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Abstract 

Manufacturing simulation software enables engineers to model, analyse, and opti-

mise production systems using both structured and unstructured data. These plat-

forms support virtual representations of manufacturing processes, equipment, and 

workflows, relying on extensive libraries of simulation components to capture do-

main specific knowledge. In such environments, effective data management and 

retrieval are essential for informed decision making. 

This thesis investigates how ontologies and data structures affect the perfor-

mance of Large Language Models (LLMs) in data from manufacturing simulation 

software, focusing on Retrieval-Augmented Generation (RAG) systems. To inves-

tigate, three case studies were conducted. The first evaluated RAG systems using 

FAISS vector stores, comparing local and cloud based embedding models on pro-

prietary eCatalog data, and showed that schema rich, structured data and ad-

vanced prompt engineering significantly improved retrieval accuracy, with cloud-

based models outperforming local alternatives, especially for complex, implicit que-

ries. The second explored knowledge graph-based retrieval using Neo4j, assessing 

various retriever architectures, including hybrid approaches that combine vector, 

full-text, and graph traversal methods. It was found that knowledge graphs paired 

with hybrid retrieval strategies excel at handling context rich and relational queries. 

The third investigated LLM-powered agents interacting with a relational SQLite3 

database enhanced with full text and vector indexes, where integrating semantic 

search into traditional SQL querying substantially improved performance on se-

mantically complex queries, with more advanced agents delivering superior results 

at the cost of increased engineering complexity. 

Across all case studies, the experiments consistently revealed that the interplay 

between data structure, embedding model quality, and retrieval architecture is crit-

ical to the success of RAG systems in manufacturing simulation. The research con-

cludes that investing in robust data modelling, leveraging ontologies and knowledge 

graphs, and adopting hybrid retrieval strategies are essential for building effective, 

context-aware RAG solutions in this domain. These insights provide practical guid-

ance for researchers and practitioners seeking to deploy RAG applications in com-

plex engineering environments. 

Keywords  LLMs, RAG, Ontologies, Knowledge Graphs, Data Structures, Manu-

facturing Simulation 
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1 Introduction 

This chapter sets the stage for the thesis by outlining the motivation, context, 

and need of  developing RAG systems for  manufacturing simulation soft-

ware. It defines the research problem, objectives, and scope, providing the 

foundation for the subsequent chapters. 

 

1.1 Background 

Manufacturing simulation software, a subset of Computer-Aided Engineer-

ing (CAE) tools, enables virtual modelling and optimisation of production 

systems. Effective use of these tools requires significant user expertise, typi-

cally gained through a combination of formal training, documentation, and 

hands-on practice as depicted in Figure 1. Since the user of the tool is human, 

the queries that is asked during the use of  tool is often in natural language. 

However, the diversity of information sources and the reliance on human ex-

pertise often create bottlenecks in adoption and proficiency.  

   

 
Figure 1 How does a simulation software engineer gain skill in particular soft-

ware? 

 

To address these challenges, there is growing interest in developing intel-

ligent assistants conceptualized in Figure 2 capable of integrating infor-

mation from multiple sources and providing context-aware support.  
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Figure 2 Initial concept of smart assistant. 

 

Recent advances in LLMs have demonstrated the potential for natural lan-

guage interfaces in technical domains. However, standard LLMs are limited 

by their lack of access to proprietary or domain-specific data as illustrated in 

Figure 3. 

 

 

 
Figure 3 Overview on LLM models. 

 

RAG systems extend LLMs by enabling them to retrieve and incorporate 

external knowledge, thus improving the accuracy and relevance of their re-

sponses to the domain. However, the effectiveness of RAG is fundamentally 

dependent on the quality of the underlying data sources. This research inves-

tigates the impact of data structure and ontologies on the performance of 

RAG systems in manufacturing simulation, using Visual Components soft-

ware data as a case study.  

Visual Components is a windows-based manufacturing simulation soft-

ware widely used in industry for its extensive library of digital components 
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1.4 Scope 

This thesis focuses on the application of pre-trained LLMs in RAG systems, 

without fine-tuning the base models. The research centres on proprietary 

eCatalog metadata from Visual Components, represented in structured for-

mats such as JSON, RDF, knowledge graphs and relational tables. The study 

is experimental and comparative, employing both local and cloud-based LLM 

and embedding models, and systematically evaluating their performance 

across three distinct data storage paradigms: FAISS vector stores, Neo4j 

knowledge graphs, and SQLite3 relational databases. The evaluation frame-

work emphasises retrieval accuracy, context-awareness, and engineering 

trade-offs, with a particular focus on explicit versus implicit query handling. 

 

1.5 Thesis outline 

The remainder of this thesis is organised as follows: 

Chapter 2: Literature review 

This chapter reviews the relevant literature on manufacturing simulation 

software, data and knowledge structures in engineering, information re-

trieval models, semantic technologies, and the evolution of artificial intelli-

gence. It focuses particularly on LLMs and  RAG systems. 

Chapter 3: Research material and methods 

This chapter describes the research design, data sources, data preparation 

pipeline, and the experimental frameworks used to evaluate the impact of 

ontologies and data structures on RAG performance in manufacturing simu-

lation. 

Chapter 4: Results 

This chapter presents the results of the three case studies, comparing the ef-

fectiveness of different data structures and retrieval architectures, and ana-

lysing the performance of various RAG applications. 

Chapter 5: Discussion and conclusions 

This chapter interprets the results, discusses practical implications for man-

ufacturing simulation, answers the research questions, highlights academic 

and practical contributions, and outlines the limitations of the study and di-

rections for future research. 
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and problem solving. This can be explicit: easily articulated and 

shared or tacit: personal and harder to formalise (Nonaka Ikujiro and 

Hirotaka Takeuchi, 1995) . 

This progression is illustrated in Figure 4. 

 

  
Figure 4 How data transforms into knowledge? 

 

In practice, simulation software accelerates the transformation from raw 

data to actionable knowledge. For instance, raw sensor data (data) are pro-

cessed by simulation models to reveal system states (information), which en-

gineers then use to optimise processes (knowledge). The goal is to support 

informed decision making and operational excellence in manufacturing en-

vironments.  

Figure 5 illustrates how raw data is systematically transformed into ac-

tionable wisdom in 3D manufacturing simulation. The process begins with 

unprocessed data, such as CAD models, process parameters, sensor streams, 

and error logs. This data is organised into information: ready-made simula-

tion components, layout configurations, and process flow diagrams which 

provides meaningful insights into system operation. Knowledge is then gen-

erated through optimisation models, robot path planning, and bottleneck 

prediction tools, supporting informed decision-making. At the wisdom level, 

advanced applications like digital twin validation, OEE optimisation, and 

CAPEX scenario modelling guide strategic planning and operational excel-

lence. Key simulation metrics, such as OEE, energy consumption, and 

throughput rate, reflect the culmination of this hierarchy and highlight the 

importance of structured data processing for effective decision making in in-

dustrial environments. 



 

19 

 

 

 
Figure 5 Application of DIKW(Rowley, 2007) hierarchy in 3D manufacturing 

simulation. 

 

The transformation from data to information involves contextualising 

data, organising it into categories, performing calculations, correcting errors, 

and condensing it for clarity. Moving from information to knowledge is more 

complex, requiring integration with existing understanding, interpretation 

through conceptual frameworks, practical application, and continuous learn-

ing from outcomes. 

Understanding how these layers interact within simulation software is 

crucial for leveraging machine learning and artificial intelligence. The aim is 

to reduce the time and effort required to move from raw data to actionable 

wisdom, as depicted in Figure 6. 
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Figure 6 How ML/AI can abstract information extraction and knowledge cre-

ation? 

 

Knowledge in engineering exists in multiple forms, and it is important to 

appreciate both the types of knowledge and how they relate to users of man-

ufacturing simulation software. 

 

2.2.1 Knowledge types in engineering simulation and their user cor-

relation  

A comprehensive understanding of knowledge types is essential for develop-

ing and using simulation software in engineering, as in this domain, 

knowledge is not monolithic; rather, it encompasses several distinct yet in-

terrelated categories, each contributing uniquely to user proficiency and sys-

tem advancement as illustrated in Figure 7. 

Explicit knowledge includes documented facts and instructions, support-

ing onboarding and consistent tool use. Implicit knowledge arises from prac-

tical application, enabling users to interpret nuanced scenarios, while tacit 

knowledge is gained through personal experience and intuition. Procedural 

knowledge covers step-by-step processes and workflows, and declarative 

knowledge involves understanding theoretical principles. A posteriori 

knowledge is derived from empirical validation, ensuring models reflect real-

world behaviour, whereas a priori knowledge is based on logical reasoning 

and theory, guiding initial model setup.  

These types interact dynamically within simulation platforms and are em-

bodied by users at different expertise levels: novices rely on formal and foun-

dational knowledge, intermediates develop experiential knowledge, and ex-

perts leverage tacit and empirical insights for advanced decision-making.  
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Figure 7 Knowledge types and user progression in simulation software sys-

tems. 

 

Recognising these categories is crucial for designing AI assistants that 

support learning, knowledge transfer, and problem-solving in simulation en-

vironments, forming a foundation for research into knowledge representa-

tion and retrieval. 

 

2.3 Information retrieval and semantic technologies 

Information retrieval (IR) underpins the extraction of relevant data from 

large and complex datasets, a challenge central to modern engineering and 

simulation environments. This section reviews classical and contemporary 

IR models, as well as semantic technologies, to contextualise the technical 

landscape relevant to this research. 

 

2.3.1 Classical IR models 

The Boolean model, one of the earliest IR approaches, represents documents 

and queries as sets of terms and applies Boolean logic (AND, OR, NOT) to 

determine relevance. While simple, it does not support ranking by degree of 

relevance (Robertson and Jones, 1976). 

The vector space model (Salton et al., 1975) encodes documents and que-

ries as vectors in a multi-dimensional space, enabling partial matching and 

ranking based on similarity measures such as cosine similarity. 



 

22 

 

Probabilistic models estimate the likelihood that a document is relevant 

to a query, incorporating statistical measures such as term frequency(Rob-

ertson and Jones, 1976). 

Modern IR approaches, including PageRank (Brin and Page, 1998) and 

learning-to-rank algorithms (Joachims, 2002), leverage link analysis and 

user feedback to improve retrieval relevance. Recent advances in machine 

learning and deep learning have further enhanced IR performance by ena-

bling models to learn complex semantic patterns from large datasets 

(Bhaskar and Craswell, 2017). 

 

2.3.2 Semantic technologies in information retrieval 

Semantic technologies, such as ontologies, the Resource Description Frame-

work (RDF), and knowledge graphs, enable IR systems to capture and utilise 

the meaning and relationships within data. Ontologies formally define do-

main concepts and relationships, improving query understanding and re-

trieval precision (Guarino et al., 2009). RDF represents data as subject-pred-

icate-object triples, facilitating interoperability and integration across 

sources (Hitzler et al., 2010) Knowledge graphs provide a structured, inter-

connected representation of entities and their attributes, supporting ad-

vanced reasoning and context-aware retrieval (Hogan et al., 2022). 

The development of the web and information retrieval and organization 

techniques created abundance of data in the world. This helped acceleration 

of studying how machines can learn from the data and shorten the cycle of 

data to knowledge which bring us now in the age of artificial intelligence. 

 

2.4 Evolution of artificial intelligence 

The evolution of artificial intelligence is characterized by distinct 

developmental phases. There are three primary eras of AI development as 

illustrated in the provided timeline in Figure 8: the Machine Learning Era 

(Pre-2000s), the Deep Learning Era (2000s-2010s), and the Foundation 

Models Era (2020s-Present) (Bommasani et al., 2022). 

 

 







 

25 

 

responsible deployment essential for effective generative AI systems (Bom-

masani et al., 2022; Naveed et al., 2024). 

 

 
Figure 9 Generative AI technology stack. 

 

In this thesis, we are particularly interested in one type of foundation 

models called LLMs. 

 

2.4.2 LLMs 

LLMs are foundational models developed using deep learning techniques on 

massive, diverse text corpora. Their key innovation over previous natural lan-

guage processing approaches is the ability to understand and generate hu-

man-like text, enabling a wide range of applications in language understand-

ing, generation, and reasoning  (Bommasani et al., 2022) 

The public release of ChatGPT by OpenAI marked a pivotal moment, rap-

idly reaching 100 million users and catalysing substantial investment and re-

search activity. In 2024 alone, over 49,000 research papers were published 

on LLMs, reflecting the rapid growth and interest in this domain(Naveed et 

al., 2024). This thesis focuses on the use of pretrained LLMs, without 
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Technical specifications typically include dozens of transformer layers, thou-

sands of attention heads, and context lengths up to several thousand tokens. 

 

Advantages of  LLMs: 

LLMs have achieved human-level performance in a range of natural language 

understanding (NLU) and generation (NLG) tasks, surpassing previous 

benchmarks. Their general-purpose nature enables flexible application 

across domains, supporting context-aware and user-friendly solutions. For 

example, tools like GitHub Copilot facilitate code generation and assist both 

novice and expert users by automating routine tasks. 

 

Limiting factors in LLMs: 

 Computational challenges:  

LLMs incur significant costs, often amounting to millions of dollars. For in-

stance, retraining U-PaLM from PALM for 120 hours costs approximately 

$250,000 (Naveed et al., 2024). Inference is also resource-intensive; deploy-

ing gpt-3 with 175 billion parameters requires at least five 80GB A100 GPUs 

and 350GB of memory for FP16 format (Xiao et al., 2023). Most standard 

devices are not equipped for such workloads, necessitating specialised hard-

ware with high end NPUs, GPUs or reliance on cloud computing infrastruc-

ture. This creates additional challenges for desktop-based applications, 

which require robust connectivity for cloud resources or advanced local ar-

chitectures to exploit available CPU, GPU, or NPU capabilities. 

Limited Knowledge:  

LLMs are trained on large public datasets, but the specific training data is 

rarely disclosed. As a result, these models lack access to enterprise or propri-

etary information, and their knowledge does not update dynamically with 

new developments. To incorporate new information, retraining is required; 

for example, a model released in 2022 cannot answer questions about events 

or discoveries from 2025. The effectiveness of an LLM is fundamentally lim-

ited by the quality and scope of its training data. 

Reasoning and planning:  

LLMs are primarily designed for NLG and NLU, not for robust reasoning or 

planning. While some proprietary models like OpenAI´s o1 claim enhanced 

reasoning capabilities, these claims cannot be verified due to undisclosed ar-

chitectures. Although improvements have been observed in specific planning 

benchmarks like PLANBENCH, LLMs generally lack consistent and reliable 

reasoning and planning abilities (Valmeekam et al., 2024). 

Hallucinations, Safety and Controllability:  

LLMs can generate convincing but inaccurate or irrelevant outputs, a phe-

nomenon known as hallucination (Bang et al., 2023; Huang et al., 2023). Ad-

ditionally, these models may produce misleading or harmful content (Shaikh 

et al., 2023), raising concerns about safety and controllability in enterprise 

applications. Careful monitoring and robust control mechanisms are 







 

31 

 

methods, are increasingly adopted to leverage the strengths of both ap-

proaches (S. Zhao et al., 2024). Additionally, knowledge graph-based re-

trieval (Hogan et al., 2022)and named entity recognition (NER) (S. Zhao et 

al., 2024) can be integrated to support complex, multi-hop, and entity-cen-

tric queries. 

The generator component typically employs advanced neural architec-

tures. Transformer-based LLMs models like GPT, BERT, and their variants 

represent the most common choice for RAG generators (Brown et al., 2020; 

Devlin et al., 2019; Vaswani et al., 2017). Other architectures, including Long 

Short-Term Memory (LSTM) networks (Hochreiter and Schmidhuber, 1997), 

diffusion models, and Generative Adversarial Networks (GAN), may be uti-

lised depending on the specific requirements of the application, such as the 

need for sequential memory or multi-modal outputs (P. Zhao et al., 2024; S. 

Zhao et al., 2024). The choice of generator is determined by factors such as 

the desired output modality, computational resources, and quality expecta-

tions.  

 

2.5.2 Data types and management in RAG 

An effective RAG system must handle a variety of data types, each requiring 

specific processing strategies to optimise retrieval accuracy and system per-

formance. Data are mainly of two types structured and unstructured. 

Structured data follows standardised formats with well-defined schemas, 

such as JSON, XML, CSV, or SQL databases. These formats facilitate pro-

grammatic processing and querying, allowing direct transformation into nat-

ural language descriptions suitable for embedding and retrieval. 

Unstructured data, by contrast, is found in sources that lack a standard 

format, requiring specialised parsing and extraction techniques. Examples 

include PDF documents (which may require OCR or text extraction), plain 

text files, HTML web pages, DOCX files, and multimedia content such as im-

ages and videos, all of which require multi-modal processing approaches. 

Processing pipelines for unstructured data typically involve data gathering, 

extraction, cleaning, chunking, embedding generation, and storage in vector 

databases (S. Zhao et al., 2024). 

Chunking the process of dividing documents into smaller, retrievable seg-

ments is critical for RAG performance (Tanyildiz et al., 2024) . The choice of 

chunking strategy significantly impacts retrieval quality and downstream 

generation: 

Fixed-Size Chunking: Divides text into segments of predetermined size 

(e.g., 512 tokens). This approach is simple to implement but may break se-

mantic units; typically, some overlap is included between chunks to preserve 

context (Tanyildiz et al., 2024). 
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2.6.1 LLMs and RAG in manufacturing simulation 

Recent research highlights several applications of LLMs and RAG in manu-

facturing simulation: 

Requirements-driven factory layout planning: 

Tinsel et al., (2024) proposed using LLMs to automate the transformation of 

unstructured customer requirements into initial simulation model place-

holders. LLMs identify necessary processes and machines, estimate dimen-

sions, and generate simulation-ready outputs. Validation is enhanced by syn-

thetic expert systems trained with LLMs, which learn probabilistic correla-

tions between plant types, machines, and processes, improving both model 

generation and validation. 

Multi-agent systems for digital twin parametrisation: 

Xia et al., (2024) demonstrated that LLM-based multi-agent frameworks can 

automate complex parametrisation tasks in digital twin simulations. Special-

ised agents for observation, reasoning, decision-making, and summarisation 

enable dynamic interaction and reduce cognitive load for users. 

Manufacturing equipment selection:  

Werheid et al., (2024) investigated the use of LLMs combined with RAG to 

optimise equipment selection during ramp-up planning. Their factual-driven 

copilot integrates structured and semi-structured knowledge retrieval, 

providing guided, traceable recommendations. Industrial validation demon-

strates the system's capability to provide logical and actionable recommen-

dations for automation equipment, with evaluation showing that among 22 

equipment prompts analysed, 19 involved selecting correct equipment while 

considering most requirements, and 6 cases fully met all requirements. 

 

2.6.2 The role of ontologies in manufacturing simulation 

Ontologies are essential for maximising the effectiveness of LLM and RAG 

systems in manufacturing simulation, as they provide formal vocabularies 

and explicit relationships between domain concepts. This structure enables 

accurate information retrieval, semantic interoperability, and context-aware 

reasoning. In LLM-augmented simulation, ontologies help interpret complex 

queries, integrate heterogeneous data sources, and generate responses 

grounded in simulation semantics. For example, when selecting robot mod-

els for a palletising task, ontologies ensure retrieved options are compatible 

with task requirements.(Sapel et al., 2024). 

Recent applied research demonstrates the synergy between ontologies 

and RAG systems in engineering applications. For example, Yang et al., 

(2025) developed an ontology-driven framework for automotive assembly 

process knowledge exploration, where LLMs interpret user queries, perform 

semantic search, and provide answers grounded in a domain-specific ontol-

ogy. Their results show that integrating LLMs with ontological knowledge 

structures significantly improves the accuracy and relevance of information 
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foundational frameworks for comprehensive manufacturing system model-

ling. 

Reference ontologies-Knowledge repositories: 

Reference ontologies serve as comprehensive knowledge repositories, analo-

gous to textbooks in their scope and authority. In simulation, they facilitate 

the integration of simulation data with enterprise systems (e.g., MES, ERP), 

supporting end-to-end digital threads and traceability in simulation work-

flows. The Industrial Ontologies Foundry (IOF) Core ontology(Drobnjakovic 

et al., 2022) and the Manufacturing Reference Ontology (MRO)(Usman et 

al., 2013) exemplify this level, providing standardised vocabularies and 

frameworks for supply chain management, production planning, and manu-

facturing execution across diverse organisations.  

Domain ontologies-Specialised manufacturing frameworks: 

Domain ontologies capture essential concepts and relationships specific to 

manufacturing while maintaining broad applicability. In simulation, they 

model entities such as robots, conveyors, human operators, and collaborative 

tasks, enabling more realistic and interoperable simulation models. Exam-

ples include MASON (Manufacturing's Semantics Ontology)(Lemaignan et 

al., 2006), which models technological entities, assembly entities, machine 

resources, and manufacturing operations; SOHO (Sharework Ontology for 

Human-Robot Collaboration), which addresses collaborative manufactur-

ing(Umbrico et al., 2020); and the Factory of the Future (FoF) Ontol-

ogy(Schäfer et al., 2021), which supports autonomous manufacturing sys-

tems.  

Application ontologies-Task-specific implementations: 

Application ontologies are designed for specific tasks, activities, or processes 

within manufacturing domains. In simulation platforms, they encode task-

specific semantics for specialised processes (e.g., wire harness assembly, pre-

dictive maintenance), allowing simulation engineers to configure, validate, 

and optimise scenarios with domain-specific semantics. Examples include 

the Wire Harness Manufacturing Ontology(Nagy et al., 2021), Discrete Man-

ufacturing Ontology (DeMO)(Cheng et al., 2017), Manufacturing Predictive 

Maintenance Ontology (MPMO)(Cao et al., 2020), and the Extruder Ontol-

ogy (ExtruOnt)(Ramírez-Durán et al., 2020), each addressing specialised 

manufacturing processes while maintaining ontological rigour. 
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3 Research material and methods 

This chapter describes the research design and methodology used in the the-

sis. It details the data sources, preparation processes, and experimental 

frameworks developed to evaluate the impact of data structures on RAG per-

formance in manufacturing simulation. The chapter also introduces the 

question-answer (QA) dataset and the setup for the three main case studies. 

 

3.1 Research design 

This thesis employs a comparative experimental design to assess three RAG 

systems, vector store-based RAG, GraphRAG, and SQL agentic RAG, using 

proprietary data from Visual Components. Each system represents a distinct 

data architecture: vector stores, knowledge graphs, and relational databases. 

The experimental flow for each case is illustrated in Figure 15.  

 

 
Figure 15 Overview of three case studies generic flow. 

 

The Figure 15 shows three experimental patterns evaluated in this thesis. 

Pattern 1 Vector RAG: a retriever over a vector store supplies context to an 

LLM to produce an answer. Pattern 2 Graph RAG: the query is routed to a 

Neo4j knowledge graph; the LLM consumes context from Neo4j database to 

generate an answer. Pattern 3 SQL Agents: an LLM agent interacts with an 

SQLite database to pose queries and return answers. Outputs from all 
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patterns feed a common evaluation approach involving automated and hu-

man evaluation. 

Experiments are conducted using pre-trained LLMs without fine-tuning,  

and all systems are tested with consistent query sets, embedding models, and 

evaluation protocols.  

 

3.2 Data sources and preparation 

This study uses a multi-layered data preparation strategy to evaluate RAG 

systems in manufacturing simulation. The primary data source is the eCata-

log metadata of 3,452 predesigned components from Visual Components, 

stored in relational format and transformed into four representations to sup-

port different retrieval architectures: 

JSON: Structured data 

RDF: Resource description format 

SQLite3: Relational table with full-text and vector indexes 

Neo4j: Knowledge graph with full-text and vector indexes. 

To develop the experimental query dataset, a Microsoft Form survey was 

conducted among domain experts, collecting natural language queries typi-

cal for Visual Components software. These queries were categorised accord-

ing to the theoretical framework (see section 2.5.3 and demonstrated with 

examples below. 

Explicit Fact Queries: 

1) How many components are available? 

2) What new components have been added after the latest release? 

3) What are the most important components? 

These queries seek direct information from the dataset, such as counts, 

updates, or lists of key components.  

Implicit Fact Queries:  

1) Recommend collaborative robot models with a 5kg payload and at 

least 1 meter reach for assembly operations. 

2) Which AGVs have a payload of at least 100 kg and are the fastest? 

3) Which AGV models have the longest battery endurance? How long can 

they operate without recharging? How far can they travel without re-

charging? 

These queries require logical inference or combining multiple criteria, 

such as filtering models by payload, speed, or endurance. The system must 

synthesise information across different data fields to provide relevant recom-

mendations. 

Interpretable Rationale Queries:  

1) What components are needed to build a machine tending/intralogis-

tics/palletizing layout? 

2) Find a welding/palletizing/material handling robot with a specific 

reach and payload. 



 

42 

 

3) I want to model a visualization layout for an electronics manufactur-

ing concept including AGVs, robot arms, hu-man workstations, and 

automated storage systems. Recommend a set of 20 components to 

use. 

These queries demand domain-specific reasoning, requiring the system to 

understand application requirements and recommend suitable components 

or configurations based on context and user objectives. 

Hidden Rationale Queries: 

1) Why don't I see the latest models in Explorer? 

2) Why is the panel blank? What's wrong? 

3) How to model a specific type of component? 

These queries involve diagnostic or contextual understanding, such as 

troubleshooting visibility issues or guiding users through modelling pro-

cesses. The system must interpret underlying causes and provide rationale or 

step-by-step guidance. 

These real-world queries informed the development of the QA dataset 

used for benchmarking RAG system performance. 

 

3.2.1 QA dataset generation pipeline 

To ensure consistency and fairness across all retrieval experiments, a unified 

and high-quality question and answer (QA) dataset was developed using an 

automated, data-driven pipeline (see Figure 16). The primary goal was to 

eliminate human bias and generate diverse queries reflecting both factual 

and inferential information needs. 

 
Figure 16 Implicit and explicit QA dataset generator. 

 

The pipeline begins by converting the core item table from SQL to struc-

tured JSON, which is then processed by Azure AI services. Adaptive chunking 

segments the data along semantic boundaries (e.g., paragraphs) to preserve 
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context. The pipeline generates QA pairs using gpt-4o, applies prompt engi-

neering for a balanced mix of query types, and evaluates quality through both 

heuristic scoring and optional LLM-based cross-validation. Data augmenta-

tion (optional) introduces alternative phrasings, and deduplication (basic 

and semantic) ensures uniqueness. Post-processing includes dataset balance 

analysis and output formatting. 

To address quality, QA pairs were penalised for short or generic answers 

and hallucinated content, with only those above a set threshold retained. Se-

mantic deduplication used a Sentence Transformer model to remove concep-

tually duplicate questions, keeping the highest-quality variant. 

The final dataset comprised 4,140 QA pairs (3,260 explicit, 880 implicit), 

with an average question length of 10.8 words and answer length of 16.3 

words. Figure 17 shows a sample of the dataset structure, illustrating both 

explicit and implicit queries. 

 

 
Figure 17 Sample and structure of QA pairs. 

 

The dataset was manually reviewed for clarity and relevance, resulting in 

2,167 accepted pairs out of 4,053 reviewed. For benchmarking, subsets of 25, 

50, and 100 QA pairs per category were created as separate json files for each 

subset. These json structured QA dataset files  serve as a foundational re-

source for evaluating the three RAG system case studies described in section 

3.4. 

 

3.3 Common technological stack used  

Table 1 summarises the core technology stack used in this thesis. Python is 

the main programming language, managed in a virtual environment within 
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Website A URL to the manufacturer's or component's website. 

Email A contact email address for the manufacturer or author. 

 

Various LLM and embedding models were used, both locally and in the 

cloud, with key parameters summarised in Table 3. Local model selection was 

limited by laptop hardware, while cloud model selection depended on avail-

able top models at the time of experimentation. 

 

Table 3 Used LLMs and embedding models with basic info. 
Hosted 

Environ-

ment 

Model 

Type 

Model 

Name 

Archi-

tec-

ture 

Parame-

ters 

Context 

Length 

Embed-

ding 

Length 

Quan-

tiza-

tion 

Capabilities 

Local LLM 

Model 

llama3 llama 8.0B 8192 4096 Q4_0 Completion 

Local Embed-

ding 

Model 

bge-m3 bert 566.70M 8192 1024 F16 Embedding 

Cloud LLM 

Model 

 

 

gpt-4o GPT 16.4B 16,384 4096 - Multimodal (text, im-

age, audio)(Microsoft, 

2025a) 

Cloud Embed-

ding 

Model 

text-em-

bedding-

ada-002 

GPT-3 1.5B 8192 1536 - Text search, code 

search, sentence sim-

ilarity(Microsoft, 

2025b) 

Cloud Embed-

ding 

Model 

text-em-

bedding-

3-large 

GPT-3 1.5B 8192 3072  Text search, code 

search, sentence sim-

ilarity(Microsoft, 

2025c) 

 

3.4 Experimentation frameworks 

 This section describes the specific architectures and workflows for FAISS 

vector store-based RAG, GraphRAG with Neo4j, and agentic RAG with rela-

tional databases, detailing how each approach was implemented and as-

sessed. These frameworks are not merely theoretical; they are directly re-

flected in the actual python programs developed and executed as part of this 

thesis. 

 

3.4.1 FAISS vector store-based RAG 

This section presents the experimental framework designed to assess the per-

formance of RAG systems utilising FAISS vector stores, with data corpora 

formatted as either JSON or RDF. 

 

1) FAISS vector store-based RAG(JSON) 

The FAISS-based RAG system with a json corpus employs two coordinated 

pipelines: one transforms raw product data into dense and sparse retrieval 
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collections, annotates each instance, and consolidates them into a unified 

corpus. 

 

 
Figure 20 Data loading implementation python code snippet. 

 

b) Hybrid retriever initialization: 

Before query processing begins, the system constructs two retrieval indices 

from the document corpus. The hybrid retrieval mechanism combines BM25 

lexical retrieval with FAISS-based dense vector retrieval. A BM25 inverted 

index captures keyword statistics, while a FAISS vector index encodes se-

mantic representations. These operate in parallel and are unified through an 

ensemble retriever with configurable weights (e.g., BM25: 0.3, FAISS: 

0.7).The class shown in Figure 21  sets up the hybrid retrieval system, allow-

ing for flexible weighting between semantic and lexical search. 

 

 
Figure 21 Hybrid retrieval implementation python code snippet. 

 

c) Query processing and response generation: 

For each query, the system executes a multi-stage pipeline: 

Stage 1: Query Encoding: The input query undergoes dual encoding: (1) con-

verted to a dense embedding vector for FAISS semantic search, and (2) to-

kenized into keywords for BM25 lexical matching. The ensemble retriever 

processes both representations simultaneously shown in Figure 22. 

Stage 2: Document Retrieval: The ensemble retriever ranks candidate docu-

ments by combining BM25 keyword-based scores and FAISS semantic simi-

larity scores with configurable weights. 



 

49 

 

 
Figure 22 Ensemble retrieval process python code snippet. 

 

Stage 3: Context window management: Retrieved documents are accumu-

lated incrementally (Figure 23) while respecting the model's token limits. 

 

 
Figure 23 Document accumulation with token limits python code snippet. 

 

Stage 4: LLM generation: The formatted prompt (query + context) is sent to 

the language model to generate an answer. The function in Figure 24 re-

trieves relevant documents, constructs the prompt, and invokes the LLM to 

generate an answer. 

 

 
Figure 24 LLM invocation python code snippet. 

 

Stage 5: Post-processing: For evaluation purposes, retrieved documents are 

assessed for relevance and results are recorded. The loop in Figure 25 pro-

cesses each test query, evaluates document relevance, and stores results for 

further analysis. 
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Figure 25 Post processing loop python code snippet. 

 

d) Evaluation and results aggregation: 

The evaluation process computes a comprehensive suite of metrics span-

ning retrieval effectiveness and generation quality. Retrieval performance is 

quantified through precision at k (proportion of retrieved documents 

deemed relevant), recall at k (proportion of relevant documents successfully 

retrieved), F1-score (harmonic mean of precision and recall), and Mean Re-

ciprocal Rank (MRR, measuring the rank position of the first relevant docu-

ment). Generation quality is assessed via three complementary metrics: co-

sine similarity between the generated response and ground truth answer 

(with a threshold of 0.8 defining binary success), context relevancy (semantic 

alignment between query and retrieved documents), and faithfulness (degree 

to which the generated answer is grounded in the retrieved context). The im-

plementation shown in Figure 26 computes these metrics for each query in-

stance. 

 

 
Figure 26 Evaluation metrics python code snippet. 

 

Results are aggregated (Figure 27) by computing summary statistics for all 

queries, explicit queries, and implicit queries separately. Results are exported 

to Excel with multiple sheets: per-query results, summary metrics (success 

rate, precision, recall, F1, MRR), success distribution by query type, and run 

configuration (model, ensemble weights, retrieval parameters). 

 

 
Figure 27 Result aggregation python code snippet. 

 

e) Human feedback integration: 
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modular ETL pipeline (Figure 30) converts json eCatalog metadata into a 

standards-compliant RDF graph using a fixed ontology, with optional sub-

class extensions. The output is exported in multiple serialisation formats. 

 

 

 
Figure 30 JSON to RDF data ETL pipeline. 

 

BM25 and FAISS indexes are then constructed from the serialised RDF 

data, supporting both structured and Turtle formats for indexing. The overall 

RAG process, shown in Figure 31, mirrors the JSON-based pipeline but lev-

erages RDF as the initial input. 
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Figure 31 Overall architecture of FAISS vector store-based RAG starting 

data corpus as RDF serialized file. 

 

For embedding generation, documents are processed in two formats: 

Structured format: Each eCatalog entry is rendered as a flat, structured doc-

ument (Figure 32). 

Turtle format: Each entry is represented in pure Turtle syntax (Figure 33). 

 

 
Figure 32 Structured flat document format. 
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Figure 33 Snippet from flat turtle document structure. 

 

Two prompt templates were developed to match these formats as depicted in 

Figure 34. 

 

 
Figure 34 Schema based prompt template for both structured and turtle for-

mat documents embedded. 

 

This concise architecture enables systematic evaluation of RAG perfor-

mance using RDF data, supporting both semantic and lexical retrieval strat-

egies. 

 

3.4.2 GraphRAG with Neo4j 

The implementation of GraphRAG begins with the preparation of a local 

Neo4j database via a python-based ETL process. As illustrated in Figure 35, 
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data is migrated from an SQLite database by first loading configuration pa-

rameters (such as database paths and credentials) from a configuration file. 

The script extracts relevant fields (e.g., Name, VCID, Manufacturer, Tags) 

from the SQLite tables and establishes a connection to the Neo4j DBMS. 

A new Neo4j database is then created, followed by the definition of schema 

constraints and indexes for key nodes, including Item, Manufacturer, Type, 

Author, and Tag. Once the schema is established, the cleaned and validated 

data is imported, resulting in the creation of nodes and relationships that ac-

curately represent the underlying entities and their associations. This process 

concludes with a fully populated Neo4j graph database, ready for subsequent 

RAG experiments. 

 

 
Figure 35 Program flow of creating Neo4j database out of SQLite database. 

 

The schema of the Neo4j database is defined as in Figure 36: 

 
Figure 36 Schema of the database. 

 

The sample of the data can be visualized as knowledge graph in Neo4j 

browser as illustrated  in Figure 37. 
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Figure 38 Vector index creation workflow for Neo4j database. 

 

Full text search Index: 

In parallel, the full-text index creation process (Figure 39) employs an eight-

step methodology to support text-based search across the graph. After ini-

tialising the FullTextIndexManager and connecting to the database, the 

schema is analysed to identify node labels and string properties suitable for 

indexing. Existing indexes are checked to prevent duplication, followed by 

the creation of a comprehensive index spanning all node labels and text prop-

erties for universal search. Label-specific and property-specific indexes are 

then generated to optimise searches within node types and across key prop-

erties such as name, description, and email. Functionality is validated 

through test queries, and a summary report is produced documenting 

schema analysis, index creation, and test results. This architecture leverages 

Apache Lucene and the BM25 ranking algorithm, supporting rapid, flexible 

text search with Boolean operator support, and indexing over 3,500 nodes 

while maintaining compatibility with the graph structure. 
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Figure 39 Full-text index creation flow for Neo4j database. 

 

Graph RAG evaluation framework 

The evaluation of Graph RAG in Neo4j was conducted using the Neo4j Gra-

phRAG python package (Neo4j, 2025), which supports four distinct retriever 

types. 

The Text2CypherRetriever leverages large language models to translate 

natural language queries into executable Cypher queries for structured re-

trieval.  

The VectorRetriever performs semantic similarity search by converting 

queries into vector embeddings and searching against a Neo4j vector index. 

The HybridRetriever combines vector similarity with full-text search, in-

tegrating both semantic and lexical matching.  

The HybridCypherRetriever, the most advanced strategy, merges hybrid 

search (vector and full text) with custom graph traversal via Cypher queries. 

Table 4 summarises the features and prerequisites of each retriever, high-

lighting differences in search methods, index usage, graph traversal, and re-

lationship handling. 
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Figure 41 Microsoft SQL server to SQLite database. 

 

In addition to the migration, full-text search and vector indexes were cre-

ated using the FTS5 extension (SQLite, 2025a) and sqlite-vec package(Alex 

Garcia, 2025), respectively. The vector index creation process (Figure 42) fol-

lowed a nine-phase pipeline: environment validation, database backup, dy-

namic schema analysis, embedding strategy definition, batch embedding 

generation via Azure AI Foundry, virtual vector table creation, and functional 

testing. Semantic-rich fields were prioritised for embedding, and content 

templates were constructed for text concatenation. Embeddings were gener-

ated in batches and stored as node properties, enabling semantic search over 

structured data through cosine similarity matching. Validation checks en-

sured coverage and consistency, and the final system supported efficient hy-

brid SQL-vector queries for LLM-powered agents. 
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Figure 42 Overview of process flow of vector index creation in SQLite3 data-

base. 

 

This practical ETL implementation and index creation provided a robust 

foundation for developing and evaluating SQL agents. 
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4 Results 

This chapter presents the results of three experimental case studies designed: 

(1) FAISS Vector Store-Based RAG with JSON and RDF data, (2) Graph RAG 

with Neo4j, and (3) Agentic RAG with Relational Database (SQLite). For each 

case, we report quantitative performance metrics including cosine similarity, 

human evaluation, and response times across different retrieval strategies 

and model configurations. Figures and tables are provided throughout to il-

lustrate key findings and comparative analyses. 

 

4.1  Case study 1: FAISS vector store-based RAG 

This section presents the results obtained from vector store-based RAG for 
both the JSON and RDF approaches. 
 

4.1.1 FAISS vector store-based RAG (JSON) 

For the JSON data corpus, both local and cloud-hosted models were evalu-

ated. The local model helped in defining the structure of python scripts and 

testing them when the access to cloud models were being setup. 

Local model performance: 

The local model experiments used a hybrid retriever combining BM25 (lexi-

cal) and FAISS (vector) indexes, with parameters optimised via grid search 

and Bayesian optimisation. The following settings were fixed: BM25_K = 15, 

FAISS_K = 15, BM25_weight = 0.49, FAISS_weight = 0.51, TOP_K_FINAL 

= 10, SUCCESS_THRESHOLD = 0.80, and QA datasets of varying sizes. The 

LLM model was Llama3, and the embedding model was bge-m3. 

Generation Prompt:  

 
From the early evaluation runs for the parameters, the hybrid retrieval ap-

proach outperformed pure vector retrieval for local models. Precision, recall, 

and F1 scores were consistently high, so results focus on cosine similarity and 

human evaluation. 

As shown in Table 7, explicit queries consistently exhibit faster response 

times about 5.00 to 5.17 seconds regardless of set size, whereas implicit que-

ries take longer, between 6.48 and 6.69 seconds. This disparity reflects the 

greater reasoning demands of implicit queries, which typically require more 

computation and model inference steps. 

Answer the following question using ONLY the provided context. 

If the context is insufficient, reply: "I don't have enough information." 

Be concise. 

Retrieved Context: 

{context} 

Question: {question} 

 

Answer: 
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utilisation of nuanced data relationships, resulting in significant perfor-

mance gains. The minimal gap between automated and human evaluation 

further supports the robustness and consistency of the cloud-based ap-

proach. Overall, these findings highlight that model selection is critical for 

the success of RAG systems; large cloud-hosted models not only enhance ac-

curacy but also ensure consistent and reliable performance across diverse 

query types. 

Pure vector retrieval with data schema in the prompt: 

Refining the approach, a schema-aware prompt was introduced, providing 

explicit data field definitions(as defined in Table 2) and switching to pure 

vector retrieval (FAISS weight = 1, BM25 weight = 0). 

Schema-aware prompt: 

 
 

Table 9 summarises the performance of the schema-aware pure FAISS 

vector retrieval approach using cloud-based models for both explicit and im-

plicit query sets. Cosine and human success rates are extremely high across 

all sets, with explicit queries achieving 95-100% and implicit queries 98-

100%. The minimal gap between cosine and human evaluation indicates 

strong alignment between automated and human assessments, confirming 

the robustness of this approach. 

Average response times are competitive or superior to the hybrid retriever, 

especially for larger query sets, with improvements up to 17% for explicit 100 

and 11% for implicit 25. For smaller explicit sets, the hybrid retriever was 

marginally faster, but the difference was minimal. 

 

 

You are an expert assistant. The following are the data field descrip-

tions for the retrieved documents: 

 

{data_description} 

 

Given the user's question and the retrieved context, answer in a clear, 

concise, and complete sentence.  

If the context is insufficient, reply: "I don't have enough information." 

 

Question: {question} 

Retrieved context: 

{context} 

 

Answer: 
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Table 9 Schema-aware pure FAISS vector retrieval performance(cloud mod-

els). 

Query set  Cosine suc-

cess (%)  

Human suc-

cess (%) 

Difference 

(Human 

vs Cosine 

(%) 

Average 

response 

time(s) 

Response 

time improve-

ment(%) 

(vs Hybrid) 

Explicit 25 100%(25/25) 100%(25/25) 0 2.23 -3.2 

Explicit 50 96% (48/50) 96% (48/50) 0 1.76 14.1 

Explicit 100 95%(95/100) 93%(93/100) 2 1.55 17.1 

Implicit 25 100%(25/25) 100%(25/25) 0 3.29 11.3 

Implicit 50 98% (49/50) 98% (49/50) 0 3.95 7.7 

Implicit 100 99%(99/100) 99%(99/100) 0 3.63 -0.3 

 

Table 10 shows the improvement in success rates in percentage when us-

ing schema-aware pure FAISS retrieval compared to the hybrid retriever, for 

both cosine and human evaluation. For explicit queries, the improvement is 

most pronounced in the smallest set (12%) and remains positive across all 

sizes. For implicit queries, the gains are even more substantial in larger sets, 

reaching up to 16-17 percentage points for 100 queries. 

 

Table 10 Improvement in success rates (Pure FAISS vs Hybrid Retriever). 

Query set Cosine success improvement 

(%) 

Human success improve-

ment (%) 

Explicit 25 12 12 

Explicit 50 4 4 

Explicit 100 3 2 

Implicit 25 0 0 

Implicit 50 10 12 

Implicit 100 16 17 

 

Overall, the schema-aware pure vector retrieval approach demonstrated 

substantial gains in both accuracy and response time compared to the hybrid 

retriever, particularly for larger query sets and implicit queries. By providing 

explicit schema context in the prompt and relying solely on vector-based re-

trieval, the system achieved strong alignment between automated and hu-

man evaluation, as well as efficient performance. These findings highlight the 

importance of schema design and prompt engineering in maximising the ef-

fectiveness of RAG systems. 

A comparative analysis of the three retrieval strategies: local hybrid, cloud 

hybrid, and cloud vector with schema-aware prompting demonstrates a clear 

progression in both accuracy and efficiency. While the local hybrid approach 

was effective for explicit queries, it was less capable with complex, implicit 

queries and exhibited longer response times. Transitioning to the cloud hy-

brid model resulted in substantial gains in both accuracy and speed. The 

most significant improvement was observed with the cloud vector retrieval 
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implicit ones. Cosine similarity yields a slightly higher overall success rate 

(48%) compared to human feedback (46%). The close alignment between au-

tomated and human evaluation suggests the metric is reliable, though minor 

discrepancies remain, particularly for implicit queries. 

 

Table 13 Text2Cypher retriever performance. 

Query set  cosine success (%) Human success (%) 

Explicit 25 52% (13/25) 52%(13/25) 

Implicit 25 44% (11/25) 40% (10/25) 

Overall 48% (24/50) 46% (23/50) 

 

4.2.2 Results from the hybrid retriever case 

The Hybrid retriever, which combines vector and full-text search, demon-

strated a marked improvement over the Text2CypherRetriever, particularly 

for implicit queries. As shown in Table 14, cosine similarity and human feed-

back were perfectly aligned for implicit queries (both 84%), while for explicit 

queries, a 12% gap was observed (cosine: 72%, human: 60%). The overall 

agreement between cosine similarity (using a 0.8 threshold) and human 

feedback was 94%. 

 

Table 14 Hybrid vector retriever performance. 

Query set  Cosine success (%) Human success (%) 

Explicit 25 72% (18/25) 60%(15/25) 

Implicit 25 84% (21/25) 84% (21/25) 

Overall 78% (39/50) 72% (36/50) 

 

Key observations include: the Hybrid retriever outperformed the Text2Cy-

pherRetriever, especially for implicit queries; the gap between automated 

and human evaluation was reduced, though some discrepancy remained for 

explicit queries; and while robust, this approach did not yet match the best 

performance achieved with pure vector retrieval on FAISS. 

 

4.2.3 Result of hybrid cypher retriever 

The HybridCypherRetriever achieved the highest performance among all 

tested retrievers, with both cosine similarity and human feedback indicating 

a 96% success rate for explicit, implicit, and overall queries, and only one 

failure in each query type (see Table 15). This represents a 24% improvement 

over the standard HybridRetriever when using human evaluation as the 

benchmark. Key observations include near-perfect retrieval accuracy, full 

agreement between automated and human evaluation, and the demonstrated 

value of combining hybrid search with graph traversal for complex 

knowledge graph queries. 
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rates improved to 88% (explicit) and 92% (implicit), with corresponding co-

sine success rates of 92% and 100% (Table 19). The difference between cosine 

and human evaluation was 4% for explicit and 8% for implicit queries, re-

flecting better alignment and improved handling of complex queries. 

 

Table 19 Enhanced agent performance. 

Query set  Cosine success (%) Human success (%) 

Explicit 25 92% (23/25) 88%(22/25) 

Implicit 25 100% (25/25) 92% (23/25) 

 

4.3.3 Result of vector enhanced SQL agent 

The vector enhanced SQL agent prioritises vector-based semantic search, re-

quiring Azure embeddings and the sqlite-vec extension. As observed in Table 

20, it achieved the highest success rates: 100% cosine success for both query 

types, 88% human success for explicit, and 96% for implicit queries. This 

demonstrates the substantial value of vector embeddings for semantically 

complex queries. 

 

Table 20 Vector enhanced agent performance. 

Query set  Cosine success (%) Human Success (%) 

Explicit 25 100% (25/25) 88%(22/25) 

Implicit 25 100% (25/25) 96% (24/25) 

 

4.3.4 Overview of agentic interaction with relational database 

Table 21 summarises the comparative performance of the simple SQL agent, 

enhanced SQL agent, and vector enhanced SQL agent. There is a clear pro-

gression in both accuracy and efficiency from the simple SQL agent to the 

vector enhanced SQL agent, with vector embeddings notably improving im-

plicit query success rates by 20 percentage points. The enhanced SQL agent 

achieves the fastest execution time, while the vector enhanced agent balances 

high accuracy with slightly increased computational overhead. Agreement 

rates between cosine similarity and human evaluation improve as semantic 

capabilities increase, indicating better alignment with human judgement. 

Although engineering complexity rises with capability, the gains in answer 

quality and reliability justify the investment for production environments. 

Overall, augmenting SQL agents with semantic and vector-based retrieval 

substantially enhances their ability to handle complex, context-rich queries, 

with the vector enhanced SQL agent offering the highest accuracy and robust 

performance for implicit queries, making it the preferred choice for ad-

vanced, real-world applications. 
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RDF), underscoring the importance of robust data organisation and prompt 

engineering for effective RAG applications. 

 

4.4.2 Case study 2: GraphRAG with Neo4j 

The second case study evaluated RAG using a knowledge graph approach, 

modelling the eCatalog as a labelled property graph in Neo4J. Among the re-

triever architectures tested, the HybridCypherRetriever which combines vec-

tor search, full-text search, and graph traversal delivered the highest perfor-

mance, achieving a 96% success rate for both explicit and implicit queries 

and perfect agreement between automated and human evaluation. This ap-

proach excelled at handling complex, context rich queries by leveraging the 

relational structure of the knowledge graph. Simpler retrievers, such as pure 

vector or text to Cypher, were either faster but less context-aware, or more 

flexible but less reliable. The results also emphasised the importance of care-

ful schema and index design, as these factors directly influenced retrieval 

quality and responsiveness. Overall, knowledge graphs paired with advanced 

hybrid retrieval architectures proved particularly effective for domains where 

relational and contextual information is paramount. 

 

4.4.3 Case study 3: Agentic RAG with SQLite3 database 

The third case study focused on LLM-powered agents interacting with a re-

lational SQLite3 database enhanced with full-text and vector indexes. Three 

agent types were compared: simple SQL agent, enhanced SQL agent (with 

semantic search), and vector enhanced SQL agent (prioritising vector simi-

larity search). The results revealed a clear progression: the simple SQL agent 

performed adequately for explicit, fact-based queries but struggled with im-

plicit queries requiring deeper semantic understanding. The enhanced SQL 

agent improved performance, especially for implicit queries, while the vector 

enhanced SQL Agent achieved the highest success rates for implicit queries 

(up to 96%) and the highest agreement with human evaluation. These find-

ings underscore the value of integrating vector-based semantic search into 

traditional relational querying, especially for complex, natural language que-

ries. However, they also highlight the trade-off between engineering com-

plexity and retrieval quality, with more advanced agents requiring greater 

development effort but delivering superior results. 
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Conduct comprehensive studies on the computational, financial, and 

environmental costs of deploying advanced RAG systems at scale, in-

cluding strategies for optimising resource usage and ensuring sustain-

able AI adoption in manufacturing. 

 

4) User-centred design and human-in-the-loop systems: 

Incorporate direct user feedback, participatory design, and human-in-

the-loop evaluation to better understand the practical needs, trust fac-

tors, and usability challenges faced by engineers and simulation prac-

titioners. 

 

5) Dynamic knowledge integration and real-time data: 

Explore architectures that can dynamically integrate real-time data 

streams, sensor inputs, and evolving knowledge bases, enabling LLM-

powered systems to support adaptive decision-making and continu-

ous improvement in manufacturing simulation. 

 

6) Multilingual and cross-domain evaluation: 

Extend the evaluation to include multi-lingual datasets, cross-domain 

scenarios, and more diverse query types, to assess the robustness and 

adaptability of RAG architectures in global and heterogeneous indus-

trial contexts. 
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AI Tools used during thesis  

For the transparency purposes, author of the thesis declared the use of fol-

lowing AI Tools during the thesis: 

Microsoft Copilot: Editing the word document and written text. 

GitHub Copilot: Assistant for writing python codes required. 

Perplexity: Domain understanding for new topic to author using deep re-

search capabilities. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
















