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Abstract

This Master’s thesis investigates the design and evaluation of agent-based Retrieval-
Augmented Generation (RAG) systems tailored for scientific research, with Estimation
of Distribution Algorithms (EDAs) as the target domain. EDAs present distinct chal-
lenges for Artificial Intelligence (AI) systems due to their dense mathematical notation,
algorithmic intricacy, and sparse terminology that appears infrequently across the lit-
erature. While Large Language Models (LLMs) provide fluent generative capabilities,
they struggle with specialized fields like EDAs, where relevant knowledge is scarce in
training data and factual accuracy is critical for research applications.

To address these limitations, this work introduces EDA Research Assistant, an agen-
tic RAG architecture that incorporates multi-step reasoning and dynamic tool selec-
tion within a Reasoning and Acting (ReAct) control loop. The system integrates three
complementary retrieval mechanisms: a semantic-lexical hybrid search for document
content, structured metadata querying over a relational database, and academic web
search for recent publications. Together, these tools emulate expert research work-
flows, facilitating the precise extraction of algorithmic details, mathematical expres-
sions, and bibliographic information.

A curated corpus of 882 EDA papers was processed into a dual-indexed retrieval sys-
tem combining dense vector representations with structured metadata. Evaluation
employed both retrieval metrics (Hit@K, MRR) and response quality metrics (context
precision, context recall, faithfulness, and relevance) with LLM-based judgment. Re-
sults demonstrate that the agentic RAG system delivers high-fidelity context retrieval,
strong topical alignment, and practical synthesis of technical content across diverse
query types.

This research demonstrates the technical viability and architectural principles of
agentic RAG systems in knowledge-intensive domains. It contributes a functional
research assistant prototype and methodological insights for designing modular, tool-
augmented reasoning systems. Although factual verification remains a challenge due
to reliance on LLM-based evaluation, this work lays the groundwork for future in-
tegration of expert-validated benchmarks and adaptive verification mechanisms to
enhance response reliability.
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Resumen

Esta tesis de máster investiga el diseño y la evaluación de sistemas de Generación
Aumentada por Recuperación (RAG) basados en agentes, diseñados específicamente
para la investigación científica, tomando como dominio objetivo los Algoritmos de
Estimación de Distribución (EDAs). Los EDAs presentan retos específicos para los
sistemas de Inteligencia Artificial (IA) debido a su densa notación matemática, com-
plejidad algorítmica y terminología que aparece con poca frecuencia en la literatura.
Aunque los Grandes Modelos de Lenguaje (LLM) ofrecen capacidades generativas
fluidas, tienen dificultades en campos especializados como los EDA, en los que el
conocimiento relevante es escaso en los datos de entrenamiento y la precisión factual
es crítica para las aplicaciones de investigación.

Para abordar estas limitaciones, este trabajo presenta EDA Research Assistant, una
arquitectura RAG agéntica que incorpora el razonamiento en varios pasos y la se-
lección dinámica de herramientas dentro de un bucle de control de razonamiento y
actuación (ReAct). El sistema integra tres mecanismos de recuperación complemen-
tarios: una búsqueda híbrida semántico-léxica del contenido de los documentos, una
consulta de metadatos estructurados en una base de datos relacional y una búsqueda
en la web académica de publicaciones recientes. Juntas, estas herramientas emulan
los flujos de trabajo de los expertos en investigación, facilitando la extracción precisa
de detalles algorítmicos, expresiones matemáticas e información bibliográfica.

Se procesó un corpus de 882 artículos sobre EDAs para construir un sistema de
recuperación de doble indexación que combina representaciones vectoriales densas
con metadatos estructurados. En la evaluación se emplearon tanto métricas de recu-
peración (Hit@K, MRR) como métricas de calidad de respuesta (precisión contextual,
recuperación contextual, fidelidad y relevancia) con valoración basada en LLMs. Los
resultados demuestran que el sistema RAG agéntico ofrece una recuperación con-
textual de alta fidelidad, una sólida alineación temática y una síntesis práctica de
contenidos técnicos en diversos tipos de consultas.

Esta investigación demuestra la viabilidad técnica y los principios arquitectónicos
de los sistemas RAG agénticos en dominios de conocimiento intensivo. Aporta un
prototipo de asistente de investigación funcional y conocimientos metodológicos para
diseñar sistemas de razonamiento modulares y mejorados con herramientas. Aunque
la verificación de los hechos sigue siendo un reto debido a la dependencia de la
evaluación basada en LLM, este trabajo sienta las bases para la futura integración
de benchmarks validados por expertos y mecanismos de verificación adaptativos para
mejorar la fiabilidad de las respuestas generadas.

iii





Acknowledgement

I extend my sincere gratitude to my supervisors, Concha Bielza and Pedro Larrañaga,
for their valuable mentorship and passionate approach to teaching.

I would also like to thank my family, especially my parents, for their unconditional
support, encouragement, and belief in me.

This work has been partially supported by the Spanish Ministry of Science and Inno-
vation through project PID2022-139977NB-I00 and by the Autonomous Community
of Madrid within the ELLIS Unit Madrid framework.

v





Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Objectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Structure . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2 State of the art 5
2.1 Foundations of Large Language Models . . . . . . . . . . . . . . . . . . . . 5

2.1.1 Transformer architecture . . . . . . . . . . . . . . . . . . . . . . . . 5
2.1.2 Embedding representations . . . . . . . . . . . . . . . . . . . . . . . 6
2.1.3 Pre-training data for Large Language Models . . . . . . . . . . . . 7
2.1.4 Knowledge injection . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Retrieval-Augmented Generation (RAG) . . . . . . . . . . . . . . . . . . . . 9
2.2.1 Indexing, chunking and knowledge base construction . . . . . . . 11
2.2.2 Query reformulation and reasoning . . . . . . . . . . . . . . . . . . 11
2.2.3 Retrieval mechanisms . . . . . . . . . . . . . . . . . . . . . . . . . . 13
2.2.4 Evolution of RAG architectures . . . . . . . . . . . . . . . . . . . . 14

2.2.4.1 Naive RAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
2.2.4.2 Advanced RAG . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.4.3 Modular RAG . . . . . . . . . . . . . . . . . . . . . . . . . . 15
2.2.4.4 Graph-based RAG . . . . . . . . . . . . . . . . . . . . . . . 15

2.3 Agentic RAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3.1 Workflow patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16
2.3.2 Agentic patterns . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
2.3.3 Agentic RAG in the scientific literature . . . . . . . . . . . . . . . . 18
2.3.4 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.4 Estimation of distribution algorithms . . . . . . . . . . . . . . . . . . . . . 21
2.4.1 Discrete variables . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
2.4.2 Continuous variables . . . . . . . . . . . . . . . . . . . . . . . . . . 22

2.5 Technology stack . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.5.1 Document processing . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.5.1.1 Marker . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.5.1.2 Nougat . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
2.5.1.3 Mistral OCR . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.5.2 Databases and storage . . . . . . . . . . . . . . . . . . . . . . . . . 24
2.5.2.1 Relational databases . . . . . . . . . . . . . . . . . . . . . . 24
2.5.2.2 Document stores . . . . . . . . . . . . . . . . . . . . . . . . 24
2.5.2.3 Vector databases . . . . . . . . . . . . . . . . . . . . . . . . 24
2.5.2.4 Graph-based storage . . . . . . . . . . . . . . . . . . . . . 25

vii



CONTENTS

2.5.3 Orchestration frameworks . . . . . . . . . . . . . . . . . . . . . . . 25
2.5.3.1 LangGraph . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
2.5.3.2 DSPy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.5.3.3 LlamaIndex . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
2.5.3.4 Other emerging agentic frameworks . . . . . . . . . . . . . 26

2.5.4 User interface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3 Methodology 27
3.1 Data acquisition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.1.1 Metadata extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . 28
3.2 Document transformation . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
3.3 Chunking and cleaning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.3.1 Markdown-based recursive chunking . . . . . . . . . . . . . . . . . 29
3.3.1.1 Semantic chunking . . . . . . . . . . . . . . . . . . . . . . 30
3.3.1.2 Formula preservation . . . . . . . . . . . . . . . . . . . . . 31
3.3.1.3 Table extraction . . . . . . . . . . . . . . . . . . . . . . . . 31
3.3.1.4 Metadata enrichment and normalization . . . . . . . . . . 31

3.4 Embeddings and database population . . . . . . . . . . . . . . . . . . . . 32
3.4.1 Chunk embeddings . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.4.2 Database schema . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32
3.4.3 Contextual retrieval . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.5 Agentic RAG architecture . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.5.1 Hybrid search tool . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
3.5.2 Paper database tool . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.5.2.1 SQL safety and validation mechanisms . . . . . . . . . . . 38
3.5.2.2 Result formatting and adaptation . . . . . . . . . . . . . . 38
3.5.2.3 Scientific motivation . . . . . . . . . . . . . . . . . . . . . . 39

3.5.3 Web search tool . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
3.5.4 Memory . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
3.5.5 LLM backbone . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
3.5.6 Prompt design and reasoning framework . . . . . . . . . . . . . . . 42

3.5.6.1 ReAct framework . . . . . . . . . . . . . . . . . . . . . . . . 42
3.5.6.2 Tool invocation logic . . . . . . . . . . . . . . . . . . . . . . 44
3.5.6.3 Few-shot prompting for SQL generation . . . . . . . . . . 45

3.6 User interface . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
3.7 Production deployment and scalability . . . . . . . . . . . . . . . . . . . . 46

4 Evaluation 48
4.1 Embedding model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.1.1 Evaluation methodology . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.1.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.1.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49
4.1.4 Chunking strategy comparison: recursive vs semantic . . . . . . . 50

4.2 RAGAS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52
4.2.1 Dataset construction . . . . . . . . . . . . . . . . . . . . . . . . . . 52
4.2.2 Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53
4.2.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

4.3 Text-to-SQL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55
4.3.1 Evaluation framework . . . . . . . . . . . . . . . . . . . . . . . . . . 56
4.3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56

viii



CONTENTS

5 Conclusions and future work 57
5.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57
5.2 Future work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

Bibliography 60

A 100 questions for RAGAS evaluation 68

B Sample expert questions: base model vs agentic RAG 75
B.1 Q1: EDA Convergence foundations . . . . . . . . . . . . . . . . . . . . . . 76
B.2 Q2: Factorization of joint probability distribution in DEUM model . . . . 77
B.3 Q3: New individual generation in MIMIC . . . . . . . . . . . . . . . . . . . 79
B.4 Q4: Meaning of parameter alpha in PBIL algorithm . . . . . . . . . . . . . 81
B.5 Q5: Individual selection and stopping procedures in EDAs . . . . . . . . 82

ix



List of Figures

2.1 Multidimensional vector space representing individual sentences. Adapted
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Chapter 1

Introduction

In the 1990s, most people preferred to obtain information directly from others rather
than from information retrieval (IR) systems (Manning et al., 2008). At that time,
IR systems relied mainly on keyword-based search, Boolean queries, and statistical
models such as term frequency–inverse document frequency (TF-IDF) (Jones, 1972)
and BM25 (Robertson & Sparck Jones, 1976), which score documents based on how
frequently search terms appear in them and how rare those terms are across the
entire collection.

Subsequent advances in natural language processing (NLP) and machine learning
brought significant improvements to IR systems, with the development of semantic
search techniques that attempted to capture the underlying meaning behind user
queries. Yet, these remained fundamentally extractive: they retrieved potentially
relevant documents but could not reason over them or generate coherent answers
directly.

With the emergence of Large Language Models (LLMs), the way we access and inter-
act with information has undergone a fundamental transformation. Pre-trained on
massive text corpora, models such as GPT-3 (Brown et al., 2020) have demonstrated
remarkable zero-shot capabilities—that is, the ability to perform tasks without seeing
task-specific examples during training. This includes a wide range of downstream ap-
plications such as translation, summarization, and dialogue generation. These gen-
eralization abilities stem from the models’ extensive parametric capacity and broad
exposure to linguistic and factual knowledge during pre-training. Unlike structured
knowledge bases, LLMs require no schema design, support open-domain querying,
and learn without manual supervision, making them highly adaptable across do-
mains (Petroni et al., 2019).

To improve controllability and alignment with human intent, researchers introduced
techniques such as instruction tuning (Wang et al., 2022) and reinforcement learn-
ing with human feedback (RLHF) (Christiano et al., 2017). These methods enable
language models to follow user instructions more effectively and generate responses
that are safer, more coherent, and contextually appropriate. A notable result of this
line of work is ChatGPT, a widely used conversational agent fine-tuned from GPT
models (Ouyang et al., 2022).

However, substantial limitations remain. Critically, the precision of LLM responses is
bounded by their exposure to relevant data during pre-training. As shown in Kandpal
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1.1. Motivation

et al. (2023), the ability of a model to answer fact-based questions is directly corre-
lated with the number of related documents seen during training. This reveals the
static nature of LLM knowledge: once training concludes, models cannot easily in-
tegrate new information without costly retraining. State-of-the-art LLMs still exhibit
significant reliability issues, including factual errors (Mallen et al., 2023) stemming
from training data limitations and hallucinations (Maynez et al., 2020) where mod-
els generate convincing but fabricated content. This behavior poses serious risks in
knowledge-intensive domains, particularly in science and healthcare, where factual
accuracy is paramount. Furthermore, while recent advances in prompting and rea-
soning heuristics have improved multi-step capabilities, most language models still
struggle to perform reliably on complex or compositional reasoning tasks (Li et al.,
2024; Shojaee et al., 2025).

This raises a central question in contemporary language model research: how can
we efficiently, reliably, and scalably inject new or domain-specific knowledge into an
LLM while maintaining factuality and contextual relevance?

1.1 Motivation

One of the most influential responses to the knowledge injection problem in LLMs
has been Retrieval-Augmented Generation (RAG). This hybrid architecture enables
LLMs to dynamically incorporate external information during inference (Lewis et al.,
2020b). RAG systems integrate a non-parametric retrieval component into the gen-
eration pipeline, allowing the model to access relevant documents from up-to-date
sources such as scientific repositories, domain-specific corpora, or custom knowledge
bases. The retrieved passages are then fused with the model’s parametric knowledge
to condition its outputs, effectively grounding generation in verifiable external context
(Gao et al., 2024).

Recent empirical work by Ovadia et al. (2024) highlights the growing importance of
addressing the “knowledge injection challenge” in LLMs. Their study provides a sys-
tematic comparison of unsupervised fine-tuning and RAG across several knowledge-
intensive tasks, including Measuring Massive Multitask Language Understanding
(MMLU) benchmark (Hendrycks et al., 2021). The results show that RAG consis-
tently outperforms fine-tuning, even when the latter is enhanced with paraphrased
or auxiliary instruction data. In addition to improved performance, RAG also avoids
key risks associated with fine-tuning, such as catastrophic forgetting and parame-
ter drift. As the authors note, RAG “incorporates context relevant to the question, a
feature lacking in fine-tuning,” and does so without modifying the model’s internal
parameters.

Nevertheless, conventional RAG architectures remain largely passive: they perform a
single retrieval step and generate a response based on that fixed context. A partic-
ularly promising extension of this paradigm is Agentic Retrieval-Augmented Gener-
ation (Agentic RAG), which embeds autonomous decision-making agents within the
retrieval-generation loop (Singh et al., 2025). In Agentic RAG architectures, retrieval
becomes an active, adaptive process, where agents engage in dynamic planning, re-
flection, tool invocation, hypothesis generation, and even multi-agent collaboration
to optimize both retrieval selection and answer generation iteratively. These agentic
workflows enable systems to reason across multiple documents, refine incomplete
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Introduction

information, and build richer, more structured answers over multiple retrieval itera-
tions.

Such capabilities are especially relevant in complex scientific domains characterized
by highly specialized and heterogeneous knowledge. One such domain is Estima-
tion of Distribution Algorithms (EDAs) (Larrañaga & Lozano, 2002), a class of prob-
abilistic model-based evolutionary algorithms that have been extensively studied for
solving optimization problems in engineering, bioinformatics, and machine learning
(Larrañaga & Bielza, 2024). Navigating and synthesizing research in the EDA field
presents challenges for conventional retrieval systems and static language models,
which often lack domain context and multi-step reasoning capabilities.

This Master’s thesis is motivated by the hypothesis that Agentic RAG systems are par-
ticularly well-suited to support domain-specific research workflows. It presents the
design, implementation, and evaluation of an agent-based RAG system tailored to as-
sist researchers working with EDA-related scientific literature. Rather than focusing
solely on single-pass retrieval, the system operates as a research copilot—capable
of multi-turn interactions, adaptive reasoning, and synthesizing information from
structured databases, document corpora, and web-based sources.

1.2 Objectives

The goal of this Master’s thesis is to explore the feasibility and utility of applying
Agentic RAG (RAG) to scientific domains, such as EDAs, which are characterized by
dense, heterogeneous, and conceptually complex literature.

To support this central aim, the work is structured around the following specific
objectives:

1. Review the state of the art in RAG systems. Systematically survey founda-
tional architectures, retrieval methodologies, and agentic extensions. Critically
evaluate design patterns, knowledge integration mechanisms, and evaluation
protocols to establish theoretical foundations for knowledge-intensive scientific
applications.

2. Build a scientific document processing infrastructure. Engineer a robust
document processing pipeline that converts raw PDFs into semantically en-
riched, machine-readable formats optimized for downstream retrieval.

3. Optimize retrieval strategy. Empirically evaluate sparse, dense, and hybrid
retrieval methods against domain-specific relevance criteria, establishing best
practices for document selection within the EDA corpus.

4. Develop an agentic RAG architecture. Design and implement a multi-agent
RAG system capable of autonomous reasoning, dynamic tool invocation, and
iterative knowledge synthesis. Leverage modern orchestration frameworks to
enable adaptive retrieval loops and scalable agent behavior.

5. Evaluate the system performance. Assess the system using quantitative re-
trieval metrics (e.g., Hit@K, MRR) alongside RAGAS evaluations, which lever-
age an LLM-as-a-judge framework to assess both context relevance and genera-
tion quality. These metrics collectively capture the effectiveness of the retrieval
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pipeline and the factual grounding of generated answers in scientific question-
answering tasks.

6. Analyze the infrastructure and deployment scalability. Examine the com-
putational and architectural requirements for agentic RAG systems, including
vector database selection, memory management, orchestration tooling, and in-
frastructure design for production use.

1.3 Structure

Chapter 2 reviews the state of the art in foundational technologies and methodologies
that underpin this work. It begins with an overview of LLMs, then traces the evolution
of RAG architectures—including naive, advanced, modular, and agentic variants. The
chapter also discusses recent advancements in agent-based reasoning, followed by an
overview of EDAs as the target scientific domain. It concludes with an analysis of the
technology stack options suitable for implementing agentic RAG systems.

Chapter 3 details the methods and system design. It describes the whole data
pipeline, including corpus acquisition, document transformation, chunking, and em-
bedding. It then outlines the architecture of the proposed agentic RAG system, fo-
cusing on hybrid retrieval mechanisms, tool integration, memory, and prompt-driven
reasoning. The chapter also justifies key design decisions regarding embedding mod-
els, database schema, orchestration framework, and interface integration.

Chapter 4 presents the evaluation of the system, reporting quantitative results across
three dimensions: embedding model benchmarking, chunking strategy comparison,
and end-to-end evaluation of the agentic RAG system. The assessment leverages
retrieval-oriented metrics (Hit@K, MRR), context and generation metrics (RAGAS),
and tool-specific measures for Text-to-SQL performance.

Chapter 5 provides a synthesis of results and discusses the overall contributions and
limitations of the work. It also proposes directions for future research and outlines
potential enhancements to the system architecture.

This work concludes with a bibliography and an appendix that includes domain-
specific evaluation queries, along with sample responses comparing the Agentic RAG
system to the base LLM.
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Chapter 2

State of the art

2.1 Foundations of Large Language Models

LLMs are generative models trained on massive text corpora to predict the next to-
ken in a sequence, allowing them to generate coherent, contextually appropriate text
across a wide range of tasks. Through extensive pre-training on diverse data sources,
LLMs acquire broad linguistic, factual, and commonsense knowledge (Brown et al.,
2020) that enables state-of-the-art performance across many NLP tasks.

2.1.1 Transformer architecture

The foundational architecture underlying modern LLMs is the Transformer (Vaswani
et al., 2017). Its core innovation lies in the self-attention mechanism, which en-
ables each token in an input sequence to dynamically attend to all other tokens,
thereby capturing both local and long-range dependencies. This capability allows for
the Transformer to model complex syntactic, semantic, and contextual relationships
essential for natural language understanding and generation.

The original Transformer consists of two components: an encoder and a decoder. The
encoder processes the input sequence into a latent representation, and the decoder
generates an output sequence conditioned on this representation. This architecture
is particularly effective for sequence-to-sequence tasks such as translation and sum-
marization.

The encoder is composed of a stack of layers that apply multi-head self-attention and
feed-forward transformations to the input tokens. The decoder includes the same
structure but adds cross-attention layers, which allow the decoder to condition each
generated token on the entire encoded input. Additionally, masked self-attention is
used to ensure that the model only attends to past tokens during inference, enforcing
the causal constraint required for autoregressive modeling.

Transformer-based models generally fall into three architectural categories. Encoder-
only models, such as Bidirectional Encoder Representations from Transformers (BERT)
(Devlin et al., 2019), are designed for tasks that require understanding, including
classification and retrieval. Decoder-only models, including GPT-4 (OpenAI, 2024),
LLaMA (Touvron et al., 2023a), and Claude (Anthropic, 2025), are used for text gen-
eration by predicting the next token based on previous context. Encoder-decoder
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models, such as T5 (Raffel et al., 2020) and Gemini (Gemini Team et al., 2025), are
well-suited for sequence-to-sequence tasks, including translation, summarization,
and question answering.

The Transformer architecture relies on multi-head attention, where several atten-
tion mechanisms run in parallel. Each head learns to focus on different semantic
relationships, such as syntactic structure or co-reference, allowing the model to rep-
resent multiple types of information simultaneously. The outputs from all heads are
concatenated and linearly transformed through feed-forward networks, yielding rich
contextual embeddings for each token. These features make the Transformer highly
expressive, parallelizable, and scalable.

2.1.2 Embedding representations

A key application of Transformer-based models is the generation of embeddings,
which are dense vector representations that capture the semantic meaning of text.
These embeddings project natural language into continuous, high-dimensional spaces
(typically 384 to 1024 dimensions), where semantically similar inputs are positioned
close together, as illustrated in Figure 2.1. This transformation compresses the
sparse, discrete input space into a format that facilitates efficient similarity com-
putations, typically using the cosine distance or inner product.

Figure 2.1: Multidimensional vector space representing individual sentences.
Adapted from Barančíková and Bojar (2019), licensed under CC BY 4.0.

These representations underpin modern information retrieval systems. By embed-
ding both user queries and corpus documents into the same latent space, retrieval
can be reduced to a nearest-neighbour search over vector representations. Embed-
ding models, therefore, serve as the backbone of RAG architectures.

A wide range of embedding models have been developed to support semantic search
and dense retrieval, with their performance systematically evaluated on the Massive
Text Embedding Benchmark (MTEB)1. A foundational breakthrough in this domain
was Sentence-BERT (SBERT) (Reimers & Gurevych, 2019), which addressed BERT’s
computational limitations by introducing a bi-encoder architecture that encodes sen-
tences independently, enabling efficient similarity computation through cosine dis-
tance rather than expensive cross-attention. Contemporary embedding models build
upon this bi-encoder paradigm while incorporating advances in training objectives,

1https://huggingface.co/spaces/mteb/leaderboard
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large-scale datasets, and prompting strategies. The following models represent high-
performing options commonly deployed in retrieval-augmented generation systems:

• all-mpnet-base-v2 (Song et al., 2020): A high-performing SBERT variant
trained on over one billion sentence pairs. It offers a strong trade-off between
accuracy and latency, making it a popular general-purpose baseline.

• e5-base-v2 (Embedding from Explanation) (Wang et al., 2024): Trained with
contrastive objectives and role-specific prompts (e.g., query:, passage:), im-
proving alignment between questions and retrieved passages. Demonstrates
robust performance on retrieval and reranking tasks in the MTEB suite.

• nomic-embed-text-v1.5 (Nomic AI, 2024): An open-source long-context em-
bedding model trained on over 12 billion pairs using contrastive learning. It
supports sequences of up to 8,192 tokens and incorporates Matryoshka Repre-
sentation Learning (Kusupati et al., 2022), which stores information hierarchi-
cally across dimensions. This allows embeddings to be truncated with minimal
performance degradation (e.g., 768→512→256), offering efficient scalability and
deployment flexibility.

Proprietary solutions further advance production readiness, often optimizing for cost,
latency, and multilingual coverage. These include OpenAI’s text-embedding-ada-
0022, which supports inputs up to 8,192 tokens and balances performance with low
inference cost; Cohere Embed v33, which excels in multilingual generalization and
content understanding; Voyage-34, tuned for domain adaptation and rapid rerank-
ing; and Google’s text-embedding-0045, offering highly compressed embeddings with
strong performance across knowledge-intensive tasks.

A key emerging trend is the development of multimodal embedding models that can
unify text, image, audio, and video representations into a shared latent space. These
models hold particular promise for general-purpose retrieval systems that operate
over heterogeneous, cross-modal information sources.

Collectively, these advances reinforce the central role of embedding models in ap-
plications that require intensive knowledge use, such as open-domain QA, scientific
discovery, and retrieval-augmented generation. They enable high-recall, semantically
grounded retrieval over large corpora, forming the non-parametric memory backbone
of modern systems. Crucially, the retrieved embeddings must be paired with a gen-
erative language model, where they are injected as external context, allowing the LLM
to reason over and synthesize responses based on dynamically retrieved information.
However, since embedding models are often paired with frozen or instruction-tuned
LLMs, their effectiveness is ultimately bounded by the factual and conceptual knowl-
edge encoded during pre-training.

2.1.3 Pre-training data for Large Language Models

Pre-training datasets typically combine a mixture of large-scale general-domain and
specialized data sources (Zhao et al., 2025). The majority of LLMs rely heavily on

2https://openai.com/index/new-and-improved-embedding-model/
3https://cohere.com/blog/introducing-embed-v3
4https://blog.voyageai.com/2024/09/18/voyage-3/
5https://developers.googleblog.com/en/gemini-embedding-text-model-now-available-gemini-api/
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publicly available general text. For instance, the GPT-3 model was trained on a
corpus of 300 billion tokens, with approximately 84% of the data sourced from web
pages and 16% from books (Brown et al., 2020).

General-domain text, such as web-crawled data, books, Wikipedia, and conversa-
tional text, constitutes the bulk of many leading LLM pre-training datasets. Web data
offers a broad range of linguistic and factual diversity, although it often necessitates
intensive filtering to eliminate noisy, duplicated, or low-quality content.

Beyond general-domain corpora, specialized datasets are increasingly integrated to
enhance domain-specific capabilities. Scientific corpora, such as arXiv, PubMed, and
curated academic literature, provide LLMs with exposure to complex technical con-
cepts, structured reasoning, and formal academic writing. An illustrative example
is Galactica (Taylor et al., 2022), a model pretrained on 106 billion tokens of scien-
tific text, including research papers, encyclopedias, and scientific websites. Galactica
demonstrates strong performance on scientific reasoning benchmarks; for example,
on tasks involving LaTeX-based technical knowledge probes, it achieves an accu-
racy of 68.2%, significantly outperforming GPT-3’s 49.0% on the same benchmark.
Despite these advances, scientific corpora remain underrepresented in many founda-
tional models. Moreover, even when included, domain-specific data such as formal
optimization literature like that surrounding EDAs often lacks sufficient volume, di-
versity, or annotation quality to be effectively captured by parametric learning alone.
This highlights the need for mechanisms that enable LLMs to access or learn from
external sources of specialized knowledge.

2.1.4 Knowledge injection

A key challenge in deploying LLMs in dynamic, knowledge-intensive domains is how
to inject updated or domain-specific information after pre-training. Fine-tuning re-
mains the predominant paradigm for this purpose. In full fine-tuning, all model
parameters are retrained on a new dataset, effectively updating the internal weights
to reflect task-specific or domain-specific knowledge. However, as model sizes reach
hundreds of billions of parameters, full fine-tuning becomes increasingly impractical.
For instance, maintaining separate fine-tuned versions of GPT-3 (175 billion param-
eters) for each task or knowledge domain would incur prohibitively high storage and
computational costs (Hu et al., 2022).

Fine-tuning techniques are commonly classified into three types based on the nature
of the training signal (Ovadia et al., 2024):

1. Supervised Fine-Tuning (SFT): Also known as instruction tuning, SFT trains
LLMs on instruction–response pairs derived from human annotation or synthetic
generation (Ouyang et al., 2022; Wang et al., 2023). It remains the core approach
for teaching models to follow prompts, format responses, and exhibit conversational
helpfulness. However, mounting evidence suggests that SFT primarily alters surface
behavior rather than injecting durable factual knowledge—a limitation often referred
to as the “superficial alignment hypothesis” (Zhou et al., 2023a). SFT underpins
widely deployed instruction-tuned LLMs such as GPT-4 (OpenAI, 2024), Claude (An-
thropic, 2025), Gemini (Gemini Team et al., 2025), and LLaMA (Touvron et al.,
2023a).

2. Unsupervised Fine-Tuning (UFT): Also called continued pre-training, UFT adapts
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the model on unlabeled domain-specific corpora using next-token prediction. It is
beneficial when labeled data is scarce, but it lacks task-specific supervision. A major
challenge in UFT is catastrophic forgetting (Goodfellow et al., 2014), where new pat-
terns overwrite prior knowledge. This risk can be mitigated by carefully controlling
learning rates and training schedules. However, the resulting models often produce
entangled representations (Wang et al., 2020), making it difficult to isolate or interpret
the influence of specific knowledge components.

3. Reinforcement Learning-Based Fine-Tuning: Reinforcement learning is com-
monly applied after SFT to align model outputs with human preferences further.
Techniques such as Reinforcement Learning from Human Feedback (RLHF) (Ouyang
et al., 2022), Proximal Policy Optimization (PPO) (Schulman et al., 2017), Direct Pref-
erence Optimization (DPO) (Rafailov et al., 2023), and Generalized Ranking-based
Preference Optimization (GRPO) (Shao et al., 2024) optimize generation behavior
based on preference signals. These methods improve helpfulness, harmlessness,
consistency, and in some cases even reasoning capabilities, but they do not con-
tribute to factual knowledge acquisition.

To mitigate the high cost of full fine-tuning, parameter-efficient fine-tuning (PEFT)
techniques have emerged as practical alternatives. PEFT methods update only a
small fraction of model parameters—typically between 0.1% and 5%—while freez-
ing the rest (Han et al., 2024b; Hu et al., 2022). Popular approaches include Low-
Rank Adaptation (LoRA), Quantized LoRA (Dettmers et al., 2023), adapter modules
(Houlsby et al., 2019), and prompt tuning (Lester et al., 2021). These methods sub-
stantially reduce compute and memory requirements while achieving strong down-
stream performance. However, they inherit a key epistemic limitation: knowledge is
still stored in parametric form, making updates irreversible, entangled, and difficult
to inspect or remove. This motivates the development of modular, retrieval-based
alternatives, which completely decouple knowledge from model weights.

2.2 Retrieval-Augmented Generation (RAG)

RAG emerged as a paradigm for enhancing LLMs with access to external knowledge
sources, thereby overcoming the limitations of purely parametric models. Traditional
LLMs are prone to hallucinations and struggle with factual grounding. RAG sys-
tems address these challenges by explicitly retrieving relevant documents from an
external corpus and conditioning generation on this evidence, effectively bridging
language modeling with information retrieval. Figure 2.2, inspired by Oshin and
Campos (2025) work, showcases a typical RAG pipeline.

The foundational concept of retrieval augmentation was introduced in the REALM
framework by Guu et al. (2020), which proposed jointly training a masked language
model and a retriever to access an external corpus during both pre-training and
inference. By integrating retrieval directly into the training loop, REALM enabled
the model to condition on dynamic evidence rather than relying solely on memorized
knowledge.

Building on this idea, Lewis et al. (2020b) formalized the RAG framework. Their
system combines a pre-trained sequence-to-sequence generator (BART) (Lewis et al.,
2020a) with a dense passage retriever (DPR) (Karpukhin et al., 2020) operating over a
large-scale Wikipedia corpus. During inference, the retriever identifies top-k relevant
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Figure 2.2: Key stages of a RAG system.

documents for a given query, and the generator marginalizes over these contexts to
produce a final response.

The effectiveness of retrieval-based augmentation has been demonstrated across var-
ious knowledge-intensive benchmarks. As shown in Figure 2.3, RAG consistently
outperforms fine-tuning (FT) on MMLU, particularly for unseen or evolving domains.
However, combining RAG with FT yields limited additional benefit—only one con-
figuration in their study shows improvement, indicating that such synergy may be
model-specific.

Figure 2.3: Mean relative accuracy gain across all MMLU tasks for each method and
model. Accuracy gain is computed relative to the base model and aggregated across
tasks. Adapted from Ovadia et al. (2024), licensed under CC BY 4.0.
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This system is fundamentally composed of several interacting components that gov-
ern how external knowledge is identified, accessed, and integrated into the language
model generation process. While conceptually simple, the design of each element has
a strong influence on the system’s retrieval accuracy, computational efficiency, fac-
tual correctness, and scalability. In the sections that follow, we decompose the core
architectural components of RAG.

2.2.1 Indexing, chunking and knowledge base construction

The first step in constructing any RAG system involves building the knowledge base
over which retrieval will be performed. Source documents are pre-processed and
transformed into retrieval units known as chunks. The choice of chunk size is non-
trivial: larger chunks may contain richer context but risk introducing irrelevant infor-
mation, whereas smaller chunks reduce noise but may fragment semantic coherence
(Chroma Research, 2024; Theja, 2023).

Among the various chunking strategies proposed, three prominent categories are
frequently discussed:

• Fixed- or token-based splitting: Dividing text into equal segments (e.g., 256,
512 or 1024 tokens), with or without overlap. This simple strategy yields ac-
ceptable efficiency but may disrupt semantic boundaries.

• Recursive chunking: Heuristic splitting that respects punctuation, section
headings, and sentence boundaries, maintaining better context structure with
minimal fragmentation.

• Semantic chunking: Using embeddings or LLMs to detect semantic coher-
ence, clustering text into conceptually unified segments. These methods tend to
yield higher retrieval performance by preserving semantic continuity, albeit at a
greater computational cost.

2.2.2 Query reformulation and reasoning

The effectiveness of RAG systems often relies on the quality of the user query. Queries
may be vague, underspecified, or phrased in ways that misalign with how information
is represented in the corpus. To address this, modern RAG pipelines increasingly in-
corporate reasoning-augmented query reformulation strategies that expand or refine
the query before retrieval, improving coverage, grounding, and alignment with user
intent.

In-Context Learning (ICL) underpins many of these strategies as portrayed in Figure
2.4. It enables LLMs to perform new tasks by conditioning on examples embedded in
the prompt (typically input–output pairs) without updating the model’s weights (Min
et al., 2022; Xie et al., 2022). ICL allows flexible adaptation to new reasoning patterns
at inference time and is especially effective in sufficiently large models (Kaplan et al.,
2020; Touvron et al., 2023b).

Built on ICL, Chain-of-Thought (CoT) prompting (Wei et al., 2023) elicits multi-step
reasoning by having the model break down complex queries into intermediate steps.
These steps not only improve performance on reasoning tasks but also act as natural
sub-queries that can trigger targeted retrieval mid-inference. A practical implemen-
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Figure 2.4: Taxonomy of query reformulation techniques in RAG pipelines.

tation is Least-to-Most Prompting (Zhou et al., 2023b), where simpler sub-questions
are solved first, and their answers iteratively inform subsequent reasoning stages.

Complementary to decomposition, abstraction-based reformulation aims to lift the
query to a higher level of generality. Step-Back Prompting (Zheng et al., 2024) en-
courages models to generate abstracted versions of the original query, focusing on
underlying principles rather than surface details—an approach particularly helpful
when queries are noisy or overly specific.

Beyond reasoning, surface-level reformulation techniques enhance retrieval by modi-
fying the query’s expression. Multi-query expansion generates paraphrased or seman-
tically diverse variants of a query (Ma et al., 2023), each submitted independently to
the retriever, thereby broadening the search space. Query rewriting refines this pro-
cess by utilizing LLMs to generate reformulations that better align with the linguistic
patterns of the corpus, adapting lexical, structural, or entity-specific elements based
on instruction-tuned behavior.

Hypothetical Document Embeddings (HyDE) (Gao et al., 2023) takes this a step further
by generating a synthetic document conditioned on the query. Though speculative,
the document often captures latent semantics that guide dense retrieval more effec-
tively than the raw query, especially in zero-shot settings.

While reformulation improves input alignment, verification mechanisms aim to en-
hance factuality post-retrieval and post-generation. Chain-of-Verification (Dhuliawala
et al., 2024) prompts the model to generate verification questions for its outputs, then
answers them using its internal knowledge and context. These answers are used to
revise or refine the original response, thereby reducing hallucinations and improving
consistency in multi-hop reasoning tasks.

Collectively, these strategies form a reasoning-enhanced layer within modern RAG
pipelines, bridging the gap between user intent and evidence-grounded generation in
complex, knowledge-intensive domains.
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2.2.3 Retrieval mechanisms

At the core of RAG lies the retriever module, which identifies relevant external knowl-
edge to complement the language model’s parametric capabilities. The retriever en-
codes both queries and candidate documents into representations that can be effi-
ciently compared using similarity metrics, allowing for the dynamic retrieval of sup-
porting evidence at inference time.

Sparse retrieval methods operate over high-dimensional vectors, where each dimen-
sion corresponds to a unique vocabulary term and most values are zero, reflecting
exact token or term frequencies. Classical algorithms, such as BM25 (Robertson
& Sparck Jones, 1976; Robertson & Zaragoza, 2009), score documents based on
TF-IDF weighting and positional information, along with adjustments for term satu-
ration and document length, excelling at exact lexical matching. Sparse methods are
computationally efficient and highly interpretable, making them effective for queries
where key entities or rare keywords directly match document contents. However,
they struggle when queries use paraphrases, synonyms, or implicit semantics that
diverge from the exact wording found in source documents. This vocabulary mis-
match problem is particularly acute in open-domain settings, where user phrasing
may differ significantly from that of the corpus, leading to relevant documents being
missed despite semantic similarity.

Dense retrieval addresses the limitations of sparse methods by mapping both queries
and documents into a shared, continuous embedding space using neural encoders,
typically transformer-based architectures such as BERT or Robustly Optimized BERT
Pre-training Approach (RoBERTa) (Karpukhin et al., 2020). Similarity is computed
using metrics like cosine similarity or inner product, enabling the retrieval of se-
mantically relevant documents even in the absence of lexical overlap (Lewis et al.,
2020b). This semantic generalization has made dense retrieval the preferred strat-
egy in many knowledge-intensive RAG systems. However, it may underperform when
precision hinges on rare terminology, domain-specific jargon, or numeric identifiers,
where sparse retrieval retains an advantage.

To leverage the complementary strengths of sparse and dense retrieval, hybrid re-
trievers combine both lexical and semantic signals during the candidate selection
process. Hybrid retrieval systems typically employ late fusion, score interpolation, or
reranking to integrate sparse relevance scores with dense embedding similarity.

Reciprocal Rank Fusion (RRF) (Cormack et al., 2009) provides an effective method for
combining rankings from multiple retrieval systems without requiring score normal-
ization. RRF computes a unified ranking by summing the reciprocal ranks of each
document across different retrieval methods, formally defined as:

RRF(d) =
∑
r∈R

1

j + rankr(d)
(2.1)

where d represents a document, R is the set of retrieval systems, rankr(d) is the
rank of document d in system r, and j is a smoothing parameter (typically 60). This
approach is particularly advantageous because it operates solely on rank positions
rather than heterogeneous similarity scores, making it robust to different scoring
scales across retrieval methods while maintaining computational efficiency.

While RRF improves early-stage candidate selection by leveraging rank agreement,
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reranking models serve as a final refinement step to re-evaluate these candidates
with higher precision. Among the most effective approaches are cross-encoders (Rosa
et al., 2022), which jointly encode a query and document pair through a transformer
model. Unlike methods that score query and document representations indepen-
dently, cross-encoders model token-level interactions between the two inputs, en-
abling exact relevance estimation. This joint attention mechanism allows them to
capture complex linguistic cues such as entailment, negation, and phrase-level align-
ment. Due to their computational intensity, cross-encoders are typically applied only
to a small set of top-ranked candidates, where their superior accuracy can signifi-
cantly improve final ranking quality without incurring prohibitive costs.

The progression from simple, sparse retrieval to multi-stage retrieval architectures
has correspondingly driven the evolution of RAG systems themselves.

2.2.4 Evolution of RAG architectures

RAG systems have evolved through distinct architectural generations, from naive
retrieve-then-read implementations to modular architectures (Gao et al., 2024) . This
progression reflects a growing understanding of how to combine retrieval with gener-
ation for complex knowledge tasks effectively.

2.2.4.1 Naive RAG

The earliest generation of RAG systems adopted a straightforward "retrieve-then-read"
(Ma et al., 2023) architecture, where retrieval serves as a static, non-parametric mem-
ory augmentation for pre-trained language models. These systems, often referred to
as naive RAG models, demonstrated that explicit retrieval can substantially improve
factuality and coverage without requiring further scaling of model parameters (Lewis
et al., 2020b).

In naive RAG, given an input query, a retriever module, typically sparse (BM25) or
dense (DPR), selects a fixed number of top-ranked documents from a static corpus.
These retrieved documents are then concatenated directly into the context window of
a pre-trained language model, which conditions on this augmented input to generate
the final response. While this architecture marked a significant advancement over
purely parametric models, it exhibits crucial limitations. First, the retrieval process
is static and non-adaptive: the retriever is called once, before generation, with no
opportunity to refine queries based on intermediate reasoning or partial answers.
Second, naive systems typically retrieve a fixed number of documents regardless of
query complexity, which may either include irrelevant information or omit critical
evidence.

Despite these drawbacks, naive RAG served as the foundation for much of the subse-
quent work on retrieval-augmented architectures, demonstrating that explicit, exter-
nalized memory substantially enhances knowledge grounding and enables improved
factual performance on knowledge-intensive tasks such as open-domain question
answering, fact verification, and long-form generation (Lewis et al., 2020b).
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2.2.4.2 Advanced RAG

Limitations of naive RAG motivated the emergence of advanced RAG systems, which
introduce multiple enhancements across retrieval, reasoning, and integration stages,
employing pre-retrieval and post-retrieval strategies.

A central characteristic of advanced RAG architectures is the integration of the re-
trieval and reasoning mechanisms previously discussed in Section 2.2.2. These sys-
tems combine pre-retrieval query rewriting, reasoning-guided decomposition, multi-
stage retrieval, and post-retrieval verification, reranking, and compression into cohe-
sive pipelines that dynamically adapt to task complexity.

2.2.4.3 Modular RAG

Modular RAG architectures represent the next evolutionary stage, where the sys-
tem is decomposed into distinct, independently designed components that can be
orchestrated, composed, or replaced depending on the task, domain, or deployment
constraints. Key enhancements include hybrid retrieval strategies, tool integration
(e.g. external APIs or databases), and composable pipelines.

Adaptive approaches further refine Modular RAG frameworks by enabling the sys-
tem to dynamically decide when and what to retrieve throughout generation. FLARE
(Jiang et al., 2023) proposes a forward-looking retrieval mechanism that predicts
upcoming content during generation and formulates anticipatory queries to retrieve
relevant documents, particularly when the model encounters low-confidence tokens.
In contrast, Self-RAG (Asai et al., 2024) enables the model to introspect its out-
puts using reflection tokens, allowing for self-evaluation and on-demand retrieval as
generation unfolds. These adaptive retrieval strategies enhance retrieval efficiency,
factual grounding, and the overall quality of generated content.

2.2.4.4 Graph-based RAG

Recent advances in Graph-based RAG (Graph RAG) (Peng et al., 2024) extend stan-
dard RAG architectures by incorporating graph-structured knowledge representa-
tions such as citation networks, knowledge graphs, and entity graphs into both re-
trieval and reasoning processes. This enables LLMs to move beyond isolated docu-
ment retrieval by supporting reasoning over interconnected knowledge, thereby im-
proving multi-hop reasoning, complex query answering, and summarization across
relational data structures.

Traditional RAG struggles with relational reasoning due to its focus on document-
level semantic similarity, often neglecting important entity relationships, producing
redundant long contexts, and lacking access to global corpus-level knowledge. Graph
RAG addresses these challenges through several key innovations:

• Subgraph Retrieval and Dual Prompting: GRAG (Hu et al., 2025) applies a
divide-and-conquer retrieval strategy, retrieving relevant subgraphs (e.g., k-hop
ego-graphs), pruning irrelevant nodes, and encoding both the textual and topo-
logical structure via dual hard-soft prompting for the LLM.

• Neural Graph Reasoning: GNN-RAG (Mavromatis & Karypis, 2024) leverages
Graph Neural Networks to reason over subgraphs, extract multi-hop reasoning
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paths, and verbalise intermediate reasoning chains, which the LLM then pro-
cesses to generate final answers.

• Global Graph Summarization : GraphRAG (Edge et al., 2025) constructs entity
graphs for large document collections and performs query-focused summariza-
tion by aggregating evidence across graph communities, producing more com-
prehensive, globally coherent summaries.

Collectively, these approaches demonstrate that incorporating graph-based retrieval
and reasoning enables RAG systems to perform both local and global information
integration. This enhances factual grounding, improves multi-entity reasoning, and
strengthens coverage of highly interconnected knowledge domains while helping to
mitigate hallucinations. Nevertheless, the effectiveness of Graph RAG remains highly
dependent on the availability of high-quality structured data, and constructing knowl-
edge graphs from raw data remains a complex and resource-intensive process.

2.3 Agentic RAG

Agentic RAG systems are characterized by their ability to dynamically control the re-
trieval and reasoning (Xu et al., 2025) process through interleaved planning (Huang
et al., 2024) and action selection. They leverage the modularity of retrieval and gen-
eration while introducing agent-based autonomy. Anthropic (2024a) distinguishes
agents, where LLMs dynamically direct their own processes and tool usage, from
workflows, in which LLMs and tools operate within predefined code paths that or-
chestrate task execution. Both of these are categorized as agentic systems.

2.3.1 Workflow patterns

To enable such adaptive capabilities, agentic architectures incorporate explicit work-
flow mechanisms that coordinate retrieval, reasoning, tool invocation, and output
synthesis. These workflows vary in complexity, ranging from fixed sequential pipelines
to dynamic multi-agent coordination. A set of representative patterns is illustrated
in Figure 2.5, adapted from the work by LangGraph (2025) and inspired by recent
architectural analyses by (Anthropic, 2024a).

• Prompt Chaining: Structures tasks into a sequential pipeline of LLM calls,
where each prompt handles a specific subtask.

• Routing: Classifies the input and dispatches it to a specialized sub-agent or
model. Useful for modular systems where different agents handle retrieval, ver-
ification, or numerical reasoning.

• Parallelization : Decomposes tasks into subtasks that are solved concurrently.
This is useful in document summarization or batch retrieval when subqueries
are independent.

• Orchestrator-Worker: A central agent dynamically decomposes the task, dele-
gates subtasks to specialized workers, and synthesizes the results.

• Evaluator-Optimizer Loop: Involves a generator agent producing an output,
which is then critiqued and revised by an evaluator.
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Figure 2.5: Agentic workflow patterns in RAG systems. Top: Fixed-path execution
schemes where LLMs are statically chained. Bottom: Dynamic, control-driven work-
flows where LLM agents actively manage execution based on intermediate outcomes.

2.3.2 Agentic patterns

Beyond structural workflow control, Agentic RAG systems exhibit internal behavioral
patterns that define how LLM agents reason about their tasks, make decisions, and
invoke tools. These patterns are not tied to any specific architecture, but rather
describe recurrent capabilities that enable adaptive, multi-step reasoning. Three of
the most prominent agentic patterns discussed in recent literature are: reflection,
planning, and tool use (Singh et al., 2025):

• Reflection: Agentic systems can self-evaluate their past decisions through mech-
anisms such as self-critique, scoring, or outcome tracking. This enables iter-
ative refinement, mitigates hallucinations, and supports learning from failure.
Frameworks like ReAct (Yao et al., 2023) and Reflexion (Shinn et al., 2023) exem-
plify reflection through interleaved reasoning-action loops and memory-based
mechanisms that store and adapt to prior experiences across tasks.

• Planning: Agents proactively decompose complex tasks into intermediate steps
or subgoals. Planning may occur reactively, deciding the next step based on the
current state, as in the ReAct framework or deliberatively, generating a complete
plan prior to execution.

• Tool Use: Agents extend their functional capacity by invoking external tools
such as search engines, APIs, calculators, or code interpreters. Tool use en-
ables access to up-to-date or specialized information, grounding the agent’s
output beyond its pre-trained knowledge. In Agentic RAG, tool invocation is typ-
ically governed by dynamic decision policies conditioned on the input query, re-
trieved evidence, intermediate results, and conversational history. Recent devel-
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opments in standardized tool integration protocols, such as the Model Context
Protocol (MCP)6 are facilitating more seamless and secure connections between
language models and external tools, enabling more robust and interoperable
agentic systems across different platforms and use cases.

Figure 2.6: Agents as defined by Anthropic (2024a).

2.3.3 Agentic RAG in the scientific literature

Agentic Retrieval-Augmented Generation (RAG) has gained significant traction within
scientific domains, where tasks such as question answering (QA), literature synthe-
sis, and experiment planning demand reliable grounding, complex reasoning, and
multi-document understanding. This subsection surveys recent work that demon-
strates the application of the agentic RAG paradigm in both academic and commercial
settings.

Lála et al. (2023) introduced PaperQA, an agentic RAG system capable of answer-
ing scientific questions grounded in full-text literature. The system performs fine-
grained passage-level retrieval across documents, filters by relevance, and gener-
ates source-cited answers. PaperQA incorporates three core tools: search, which
finds relevant documents; gather evidence, which collects and filters contextually
relevant chunks; and answer question, which synthesizes a final response based
on accumulated evidence. These tools are operated by three independent LLM in-
stances—namely, a summary LLM, an ask LLM, and an answer LLM—that commu-
nicate asynchronously to build and refine the answer through tool-augmented rea-
soning iteratively. In an empirical comparison, the authors modified the PubMedQA
(Jin et al., 2019) biomedical dataset to a closed-book setting and demonstrated that
PaperQA outperformed GPT-4 by 28.4 percentage points (86.3% vs. 57.9%).

Building on this foundation, Skarlinski et al. (2024) introduced PaperQA27, a next-
generation language agent designed for scientific literature synthesis, contradiction

6https://modelcontextprotocol.io/introduction
7https://github.com/Future-House/paper-qa
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detection, and summarization. The authors also introduced LitQA2, a challenging
benchmark for scientific literature research tasks. Optimization toward this bench-
mark enabled PaperQA2 to exceed human expert performance on several literature-
based reasoning tasks, demonstrating that language agents can now match or sur-
pass domain experts in complex scientific workflows.

Bran et al. (2023) presented ChemCrow, an autonomous agent that augments GPT-
4 with 18 chemistry-specific tools for tasks such as synthesis planning, property
querying, and safety assessment. ChemCrow employs agentic reasoning to select
and chain tool calls, enabling autonomous synthesis of novel compounds. Human
chemists validated the results, while GPT-4-based evaluators often failed to identify
incorrect plans, emphasizing the importance of domain-specific validation in scien-
tific agents.

Agarwal et al. (2025) proposed LitLLM, a modular agentic RAG pipeline for scientific
literature review automation. The system follows a three-stage architecture: (1) sum-
marizing an input abstract into keyword queries using an LLM; (2) retrieving and
re-ranking relevant papers; and (3) constructing an outline and incrementally gener-
ating the review via retrieval-augmented generation. This plan-based approach mir-
rors human writing workflows and reduces hallucinations by grounding outputs in
retrieved sources. LitLLM8 is publicly available and shows promising improvements
in factual consistency and content structure.

Several commercial platforms have also adopted agentic RAG principles for scien-
tific tasks, including AutoGPT9, Elicit10, and Scite11, offering capabilities such as
autonomous task decomposition, literature-based evidence synthesis, and citation-
aware discovery.

These systems, both academic and commercial, illustrate the diverse ways in which
agentic RAG is being operationalized for scientific domains. Standard agentic ca-
pabilities include tool integration, iterative planning, multi-agent collaboration, and
structured evidence grounding. Their success points to the viability of autonomous
assistants that can meaningfully support scientific inquiry.

2.3.4 Evaluation

Evaluation of RAG systems spans two interconnected dimensions: the quality of doc-
ument retrieval and the factual consistency and relevance of generated answers. As
agentic RAG architectures introduce additional complexity, such as multi-hop rea-
soning, tool use, reflection, and planning, the need for robust and nuanced evalua-
tion methods has intensified. This section surveys core evaluation metrics, modern
scoring frameworks, and benchmark datasets relevant to assessing both classical
and agentic RAG systems.

Early RAG systems are commonly evaluated using standard IR and Natural Language
Generation (NLG) metrics:

• Retrieval Quality: Metrics such as Recall@K, Precision@K, and Mean Reciprocal
Rank (MRR) are used to quantify how well the retriever surfaces relevant docu-

8https://litllm.onrender.com/
9https://agpt.co/

10https://elicit.com/
11https://scite.ai/

19

https://litllm.onrender.com/
https://agpt.co/
https://elicit.com/
https://scite.ai/


2.3. Agentic RAG

ments. High retrieval recall is critical for ensuring that subsequent generations
have access to correct evidence.

• Answer Quality: Classical generation metrics include BLEU, ROUGE-L, and ME-
TEOR, which evaluate lexical overlap with reference answers. Additionally, Exact
Match (EM) and F1 scores are often used in QA-style tasks to measure token-
level correctness.

While these metrics offer computational efficiency, they often fail to assess factual
grounding and semantic fidelity, especially in open-domain or long-form generation
scenarios.

Recent advances have led to the development of specialized evaluation frameworks
such as RAG Assessment Scores (RAGAS) (Es et al., 2024). It uses LLMs to auto-
matically assess key metrics 12 of RAG systems’ output across both retrieval and
generation quality. Some of the most relevant metrics for RAG are: Context Preci-
sion and Context Recall, which evaluate retrieval effectiveness, and Faithfulness and
Answer Relevancy, which assess generation quality. RAGAS provides a unified, in-
terpretable framework that jointly evaluates retrieval and generation. Its LLM-based
scoring aligns more closely with human preferences than token-level overlap metrics,
particularly in scenarios that demand both retrieval quality and factual faithfulness.

However, using LLMs as evaluators introduces several known limitations:

• Evaluator Bias: LLMs may produce subjective or inconsistent judgments and
may lack the domain expertise required for technical disciplines such as EDAs.

• Prompt Sensitivity: Minor changes in the evaluation prompt can yield different
scores, affecting reliability.

• Scalability: Large-scale evaluation incurs high inference costs and computa-
tional overhead.

• Model dependency: Results and failures vary depending on reasoning and
structured output capabilities of the underlying LLM-as-judge (Zheng et al.,
2023).

Building on these evaluation advances, researchers have developed comprehensive
benchmarks that combine classical and LLM-based metrics to assess RAG systems
across multiple domains.

• RAGBench: A comprehensive multi-domain benchmark covering biomedical,
finance, law, customer support, and general knowledge verticals. Each QA in-
stance includes fine-grained annotations for faithfulness, context utility, answer
completeness, and retrieval relevance (Friel et al., 2025).

• RAG-QA Arena: Designed to stress-test the robustness of long-form QA sys-
tems across seven distinct domains, including science, medicine, law, and gen-
eral knowledge. The benchmark introduces Long-Form Robust QA (LFRQA), a
dataset of 26,000 queries with human-written reference answers. Evaluation is
conducted via pairwise comparisons using GPT-4, simulating preference judg-
ments that correlate highly with expert annotations. This benchmark empha-
sizes answer completeness, multi-source synthesis, and generalization across

12https://docs.ragas.io/en/latest/concepts/metrics/available_metrics/#nvidia-metrics
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domains (Han et al., 2024a).

These benchmarks support both classical and agentic RAG systems, helping to iden-
tify performance bottlenecks—whether in retrieval coverage, answer hallucination, or
tool invocation chains. In domains such as EDAs, where no standard benchmarks
exist, a combination of domain-specific question sets, RAGAS-based evaluation, and
human expert review can offer a robust alternative.

2.4 Estimation of distribution algorithms

EDAs are population-based evolutionary optimization methods that iteratively con-
struct and sample probabilistic models to explore solution spaces. Unlike traditional
genetic algorithms, EDAs replace crossover and mutation operators with learning and
sampling mechanisms. At each generation, a probabilistic model is learned from a
set of promising solutions, and new candidates are generated by sampling this model.
The process continues until a termination criterion is met. The general procedure of
EDAs is outlined in Algorithm 1.

Algorithm 1 General EDA Pseudocode
1: g ← 0
2: Generate initial population P (0)
3: while termination condition not met do
4: Select promising solutions S(g) from P (g)
5: Build probabilistic model M(g) from S(g)
6: Sample M(g) to generate new candidate solutions O(g)
7: Incorporate O(g) into P (g)
8: g ← g + 1
9: end while

Instead of applying genetic variation heuristically, EDAs explicitly learn the distri-
bution of high-fitness solutions and sample from this learned distribution to guide
the search. This enables more principled exploration of the solution space, especially
when modeling variable interactions.

EDAs can be broadly categorized based on (i) the type of variables they operate on
(discrete or continuous) and (ii) the complexity of the probabilistic model used to
capture dependencies among variables.

2.4.1 Discrete variables

Discrete EDAs are widely used in combinatorial optimization tasks. Simpler algo-
rithms assume independence between variables, while more complex variants model
pairwise or full multivariate interactions:

• UMDA (Mühlenbein & Paaß, 1996): Assumes variable independence; models
each bit using a Bernoulli distribution.

• PBIL (Baluja, 1994) and cGA (Harik et al., 1999): Incrementally update a prob-
ability vector without maintaining an explicit population.
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• MIMIC (De Bonet et al., 1996): Models pairwise dependencies using a single-
chain factorization based on mutual information.

• ECGA (Harik et al., 2006): Groups variables into clusters based on Minimum
Description Length principles.

• BOA (Pelikan et al., 1999), EBNA (Etxeberria & Larrañaga, 1999), LFDA (Müh-
lenbein et al., 1999): Use Bayesian networks to model full variable dependen-
cies. BOA uses the Bayesian-Dirichlet metric, while EBNA and LFDA rely on the
Bayesian Information Criteria.

• MOA (Shakya & Santana, 2008): Models multivariate dependencies with undi-
rected Markov networks and samples via Gibbs sampling.

2.4.2 Continuous variables

Continuous EDAs optimize real-valued objective functions using Gaussian or semi-
parametric models:

• UMDAC (Mühlenbein & Paaß, 1996) and PBILC (Baluja, 1994): Univariate mod-
els assuming Gaussian distributions.

• MIMICC: Chain-structured bivariate EDA that models pairwise dependencies
via conditional sampling along a mutual information–based variable ordering.

• EGNA (Larrañaga et al., 2000), IDEA (Bosman & Thierens, 2000), and EMNA
(Larrañaga & Lozano, 2002): Model joint distributions using multivariate Gaus-
sian networks; DEUM (Shakya et al., 2009) models them using Markov net-
works.

• SPEDA (Soloviev et al., 2024): A recent semiparametric extension using kernel-
Gaussian hybrid Bayesian networks to overcome Gaussianity limitations and
reduce variance.

Taken together, these algorithms constitute a rich methodological landscape for prob-
abilistic optimization, spanning a continuum from simple marginal models to com-
plex graphical structures. Their interpretability, modularity, and adaptability make
EDAs particularly well-suited for solving scientific problems in both combinatorial
and continuous domains. Despite this, the systematic exploration of EDA literature,
especially using modern AI tools for retrieval and synthesis, remains limited. At the
same time, recent years have witnessed a marked increase in the real-world applica-
tion of EDAs, particularly in complex scheduling scenarios. This trend has been espe-
cially prominent in China, where the incorporation of problem-specific knowledge has
demonstrated substantial practical relevance across large-scale optimization tasks,
including semiconductor testing and distributed manufacturing scheduling (Zhang
et al., 2024a; Zhang et al., 2024b).

This confluence of methodological maturity and growing real-world adoption moti-
vates the development of agentic RAG systems to enable structured navigation, pre-
cise question answering, and critical analysis over EDA-centric scientific corpora.
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2.5 Technology stack

The effective deployment of an Agentic Retrieval-Augmented Generation (RAG) system
requires a modular and interoperable architecture encompassing document inges-
tion, knowledge storage, agent orchestration, and user interaction. This section sur-
veys representative technologies across each architectural layer, emphasizing their
applicability to scientific document processing and retrieval in the context of Estima-
tion of Distribution Algorithms (EDAs).

2.5.1 Document processing

The performance of a RAG system is closely tied to the quality and structure of its
input representations. In technical domains such as EDAs, research papers often
include mathematical expressions, algorithm pseudocode, structured tables, figures,
references, and multi-level section hierarchies. Accurately extracting this content
from raw PDFs into machine-readable formats is a prerequisite for enabling high-
quality retrieval, embedding, and downstream reasoning.

To this end, three state-of-the-art document parsing tools (Marker, Nougat, and Mis-
tral OCR) were evaluated based on their ability to preserve structural fidelity, seman-
tic richness, and compatibility with large-scale automated pipelines.

2.5.1.1 Marker

Marker13 is an open-source document conversion framework designed for fast and
accurate transformation of scientific documents into structured formats such as
Markdown, JSON, or HTML. It supports a wide range of input types (PDF, PPTX,
DOCX, HTML, EPUB) and preserves layout semantics, including tables, code blocks,
inline math (converted to LaTeX), and embedded images. It also removes repetitive
artifacts, such as headers and footers, making the output cleaner for chunking and
embedding.

2.5.1.2 Nougat

Nougat14 is a Transformer-based OCR system developed by Facebook Research. It
combines a Swin Transformer encoder with an mBART decoder to translate visual
document layouts into semantically structured Markdown. Nougat is particularly
effective in recognizing textual and mathematical structures, though its performance
may degrade when processing highly irregular tables or noisy document scans.

2.5.1.3 Mistral OCR

Mistral OCR15 is an enterprise-grade document understanding system that processes
PDF, image, and Office documents into structured output formats suitable for ma-
chine reading. It supports multilingual content (in 11+ languages) and handles com-
plex layouts, including multi-column pages, figures, equations, and tabular data.
With reported accuracy exceeding 99% and throughput of up to 2,000 pages per

13https://github.com/datalab-to/marker
14https://github.com/facebookresearch/nougat
15https://mistral.ai/news/mistral-ocr
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minute per GPU, it is designed for integration with downstream LLMs, outputting
Markdown enriched with embedded images and layout metadata—well suited for RAG
applications requiring semantic context.

2.5.2 Databases and storage

Efficient storage and retrieval of scientific knowledge in RAG systems require manag-
ing structured metadata, performing fast similarity searches over embeddings, and,
occasionally, utilizing relational or graph-based traversal capabilities. Each database
class presents distinct trade-offs in performance, flexibility, and operational complex-
ity.

2.5.2.1 Relational databases

Relational databases such as PostgreSQL are commonly used in RAG systems for
storing structured metadata (e.g., paper titles, abstracts, authorship) and enabling
complex filtering, sorting, and retrieval logic. With the pgvector extension, Post-
greSQL supports vector similarity search over high-dimensional embeddings, allow-
ing it to unify symbolic and neural querying in a single system. Its compatibility
with containerized deployments (e.g., via Docker), ACID compliance, and widespread
tooling make it a robust and maintainable choice for small to mid-scale applications.

2.5.2.2 Document stores

Document-oriented databases like MongoDB and Elasticsearch are optimized for
semi-structured JSON-like data. Elasticsearch, in particular, supports hybrid re-
trieval (textual + vector) via its dense vector field type and Approximate Nearest Neigh-
bor (ANN) plugins. These systems offer powerful full-text search and faceted filtering
capabilities, but typically require a more complex setup and tuning for vector retrieval
performance comparable to specialized libraries.

2.5.2.3 Vector databases

Dedicated vector databases are designed to support high-throughput ANN search at
scale:

• FAISS16 is a C++/Python library developed by Meta AI, supporting efficient ANN
indexing with support for GPU acceleration, multiple quantization schemes (IVF,
PQ, OPQ), and fine-grained control over index configuration. However, it is not
a full-fledged database and lacks persistence, multi-user access, or query lan-
guage support.

• Qdrant17 is a production-ready vector database written in Rust, offering APIs,
filtering, payload support, and containerized deployment via Docker.

• Milvus18 is a distributed, cloud-native vector database that supports hybrid
queries, multi-tenancy, and GPU acceleration. It provides high scalability but
may be complex to configure in smaller deployments.

16https://github.com/facebookresearch/faiss
17https://qdrant.tech/
18https://milvus.io/es
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These vector-native systems offer superior ANN performance for large-scale datasets
but often require integration with external metadata stores or orchestration layers.

2.5.2.4 Graph-based storage

Graph databases such as Neo4j19 offer a rich framework for modeling interconnected
scientific knowledge (e.g., citations, dependencies, co-authorship). Though not widely
adopted in mainstream RAG systems, graph-augmented retrieval is an active re-
search area, especially for multi-hop reasoning and knowledge discovery tasks.

2.5.3 Orchestration frameworks

Agentic RAG systems require orchestration frameworks that can structure LLM-
driven workflows, manage tool invocation, persist memory, and support iterative
reasoning. These frameworks abstract the coordination logic between components
such as retrievers, agents, vector databases, and evaluation modules.

2.5.3.1 LangGraph

LangGraph20 is a low-level orchestration framework built on top of LangChain21—a
popular Python library for building applications with large language models—that
enables the construction of stateful agents. Its core abstraction is the state graph,
which models agent execution as a directed graph of computation nodes and transi-
tions, enabling structured reasoning and dynamic control flow:

• Nodes represent atomic operations such as invoking an LLM, executing a tool,
or reading and writing to memory.

• Edges define the flow between nodes, including conditional branching (e.g., “if
tool output contains X, transition to node C”) and looping behaviors.

LangGraph supports the construction of ReAct-style agents, enabling them to inter-
leave internal reasoning with external tool execution in a looped and interpretable
manner. The framework also provides modular memory components22. Short-term
memory is thread-scoped and automatically tracked during agent execution, enabling
pausing, resuming, and recovery of the intermediate state. Long-term memory per-
sists across sessions, organized by namespaces. This two-tier memory design sup-
ports both local context continuity and global knowledge retention.

For observability and debugging, LangGraph integrates natively with LangSmith23,
a developer platform for tracing, visualizing, and evaluating LLM-driven workflows.
This integration enables transparent introspection of agent behavior and tool usage,
which is critical for validating, optimizing, and maintaining agentic systems in scien-
tific applications.

19https://neo4j.com/
20https://www.langchain.com/langgraph
21https://www.langchain.com/
22https://langchain-ai.github.io/langgraph/concepts/memory/
23https://docs.smith.langchain.com/
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2.5.3.2 DSPy

Declarative Self-improving Python (DSPy)24 is a research-oriented framework de-
signed for the modular construction of LLM pipelines. It introduces Signatures and
Modules as declarative primitives to define tasks and information flow. These com-
ponents are compiled into executable graphs and can be optimized using integrated
Optimizers, which adjust prompts based on task performance.

2.5.3.3 LlamaIndex

LlamaIndex25 is a lightweight RAG orchestration framework that connects LLMs to
external data sources. It provides indexing abstractions and query engines with sup-
port for routing, summarization, and memory augmentation.

2.5.3.4 Other emerging agentic frameworks

Several other frameworks offer relevant orchestration capabilities. AutoGen enables
multi-agent collaboration with dynamic planning, role assignment, and tool use. It
supports complex LLM interactions but introduces overhead in coordination logic.
CrewAI offers a lightweight agent-executor architecture that incorporates memory,
roles, and task delegation. While both are under active development, they reflect the
evolving design space of agentic and multi-agent orchestration tools.

2.5.4 User interface

For interacting with Retrieval-Augmented Generation (RAG) agents, the user interface
plays a critical role in facilitating transparency, control, and usability.

Chainlit 26 offers native support for real-time chat, session persistence, file uploads,
and user input components (e.g., sliders, textboxes). Crucially, it integrates seam-
lessly with LangChain and LangGraph, enabling fine-grained control over agent work-
flows. Developers can visualize tool use, decision steps, and intermediate reasoning
traces via the built-in session graph and message tracing features. Its low-code in-
terface simplifies rapid deployment while preserving modularity and observability of
agent behavior.

Alternative frameworks, such as Streamlit27 and Gradio28, are commonly used for
model prototyping and simple chatbot user interfaces; however, they lack native sup-
port for multi-agent orchestration or agentic state tracing.

Chainlit’s integration with LangGraph and its tooling support make it an ideal fit for
deploying agentic RAG systems in research environments requiring both interaction
and traceability.

24https://dspy.ai/
25https://www.llamaindex.ai/
26https://docs.chainlit.io/get-started/overview
27https://streamlit.io/
28https://www.gradio.app/

26

https://dspy.ai/
https://www.llamaindex.ai/
https://docs.chainlit.io/get-started/overview
https://streamlit.io/
https://www.gradio.app/


Chapter 3

Methodology

This chapter outlines the end-to-end process used to develop the EDA Research Assis-
tant, an agentic RAG system for EDAs. The methodology is structured around three
core phases: scientific corpus acquisition; document transformation and embedding;
and the design of agentic retrieval and generation workflows, along with the user
interface and production deployment considerations. Code is available in GitHub1.

3.1 Data acquisition

To support the development of a domain-specific RAG system, a comprehensive cor-
pus of scientific literature on EDAs was constructed. A total of 882 research articles
were collected from the Web of Science2(Clarivate) academic database using institu-
tional access provided by the Universidad Politécnica de Madrid (UPM). The corpus
covers publications from the year 2000 to 2024, with the data collection cutoff set
to January 1, 2025. It includes both foundational works and the most recent avail-
able advances in the field. A full list of the included papers, along with metadata, is
available in the repository under chainlit/eda_papers_knowledge_base.md.

All selected documents were peer-reviewed and accessible under UPM’s academic li-
censing agreements. The search strategy focused on publications explicitly related to
the EDA paradigm, including algorithmic proposals, theoretical analyses, and applied
case studies.

The final corpus includes a heterogeneous mix of article types, reflecting the breadth
of EDA-related research:

• Methodological contributions: Proposals of novel EDA variants, probabilistic
modeling techniques, or algorithmic improvements.

• Theoretical analyses: Papers exploring convergence properties and complexity
analysis of EDAs.

• Optimization applications: Empirical studies applying EDAs to engineering,
scheduling, and combinatorial optimization tasks.

1https://github.com/ramirolc02/agentic-rag/tree/master
2https://www.webofscience.com/wos/
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• Machine learning applications: EDAs in feature selection, neural architec-
ture search, Bayesian network learning and inference, and hybrid learning ap-
proaches.

Figure 3.1: High-level data processing pipeline.

Figure 3.1 presents a high-level overview of the complete data processing pipeline,
spanning from PDF acquisition to vectorized storage. It illustrates the sequential
stages of preprocessing, structural transformation, and data augmentation applied
to the corpus.

3.1.1 Metadata extraction

Alongside PDF acquisition, structured bibliographic metadata was extracted using
the DataMiner3 software. This tool enabled batch scraping of relevant information
directly from the Web of Science portal, significantly accelerating the metadata col-
lection process.

For each paper, the extracted metadata included the title, authors, year of publica-
tion, abstract, and the URL of the document. The resulting data was stored in JSON
format and served multiple purposes: it enabled rapid inspection of corpus coverage,

3https://dataminer.io/
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supported manual filtering (e.g., removing duplicates or off-topic entries), and pro-
vided bibliographic fields for indexing and retrieval enhancement in later stages of
the pipeline.

3.2 Document transformation

After acquiring the corpus, each PDF document was transformed into a structured,
machine-readable format suitable for subsequent chunking, embedding, and re-
trieval. The EDA literature poses unique challenges due to its technically dense
composition. Typical features include multi-column layouts, mathematical expres-
sions, tables, algorithms, and figures. These characteristics limit the effectiveness
of standard PDF parsing tools. Common Python-based parsers such as PDFMiner,
pdfplumber, and PyMuPDF frequently fail to preserve the document layout or capture
non-textual elements, often producing fragmented or unusable outputs.

To overcome these limitations, the corpus was processed using Mistral OCR (see Sec-
tion 2.5.1.3). The output format selected for downstream processing was Markdown,
chosen for its lightweight syntax and hierarchical representation. Mistral OCR’s out-
puts maintained a high degree of structural fidelity across the majority of the 882
documents processed. Instances of parsing anomalies (e.g., fragmented tables or
math misalignment) were manually inspected and, when necessary, corrected.

As part of the tool evaluation process, two open-source alternatives (Nougat and
Marker-PDF) were also tested. While both tools showed promising results on sim-
pler documents, their performance was inconsistent when applied to mathematically
dense or multi-column layouts.

3.3 Chunking and cleaning

Once the corpus was transformed into structured Markdown format, the next stage
involved segmenting the content into semantically coherent retrieval units, or chunks.
Effective chunking is critical in RAG systems, as it directly influences retrieval pre-
cision, embedding quality, and generative grounding. This section outlines the ex-
perimental design, comparative results, and final strategy adopted for chunking and
data normalization.

3.3.1 Markdown-based recursive chunking

The initial chunking strategy employed LangChain’s recursive character-based split-
ter, RecursiveCharacterTextSplitter, which segments text by recursively apply-
ing a prioritized list of separators, typically including double line breaks, single line
breaks, spaces, and finally character-level splits. This method aims to preserve se-
mantically coherent units such as paragraphs and sentences by attempting to split
at the largest separator possible while respecting a maximum chunk length. Al-
though effective for generic prose, manual inspection of the EDA corpus revealed
frequent structural degradation, including truncated LaTeX equations and fragmen-
tation of logically cohesive sections. These issues highlighted the limitations of naïve
character-based splitting when applied to technical documents with complex format-
ting and mathematical notation.

29



3.3. Chunking and cleaning

To mitigate these issues, the chunking pipeline incorporated MarkdownTextSplitter
from LangChain, which preserves section boundaries based on Markdown headers.
Within each section, recursive splitting was applied to control chunk length while
maintaining intra-section coherence. Additionally, to prevent mathematical expres-
sions from being fragmented during recursive segmentation, a formula preservation
mechanism was introduced (see Section 3.3.1.2). This approach significantly im-
proved structural fidelity, preserved the semantic integrity of mathematical content,
and ensured better continuity of context across chunks.

Three token window sizes were evaluated under this scheme:

• Target: 256 tokens — Produced 36,954 chunks with an average length of
201.68 tokens

• Target: 512 tokens — Produced 13,336 chunks with an average length of
560.08 tokens

• Target: 1024 tokens — Produced 10,490 chunks with an average length of
695.43 tokens

A fixed overlap of approximately 10% of the window size was applied during recur-
sive splitting to preserve continuity across chunk boundaries. The observed vari-
ation in average chunk lengths arises from the initial Markdown-based sectioning:
since the recursive splitter operates only within top-level sections, many of which are
shorter than 1,000 tokens, the 1024-token configuration yields proportionally shorter
chunks on average. This reflects a trade-off between preserving document structure
and maximizing token utilization per chunk.

3.3.1.1 Semantic chunking

To generate thematically coherent chunks aligned with semantic boundaries, a cus-
tom, purely semantic chunking method was implemented. The process operates di-
rectly on the entire document’s text to identify conceptual shifts without being con-
strained by a preliminary structural split.

First, the full text of a document is processed. All sentences are embedded using the
all-MiniLM-L6-v2 model, and the cosine similarity between consecutive sentence
embeddings is calculated. A semantic break is introduced whenever the similarity
falls below a specified threshold (default: 0.6), yielding segments that are topically
self-contained and responsive to conceptual shifts in the text.Higher threshold values
(closer to 1.0) result in more frequent splits and smaller chunks that capture finer
topical shifts, while lower threshold values (closer to 0.0) result in fewer splits and
larger chunks that group together more loosely related content.

Selecting an appropriate similarity threshold is critical and presents a significant
trade-off, particularly in the context of scientific literature. A high threshold (>0.8)
enforces extreme thematic tightness, often resulting in numerous small, granular
chunks. While precise, these short chunks may lack sufficient context for the em-
bedding model to be effective, potentially isolating key information from its supporting
sentences. Conversely, a low threshold (<0.5) creates very large chunks that group
broader topics together but risks ‘topic drift‘, where multiple distinct sub-themes
are merged into a single, less coherent segment. For this work, a threshold of 0.6
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was chosen as a balanced compromise, aiming to preserve local thematic coherence
without creating overly fragmented or excessively broad chunks.

The resulting raw chunks are then normalized through a rigorous three-step pro-
cess to satisfy strict token limits (100–512 tokens) required by the final embedding
model, e5-base-v2. First, any oversized chunks are proactively split at word bound-
aries. Second, consecutive chunks that fall below the minimum size are merged,
provided the combination does not exceed the maximum limit. Finally, a validation
pass ensures strict compliance by splitting any chunks that may have become over-
sized during the merging process. This method preserves semantic coherence while
guaranteeing compatibility with the downstream retrieval pipeline.

From the entire corpus, 27,148 chunks were generated, with an average size of 272.3
tokens. Although it increases indexing overhead by producing a larger number of
chunks compared to simpler methods, semantic chunking is designed to reduce
intra-chunk topic drift and improve retrieval precision.

3.3.1.2 Formula preservation

To avoid fragmenting LaTeX formulas during recursive chunking, a preprocessing
step replaces all inline and block-level expressions with deterministic placeholders
of the form [FORMULA_X]. Each formula was indexed in a separate JSON structure,
mapping placeholders to their original expressions. After chunking, placeholders
could be selectively restored or masked, allowing fine-grained control over how dense
mathematical expressions influence embedding and retrieval behavior.

This approach ensured semantic coherence during segmentation and allowed the
exclusion of formula-heavy chunks from embedding models where such content con-
tributed noise rather than meaning.

3.3.1.3 Table extraction

Markdown representations of tables were found to introduce significant noise in both
semantic and syntactic form. To address this, a custom parser was developed to
extract Markdown-encoded tables and store them in a dedicated JSON file alongside
the source document. Each table was indexed with a reference tag, which could
later be used for retrieval, visualization, or post-processing, without contaminating
chunk-level semantic embeddings.

3.3.1.4 Metadata enrichment and normalization

Following chunking, each document and its associated segments were enriched with
metadata. This included author names, publication year, abstract, venue, and other
bibliographic fields that were previously extracted using DataMiner. Additionally,
each chunk was tagged with a unique paper_id and paper_title, allowing hierar-
chical traceability.

To support downstream indexing and search functionality, all textual metadata fields
were normalized. This included lowercasing, diacritic removal, and whitespace trim-
ming for author names and titles, thereby ensuring consistent query matching in
subsequent database storage and retrieval operations.
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3.4 Embeddings and database population

To enable semantic retrieval over the chunked corpus, each document segment was
embedded using transformer-based models and stored in a PostgreSQL database
2.5.2.1. This section describes the embedding configuration, storage schema, and
ingestion pipeline.

3.4.1 Chunk embeddings

Three embedding models were evaluated: all-mpnet-base-v2, e5-base-v2, and
nomic-embed-text-v1.5 were used to vectorize the chunked corpus. Models were
executed locally using the HuggingFace interface. Embeddings were computed in
batch mode using the HuggingFaceEmbeddings4 wrapper, with normalization en-
abled to support cosine similarity. Formula placeholders (e.g., [FORMULA_X]) were
preserved during embedding to avoid "contamination" from dense mathematical syn-
tax.

3.4.2 Database schema

Vector storage was implemented using PostgreSQL with the PGVector extension, in
combination with LangChain’s built-in persistence layer. This setup enables ANN
search over high-dimensional vectors, while allowing structured metadata queries.

Three tables were involved in the schema as shown in Figure 3.2:

• langchain_pg_embedding: Automatically managed by LangChain, this table
stores the embedding vectors, raw chunk text (document), and associated meta-
data (e.g., chunk index, paper ID).

• langchain_pg_collection: Defines logical groupings of embeddings, each iden-
tified by a Universally Unique Identifier (UUID). Embeddings are linked to a col-
lection through the collection_id field, enabling isolation between different
corpora, embedding models, or retrieval configurations.

• papers: A manually defined table holding bibliographic metadata, including
normalized author and title fields, abstracts, references, and publication year.

Figure 3.2: PostgreSQL schema for chunk embeddings and paper metadata.

4https://huggingface.co/
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3.4.3 Contextual retrieval

To improve retrieval precision and semantic grounding, a contextual augmentation
mechanism was applied to each chunk prior to embedding. This technique draws
inspiration from Anthropic’s contextual retrieval framework, which proposes that
text embeddings can be enhanced by prepending semantically informative, domain-
specific phrases to the beginning of indexed passages. These phrases function as
lightweight prompts that guide the embedding space toward intended usage patterns
— in this case, scientific question answering.

According to empirical results reported by Anthropic (2024b), this strategy “can re-
duce the number of failed retrievals by 49%, and when combined with reranking, by
67%”. Notable improvements were observed when applying this technique to the EDA
corpus (see Section 4).

In our implementation, a domain-aware prefix was generated for each chunk by
prompting an LLM with the whole document and the target chunk, as illustrated
in Listing 3.1. The goal was to produce a succinct description of the chunk’s role or
meaning within the document, suitable for scientific retrieval scenarios. This prefix
was prepended to the original chunk before vectorization, thereby improving seman-
tic specificity without modifying the underlying embedding model architecture. The
augmentation was applied exclusively to the corpus; user queries remained unmodi-
fied to preserve their original intent and phrasing.

The chunk-level contextual descriptions were generated using the Gemini 2.0 Flash
model via a lightweight LLM prompting pipeline. The template shown in Listing 3.1
was used:

Listing 3.1: Prompt template for generating contextual chunks

prompt = f"""
<document>
{document_content}
</document>

Here is the chunk we want to situate within the whole document
<chunk>
{chunk_content}
</chunk>

Please give a short succinct context to situate this chunk within the
overall document for the purposes of improving search retrieval of the
chunk. Answer only with the succinct context and nothing else.

"""

Listings 3.2 and 3.3 showcase an example of this process. The first listing shows
the original extracted chunk; the second shows the same chunk after contextual
augmentation, with the prepended phrase summarizing its relevance to quay crane
scheduling and container terminal logistics.
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Listing 3.2: Original extracted chunk before contextual augmentation
Nowadays, in order to cope with market demands, public institutions have

built large maritime container terminals...
This paper addresses the Quay Crane Scheduling Problem (QCSP), whose goal

is to define the sequence of movements...

Listing 3.3: Original extracted chunk after contextual augmentation
This chunk, from the introduction of a paper on the Quay Crane Scheduling

Problem (QCSP), defines container terminals,
turnaround time, and stowage plans. It introduces the QCSP, focusing on

minimizing the makespan of loading/unloading
tasks performed by quay cranes, setting the stage for the proposed hybrid

Estimation of Distribution Algorithm (EDA) solution.
Nowadays, in order to cope with market demands, public institutions have

built large maritime container terminals...

3.5 Agentic RAG architecture

The system adopts a modular, agent-driven architecture that processes natural lan-
guage queries through a multistage pipeline of retrieval, planning, tool invocation,
and answer synthesis. Unlike conventional RAG systems, which follow a fixed retrieve-
then-generate pattern, this system dynamically adapts its execution based on inter-
mediate reasoning, enabling context-sensitive and goal-directed behavior (see Sec-
tion 2.3).

Figure 3.3: ReAct agent architecture showcasing all components.

To illustrate the overall control flow of the system, Figure 3.3 presents a high-level
diagram of the agentic RAG architecture implemented using LangGraph. The execu-
tion begins at a query evaluation stage, where the agent assesses the user’s intent
and the specificity of the query. Based on this assessment, the agent either proceeds
directly to answer generation or enters a reasoning loop that invokes various tools
as needed. Each tool—such as the hybrid search tool (Section 3.5.1), paper database
tool (Section 3.5.2), or web search tool (Section 3.5.3)—is implemented as an external
function node. The agent dynamically selects and sequences these tools based on in-
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termediate reasoning steps, with the ability to iterate until sufficient information has
been gathered. The control flow reflects the agent’s capacity for multi-step planning,
evidence accumulation, and flexible tool usage.

3.5.1 Hybrid search tool

The hybrid search tool serves as the system’s primary retrieval mechanism. It com-
bines dense and sparse retrieval signals using reciprocal rank fusion, followed by
a reranking stage to optimize document selection (see Section 2.2.3). This section
details the query processing pipeline and describes the enhancements implemented
to improve retrieval quality in the context of scientific literature. An overview of the
hybrid retrieval workflow is illustrated in Figure 3.4.

Stage 1: Parallel candidate search

Upon receiving a user query, the system dispatches it to two concurrent, asyn-
chronous retrieval arms: a multi-strategy dense semantic pipeline and a specialized
sparse lexical pipeline. This parallel execution model is designed to improve search
coverage and minimize latency by leveraging the complementary strengths of each
modality from the outset.

Semantic retrieval pipeline:

• Query and Document Representation: The input query is embedded using the
intfloat/e5-base-v2 model, which produces a 768-dimensional vector. Fol-
lowing best practices, the query is prefixed with "query: " before embedding.
Document chunks are embedded with a "passage: " prefix. These vectors
are stored in PostgreSQL using the pgvector extension, which enables high-
performance ANN search using cosine similarity.

• Abstract-first filtering: To efficiently narrow the search space, a lightweight
semantic search is first performed exclusively on the pre-computed embeddings
of paper abstracts. The top k = 8 most relevant papers are identified. This step
serves as a highly effective thematic pre-filter, ensuring that subsequent, more
granular analysis focuses only on conceptually relevant documents.

• Paper-guided chunk search: A detailed semantic retrieval is then executed over
the individual text chunks belonging only to the k = 8 papers identified previ-
ously. This constraint significantly improves retrieval focus and precision by
preventing promising signals from being diluted by a large corpus of irrelevant
documents.

• Hypothetical document embeddings (HyDE): An instruction-tuned LLM syn-
thesizes three hypothetical document excerpts: a SURVEY, a TECHNICAL, and a
COMPARATIVE passage based on the query. Each is independently embedded and
used to retrieve additional results, effectively broadening the semantic search by
simulating ideal answer documents.

Lexical retrieval pipeline:

• Document pre-processing: Documents are pre-processed into a tsvector, a
data type optimized for lexical search. This involves stemming and stopword
removal. The tsvectors are indexed using a Generalized Inverted Index (GIN)
for efficient lookups.
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Figure 3.4: Hybrid retrieval workflow combining dense (semantic) and sparse (lexical)
search with rank fusion and reranking.
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• Query parsing and ranking: The raw user query is parsed using PostgreSQL
websearch_to_tsquery, which converts natural language into a structured
tsquery that supports phrase matching and Boolean logic. The ts_rank_cd
function is then used to compute a cover density ranking score, which heavily
weights term proximity over simple term frequency.

• Domain-specific keyword search: The LLM detects algorithm names or tech-
nical keywords. Multi-word terms are converted into ordered phrase searches
(e.g., term1 <-> term2), and single terms use prefix matching (e.g., term:*).
This ensures high recall of symbolic and domain-specific vocabulary.

Stage 2: Rank fusion, reranking, and diversification

Once candidate chunks have been retrieved from both semantic and lexical pipelines,
the system proceeds with a multi-step refinement process to synthesize, score, and
filter the results. This stage ensures that the final set of passages used for generation
is both highly relevant and non-redundant.

The first step in this refinement pipeline is the application of Reciprocal Rank Fusion
(RRF), a late-stage fusion method that synthesizes the ranked outputs of the semantic
and lexical retrieval pipelines. Since these modalities produce scores on incompatible
scales—cosine similarity in the dense case and TF-IDF-based ranks in the sparse
case—RRF offers a principled approach to merging results by relying solely on rank
positions rather than raw scores.

In this implementation, the RRF score for each document chunk is computed using a
weighted variant, where the contribution of each retrieval arm is scaled by modality-
specific weights: ws = 0.8 for semantic and wl = 0.2 for lexical. This design reflects the
system’s emphasis on conceptual matching while still accounting for high-precision
token-level hits. The smoothing constant k is set to 1, in contrast to the conven-
tional default of 60. This lower value imposes a steeper decay on lower-ranked items,
thereby amplifying the influence of top-ranked results and ensuring that only the
most confident candidates from either modality meaningfully affect the fused score.

Following rank fusion, the top 20 fused candidates are forwarded to a cross-encoder
reranking module. This module leverages the ms-marco-MiniLM-L-6-v2 model, a
transformer-based architecture that jointly encodes each (query, document chunk)
pair. In contrast to the initial bi-encoder used in dense retrieval, which processes
queries and documents independently, the cross-encoder allows for full attention
between tokens across both inputs. This enables the model to capture subtle inter-
actions, context dependencies, and term-level alignments that are critical for fine-
grained relevance estimation. A threshold of 0.5 is applied to the reranker output
to filter out low-confidence matches. If no results exceed the threshold, the system
defaults to returning the original fused list to avoid retrieval failure.

The final step in this pipeline is result diversification, which addresses redundancy
in the top-ranked results. Redundancy is common when multiple chunks overlap
heavily in content or originate from the same section of a document. To mitigate
this, the system computes the Jaccard similarity (Jaccard, 1901) between candidate
passages, defined as J(A,B) = |A∩B|

|A∪B| for token sets A and B. If a candidate exceeds
a similarity threshold of 0.85 with any already selected result, it is discarded. This
process enforces semantic diversity in the final context window, improving both the
informativeness and coverage of the retrieved evidence. If diversification yields fewer
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passages than required, the system backfills from the next-highest scoring candi-
dates in the reranked list to maintain output completeness.

3.5.2 Paper database tool

To complement chunk-based retrieval and enable structured corpus-level reasoning,
the system incorporates a dedicated paper metadata tool. This component enables
the agent to translate natural language queries into executable Structured Query
Language (SQL), allowing for targeted exploration of structured bibliographic data
(e.g., paper title, authors, publication year, paper web URL, references, and abstract).

Natural language questions are converted into SQL queries using the Gemini 2.0
Flash model. This text-to-SQL translation is guided by a carefully constructed few-
shot prompt (SQL_GENERATION_PROMPT). This prompt specifies the database schema,
defines query construction rules, and includes few-shot example pairs of questions
and their corresponding SQL outputs. This comprehensive approach enables the
model to generate more accurate and robust database commands. To ensure syntac-
tically valid output, the system uses LangChain’s structured output5 feature, which
constrains responses to a Pydantic model with a single sql field. This structured
format enforces validity, reduces errors, and simplifies downstream execution.

The tool supports the injection of structured parameters extracted by upstream com-
ponents, including the author’s surname, algorithm name, paper title, and publica-
tion year. These enable precise SQL generation from both implicit and explicit user
constraints.

3.5.2.1 SQL safety and validation mechanisms

To ensure the security and correctness of generated queries, the system applies a
rule-based validation layer. The validate_and_sanitize_sql function enforces the
following constraints:

• Only SELECT statements are permitted.

• Dangerous operations (DROP, DELETE, INSERT, etc.) are explicitly blocked.

• All queries must contain a LIMIT clause. If absent or excessive (above 50), it is
injected or replaced with a safe default.

In a production environment, the system would additionally be configured to connect
using a database role with read-only permissions. This further mitigates the risk of
unintended data modification or destructive operations.

3.5.2.2 Result formatting and adaptation

Query results are post-processed by the format_results_intelligently function,
which adapts the output format to the size and specificity of the result set:

• Single match: A detailed, paragraph-style description.

• Small result sets (< 10): Structured line-by-line metadata presentation.

• Large result sets (> 10): High-level summary with truncated listing.

5https://python.langchain.com/docs/concepts/structured_outputs/
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This dynamic formatting preserves usability and prevents information overload, par-
ticularly during broad or exploratory queries.

3.5.2.3 Scientific motivation

This tool fills a critical gap in conventional RAG pipelines. While embedding-based
retrieval excels at semantic matching within document content, it is poorly suited
for corpus-level aggregation or reasoning with metadata. The paper database tool
supports queries that require structured filtering, numerical aggregation, or symbolic
logic capabilities that fall outside the scope of chunk-based similarity search.

For example, consider the user query:

“How many papers between 2010 and 2020 applied UMDA to multi-objective
optimization?”

This request involves: (i) detecting the mention of a specific algorithm (UMDA), (ii)
constraining the search to a time window (2010–2020), and (iii) aggregating matching
records through a count operation.

The system extracts structured parameters (e.g., algorithm_names = "UMDA", year
= "2010-2020") and passes them to the SQL generation pipeline. The resulting query
is then automatically validated and executed (see Listing 3.4):

Listing 3.4: Final SQL query generated by the paper database tool
SELECT COUNT(*)
FROM {SCHEMA_NAME}.papers
WHERE (title_normalized ILIKE ’%umda%’

OR title_normalized ILIKE ’%univariate marginal distribution
algorithm%’

OR abstract ILIKE ’%umda%’)
AND (title_normalized ILIKE ’%multi-objective%’

OR abstract ILIKE ’%multi-objective%’
OR title_normalized ILIKE ’%multiobjective%’
OR abstract ILIKE ’%multiobjective%’)

AND year >= 2010 AND year <= 2020
LIMIT 100
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Figure 3.5: Agentic RAG SQL query and result for multi-objective UMDA retrieval.

Such a query as in Figure 3.5 is infeasible to answer using standard RAG methods,
which cannot reason over document-level metadata fields or perform SQL-style ag-
gregation. The inclusion of this tool allows the agent to operate across both symbolic
and textual knowledge representations.

3.5.3 Web search tool

The web search tool addresses two key limitations of static corpus retrieval: (1)
temporal coverage gaps for recent developments, and (2) domain coverage gaps for
real-world applications outside academic literature. It integrates with the Tavily web
search API 6.

In the initial version, the EDA Research Assistant used Tavily’s endpoint, requesting
up to 5 results with full content inclusion. While this version provided basic real-
time retrieval capabilities, it lacked domain awareness and often surfaced irrelevant
or non-scholarly content.

The upgraded version extends the baseline in three key areas: candidate set size,
post-processing re-ranking, and academic source prioritization. First, a custom scor-
ing function reorders the results based on source domain: academic domains (e.g.,
arxiv.org, ieee.org, scholar.google.com) are prioritized over government (.gov),
educational (.edu), and general-purpose websites. Second, Tavily’s internal relevance
score is used for tie-breaking.

This tool is invoked by the agent when the query is flagged as time-sensitive or out-of-
domain. Common triggers include keywords such as “latest,” “recent,” “industry,” or
“applications.” For example, a user asking “What are the latest industrial applications
of ECGA?” would activate the web search tool, as the phrase implies temporal and
contextual specificity beyond the EDA paper corpus.

6https://www.tavily.com/
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3.5.4 Memory

To maintain coherence in multi-turn interactions, the system incorporates a robust,
session-specific short-term memory module. An example of this memory mechanism
in action, demonstrating how the system retains and integrates recent queries to
inform its response, is shown in Figure 3.6.

Figure 3.6: EDA Research Assistant with short-memory capability.

This is implemented using LangGraph’s native checkpointing mechanism, backed by
an AsyncPostgresSaver. Instead of relying on volatile in-memory storage, this ap-
proach serializes and saves the entire state of each conversation to a PostgreSQL
database. This serves as the backbone of the agent’s conversational context manage-
ment, enabling the resolution of references, avoidance of redundant tool calls, and
providing stateful continuity across user interactions.

The conversation state is composed of four primary message types:

• SystemMessage: Defines the agent’s role and initial instructions.

• HumanMessage: Represents user queries submitted across multiple turns.

• AIMessage: Contains the agent’s responses, which may either provide a final
answer or signal the intent to invoke a tool.
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• ToolMessage: Captures the structured output from a tool execution, appended
automatically by the LangGraph execution layer and passed back to the agent.

The integration of the AsyncPostgresSaver with the pre-built create_react_agent
delegates the responsibility of context management to the framework itself. This obvi-
ates the need for a manual context-pruning function, as the agent intelligently selects
the relevant history from the database checkpointer before each LLM invocation to
manage token limits. To support concurrent users, each conversation is isolated via
a unique thread_id derived from the user’s session, ensuring that chat histories are
stored and retrieved securely without any overlap.

3.5.5 LLM backbone

All agentic planning, tool invocation, and generative reasoning in the system is pow-
ered by Gemini 2.0 Flash7, Google DeepMind’s low-latency transformer model re-
leased in December 2024. It is optimized for real-time agentic workflows and achieves
inference speeds approximately twice as fast as Gemini 1.5 Pro8, while maintain-
ing strong multi-step reasoning performance(Hassabis et al., 2024). The model is
depicted as the central LLM component in Figure 3.3, which illustrates the overall
architecture.

Gemini 2.0 Flash supports a context window of up to 1,048,576 tokens for input and
8,192 tokens for output, allowing for the integration of extensive evidence—including
retrieved chunks, multi-turn interaction history, and serialized tool outputs—within
a single inference pass.

However, despite this technical capacity, multiple studies have shown that large con-
text lengths do not necessarily translate into improved reasoning performance. Em-
pirical findings indicate that transformer-based models often exhibit degraded ac-
curacy when relevant information is positioned unfavorably within the prompt. In
particular, performance can deteriorate well before the context limit is reached and
may even correlate negatively with traditional next-token prediction confidence on
complex reasoning tasks (Levy et al., 2024). These limitations reflect fundamental
architectural constraints in long-context attention, highlighting the importance of
careful chunk selection and reranking.

3.5.6 Prompt design and reasoning framework

This section details the prompting strategies used throughout the agentic RAG sys-
tem. Prompt design governs not only how the agent performs semantic search, SQL
generation, or web queries, but also how it decides which tool to invoke, when to
stop, and how to critique its own outputs.

3.5.6.1 ReAct framework

Rather than adopting the free-form Thought → Action → Observation format proposed
by Yao et al. (2023), the system employs a structured variant that offers finer control
over the agent’s reasoning process. This approach retains the flexibility to itera-
tively invoke tools and revise intermediate hypotheses. Figure 3.7 demonstrates a

7https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-0-flash?hl=es-419
8https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-pro?hl=es-419
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representative query interaction, while Listings 3.5 and 3.6 show the corresponding
internal reasoning traces behind the generated response.

Figure 3.7: Final response generated by the ReAct agent.
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Listing 3.5: First reasoning trace: identifying the connection between EDAs and
Zhigljavsky (1991)
<think>The user is asking about the connection between Estimation of

Distribution Algorithms (EDAs) and the work of Zhigljavsky, specifically
referencing a publication from 1991. This requires two steps: first,

understanding the core concepts of EDAs, and second, identifying
Zhigljavsky’s work from 1991 and its relevance to the field. I will use
the enhanced_hybrid_search_tool to find relevant information about EDAs
and Zhigljavsky’s 1991 publication. Then, I will synthesize the
information to explain the relationship. Since the year is given, I can
use a web search to find the specific publication.</think>

Listing 3.6: Second reasoning trace: refining the retrieval strategy by invoking the hy-
brid search tool to triangulate the conceptual relationship between EDAs and Zhigl-
javsky’s global random search framework.
<think>The user is asking about the relationship between Estimation of

Distribution Algorithms (EDAs) and the work of Zhigljavsky (1991). Based
on the web search results, Zhigljavsky\’s work in 1991 focused on "

Theory of Global Random Search." EDAs are a class of optimization
algorithms, and random search is a basic optimization technique.
Therefore, Zhigljavsky\’s work likely provides a theoretical foundation
for some aspects of EDAs, particularly those that incorporate random
sampling or stochastic search strategies. To confirm this and provide a
more detailed answer, I will use the ‘hybrid_search_tool‘ to search for
papers that explicitly connect Zhigljavsky\’s work with EDAs or related
optimization techniques. I\’ll use the algorithm name "Estimation of
Distribution Algorithm" and the llm_query "relationship between EDAs and
Zhigljavsky\’s global random search".</think>

These two reasoning traces exemplify the structured decision-making process orches-
trated by the ReAct framework. The system prompt defines a four-stage cognitive
loop:

• Thought phase: Deconstruct the query, formulate a retrieval strategy, and de-
cide which tool to invoke.

• Action phase: Execute a tool call using function-calling syntax.

• Observation and critique phase: Rigorously assess the tool’s output concern-
ing relevance, completeness, and source quality.

• Response phase: Produce a final answer or loop back with a refined strategy if
the critique deems the output unsatisfactory.

3.5.6.2 Tool invocation logic

The agent leverages structured tool invocation via Gemini 2.0’s native function-calling
protocol, compatible with the LangGraph execution framework. The language model
is guided by an enumerated decision tree embedded in the system prompt (see Listing
3.7):

44



Methodology

Listing 3.7: Tool selection strategy prompt shown to the LLM
### TOOL SELECTION STRATEGY
1. hybrid_search_tool - Use for algorithmic, conceptual, or technical

queries.
2. paper_database_tool - Use for citation counts, author searches, or

corpus-level filters.
3. web_search_tool - Use for time-sensitive or out-of-domain queries.

Each tool is exposed to the model through a function signature (name, input ar-
guments, and descriptions), registered via the bind_tools interface in LangGraph.
This schema-driven interface enables the LLM to internally select, structure, and in-
voke the correct function without needing explicit formatting examples. Once a tool
is selected, LangGraph executes the corresponding function and returns the output
to the model, enabling multi-step reasoning within a ReAct-like loop.

3.5.6.3 Few-shot prompting for SQL generation

The LLM invoked in paper_database_tool uses SQL_GENERATION_PROMPT, a ded-
icated prompt template to translate natural language queries into executable SQL.
This prompt includes:

• Role definition: “You are a PostgreSQL expert...”

• Schema constraints: Allowed tables, fields, and aliases.

• Rule set: Token normalization, fuzzy match logic, and limit enforcement.

• Few-shot examples: Eight structured examples illustrating typical user intents
(e.g., author filters, year ranges, algorithm names) and their correct SQL trans-
lation.

These examples improve generation robustness across a range of academic metadata
queries.

3.6 User interface

The final EDA Research Assistant system is deployed through a minimalist, web-
based user interface built with Chainlit (see Section 2.5.4). As illustrated in Fig-
ure 3.8, users interact with the assistant through a conversational prompt window.
The interface supports both natural language and image inputs, and employs stream-
ing to display responses incrementally.
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Figure 3.8: EDA Research Assistant user interface.

3.7 Production deployment and scalability

While the implemented system was not deployed in a live production environment, its
architecture was explicitly designed with scalability and deployability in mind. The
application follows modern software engineering practices, including environment-
based configuration, fully asynchronous execution for I/O-bound tasks, and persis-
tent state management, making it well-suited for a robust cloud deployment.

The entire application stack: including the Chainlit frontend, the LangGraph agent
orchestration logic, and the local embedding model—is container-ready and can be
packaged using Docker. This enables portable and scalable deployment on platforms
like AWS EC2 or Elastic Container Service (ECS), with PostgreSQL state persistence
handled externally by a managed service such as Amazon RDS. The system’s re-
liance on environment variables for all credentials and endpoints ensures a seamless
transition between development, staging, and production settings without code mod-
ification. Additionally, all tool calls, model invocations, and decision branches in
the agent execution are automatically traced using LangSmith. This enables real-
time visualization, detailed performance profiling, and full auditability of multi-step
reasoning workflows, as seen in Figure 3.9.

The median number of tokens per run locally executed is 8,087. Latency profiling
shows a median response time (P50) of 12.48 seconds and a worst-case tail latency
(P99) of 50.51 seconds across all agentic queries. This reflects the computational cost
of multi-tool orchestration, semantic retrieval, and external LLM inference. Latency
is also influenced by the maximum reasoning recursion depth, which in this system
is capped at 10 agent-tool iterations per query.

In summary, the system integrates scientific corpus transformation, contextualized
embedding storage, and an agentic orchestration layer that supports hybrid retrieval,
structured SQL access, and web augmentation. This pipeline forms the experimental
basis for the evaluations presented in Chapter 4.
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Figure 3.9: Trace visualization of an agentic RAG query using LangSmith. Each
function call, model step, and tool invocation is fully instrumented and timestamped.
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Chapter 4

Evaluation

Evaluating the effectiveness of a RAG system, particularly one incorporating agentic
capabilities, is inherently multifaceted. It requires not only measuring the retrieval
component’s ability to surface relevant evidence but also assessing the factuality,
coherence, and domain utility of generated responses.

4.1 Embedding model

The effectiveness of semantic retrieval in a RAG system depends critically on the un-
derlying embedding model. In this work, a controlled benchmarking study was con-
ducted comparing three state-of-the-art embedding models for dense vector retrieval
in the context of EDAs:

• all-mpnet-base-v2

• e5-base-v2

• nomic-embed-text-v1.5

These models were selected based on their strong performance on the MTEB bench-
marks and compatibility with local GPU inference. Their relatively low computational
footprint enabled efficient batch embedding of a large document corpus without re-
quiring access to proprietary APIs or large-scale computing infrastructure.

4.1.1 Evaluation methodology

To evaluate chunk-level retrieval precision, a targeted dataset of 500 high-precision
question–answer pairs was programmatically constructed. The goal was to assess
whether the retrieval system could accurately return the single, known-relevant chunk
that served as the basis for each query.

Unlike studies that compute token-level precision, recall, or span-overlap metrics
such as Intersection over Union (IoU)—a Jaccard-based measure adapted from com-
puter vision to quantify token-level overlap between retrieved and relevant chunks
(Chroma Research, 2024)—this evaluation focuses on a more constrained task. Each
question is derived from a single, isolated chunk, allowing us to measure the system’s
ability to recover that chunk precisely. This setup emphasizes retrieval fidelity and
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discriminative sharpness, making metrics such as Hit@K and Mean Reciprocal Rank
(MRR) more suitable for analyzing chunking strategies and embedding models.

The dataset was generated using a controlled pipeline:

1. One chunk was randomly selected from the processed EDA corpus.

2. This chunk was passed in isolation to a prompting template using the Gem-
ini 2.0 Flash model. The model was explicitly instructed to generate a ques-
tion–answer pair grounded solely in the provided text, and to do so for a spe-
cific question type drawn from one of seven predefined categories: Comparative
Analysis, Conceptual Deep, Evaluation Metrics, Implementation Focused, Practi-
cal Application, Synthesis Summary, or Theoretical Foundation.

3. The resulting (question, answer, chunk_id) triplet was stored, with the original
chunk_id serving as the ground-truth retrieval target.

This procedure ensures a strong semantic link between each query and its source,
allowing rigorous testing under ideal alignment conditions.

4.1.2 Metrics

The following information retrieval metrics were used (see Section 2.3.4):

• Hit@K: The proportion of queries for which the correct “golden chunk” appears
among the top-k retrieved results. In this single-relevant-chunk setting, Hit@K
is equivalent to Recall@K.

• MRR@20: Mean Reciprocal Rank computed up to the top 20 results. For each
query, this is the inverse of the rank at which the correct chunk appears, or zero
if it is not retrieved within the top 20.

4.1.3 Results

The e5-base-v2 model consistently achieved superior retrieval performance com-
pared to both all-mpnet-base-v2 and nomic-embed-text-v1.5, as shown in Fig-
ure 4.1. To assess the statistical significance of these differences, paired t-tests were
conducted on per-query retrieval scores. As reported in Table 4.1, most comparisons
yielded p-values well below 0.05, confirming that the observed gains were statistically
significant. These results support the selection of e5-base-v2 as the embedding
backbone for the agentic RAG system.

49



4.1. Embedding model

Figure 4.1: Retrieval performance comparison of three embedding models evaluated
over 500 queries. Error bars indicate 95% confidence intervals.

Metric all-mpnet vs e5 e5 vs nomic mpnet vs nomic

Hit@1 0.0012 0.0411 0.2601
Hit@5 0.0000 0.0001 0.0001
Hit@20 0.0000 0.0000 0.0003
MRR@20 0.0000 0.0001 0.0267

Table 4.1: Paired t-test p-values for model comparisons using 500 LLM-generated
queries. Statistically significant results (p < 0.05) are shown in bold.

4.1.4 Chunking strategy comparison: recursive vs semantic

To systematically assess how different chunking strategies influence retrieval effec-
tiveness, we evaluate four variants using the previously selected embedding model
(e5-base-v2). The 512-token recursive chunking strategy was selected for detailed
analysis because it offers a balance between granularity and context window size. The
1024-token configuration was excluded as it exceeds the embedding model’s maxi-
mum input length, while the 256-token variant was omitted due to its similar chunk
size and structure to the semantic chunking baseline, offering limited additional dif-
ferentiation.

Figure 4.2 shows that contextual augmentation significantly enhances retrieval per-
formance for recursive chunking strategies (dark blue). Contextual recursive chunks
achieved the highest scores across nearly all evaluation metrics: Hit@1 (0.38), Hit@5
(0.62), Hit@20 (0.75), and MRR@20 (0.48), with semantic chunks marginally outper-
forming only in Hit@1 (0.40). This consistent improvement across metrics indicates
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that enriching 512-token chunks with surrounding document context effectively mit-
igates the inherent limitations of isolated chunk retrieval. While semantic chunks
(light green) demonstrate superior precision in top-1 retrieval due to their preserva-
tion of natural contextual boundaries, RAG systems benefit more substantially from
the enhanced recall capabilities that contextual recursive chunks provide, partic-
ularly evident in the improved Hit@20 and MRR@20 scores, which are critical for
comprehensive information retrieval prior to reranking.

Figure 4.2: Comparison of chunking strategies for embedding model
e5-base-v2.Error bars indicate 95% confidence intervals.

Table 4.2 reports the results of statistical significance testing across different chunk-
ing strategies. Paired t-tests were applied when strategies were evaluated on the
same set of queries (e.g., Aug. Rec. vs Rec.), allowing direct comparison of per-query
performance. For comparisons involving strategies derived from structurally distinct
chunking schemes (e.g., Recursive vs Semantic), independent t-tests were applied
due to non-overlapping query sets.

Table 4.2: Pairwise t-test p-values comparing retrieval performance across different
chunking strategies. Aug. Rec. = Augmented Recursive; Rec. = Recursive; Sem. =
Semantic; Aug. Sem. = Augmented Semantic. Bold values indicate statistically sig-
nificant differences (p < 0.05).
Metric Aug. Rec. vs Rec. Aug. Rec. vs Sem. Aug. Rec. vs Aug. Sem. Rec. vs Sem. Rec. vs Aug. Sem. Sem. vs Aug. Sem.

HIT@1 0.0175 0.5602 0.8452 0.0256 0.1460 0.2486
HIT@5 0.0037 0.1384 0.0824 0.7986 1.0000 0.6511
HIT@20 0.0000 0.0063 0.0200 0.8392 0.8384 0.5132
MRR@20 0.0013 0.6007 0.3217 0.1965 0.4004 0.4194

The augmented recursive chunking strategy provides statistically stronger HIT@20
results compared to all other chunking strategies. To further analyze the effect by

51



4.2. RAGAS

question type, queries for augmented recursive chunks and recursive chunks were
grouped into seven categories (see Table 4.3).

Table 4.3: Retrieval performance by question type (Aug. Rec. vs. Rec. Sem.). N indi-
cates the number of queries for each question type.

Style N Hit@1 (Aug.) Hit@1 (Rec.) Hit@20 (Aug.) Hit@20 (Rec.) MRR@20 (Aug.) MRR@20 (Rec.)

Comparative Analysis 71 0.4366 0.3944 0.8028 0.7887 0.5399 0.5190
Conceptual Deep 72 0.5278 0.4028 0.7917 0.8056 0.6146 0.5429
Evaluation Metrics 71 0.2958 0.3099 0.6901 0.6056 0.4063 0.3785
Implementation Focused 71 0.2113 0.2113 0.6197 0.5211 0.3332 0.3056
Practical Application 72 0.4167 0.3611 0.8194 0.6250 0.5191 0.4386
Synthesis Summary 71 0.3521 0.2254 0.7887 0.6620 0.4729 0.3537
Theoretical Foundation 72 0.4306 0.4167 0.7639 0.7639 0.5347 0.5293

Statistically significant improvements in the HIT@20 metric (based on pairwise t-tests)
were observed for synthesis_summary (p = 0.012), practical_application (p = 0.001), and
implementation_focused (p = 0.034) queries, indicating that context-aware retrieval
is especially effective for tasks that require integrating broad evidence or mapping
technical procedures. Additionally, a significant gain in MRR@20 was observed for
synthesis_summary (p = 0.004), indicating that contextual augmentation improved
ranking precision in responses that synthesize information across multiple concepts,
which aligns with the purpose of this strategy.

4.2 RAGAS

While embedding-level metrics evaluate retrieval accuracy in isolation, they do not
capture the end-to-end performance of the RAG agent in synthesizing accurate, rele-
vant, and faithful answers. To address this, we adopt the RAGAS framework, which
combines retrieval and generation evaluation using LLM-based semantic scoring.

4.2.1 Dataset construction

A complementary evaluation set was created to assess the holistic capabilities of the
RAG system under more realistic, research question scenarios. This second dataset
used for RAGAS-based evaluation consisted of 100 queries, each designed to test
multi-stage reasoning and grounded generation (see Appendix A).

The construction pipeline operated at the document level:

• Full-document context: The entire Markdown representation of a scientific
paper was passed to a prompting template, allowing the LLM (Gemini 2.0 Flash)
to access the global context.

• Concept-oriented questioning: The model was instructed to generate a self-
contained, high-quality question capturing a central idea, method, or compara-
tive insight from the paper.

• Golden chunk extraction: As part of the generation process, the LLM was fur-
ther instructed to identify the single most relevant chunk (the “golden chunk”)
that best supports the answer used as a reference for retrieved context.

This method reflects real-world usage more closely, where queries are broad and the
answer may span multiple sections. Although each query was aligned to a golden
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chunk for evaluation purposes, the nature of the questions encourages retrieval
pipelines to surface diverse and semantically adjacent evidence.

To ensure topical and stylistic diversity:

• One instance was generated per academic paper to maximize corpus coverage.

• A mixture of prompting styles similar to those used in the embedding model
evaluation dataset (see Section 4.1.1) was employed to reflect a range of aca-
demic information needs.

• Jaccard similarity filtering was applied to eliminate near-duplicate questions,
ensuring uniqueness and reducing evaluation bias.

This pipeline ensures that the evaluation dataset reflects both the breadth and com-
plexity of real-world scientific questions, while providing a strong reference for auto-
mated evaluation.

4.2.2 Metrics

For each question-answer pair, we ran the full agent pipeline and scored its outputs
along the following RAGAS metrics:

• Context precision: Measures the proportion of relevant chunks among the
top-k retrieved contexts. It emphasizes the ranking of relevant items, rewarding
systems that retrieve relevant chunks earlier. Formally:

Context precision@K =

∑K
k=1 Precision@k · vk∑K

k=1 vk

where vk ∈ {0, 1} is a binary indicator of relevance at rank k, and Precision@k is
the precision at cutoff k, calculated as the ratio of relevant chunks among the
top k.

In this evaluation, a ground-truth reference answer was provided for each query.
The LLMContextPrecisionWithReference metric is used to estimate whether
each retrieved chunk is relevant by prompting a language model to compare it
directly with the reference context. This enables automatic, scalable precision
estimation without requiring manually labeled chunks, although it introduces a
degree of subjectivity due to the LLM’s interpretation of semantic relevance.

• Context recall: Measures the extent to which the retrieved context captures
the essential information required to answer the question. It operates by de-
composing the reference answer into atomic claims and verifying whether any of
the retrieved chunks supports each claim. Formally:

Context recall =
Number of claims covered by retrieved context
Total number of claims in the reference answer

This metric reflects the system’s ability to recover all necessary evidence and
prevent the loss of critical information.

• Faithfulness: Evaluates the factual consistency of the generated response for
the retrieved context. Each claim in the response is checked to determine
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whether it can be inferred from the retrieved evidence. The metric penalizes
hallucinations and unsupported assertions. Formally:

Faithfulness =
Number of claims in the response supported by the context

Total number of claims in the response

• Answer relevancy: Quantifies how well the generated response semantically
aligns with the original user query. It is computed by generating a set of syn-
thetic questions (default=3) from the response and measuring their similarity to
the input query. Let Eo be the embedding of the original question, and Egi the
embedding of the ith generated question (with N total questions). Then:

Answer relevancy =
1

N

N∑
i=1

Egi · Eo

∥Egi∥ · ∥Eo∥

Higher scores indicate better semantic alignment and topical relevance between
the question and the answer.

Each metric is scored between 0 and 1, with higher values indicating better perfor-
mance. RAGAS uses LLM-based evaluation to assess these dimensions, providing a
more nuanced semantic understanding compared to traditional overlap-based met-
rics.

4.2.3 Results

Figure 4.3 showcases the resulting metrics for two agentic RAG configurations (simple
vs. enhanced) retrieving five augmented recursive chunks. The main observations
are:

• Context precision (mean = 0.971 vs. 0.956, p = 0.306): The hybrid retriever
yields highly relevant top-k chunks in both configurations. The small difference
indicates that contextual augmentation slightly improves early relevance, but
not consistently enough to be statistically robust.

• Context recall (mean = 0.889 vs. 0.834, p = 0.029): The enhanced system re-
trieves a broader set of relevant information. This improvement is attributable
to abstract-first filtering (which narrows the document pool) and HyDE-based
query reformulation (which bridges lexical mismatch and surfaces semantically
diverse evidence).

• Faithfulness (mean = 0.866 vs. 0.869, p = 0.904): Despite improved retrieval
recall, faithfulness does not increase. This reflects a well-known limitation:
LLMs may fail to utilize retrieved context effectively, hallucinate unsupported
claims, or anchor to non-relevant spans. Faithfulness is bounded not just by
the presence of evidence, but by how the model grounds its generation within it.

• Answer relevancy (mean = 0.874 vs. 0.832, p = 0.096): The enhanced setup
trends toward more query-aligned answers, though the difference is not sta-
tistically significant. The wider confidence intervals portray greater inter-query
variability.

Although the enhanced system consistently achieves higher mean scores across all
RAGAS dimensions, only Context Recall shows a statistically significant improvement
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Figure 4.3: Comparison of RAGAS metrics across 100 sampled queries (see Ap-
pendix A) for two configurations of the hybrid search tool (Section 3.5.1). The simple
setup corresponds to the baseline agent using standard hybrid retrieval, while the
enhanced variant integrates HyDE-based query reformulation and abstract-first doc-
ument filtering. Error bars represent 95% confidence intervals.

(p = 0.029, d = 0.22). Here, d = 0.22 denotes Cohen’s d, a standardized effect size
measure indicating a small but consistent gain in retrieval fidelity.

This result highlights a central insight: while retrieval enhancements—particularly
abstract-first filtering and HyDE-based reformulation—effectively broaden the cover-
age of relevant context, they do not automatically lead to more faithful or relevant
answers. The modest effect size suggests that the baseline hybrid retrieval strategy
already provides a strong foundation for accurate context selection. Given the eval-
uated query set and the size of the knowledge base, these enhancements appear to
yield diminishing returns. Although they improve contextual coverage, they do not
significantly enhance downstream answer quality or factual grounding.

Together with the embedding model benchmarking and chunking enhancements de-
scribed earlier, the RAGAS evaluation confirms that the system provides reliable,
semantically aligned answers for complex scientific queries. A side-by-side compari-
son of agentic and baseline system responses is provided in Appendix B, illustrating
differences in accuracy, completeness, and domain-specific relevance.

4.3 Text-to-SQL

To evaluate the accuracy and functional reliability of the natural language to SQL
paper database tool (Section 3.5.2) within the agentic RAG system, a targeted bench-
mark of 10 representative queries was constructed (see Table 4.4). Each query was
crafted to reflect realistic research needs when interacting with the EDA corpus, such
as filtering by author, retrieving paper metadata, or extracting bibliographic refer-
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ences.

4.3.1 Evaluation framework

The evaluation employed a three-dimensional assessment framework: (1) Syntactic
Validity: objective SQL parser verification using sqlparse, (2) Semantic Correctness:
LLM-based evaluation of logical accuracy in SQL translation, and (3) Intent Alignment:
LLM-based assessment of how well the query addresses the user’s information need.

The LLM evaluation component uses GPT-4o-mini1 to assess both semantic correct-
ness and intent alignment in a single evaluation process.

4.3.2 Results

Table 4.4 presents the detailed performance analysis for each query in the evaluation
set. The system achieved perfect syntactic validity (100%), ensuring that all gener-
ated queries were executable without syntax errors. This finding demonstrates the
robustness of the text-to-SQL mechanism under different query types.

Table 4.4: Individual query performance analysis
Nº Natural Language Query Syntax Semantic Intent

1 Papers on UMDA applied to multi-objective optimiza-
tion

✓ 0.800 0.800

2 Papers by Pedro Larrañaga ✓ 0.900 0.900
3 References of the paper ’Semiparametric Estimation

of Distribution Algorithms for Continuous Optimiza-
tion’

✓ 0.800 0.700

4 UMDA papers written by Concha Bielza ✓ 0.900 0.900
5 Papers written by Concha Bielza ✓ 0.900 0.900
6 Papers that talk about Dynamic Multiobjective Prob-

lems
✓ 0.900 0.900

7 URL link for paper A Hybrid Estimation of Distribu-
tion Algorithm for the Quay Crane Scheduling Prob-
lem

✓ 0.900 0.900

8 Abstract for paper ’EDA with Switching Distributions
for Long-Short Portfolio Replication Problems’

✓ 0.900 0.900

9 How many papers in the database contain informa-
tion about EGNA?

✓ 0.900 0.900

10 Titles of papers containing information about EGNA ✓ 0.800 0.800

Mean Performance 100% 0.850 0.870

While this evaluation demonstrates functional reliability, it represents a targeted as-
sessment rather than exhaustive benchmarking. The 10-query sample was designed
to cover representative use cases within the EDA domain, and future work could ex-
pand this evaluation to include more complex multi-table queries and edge cases.

1https://openai.com/es-ES/index/gpt-4o-mini-advancing-cost-efficient-intelligence/
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Chapter 5

Conclusions and future work

5.1 Conclusions

This work establishes that domain-specialized Agentic RAG architectures are not only
feasible but strategically advantageous for navigating complex scientific corpora. Fo-
cusing on the domain of EDAs, the proposed system demonstrates that integrating
reasoning-driven tool orchestration with LLM capabilities significantly improves the
groundedness and technical relevance of responses over baseline models. By combin-
ing structured retrieval, dynamic tool invocation, and iterative reasoning, the agent
can synthesize precise, verifiable answers that go beyond the limitations of purely
parametric generation.

Agentic planning, dynamic tool selection, and iterative reasoning enable a form of
adaptive computation that conventional RAG pipelines cannot emulate. The architec-
ture presented synergizes the parametric knowledge embedded in LLMs with external,
task-specific tools: hybrid search over a specific EDA papers dataset, text-to-SQL,
and academic web retrieval.

Quantitatively, the enhanced agentic configuration improved context recall from 0.834
to 0.889 (p = 0.029), a statistically significant gain driven by abstract-first retrieval
and HyDE-based reformulation. While improvements in answer relevancy (0.874 vs.
0.832, p = 0.096) and context precision (0.971 vs. 0.956, p = 0.306) were not statis-
tically significant, they suggest that contextual augmentation may modestly improve
early retrieval relevance and alignment with user intent. Faithfulness, however, re-
mained practically unchanged (0.866 vs. 0.869, p = 0.904), indicating that enhanced
retrieval quality does not automatically translate to improved factual grounding.

A key contribution of this work lies in demonstrating that effective agentic archi-
tectures prioritize targeted optimization over comprehensive complexity. The sta-
tistically significant improvement in context recall was achieved through focused
interventions—abstract-first retrieval and HyDE reformulation—rather than broad
system redesign. Similarly, the implementation of mathematical extraction and in-
dexing proves particularly effective for algorithm-heavy domains like EDAs, where
precise retrieval of mathematical formulations and algorithmic specifications sig-
nificantly enhances response accuracy for technical queries. These focused opti-
mizations demonstrate that strategic, domain-informed implementations often yield
greater returns than comprehensive architectural augmentation.
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While these results are promising, certain limitations constrain the scope of this
evaluation. Resource constraints prevented a comprehensive assessment with state-
of-the-art reasoning models such as the GPT-o series1, DeepSeek R12, and Gemini
2.5 Pro3, limiting our assessment of the architecture’s performance ceiling, particu-
larly regarding advanced mathematical reasoning capabilities. Additionally, the rapid
evolution of embedding models and agentic frameworks necessitates continuous sys-
tem updates to maintain competitive performance as new capabilities emerge. Ad-
ditionally, the evaluation relied on synthetic queries generated by LLMs, and the
applicability of these results to naturally occurring user queries remains untested, as
real-world queries may differ in complexity and intent.

5.2 Future work

This thesis provides further evidence that the future of scientific AI assistants lies
not in scaling large parametric models alone, but in the thoughtful orchestration of
specialized tools with domain-curated knowledge bases. The demonstrated effective-
ness of targeted, domain-informed optimizations provides a foundation for advancing
agentic architectures through several promising directions:

1. Standardized Tool Interoperability: Transitioning to Model Context Protocol
(MCP)4, an open standard for tool integration, would promote cross-framework
compatibility, enabling LLMs from different providers to access shared scientific
tools with minimal integration overhead. This standardization would support
broader adoption of agentic architectures across heterogeneous research infras-
tructures.

2. Reasoning Trajectory Supervision: The current system employs structured
prompting to elicit ReAct-style reasoning traces but does not leverage models
trained on reasoning-annotated data. Future work could explore supervised
fine-tuning of smaller language models on reasoning trajectories extracted from
the agent’s own LangSmith traces, enabling trajectory-level imitation learning
where compact models learn to decompose complex queries, reflect on interme-
diate results, and retry failed strategies based on observed task patterns.

3. Self-Verification and Critique Mechanisms: The current agentic RAG system
would benefit from enhanced self-verification capabilities that operate at multi-
ple levels. Reflexion style agents (Shinn et al., 2023) offer a promising paradigm
for continuous improvement through iterative verbalization of reflections on
prior errors, storing insights in episodic memory, and using linguistic feedback,
rather than gradient updates, to shape future decisions. This approach aligns
naturally with the existing architecture, which maintains a structured memory.
Complementing this behavioral self-critique, Self-RAG (Asai et al., 2024) demon-
strates compelling improvements in factual grounding through self-verification
loops, facilitated by reflection tokens that encode judgments about retrieval rel-
evance. However, its practical adoption in scientific domains remains limited by
its reliance on large, supervised critique models with human-annotated data.

1https://openai.com/index/introducing-o3-and-o4-mini/
2https://huggingface.co/deepseek-ai/DeepSeek-R1-0528
3https://deepmind.google/models/gemini/pro/
4https://modelcontextprotocol.io/introduction
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Conclusions and future work

A promising direction involves investigating the generation of fine-grained cri-
tiques of model outputs using synthetic supervision. This would enable the
scalable training of smaller, domain-tuned verification models capable of as-
sessing the quality, factual support, and coherence of evidence post-retrieval.

4. Evaluation and Dataset Limitations: The current system is evaluated on a
restricted dataset derived exclusively from Web of Science publications (see
Section 3.1), which, while high-quality, excludes relevant content from other
venues. Moreover, the absence of established benchmarks in the EDA domain
limits comparability and generalization. Future work could address this by de-
veloping expert-validated benchmarks, including multiple-choice or open-ended
questions authored and scored by domain specialists. Such benchmarks would
enable more robust evaluation of domain fidelity, factuality, and reasoning com-
petence in EDA-focused agents. Additionally, integrating user feedback from
real-world deployments would provide a valuable signal for iterative system re-
finement.

These enhancements represent natural extensions of the principles established here,
positioning agentic RAG systems as a robust foundation for next-generation scientific
information retrieval and synthesis.
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Barančíková, P., & Bojar, O. (2019). In search for linear relations in sentence
embedding spaces. arXiv preprint arXiv:1910.03375.

Bosman, P. A. N., & Thierens, D. (2000). Expanding from discrete to continuous
estimation of distribution algorithms: The IDEA. In Parallel problem solving
from nature (pp. 767–776). Springer Berlin Heidelberg.

Bran, A. M., Cox, S., Schilter, O., Baldassari, C., White, A. D., & Schwaller, P.
(2023). Augmenting large language models with chemistry tools. In
Proceedings of the NeurIPS 2023 workshop on AI for science.

Brown, T., Mann, B., Ryder, N., Subbiah, M., Kaplan, J. D., Dhariwal, P.,
Neelakantan, A., Shyam, P., Sastry, G., Askell, A., Agarwal, S.,
Herbert-Voss, A., Krueger, G., Henighan, T., Child, R., Ramesh, A.,
Ziegler, D., Wu, J., Winter, C., . . . Amodei, D. (2020). Language models are
few-shot learners. In Advances in neural information processing systems
(pp. 1877–1901, Vol. 33). Curran Associates, Inc.

Christiano, P. F., Leike, J., Brown, T. B., Martic, M., Legg, S., & Amodei, D. (2017).
Deep reinforcement learning from human preferences. In Proceedings of the
31st international conference on neural information processing systems
(pp. 4302–4310). Curran Associates, Inc.

Chroma Research. (2024). Evaluating chunking strategies for retrieval.
https://research.trychroma.com/evaluating-chunking

Cormack, G. V., Clarke, C. L. A., & Buettcher, S. (2009). Reciprocal rank fusion
outperforms condorcet and individual rank learning methods. In Proceedings

60

https://www.anthropic.com/engineering/building-effective-agents
https://www.anthropic.com/news/contextual-retrieval
https://www-cdn.anthropic.com/6be99a52cb68eb70eb9572b4cafad13df32ed995.pdf
https://www-cdn.anthropic.com/6be99a52cb68eb70eb9572b4cafad13df32ed995.pdf
https://research.trychroma.com/evaluating-chunking


BIBLIOGRAPHY

of the 32nd international acm sigir conference on research and development in
information retrieval (pp. 758–759). Association for Computing Machinery.

De Bonet, J. S., Isbell Jr., C. L., & Viola, P. A. (1996). MIMIC: Finding optima by
estimating probability densities. In Advances in neural information processing
systems 9 (pp. 424–430). MIT Press.

Dettmers, T., Pagnoni, A., Holtzman, A., & Zettlemoyer, L. (2023). QLoRA: Efficient
finetuning of quantized LLMs. In Thirty-seventh conference on neural
information processing systems.

Devlin, J., Chang, M.-W., Lee, K., & Toutanova, K. (2019). BERT: Pre-training of
deep bidirectional transformers for language understanding. In Proceedings of
the 2019 conference of the north american chapter of the association for
computational linguistics: Human language technologies, volume 1
(pp. 4171–4186). Association for Computational Linguistics.

Dhuliawala, S., Komeili, M., Xu, J., Raileanu, R., Li, X., Celikyilmaz, A., &
Weston, J. (2024). Chain-of-verification reduces hallucination in large
language models. In Findings of the association for computational linguistics:
Acl 2024 (pp. 3563–3578). Association for Computational Linguistics.

Edge, D., Trinh, H., Cheng, N., Bradley, J., Chao, A., Mody, A., Truitt, S.,
Metropolitansky, D., Ness, R. O., & Larson, J. (2025). From local to global: A
graph RAG approach to query-focused summarization. arXiv preprint
arXiv:2404.16130.

Es, S., James, J., Espinosa Anke, L., & Schockaert, S. (2024). RAGAs: Automated
evaluation of retrieval augmented generation. In Proceedings of the 18th
conference of the european chapter of the association for computational
linguistics: System demonstrations (pp. 150–158). Association for
Computational Linguistics.

Etxeberria, R., & Larrañaga, P. (1999). Global optimization using Bayesian
networks. In Proceedings of the second international symposium on artificial
intelligence (pp. 332–339).

Friel, R., Belyi, M., & Sanyal, A. (2025). RAGBench: Explainable benchmark for
retrieval-augmented generation systems. arXiv preprint arXiv:2407.11005.

Gao, L., Ma, X., Lin, J., & Callan, J. (2023). Precise zero-shot dense retrieval without
relevance labels. In Proceedings of the 61st annual meeting of the association
for computational linguistics (volume 1: Long papers) (pp. 1762–1777).
Association for Computational Linguistics.

Gao, Y., Xiong, Y., Gao, X., Jia, K., Pan, J., Bi, Y., Dai, Y., Sun, J., Wang, M., &
Wang, H. (2024). Retrieval-augmented generation for large language models:
A survey. arXiv preprint arXiv:2312.10997.

Gemini Team, Anil, R., Borgeaud, S., Alayrac, J.-B., Yu, J., Soricut, R.,
Schalkwyk, J., Dai, A. M., Hauth, A., Millican, K., Silver, D., Johnson, M.,
Antonoglou, I., Schrittwieser, J., Glaese, A., Chen, J., Pitler, E., Lillicrap, T.,
Lazaridou, A., . . . Vinyals, O. (2025). Gemini: A family of highly capable
multimodal models. arXiv preprint arXiv:2312.11805.

Goodfellow, I. J., Mirza, M., Xiao, D., Courville, A. C., & Bengio, Y. (2014). An
empirical investigation of catastrophic forgetting in gradient-based neural
networks. In 2nd international conference on learning representations.

Guu, K., Lee, K., Tung, Z., Pasupat, P., & Chang, M.-W. (2020). REALM:
Retrieval-augmented language model pre-training. In Proceedings of the 37th
international conference on machine learning (pp. 9252–9261). PMLR.

61



BIBLIOGRAPHY

Han, R., Zhang, Y., Qi, P., Xu, Y., Wang, J., Liu, L., Wang, W. Y., Min, B., &
Castelli, V. (2024a). RAG-QA arena: Evaluating domain robustness for
long-form retrieval augmented question answering. In Proceedings of the 2024
conference on empirical methods in natural language processing
(pp. 4354–4374). Association for Computational Linguistics.

Han, Z., Gao, C., Liu, J., Zhang, J., & Zhang, S. Q. (2024b). Parameter-efficient
fine-tuning for large models: A comprehensive survey. Transactions on
Machine Learning Research.

Harik, G. R., Lobo, F. G., & Goldberg, D. E. (1999). The compact genetic algorithm.
IEEE Transactions on Evolutionary Computation, 3(4), 287–297.

Harik, G. R., Lobo, F. G., & Sastry, K. (2006). Linkage learning via probabilistic
modeling in the extended compact genetic algorithm (ECGA). In Scalable
optimization via probabilistic modeling (pp. 39–61). Springer.

Hassabis, D., Kavukcuoglu, K., & Gemini Team. (2024). Introducing gemini 2.0: Our
new AI model for the agentic era. Google DeepMind.
https://blog.google/technology/google-deepmind/google-gemini-ai-update-
december-2024/

Hendrycks, D., Burns, C., Basart, S., Zou, A., Mazeika, M., Song, D., &
Steinhardt, J. (2021). Measuring Massive Multitask Language Understanding.
In International conference on learning representations.

Houlsby, N., Giurgiu, A., Jastrzebski, S., Morrone, B., de Laroussilhe, Q.,
Gesmundo, A., Attariyan, M., & Gelly, S. (2019). Parameter-efficient transfer
learning for NLP. In Proceedings of the 36th international conference on
machine learning (pp. 2790–2799, Vol. 97). PMLR.

Hu, E. J., Shen, Y., Wallis, P., Allen-Zhu, Z., Li, Y., Wang, S., Wang, L., & Chen, W.
(2022). LoRA: Low-rank adaptation of large language models. In Proceedings
of the international conference on learning representations.

Hu, Y., Lei, Z., Zhang, Z., Pan, B., Ling, C., & Zhao, L. (2025). GRAG: Graph
retrieval-augmented generation. In Findings of the association for
computational linguistics: Naacl 2025 (pp. 4145–4157). Association for
Computational Linguistics.

Huang, X., Liu, W., Chen, X., Wang, X., Wang, H., Lian, D., Wang, Y., Tang, R., &
Chen, E. (2024). Understanding the planning of LLM agents: A survey. arXiv
preprint arXiv:2402.02716.

Jaccard, P. (1901). Étude comparative de la distribution florale dans une portion des
alpes et des jura. Bulletin de la Société Vaudoise des Sciences Naturelles, 37,
547–579.

Jiang, Z., Xu, F., Gao, L., Sun, Z., Liu, Q., Dwivedi-Yu, J., Yang, Y., Callan, J., &
Neubig, G. (2023). Active Retrieval Augmented Generation. In Proceedings of
the 2023 conference on empirical methods in natural language processing
(pp. 7969–7992). Association for Computational Linguistics.

Jin, Q., Dhingra, B., Liu, Z., Cohen, W., & Lu, X. (2019). Pubmedqa: A dataset for
biomedical research question answering. In Proceedings of the 2019
conference on empirical methods in natural language processing and the 9th
international joint conference on natural language processing (emnlp-ijcnlp)
(pp. 2567–2577). Association for Computational Linguistics.

Jones, K. S. (1972). A statistical interpretation of term specificity and its application
in retrieval. Journal of Documentation, 28(1), 11–21.

62

https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/


BIBLIOGRAPHY

Kandpal, N., Deng, H., Roberts, A., Wallace, E., & Raffel, C. (2023). Large language
models struggle to learn long-tail knowledge. In Proceedings of the 40th
international conference on machine learning (pp. 641–652). PMLR.

Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R.,
Gray, S., Radford, A., Wu, J., & Amodei, D. (2020). Scaling laws for neural
language models. arXiv preprint arXiv:2001.08361.

Karpukhin, V., Oguz, B., Min, S., Lewis, P., Wu, L., Edunov, S., Chen, D., & Yih, W.
(2020). Dense passage retrieval for open-domain question answering. In
Proceedings of the 2020 conference on empirical methods in natural language
processing (pp. 6769–6781). Association for Computational Linguistics.

Kusupati, A., Bhatt, G., Rege, A., Wallingford, M., Sinha, A., Ramanujan, V.,
Howard-Snyder, W., Chen, K., Kakade, S. M., Jain, P., & Farhadi, A. (2022).
Matryoshka representation learning. In Advances in neural information
processing systems.

Lála, J., O’Donoghue, O., Shtedritski, A., Cox, S., Rodriques, S. G., & White, A. D.
(2023). Paperqa: Retrieval-augmented generative agent for scientific research.
arXiv preprint arXiv:2312.07559.

LangGraph. (2025). Workflows and Agents.
https://langchain-ai.github.io/langgraph/tutorials/workflows/

Larrañaga, P., & Bielza, C. (2024). Estimation of distribution algorithms in machine
learning: A survey. IEEE Transactions on Evolutionary Computation, 28(5),
1301–1321.

Larrañaga, P., Etxeberria, R., Lozano, J. A., & Peña, J. M. (2000). Optimization in
continuous domains by learning and simulation of Gaussian networks. In
Proceedings of the genetic and evolutionary computation conference
(pp. 201–204).

Larrañaga, P., & Lozano, J. A. (2002). Estimation of Distribution Algorithms: A New
Tool for Evolutionary Computation (Vol. 2). Springer.

Lester, B., Al-Rfou, R., & Constant, N. (2021). The power of scale for
parameter-efficient prompt tuning. In Proceedings of the 2021 conference on
empirical methods in natural language processing (pp. 3045–3059).
Association for Computational Linguistics.

Levy, M., Jacoby, A., & Goldberg, Y. (2024). Same task, more tokens: The impact of
input length on the reasoning performance of large language models. In
Proceedings of the 62nd annual meeting of the association for computational
linguistics (volume 1: Long papers) (pp. 15339–15353). Association for
Computational Linguistics.

Lewis, M., Liu, Y., Goyal, N., Ghazvininejad, M., Mohamed, A., Levy, O.,
Stoyanov, V., & Zettlemoyer, L. (2020a). BART: Denoising
sequence-to-sequence pre-training for natural language generation,
translation, and comprehension. In Proceedings of the 58th annual meeting of
the association for computational linguistics (pp. 7871–7880). Association for
Computational Linguistics.

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., Küttler, H.,
Lewis, M., Yih, W.-t., Rocktäschel, T., Riedel, S., & Kiela, D. (2020b).
Retrieval-augmented generation for knowledge-intensive NLP tasks. In
Proceedings of the 34th international conference on neural information
processing systems (pp. 1–16). Curran Associates, Inc.

63

https://langchain-ai.github.io/langgraph/tutorials/workflows/


BIBLIOGRAPHY

Li, Z., Jiang, G., Xie, H., Song, L., Lian, D., & Wei, Y. (2024). Understanding and
patching compositional reasoning in LLMs. In Findings of the association for
computational linguistics: Acl 2024 (pp. 9668–9688). Association for
Computational Linguistics.

Ma, X., Gong, Y., He, P., Zhao, H., & Duan, N. (2023). Query rewriting in
retrieval-augmented Large Language Models. In Proceedings of the 2023
conference on empirical methods in natural language processing
(pp. 5303–5315). Association for Computational Linguistics.

Mallen, A., Asai, A., Zhong, V., Das, R., Khashabi, D., & Hajishirzi, H. (2023). When
not to trust language models: Investigating effectiveness of parametric and
non-parametric memories. In Proceedings of the 61st annual meeting of the
association for computational linguistics (volume 1: Long papers)
(pp. 9802–9822). Association for Computational Linguistics.

Manning, C. D., Raghavan, P., & Schütze, H. (2008). Introduction to Information
Retrieval. Cambridge University Press.

Mavromatis, C., & Karypis, G. (2024). GNN-RAG: Graph neural retrieval for large
language model reasoning. arXiv preprint arXiv:2405.20139.

Maynez, J., Narayan, S., Bohnet, B., & McDonald, R. (2020). On faithfulness and
factuality in abstractive summarization. In Proceedings of the 58th annual
meeting of the association for computational linguistics (pp. 1906–1919).
Association for Computational Linguistics.

Min, S., Lyu, X., Holtzman, A., Artetxe, M., Lewis, M., Hajishirzi, H., &
Zettlemoyer, L. (2022). Rethinking the role of demonstrations: What makes
in-context learning work? In Proceedings of the 2022 conference on empirical
methods in natural language processing (pp. 11048–11064). Association for
Computational Linguistics.

Mühlenbein, H., & Paaß, G. (1996). From recombination of genes to the estimation
of distributions i: Binary parameters. In Parallel problem solving from nature
(pp. 178–187). Springer.

Mühlenbein, H., Mahnig, T., & Rodriguez, A. O. (1999). Schemata, distributions and
graphical models in evolutionary optimization. Journal of Heuristics, 5(2),
215–247.

Nomic AI. (2024). Nomic embed v1.5: A flexible and open embedding model.
https://www.nomic.ai/blog/posts/nomic-embed-text-v1

OpenAI. (2024). GPT-4 technical report. arXiv preprint arXiv:2303.08774.
Oshin, M., & Campos, N. (2025). Learning LangChain. O’Reilly Media, Inc.
Ouyang, L., Wu, J., Jiang, X., Almeida, D., Wainwright, C. L., Mishkin, P., Zhang, C.,

Agarwal, S., Slama, K., Ray, A., Schulman, J., Hilton, J., Kelton, F., Miller, L.,
Simens, M., Askell, A., Welinder, P., Christiano, P., Leike, J., & Lowe, R.
(2022). Training language models to follow instructions with human
feedback. In Proceedings of the 36th international conference on neural
information processing systems (pp. 2011–2025). Curran Associates, Inc.

Ovadia, O., Brief, M., Mishaeli, M., & Elisha, O. (2024). Fine-tuning or retrieval?
Comparing knowledge injection in LLMs. In Proceedings of the 2024
conference on empirical methods in natural language processing (pp. 237–250).
Association for Computational Linguistics.

Pelikan, M., Goldberg, D. E., & Cantú-Paz, E. (1999). BOA: The Bayesian
optimization algorithm. In Proceedings of the 1st annual conference on genetic

64

https://www.nomic.ai/blog/posts/nomic-embed-text-v1


BIBLIOGRAPHY

and evolutionary computation - volume 1 (pp. 525–532). Morgan Kaufmann
Publishers Inc.

Peng, B., Zhu, Y., Liu, Y., Bo, X., Shi, H., Hong, C., Zhang, Y., & Tang, S. (2024).
Graph retrieval-augmented generation: A survey. arXiv preprint
arXiv:2408.08921.

Petroni, F., Rocktäschel, T., Riedel, S., Lewis, P., Bakhtin, A., Wu, Y., & Miller, A.
(2019). Language models as knowledge bases? In Proceedings of the 2019
conference on empirical methods in natural language processing and the 9th
international joint conference on natural language processing (pp. 2463–2473).
Association for Computational Linguistics.

Rafailov, R., Sharma, A., Mitchell, E., Manning, C. D., Ermon, S., & Finn, C. (2023).
Direct preference optimization: Your language model is secretly a reward
model. In Proceedings of the thirty-seventh conference on neural information
processing systems. NeurIPS Foundation.

Raffel, C., Shazeer, N., Roberts, A., Lee, K., Narang, S., Matena, M., Zhou, Y., Li, W.,
& Liu, P. J. (2020). Exploring the limits of transfer learning with a unified
text-to-text transformer. Journal of Machine Learning Research, 21(1), 1–67.

Reimers, N., & Gurevych, I. (2019). Sentence-BERT: Sentence embeddings using
Siamese BERT-networks. In Proceedings of the 2019 conference on empirical
methods in natural language processing and the 9th international joint
conference on natural language processing (pp. 3982–3992). Association for
Computational Linguistics.

Robertson, S. E., & Sparck Jones, K. (1976). Relevance weighting of search terms.
Journal of the American Society for Information Science, 27(3), 129–146.

Robertson, S., & Zaragoza, H. (2009). The probabilistic relevance framework: BM25
and beyond. Foundations and Trends in Information Retrieval, 3(4), 333–389.

Rosa, G., Bonifacio, L., Jeronymo, V., Abonizio, H., Fadaee, M., Lotufo, R., &
Nogueira, R. (2022). In defense of cross-encoders for zero-shot retrieval. arXiv
preprint arXiv:2212.06121.

Schulman, J., Wolski, F., Dhariwal, P., Radford, A., & Klimov, O. (2017). Proximal
policy optimization algorithms. arXiv preprint arXiv:1707.06347.

Shakya, S., Brownlee, A., McCall, J., Fournier, F., & Owusu, G. (2009). A fully
multivariate deum algorithm. In Proceedings of the 2009 ieee congress on
evolutionary computation (cec) (pp. 479–486). IEEE.

Shakya, S., & Santana, R. (2008). An EDA based on local Markov property and
Gibbs sampling. In Proceedings of the 10th annual conference on genetic and
evolutionary computation (pp. 475–476). Association for Computing
Machinery.

Shao, Z., Wang, P., Zhu, Q., Xu, R., Song, J., Bi, X., Zhang, H., Zhang, M., Li, Y. K.,
Wu, Y., & Guo, D. (2024). Deepseekmath: Pushing the limits of mathematical
reasoning in open language models. arXiv preprint arXiv:2402.03300.

Shinn, N., Cassano, F., Gopinath, A., Narasimhan, K., & Yao, S. (2023). Reflexion:
Language agents with verbal reinforcement learning. In Proceedings of the
37th international conference on neural information processing systems
(p. 377). Curran Associates, Inc.

Shojaee, P., Mirzadeh, I., Alizadeh, K., Horton, M., Bengio, S., & Farajtabar, M.
(2025). The illusion of thinking: Understanding the strengths and limitations
of reasoning models via the lens of problem complexity. arXiv preprint,
arXiv:2506.06941.

65



BIBLIOGRAPHY

Singh, A., Ehtesham, A., Kumar, S., & Khoei, T. T. (2025). Agentic
retrieval-augmented generation: A survey on agentic rag. arXiv preprint,
arXiv:2501.09136.

Skarlinski, M. D., Cox, S., Laurent, J. M., Braza, J. D., Hinks, M.,
Hammerling, M. J., Ponnapati, M., Rodriques, S. G., & White, A. D. (2024).
Language agents achieve superhuman synthesis of scientific knowledge.
arXiv preprint, arXiv:2409.13740.

Soloviev, V. P., Bielza, C., & Larrañaga, P. (2024). Semiparametric estimation of
distribution algorithms for continuous optimization. IEEE Transactions on
Evolutionary Computation, 28(4), 1069–1083.

Song, K., Tan, X., Qin, T., Lu, J., & Liu, T.-Y. (2020). Mpnet: Masked and permuted
pre-training for language understanding. In Proceedings of the 34th
international conference on neural information processing systems
(pp. 1414–1424). Curran Associates, Inc.

Taylor, R., Kardas, M., Cucurull, G., Scialom, T., Hartshorn, A., Saravia, E.,
Poulton, A., Kerkez, V., & Stojnic, R. (2022). Galactica: A large language
model for science. arXiv preprint arXiv:2211.09085.

Theja, R. (2023). Evaluating the ideal chunk size for a RAG system using LlamaIndex.
https://www.llamaindex.ai/blog/evaluating-the-ideal-chunk-size-for-a-rag-
system-using-llamaindex-6207e5d3fec5

Touvron, H., Lavril, T., Izacard, G., Martinet, X., Lachaux, M.-A., Lacroix, T.,
Rozière, B., Goyal, N., Hambro, E., Azhar, F., Rodriguez, A., Joulin, A.,
Grave, E., & Lample, G. (2023a). Llama: Open and efficient foundation
language models. arXiv preprint arXiv:2302.13971.

Touvron, H., Martin, L., Stone, K., Albert, P., Almahairi, A., Babaei, Y.,
Bashlykov, N., Batra, S., Bhargava, P., Bhosale, S., Bikel, D., Blecher, L.,
Ferrer, C. C., Chen, M., Cucurull, G., Esiobu, D., Fernandes, J., Fu, J.,
Fu, W., . . . Scialom, T. (2023b). Llama 2: Open foundation and fine-tuned
chat models. arXiv preprint arXiv:2307.09288.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N.,
Kaiser, Ł., & Polosukhin, I. (2017). Attention is all you need. In Advances in
neural information processing systems (Vol. 30). Curran Associates, Inc.

Wang, L., Yang, N., Huang, X., Jiao, B., Yang, L., Jiang, D., Majumder, R., & Wei, F.
(2024). Text embeddings by weakly-supervised contrastive pre-training. arXiv
preprint arXiv:2212.03533.

Wang, R., Tang, D., Duan, N., Wei, Z., Huang, X., Ji, J., Cao, G., Jiang, D., &
Zhou, M. (2020). K-adapter: Infusing knowledge into pre-trained models with
adapters. arXiv preprint arXiv:2002.01808.

Wang, Y., Kordi, Y., Mishra, S., Liu, A., Smith, N. A., Khashabi, D., & Hajishirzi, H.
(2023). Self-instruct: Aligning language models with self-generated
instructions. arXiv preprint arXiv:2212.10560.

Wang, Y., Mishra, S., Alipoormolabashi, P., Kordi, Y., Mirzaei, A., Naik, A., Ashok, A.,
Dhanasekaran, A. S., Arunkumar, A., Stap, D., Pathak, E.,
Karamanolakis, G., Lai, H., Purohit, I., Mondal, I., Anderson, J., Kuznia, K.,
Doshi, K., Pal, K. K., . . . Shen, X. (2022). Super-NaturalInstructions:
Generalization via declarative instructions on 1600+ NLP tasks. In
Proceedings of the 2022 conference on empirical methods in natural language
processing (pp. 5085–5109). Association for Computational Linguistics.

66

https://www.llamaindex.ai/blog/evaluating-the-ideal-chunk-size-for-a-rag-system-using-llamaindex-6207e5d3fec5
https://www.llamaindex.ai/blog/evaluating-the-ideal-chunk-size-for-a-rag-system-using-llamaindex-6207e5d3fec5


BIBLIOGRAPHY

Wei, J., Wang, X., Schuurmans, D., Bosma, M., Ichter, B., Xia, F., Chi, E., Le, Q., &
Zhou, D. (2023). Chain-of-thought prompting elicits reasoning in large
language models.

Xie, S. M., Raghunathan, A., Liang, P., & Ma, T. (2022). An explanation of in-context
learning as implicit bayesian inference. In Proceedings of the international
conference on learning representations.

Xu, F., Hao, Q., Zong, Z., Wang, J., Zhang, Y., Wang, J., Lan, X., Gong, J.,
Ouyang, T., Meng, F., Shao, C., Yan, Y., Yang, Q., Song, Y., Ren, S., Hu, X.,
Li, Y., Feng, J., Gao, C., & Li, Y. (2025). Towards large reasoning models: A
survey of reinforced reasoning with large language models. arXiv preprint
arXiv:2501.09686.

Yao, S., Zhao, J., Yu, D., Du, N., Shafran, I., Narasimhan, K., & Cao, Y. (2023).
ReAct: Synergizing reasoning and acting in language models. arXiv preprint
arXiv:2210.03629.

Zhang, L., Lin, Y., Xu, C., & Liu, M. (2024a). A new EDA algorithm combined with
Q-learning for semiconductor final testing scheduling problem. Computers &
Industrial Engineering, 193, 110259.

Zhang, Z.-Q., Xu, Y.-X., Qian, B., Hu, R., Wu, F.-C., & Wang, L. (2024b). An
enhanced estimation of distribution algorithm with problem-specific
knowledge for distributed no-wait flowshop group scheduling problems.
Swarm and Evolutionary Computation, 87, 101559.

Zhao, W. X., Zhou, K., Li, J., Tang, T., Wang, X., Hou, Y., Min, Y., Zhang, B.,
Zhang, J., Dong, Z., Du, Y., Yang, C., Chen, Y., Chen, Z., Jiang, J., Ren, R.,
Li, Y., Tang, X., Liu, Z., . . . Wen, J.-R. (2025). A survey of large language
models. arXiv preprint arXiv:2303.18223.

Zheng, H. S., Mishra, S., Chen, X., Cheng, H.-T., Chi, E. H., Le, Q. V., & Zhou, D.
(2024). Take a step back: Evoking reasoning via abstraction in large language
models. arXiv preprint arXiv:2310.06117.

Zheng, L., Chiang, W.-L., Sheng, Y., Zhuang, S., Wu, Z., Zhuang, Y., Lin, Z., Li, Z.,
Li, D., Xing, E. P., Zhang, H., Gonzalez, J. E., & Stoica, I. (2023). Judging
LLM-as-a-judge with MT-bench and Chatbot Arena. In Proceedings of the 37th
international conference on neural information processing systems. Curran
Associates, Inc.

Zhou, C., Liu, P., Xu, P., Iyer, S., Sun, J., Mao, Y., Ma, X., Efrat, A., Yu, P., Yu, L.,
Zhang, S., Ghosh, G., Lewis, M., Zettlemoyer, L., & Levy, O. (2023a). Lima:
Less is more for alignment. In Proceedings of the 37th international conference
on neural information processing systems. Curran Associates, Inc.

Zhou, D., Schärli, N., Hou, L., Wei, J., Scales, N., Wang, X., Schuurmans, D.,
Cui, C., Bousquet, O., Le, Q. V., & Chi, E. H. (2023b). Least-to-most
prompting enables complex reasoning in large language models. In
Proceedings of the eleventh international conference on learning
representations.

67



Appendix A

100 questions for RAGAS
evaluation

1. What are the fundamental components
integrated within the Hybrid Estima-
tion of Distribution Algorithm (HyEDA)
to optimize Code Division Multiple Ac-
cess (CDMA) cellular system design?

2. What practical considerations should
be taken into account when us-
ing Boosting Gaussian Mixture Mod-
els (GMMs) compared to traditional
GMMs in Estimation of Distribution Al-
gorithms (EDAs) for continuous opti-
mization, particularly regarding prior
knowledge requirements and computa-
tional time?

3. Under what conditions are Estima-
tion of Distribution Algorithms (EDAs)
suitable for solving the Quay Crane
Scheduling Problem (QCSP)?

4. How does performance compare be-
tween RM-MEDA and NSGA-III in ad-
dressing unconstrained many-objective
optimization problems?

5. How should developers implement the
improved Estimation of Distribution Al-
gorithm (EDA) based on the entropy cri-
terion to identify disturbance distribu-
tion in cascade control systems?

6. How should researchers evaluate the
performance of MaT-EDA compared to
other evolutionary multi-tasking opti-
mization algorithms, and what specific
metrics are most appropriate for as-
sessing the effectiveness of the optimal
correspondence assisted affine trans-
formation (OCAT) within MaT-EDA?

7. What are the fundamental principles
behind using Estimation of Distribution
Algorithms (EDAs) for identifying gene
sets that contribute to synapse forma-
tion?

8. What theoretical guarantees, such as
convergence bounds or sample com-
plexity, can be established for the Esti-
mation of Distribution Algorithm (EDA)
when used within the data-driven topol-
ogy design framework described, par-
ticularly considering the impact of the
deep generative model on the distribu-
tion of generated material distributions?

9. Under what conditions does premature
convergence occur in Estimation of Dis-
tribution Algorithms (EDAs), particu-
larly concerning the balance between
exploitation and exploration in relation
to selection pressure and the probability
model used for generating new popula-
tions?

10. How does performance compare be-
tween using Variable Neighborhood
Search (VNS) and Estimation of Dis-
tribution Algorithms (EDAs) separately
versus combining them in the protein
side chain placement problem?

11. How should developers structure
the probabilistic model in mutual-
information-maximizing input cluster-
ing (MIMIC) to effectively represent ex-
ponentially many optima, as observed
with the EquALBLOKSOneMax (EBOM)
test function?
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100 questions for RAGAS evaluation

12. How should researchers evaluate the
effectiveness of the proposed equality
constraint-handling technique when in-
tegrated with Estimation of Distribution
Algorithms (EDAs) for solving portfolio
replication problems, specifically focus-
ing on metrics beyond just solution fea-
sibility?

13. What are the fundamental princi-
ples behind Adaptive Resonance The-
ory (ART) as a learning paradigm alter-
native in Multi-Objective Optimization
Estimation of Distribution Algorithms
(MOEDAs)?

14. How can practitioners use the Uni-
variate Marginal Distribution Algorithm
(UMDA) within the Estimation of Distri-
bution Algorithm (EDA) framework to ef-
fectively incorporate human knowledge
into the procedural content generation
(PCG) process for digital video games?

15. What theoretical guarantees exist for
the convergence of NMIEDA (Estimation
of Distribution Algorithm based on nor-
malized mutual information) consider-
ing its dependency forest model and the
reward and punishment scheme in Self-
ish Gene?

16. How does performance compare be-
tween the Limited Memory CMA-ES
(LM-CMAES) and Real-Valued GOMEA
(RV-GOMEA) in a Gray-Box Optimiza-
tion setting where partial evaluations
are possible?

17. How should developers adapt Estima-
tion of Distribution Algorithms (EDAs)
employing a single Gaussian model to
dynamic environments, considering the
changing optima in problems like robot
routing in wireless sensor networks?

18. How should researchers evaluate the
performance of EH-PBIL and Mal-
lows model-based EDAs in the Fire-
fighter Problem, considering both so-
lution quality and computational effi-
ciency, compared to ACO, EA, and VNS?

19. What are the fundamental principles
behind incorporating non-domination
and elitism concepts into the marginal
histogram model within the Estimation
of Distribution Algorithm (EDA)?

20. How can practitioners apply the modi-
fied Probabilistic Rapidly-growing Ran-
dom Tree (PRRT)-Connect algorithm

within the Estimation of Distribution
Algorithm (EDA) framework for robotic
motion planning, and what considera-
tions are important when defining the
mutation step as searching outside the
current distribution area?

21. Under what conditions does adding ran-
dom noise to the probabilities of ran-
dom variables in Estimation of Distribu-
tion Programming (EDP) lead to a strong
bias towards smaller trees, and how
does the magnitude of noise affect this
bias?

22. How does performance compare be-
tween a Markov network-based EDA
and a Mallows model-based EDA when
applied to the electric vehicle charging
scheduling problem (EVCSP)?

23. How should developers structure the
carpooling probabilistic matrix within
the Estimation of Distribution Algo-
rithm (EDA) for the multi-carpooling
problem, considering its initiation and
iterative updates during the optimiza-
tion process?

24. How should researchers evaluate the
performance of the Improved Hy-
brid Differential Evolution-Estimation
of Distribution Algorithm (IHDE-EDA)
compared to standard Differential Evo-
lution (DE) and Estimation of Distri-
bution Algorithm (EDA) on Nonlinear
Programming (NLP) and Mixed-Integer
Nonlinear Programming (MINLP) prob-
lems, considering metrics for efficiency,
accuracy, and robustness?

25. What are the fundamental principles
behind using a joint Gaussian Bayesian
network in Estimation of Distribution
Algorithms for multi-objective optimiza-
tion?

26. How can practitioners implement
Population-Based Incremental Learn-
ing (PBIL) with a windowed pertur-
bation operator for critical node de-
tection in large networks, consider-
ing its space-efficient combinatorial
unranking-based problem representa-
tion?

27. How does performance compare be-
tween using a standard Estimation of
Distribution Algorithm (EDA) and an
improved EDA with a resampling mech-
anism for complex benchmark func-
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tions?

28. What distinguishes Probabilistic Model
Building Genetic Algorithm (PMBGA)
from Probabilistic Model Building Ge-
netic Programming (PMBGP) in terms of
individual representation and problem
applications?

29. How should developers implement the
weight learning process using the opti-
mized Estimation of Distribution Algo-
rithm (EDA) in the context of dynamic
Fuzzy Cognitive Maps?

30. How should researchers evaluate the
convergence and population distribu-
tion diversity of the Adaptive Evolution-
ary Multi-Objective Estimation of Dis-
tribution Algorithm (AEMO-EDA) when
applied to multi-UAV cooperative path
planning models, and what metrics
are suitable for assessing its global
convergence compared to other high-
dimensional multi-objective optimiza-
tion algorithms?

31. How can practitioners utilize the im-
proved Estimation of Distribution Algo-
rithm (EDA) described for Steiner tree
problems to optimize multicast routing
in communication networks, and what
considerations should be taken into ac-
count when initializing the population
of trees?

32. What practical considerations should
be taken into account when applying
the Covariance Matrix Adaption Evolu-
tion Strategy (CMA-ES) for parameter
optimization in biogeochemical models,
particularly when dealing with sparse
observational data and potential model
biases related to seasonal variability or
large-scale circulation?

33. How does the convergence rate of the
Estimation of Distribution Algorithm
(EDA) for the Channel Assignment Prob-
lem (CAP) compare to that of simulated
annealing, neural networks, and genetic
algorithms?

34. How does performance compare be-
tween the proposed EDA-based algo-
rithm and the best-known evolutionary-
based algorithm for optical WDM mesh
network survivability under Shared
Risk Link Group (SRLG) constraints?

35. How should developers implement the
Simulated Annealing (SA)-based local

search within the EDA-based Memetic
Algorithm (EDAMA) to balance explo-
ration and exploitation effectively?

36. How should researchers evaluate the
performance of the bus-embedded
Multi-objective Estimation of Distribu-
tion Algorithm (MEDA) in the context
of distributed generation planning, con-
sidering both solution efficiency and the
quality of the optimal Distributed Gen-
eration (DG) allocation scheme?

37. What are the fundamental differences
between using a permutation-based Ge-
netic Algorithm (GA) and an active list-
based Genetic Algorithm (GA) for solv-
ing the Resource-Constrained Project
Scheduling Problem (RCPSP)?

38. How can practitioners adjust the up-
date strength of the probabilistic model
in the Univariate Marginal Distribution
Algorithm (UMDA) when transitioning
from binary to multi-valued, categorical
variables with ’r’ different values to mit-
igate the effects of genetic drift?

39. What theoretical guarantees exist re-
garding convergence speed or solution
quality for the Dual-Model Estimation of
Distribution Algorithm (DM-EDA) com-
pared to standard EDA implementa-
tions, particularly in the context of the
agent routing problem?

40. What distinguishes Estimation of Dis-
tribution Algorithms (EDAs) from tra-
ditional Evolutionary Algorithms (EAs)
like Genetic Algorithms (GAs)?

41. How should developers implement the
stochastic clustering method (SCM) for
diversity preservation within a hybrid
estimation of distribution algorithm like
MOHEDA?

42. How should researchers evaluate the
performance of a Restricted Boltz-
mann Machine (RBM) based Estima-
tion of Distribution Algorithm (EDA) for
multi-objective optimization problems
(MOOPs), considering metrics relevant
to both the stability of the trained net-
work and the quality of solutions gener-
ated through probabilistic modeling?

43. What are the fundamental principles
behind Estimation of Distribution Al-
gorithms (EDAs) and how do they dif-
fer from traditional Genetic Algorithms
(GAs) in the context of multiobjective
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100 questions for RAGAS evaluation

optimization?

44. How can practitioners utilize the
matrix-cube-based probabilistic model
within the MCEDA algorithm to effec-
tively sample and explore the solution
space for distributed assembly permu-
tation flow-shop scheduling problems
(DAPFSP)?

45. What theoretical guarantees can be pro-
vided for the convergence of the Elitism
Estimation of Distribution Algorithm
(EEDA) when applied to optimizing PID
controller parameters for Unmanned
Surface Vehicle (USV) course-keeping,
especially considering the nonlinearities
inherent in the Nomoto model?

46. What distinguishes the EDA-based ex-
ploration phase from the local-search-
based exploitation phase within the
EDAMA algorithm?

47. How should developers structure the
sequence of modifications evolved by
the inner Evolutionary Algorithm (EA)
within the POEMS algorithm?

48. How should researchers evaluate the
performance of the multi-model estima-
tion of distribution algorithm (EDA) em-
ploying node histogram models (NHM)
and edge histogram models (EHM) when
applied to the agent routing problem in
multi-point dynamic task (ARP-MPDT)?

49. What are the fundamental differences
between traditional Genetic Algorithms
(GAs) and Estimation of Distribution Al-
gorithms (EDAs) in the context of fea-
ture subset selection?

50. What practical considerations should
be taken into account when implement-
ing the EDA-MEC (EDA based on Mul-
tivariate Elliptical Copulas) algorithm to
avoid premature convergence in contin-
uous numerical optimization problems?

51. What theoretical guarantees can be pro-
vided regarding the convergence and
rate of convergence of the Univari-
ate Marginal Distribution Algorithm
(UMDA) for parametric functions with
isolated global optima, and how are
these guarantees affected by the func-
tion parameters?

52. What distinguishes the performance of
Estimation of Distribution Algorithms
(EDAs) from majority-vote crossover
when optimizing Jump functions where

the global optimum is located within the
fitness gap?

53. How should developers implement the
probabilistic model in Restricted Boltz-
mann Machines (RBMs) within the con-
text of Estimation of Distribution Al-
gorithms (EDAs), specifically regarding
the trade-off between univariate, bivari-
ate, and multivariate modeling?

54. How should researchers evaluate the
performance of UMDAc, EMNAg, and
EEDA when combined with MAPS on
multimodal problems, considering both
convergence speed and solution stabil-
ity?

55. What are the fundamental principles
behind the Estimation of Distribution
Algorithm (EDA) within the ENSHA
framework for solving multi-objective
flexible job-shop scheduling problems?

56. How can practitioners apply Multi-
Objective Generative Deep network-
based Estimation of Distribution Al-
gorithm (MODEDA) to large-scale
multi-objective optimization problems
(LSMOP) in music composition, consid-
ering the challenges of high dimension-
ality and ensuring consistency between
Pareto sets?

57. Under what conditions does the Esti-
mation of Distribution Algorithm (EDA)
suffer from "premature convergence"
due to diversity loss, and how can
the probability model correction method
mitigate this issue in the context of
hardware/software partitioning?

58. What are the trade-offs between using a
compact Genetic Algorithm (cGA) versus
an algorithm that uses an actual pop-
ulation of candidate solutions for very
large-scale optimization problems?

59. How should developers implement the
migration operation in MP-EDA to ex-
change best individuals between the
subpopulation using the histogram
model and the subpopulation using the
Gaussian model?

60. How should researchers evaluate the
performance of the Estimation of Distri-
bution Algorithm (EDA) for Bragg wave-
length detection in Fiber Bragg Grat-
ing (FBG) sensor networks, specifi-
cally considering Root Mean Square Er-
ror (RMSE) compared to the maximum
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method?

61. What are the fundamental differences
between Ant Colony Optimization (ACO)
and Estimation of Distribution Algo-
rithms (EDAs) in the context of op-
timizing Boolean algebra-based safety-
critical systems?

62. How can practitioners implement the
EDA-GA hybrid scheduling algorithm,
combining an Estimation of Distribu-
tion Algorithm (EDA) and a Genetic Al-
gorithm (GA), to optimize task schedul-
ing in cloud computing environments?

63. How does the computational complexity
of the Edge Cover Scheduling Algorithm
(ECSA), which utilizes the Estimation of
Distribution Algorithm (EDA) and graph
random walk algorithm, compare to
that of traditional list scheduling algo-
rithms when applied to Directed Acyclic
Graph (DAG) scheduling in heteroge-
neous computing systems?

64. What distinguishes Estimation of Dis-
tribution Algorithms (EDAs) from Ge-
netic Algorithms (GAs) in the context of
evolutionary computation?

65. How should developers structure the
Estimation of Distribution Algorithm
(EDA) to effectively select a subset
of eigenvectors with significant dis-
criminative information in the full
space of the within-class scatter ma-
trix (Sw) when implementing EDA+Full-
space LDA?

66. How should researchers evaluate the
accuracy and length of braid sequences
generated by Estimation of Distribution
Algorithms (EDAs) for topological quan-
tum computing, relative to results ob-
tained via exhaustive search?

67. Why does the integration of trans-
fer learning within evolutionary algo-
rithms, such as NSGA-II, MOPSO, and
RM-MEDA, improve performance in dy-
namic multiobjective optimization prob-
lems?

68. How can practitioners use Voronoi di-
agrams within Estimation of Distribu-
tion Algorithms (EDAs) to improve the
balance between exploration and ex-
ploitation in multi-objective optimiza-
tion problems, and what are the key
considerations for implementing this
approach?

69. What theoretical guarantees exist re-
garding the convergence of the Pareto-
based Estimation of Distribution Al-
gorithm (PBEDA) when applied to
multi-objective multi-mode resource-
constrained project scheduling prob-
lems, specifically concerning the hy-
brid probability model’s ability to ac-
curately represent the solution space
and guide the search towards the true
Pareto front?

70. How does performance compare be-
tween using Support Vector Machines
(SVM) alone versus using a Wrap-
per Evolutionary Algorithm based on a
Gaussian Estimation of Distribution Al-
gorithm (EDA) to determine cardiac pa-
tient criticality?

71. How should developers represent the
set packing problem (SPP) within an
evolutionary algorithm-based hyper-
heuristic framework, specifically detail-
ing the data structures needed to rep-
resent the finite set of objects, subsets,
and packing?

72. How should researchers evaluate the ef-
fectiveness of the DSM clustering al-
gorithm for linkage learning in genetic
algorithms, specifically focusing on its
ability to detect building blocks (BBs)
and prevent BB disruption?

73. What are the fundamental qualities of
optimization problems that make meta-
heuristics, such as Genetic Algorithms
(GAs) and the Hopfield EDA, applicable
for finding near-optimal solutions?

74. How can practitioners utilize a con-
strained Boltzmann-based Estimation
of Distribution Algorithm (EDA) to op-
timize Heat-Integrated Distillation Col-
umn (HIDiC) designs, considering the
trade-off between energetic/economic
benefits and dynamic performance, es-
pecially for mixtures close to azeotropic
behavior?

75. Under what conditions does the natural
gradient technique, when used to up-
date parameters of a search distribu-
tion in an Estimation of Distribution Al-
gorithm (EDA) guided by the Kullback-
Leibler divergence between the multi-
variate Normal and the Boltzmann den-
sities, guarantee convergence to a global
optimum?
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100 questions for RAGAS evaluation

76. How does performance compare be-
tween Alopex-based Evolutionary Algo-
rithm (AEA) and Copula Estimation of
Distribution Algorithm (Copula EDA) in
terms of convergence speed and ability
to maintain population diversity?

77. How should developers implement the
Estimation of Distribution Algorithm
(EDA) to determine near-optimal in-
spection intervals for one-shot systems,
specifically regarding the representation
of solutions and the update of the prob-
ability model?

78. How should researchers evaluate the
convergence performance of the Regu-
larity Model Based Multi-objective Esti-
mation of Distribution Algorithm (RM-
MEDA) when comparing it to the tradi-
tional RM-MEDA?

79. How do theoretical underpinnings of
Gene-pool Optimal Mixing Evolutionary
Algorithm (GOMEA) enable it to scale ef-
fectively on discrete optimization prob-
lems?

80. How can practitioners apply the Estima-
tion of Distribution Algorithm (EDA) in
conjunction with a selection algorithm
to calibrate epidemiological models with
data uncertainty?

81. How does the computational complexity
of the Artificial Bee Colony (ABC) algo-
rithm compare to that of the Quantum-
Inspired Evolutionary Algorithm (QEA)
and Immune Quantum Evolutionary Al-
gorithm (IQEA) when applied to the
MAX-SAT problem?

82. How does performance compare be-
tween the Discrete Artificial Bee Colony
(DABC) algorithm and the Discrete Dif-
ferential Evolution (DDE) algorithm for
the permutation flowshop scheduling
problem?

83. How should developers represent the
probabilistic dependencies within the
Estimation of Distribution Algorithms
(EDAs) when applying them to the bidi-
mensional and tridimensional (2D and
3D) simplified protein folding problems?

84. What metrics are most appropriate for
evaluating the convergence speed, final
solution quality, and dimensional scal-
ability of the Mixed Uni-variate Estima-
tion of Distribution Algorithm (MUEDA)
when applied to large-scale global opti-

mization problems?

85. What are the fundamental objectives
of the Redundancy Allocation Problem
(RAP) in the context of system reliability,
and how does it aim to improve overall
system performance?

86. How can practitioners implement the
hybrid Particle Swarm Optimization and
Estimation of Distribution Algorithm
(PSO-EDA) to develop an optimal pre-
ventive maintenance (PM) strategy for
machines in a closed-loop production
line, considering the objective of maxi-
mizing system profit?

87. What theoretical guarantees exist re-
garding the convergence speed of the
Estimation of Distribution Algorithm
(EDA) when applied to Steelmaking
Continuous Casting (SCC) schedul-
ing problems, particularly concerning
the impact of encoding and decoding
schemes on convergence?

88. What distinguishes the Univariate
Marginal Distribution Algorithm (UM-
DAc) from the Estimation of Multivari-
ate Normal Density Algorithm (EMNAg)
in continuous EDAs?

89. How should developers implement the
restarting strategy in INSGA-II to main-
tain population diversity when solv-
ing lot-streaming flow shop scheduling
problems?

90. How should researchers evaluate the
performance of the Estimation of Dis-
tribution Algorithm (EDA) compared to
Genetic Algorithms (GAs) in the context
of inverse scattering problems for ob-
jects buried in layered media, specifi-
cally considering both speed and accu-
racy?

91. How do theoretical foundations of
Estimation of Distribution Algorithms
(EDAs) differ from traditional Genetic
Algorithms (GAs) in the context of multi-
objective optimization?

92. How can practitioners implement the
GEFeWS (Genetic & Evolutionary Fea-
ture Weighting and Selection - Machine
Learning) algorithm to evolve feature
masks (FMs) that generalize well to
unseen subjects in biometric systems,
considering the incorporation of cross-
validation?

93. How does the adaptive learning rate
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function in the IEDA (Improved Estima-
tion of Distribution Algorithm) balance
exploration and exploitation, and what
is the relationship between this function
and the number of iterations?

94. How should developers approach the
implementation of the Bayesian Op-
timization Algorithm (BOA) for non-
unique oligonucleotide probe selection,
specifically considering the integration
of state-of-the-art heuristics?

95. How should developers structure the
probability vector updates in UMDA
when optimizing the LeadingOnes
benchmark function to ensure efficient
convergence?

96. How should researchers evaluate the
performance of PMBGNPM compared to
conventional GNP and GNP-EDA when
applied to autonomous robot controller
design?

97. What are the fundamental properties
of Catmull-Rom cubic spline functions
that make them suitable for formulat-
ing probability models in the Spline-
based Estimation of Distribution Algo-
rithm (EDASQ)?

98. How can practitioners implement a
Fast Estimation of Distribution Algo-
rithm (FEDA) for feature selection to
reduce computational cost, specifically
addressing individual control strategy
and model management?

99. What theoretical guarantees, such as
convergence bounds or approximation
ratios, exist for the Learnable Evolu-
tion Model (LEM) compared to tradi-
tional Darwinian-type evolutionary al-
gorithms?

100. What distinguishes the Univari-
ate Marginal Distribution Algorithm
(UMDA) from traditional Evolutionary
Algorithms (EAs)?
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Appendix B

Sample expert questions: base
model vs agentic RAG

This appendix presents five expert-level questions on EDAs, along with the responses
generated by two systems: a parametric LLM and the EDA Research Assistant. Both
outputs are produced using the same underlying Gemini 2.0 Flash model.
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B.1. Q1: EDA Convergence foundations

B.1 Q1: EDA Convergence foundations

Question: On what mathematical foundations are the demonstrations of convergence
of the different EDAs based?

Base model answer

The mathematical foundations for EDA convergence proofs vary depending on
the algorithm’s complexity. Key approaches include:

• Markov Chain Analysis: Modeling the population as a Markov chain and
proving convergence to the global optimum, used in simpler EDAs like
UMDA.

• Dynamical Systems Theory: Analyzing parameter evolution (e.g., PBIL’s
probability vector) as a dynamical system.

• Information Geometry: For advanced EDAs like EGNA or CMA-ES, con-
vergence is shown via natural gradient ascent on expected fitness.

• Martingale Theory: Sometimes used to show convergence with probabil-
ity 1 under certain conditions.

EDA Research Assistant

Convergence proofs for EDAs rely on mathematical tools from:
• Probability Theory: EDAs are modeled using stochastic processes,

Markov chains, and convergence in probability.
• Real Analysis: Techniques like Fatou’s Lemma and Borel-Cantelli Lemma

support proofs of fitness convergence (Zhang & Mühlenbein, 2004; Jiang
et al., 2018).

• Statistics: Concepts like Kullback-Leibler divergence and Fisher’s theo-
rem help model quality and convergence dynamics.

• Optimization Theory: Proofs show that expected fitness or thresholds
(e.g., β(t)) monotonically approach the global optimum.

Key convergence formulations:
Proportional Selection:

p(x, t+ 1) =
p(x, t)f(x)

E(t)

Truncation Selection:

p(x, t+ 1) =

{
p(x,t)
α(t) if f(x) ≥ β(t)

0 otherwise

Theoretical guarantees are derived under assumptions like infinite population
sizes, with formal results by Zhang & Mühlenbein (2004) and Rastegar & Mey-
bodi (2005).
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Sample expert questions: base model vs agentic RAG

B.2 Q2: Factorization of joint probability distribution in
DEUM model

Question: What is special about the factorization of the joint probability distribution
in the DEUM model?

Base model answer

The special feature of the DEUM (Dependency-Univariate Marginal Distribu-
tion) model is its hybrid and adaptive factorization. Instead of modeling all
dependencies, DEUM partitions the variables into two sets: a set of indepen-
dent variables modeled with simple univariate marginal probabilities, and a set
of dependent variables whose joint distribution is learned empirically from the
selected data without further factorization. This partitioning is not fixed but
is determined dynamically in each generation based on statistical dependency
tests, offering a flexible trade-off between model complexity and accuracy.
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B.2. Q2: Factorization of joint probability distribution in DEUM model

EDA Research Assistant

The Distribution Estimation Using Markov networks (DEUM) algorithm employs
a unique approach to the factorization of the joint probability distribution by
using a Markov network to model the fitness function as an energy distribution
over the solution space (Brownlee et al., 2008).
Key aspects of the factorization in DEUM:
1. Markov Network: DEUM uses a Markov network (also known as a Markov
Random Field), which is an undirected graphical model, to represent the rela-
tionships between variables. This is in contrast to other EDAs like hBOA and
EBNA that use directed graphical models such as Bayesian networks (Brownlee
et al., 2008). 2. Gibbs Distribution: The joint probability distribution for the
Markov network is defined in terms of the Gibbs distribution:

p(x) =
f(x)∑
y f(y)

=
e−U(x)/T∑
y e

−U(y)/T

where U(x) is a sum of clique potential functions, f(x) is the fitness of an indi-
vidual x, and T is a temperature coefficient (Brownlee et al., 2008). 3. Energy
Function: The energy function U(x) fully specifies the joint probability distri-
bution and can be regarded as a probabilistic model of the fitness function.
Minimizing U(x) is equivalent to maximizing f(x) (Brownlee et al., 2008). The
relationship between the fitness of an individual and the energy function is
given by:

− ln(f(x)) = U(x)

4. Clique Potential Functions: The Markov network is viewed as a set of
cliques, where a clique is any fully connected subgraph of the graphical model.
The energy function U(x) is a sum of clique potential functions, each modeling
the neighborhood relationship between variables in a particular clique (Brown-
lee et al., 2008). 5. Univariate to Multivariate Interactions: Early versions of
DEUM used a univariate structure with one clique per variable. Later versions
introduced extra cliques for bivariate and trivariate interactions to model more
complex relationships (Brownlee et al., 2008). The energy function for each
individual can be expressed as:

U(x) =c+
c+∞∑
i=0

αixi +
c∑

i=0

c∑
j=0

αijxixj

+

c+∞∑
i=0

∞∑
j=i±∞

c∑
k=0

αijkxixjxk

where each α is a parameter associated with a clique on the Markov network,
c is a constant, n is the number of variables, and xi represents the value of
variable i (Brownlee et al., 2008).
In summary, the DEUM model uniquely factorizes the joint probability dis-
tribution by employing a Markov network and Gibbs distribution, where the
fitness function is modeled as an energy function derived from clique potential
functions representing variable interactions.
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Sample expert questions: base model vs agentic RAG

B.3 Q3: New individual generation in MIMIC

Question: How are new individuals generated in MIMIC?

Base model answer

In MIMIC (Mutual Information Maximizing Input Clustering), new individuals
are generated by sampling from a simple chain-structured probabilistic model.
The process is as follows:

1. First, the variables are ordered into a chain based on a greedy search that
maximizes the mutual information between adjacent variables.

2. The first variable in the chain is sampled from its learned marginal prob-
ability distribution.

3. Each subsequent variable in the chain is then sampled sequentially from
its conditional probability distribution, given the value of the variable that
precedes it in the chain.

4. This continues until all variables have been assigned a value, completing
the new individual.
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B.3. Q3: New individual generation in MIMIC

EDA Research Assistant

In MIMIC (Mutual-Information-Maximizing Input Clustering), new individuals
are generated based on a probabilistic model that is iteratively updated (Doerr
& Krejca, 2023). Here’s a breakdown:
Definition: MIMIC is a bivariate Estimation-of-Distribution Algorithm (EDA)
where the probabilistic model is represented as a directed path over n nodes,
each corresponding to a bit position in the problem.
Technical Details:

1. Probabilistic Model: The model uses a permutation π (over [n]) and an
n× 2 matrix of probabilities, P .

2. Sampling: Bit strings are sampled bit by bit according to the order defined
by π. For a position i ∈ [2..n] and a bit value b ∈ {0, 1}, Pπ(i),b represents the
probability of sampling a 1 at position π(i), given that the bit at position
π(i − 1) is b. For the first position π(1), the probability Pπ(1),0 = Pπ(1),1

denotes the probability of sampling a 1 without any prior condition.
3. Formula: The probability of generating a bit string x ∈ {0, 1}n is given by:

Pr[x = y] =
(
Pπ(1),0

)yπ(1) ·
(
1− Pπ(1),0

)1−yπ(1)

·
∏

i∈[2..n]:yπ(i)=0

(
1− Pπ(i),yπ(i−1)

)
·

∏
i∈[2..n]:yπ(i)=1

Pπ(i),yπ(i−1)

4. Algorithm Parameters: MIMIC uses two parameters: λ and µ (where λ ≥
µ). λ determines how many individuals are generated in each iteration,
while µ specifies how many individuals are selected.

5. Iterative Process:
• Initially, the model represents a uniform distribution.
• In each iteration, λ individuals are generated based on the current

probabilistic model.
• Then, µ individuals are selected using a selection mechanism, result-

ing in a multi-set S.
• A path is constructed greedily based on the entropy of the bit distri-

butions at different positions in S. The first node is chosen as the
position with the lowest entropy, and subsequent nodes are selected
based on the lowest conditional entropy given the previous node in
the path.

In summary: New individuals in MIMIC are generated probabilistically, with
probabilities derived from the selected individuals of the previous generation.
This process aims to create a model that reflects the distributions of pairs of
positions observed in the selected set S.
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B.4 Q4: Meaning of Parameter α in PBIL Algorithm

Question: What does the parameter α of the PBIL algorithm mean?

Base model answer

In the PBIL (Population-Based Incremental Learning) algorithm, the parameter
α is the learning rate. It controls how much the probability vector, which is
used to generate new solutions, is updated towards the best individual found
in the current generation. A high α value causes rapid adaptation towards new
best solutions, which can speed up convergence but risks getting trapped in
local optima. A low α value provides more ’memory’ of past solutions, making
the search more robust and exploratory but potentially slower.

EDA Research Assistant

The parameter α in the Population-Based Incremental Learning (PBIL) al-
gorithm represents the learning rate (Ventresca, 2012; Fyvie et al., 2023;
Wansasueb et al., 2022). It controls the degree to which the probability ma-
trix M is updated based on the best-found solution B*.
Mathematical Representation:
The update rule for the probability matrix M at iteration *t* is given by:

Mt = (1− α)Mt−1 + αB∗

where:
* Mt is the probability matrix at iteration *t*. * α is the learning rate, with
0 < α < 1. * Mt−1 is the probability matrix at the previous iteration. * B∗ is the
best solution found so far.
In simpler terms, α determines how much weight is given to the best solution
when updating the probability matrix. A higher α means the probability matrix
is more heavily influenced by the best solution, while a lower α results in a
slower, more gradual update (Ventresca, 2012).
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B.5. Q5: Individual selection and stopping procedures in EDAs

B.5 Q5: Individual selection and stopping procedures in
EDAs

Question: What individual selection procedures are used in EDAs and what are the
stopping procedures?

Base model answer

Selection Procedures: The most common method is truncation selection,
where the top T best-ranking individuals are chosen to build the model.
Other methods include tournament selection and, less commonly, fitness-
proportional or rank-based selection.
Stopping Procedures (Termination Criteria): Common criteria to stop an
EDA are:

1. Maximum number of generations or function evaluations: The most
widely used criterion.

2. Convergence of the model: Stopping when the parameters of the proba-
bilistic model stabilize (e.g., probabilities in PBIL are near 0 or 1).

3. Fitness stagnation: Halting when the best solution’s fitness has not im-
proved for a specified number of generations.

4. Reaching a target fitness value: Stopping once a known or desired solu-
tion quality is achieved.
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EDA Research Assistant

Estimation of Distribution Algorithms (EDAs) employ selection procedures to
identify promising solutions for building probabilistic models. Common indi-
vidual selection schemes used in EDAs are similar to those used in Genetic
Algorithms (GAs) (Santana et al., 2014).
Selection Procedures:

• Traditional Methods: EDAs often use selection schemes widely applied
in GAs (Santana et al., 2014).

• Customized Selection: Selection probabilities can be tailored for struc-
tural and parametric learning in probabilistic graphical models to improve
exploration and exploitation (Santana et al., 2014).

• k-Tournament Selection: A simple selection method is the 2-tournament
selection (Zhang & Mühlenbein, 2004).

Stopping Criteria:
The iterative process of EDAs continues until a defined stopping criterion is met
(Flores et al., 2007). Common stopping criteria include:

• Maximum Number of Generations: The algorithm stops after a specified
number of generations (Flores et al., 2007; Perez-Rodriguez & Hernandez-
Aguirre, 2017).

• Homogeneous Population: The algorithm stops when the population be-
comes too similar (Flores et al., 2007).

• No Improvement: Termination occurs if there is no improvement in the
solutions after a certain number of generations (Flores et al., 2007).

• Convergence: The algorithm stops when a common solution is obtained
a specified number of times (Wu & Huang, 2014).

• Time Limit: The algorithm stops if a specified time limit is reached (Wu
& Huang, 2014).

• Statistical Analysis: A statistical analysis of the current population is
performed to evaluate if the stopping condition is met (Santana et al.,
2010).
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