplified in figure 14). 

 

Appendix 20- Baseline OpenAI single & multi questions (scores from 0 (worse) to 1 (best)). 



 

 

 

Appendix 21- Baseline MistralAI - single & multi questions (scores from 0 (worse) to 1 

(best)). 



 

 

 

 

 

Appendix 22- LLM comparison - OpenAI & MistralAI (average of evaluation results). 



 

 

 

 

Appendix 23- LLM comparison - OpenAI & MistralAI (in % change to baseline). 

 

 

 



 

 

 

 

Appendix 24- Question type comparison - single & multi-hop (average of evaluation results). 



 

 

 

 

Appendix 25- Question type comparison - single & multi-hop (in % change to baseline). 

 

 



 

 

 

Appendix 26- Average time taken for each configuration for single-hop questions with 

MistralAI. 

 


	1 Introduction
	2 Literature Review
	2.1 A Brief Introduction to LLM History
	2.2 LLMs to RAG: The shift from traditional LLMs to RAG model
	2.3 AI Applications in the Legal Domain
	2.4 Regulatory Considerations in Legal AI
	2.4.1 Introduction to Data Privacy and Security in Legal AI
	2.4.2 Legal and Regulatory Frameworks Governing Privacy
	2.4.3 Security Implications in Legal AI
	2.4.4 Bias in AI Models


	3. Methodology
	3.1 Framework
	3.2 Data Gathering & Constructing a Database
	3.2.1 Data Sources and Collection
	3.2.2 Cleaning Techniques
	3.2.3 Chunking
	3.2.4 Embeddings & Storage
	3.2.5 ChromaDB

	3.3 Selection of the LLM
	3.3.2 OpenAI

	3.4. Evaluation
	3.4.1 Question Dataset for Evaluation
	3.4.2 Evaluation Criteria

	3.5 RAG Pipeline

	4. Results & Discussion
	4.1 Chunking and Embedding
	4.2 Retrieval
	4.3 Generation
	4.3.1 Hallucination
	4.3.2 Overall Quality
	4.3.3 Generation Response Time
	4.3.4 Additional Criteria
	4.3.5 Final Considerations

	4.5 Constraints and Limitations

	5 Graph-Based Reasoning for Retrieval-Augmented Generation: A Study in the Portuguese Legal Domain
	6 Conclusion
	References
	Appendices

