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Abstract

The rapid advancement of Large Language Models (LLMs) has introduced new opportu-
nities in software and hardware development, particularly in assisting engineers with test
case creation and automation. This thesis explores the application of LLMs in the automo-
tive testing domain, focusing on the development and deployment of an AI-based assistant
for test case generation. By leveraging fine-tuning and Retrieval-Augmented Generation
(RAG), the proposed solution aims to enhance both the e�ciency and semantic accuracy
of test development workflows.

The study begins with a comprehensive analysis of existing LLM architectures and adap-
tation methods to identify the most e↵ective strategies for domain-specific tasks. Based on
these insights, an AI-driven module is designed and implemented to support the require-
ments of automotive testing at Volvo. The system features a structured data processing
pipeline and employs vector databases to encode semantic representations of test artifacts,
enabling context-aware retrieval and generation.

To evaluate the proposed approach, this work investigates several fine-tuning techniques
for embedding models using a curated dataset derived from real-world requirements and
test sequences. A comparative analysis of state-of-the-art open-source models demon-
strates that embedding performance is highly sensitive to model selection, fine-tuning
strategy, and data quality. These findings contribute to the emerging field of AI-assisted
engineering by o↵ering practical guidance on the deployment of LLMs in complex indus-
trial environments.
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Abstrakt

Die rasante Entwicklung großer Sprachmodelle (Large Language Models, LLMs) erö↵net
neue Möglichkeiten in der Software- und Hardwareentwicklung, insbesondere zur Unter-
stützung von Ingenieur:innen bei der Erstellung und Automatisierung von Testfällen. Die-
se Masterarbeit untersucht den Einsatz von LLMs im automobilen Testumfeld mit Fokus
auf die Entwicklung und Implementierung eines KI-basierten Assistenten zur Generie-
rung von Testfällen. Durch die Kombination von Fine-Tuning-Methoden und Retrieval-
Augmented Generation (RAG) zielt die vorgeschlagene Lösung darauf ab, sowohl die
E�zienz als auch die semantische Genauigkeit innerhalb von Testentwicklungsprozessen
zu verbessern.

Die Arbeit beginnt mit einer umfassenden Analyse bestehender LLM-Architekturen und
Anpassungsstrategien, um geeignete Methoden für domänenspezifische Aufgaben zu iden-
tifizieren. Aufbauend auf diesen Erkenntnissen wird ein KI-gestütztes System entworfen
und implementiert, das auf die Anforderungen von automobilen Testprozessen bei Vol-
vo zugeschnitten ist. Das System integriert eine strukturierte Datenakquisitionspipeline
und verwendet Vektordatenbanken zur semantischen Repräsentation von Testartefakten,
wodurch eine kontextbezogene Generierung und Wiederverwendung ermöglicht wird.

Zur Bewertung des Ansatzes werden verschiedene Fine-Tuning-Strategien für Einbet-
tungsmodelle anhand eines kuratierten Datensatzes aus realen Anforderungen und Testse-
quenzen untersucht. Ein Vergleich aktueller Open-Source-Modelle zeigt, dass die Leistung
semantischer Einbettungen stark von der Modellwahl, der gewählten Anpassungsmethode
und der Qualität der Trainingsdaten abhängt. Die Ergebnisse leisten einen Beitrag zum
wachsenden Forschungsfeld der KI-gestützten Ingenieurwissenschaften, indem sie praxis-
relevante Erkenntnisse zur Nutzung von LLMs in komplexen industriellen Umgebungen
liefern.
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Chapter 1

Introduction

Large Language Models (LLMs) have rapidly advanced in recent years and are beginning
to shape how software testing is performed across industries. In particular, the automotive
domain which is characterized by safety-critical systems and increasingly complex vali-
dation requirements which has unique challenges that traditional testing methodologies
struggle to address. While manual testing provides domain expertise and flexibility, it
is inherently time-consuming and error-prone. Automation o↵ers improvements in speed
and repeatability, but it still demands significant human oversight and su↵ers from limi-
tations in adaptability and knowledge management.

This thesis explores the application of LLMs to support automotive test development
by designing a specialized assistant capable of both test case generation and interactive
dialogue. Although general-purpose LLMs such as GPT-4 have demonstrated strong
performance across a wide range of natural language processing tasks, their e↵ectiveness
within the automotive domain remains limited. Initial experiments conducted during this
study indicate that these models often produce inaccurate or irrelevant outputs when
applied to tasks that require domain-specific precision.

The primary challenge arises from the technical complexity of automotive testing. Many
procedures rely on the use of Controller Area Network (CAN) signals, which are struc-
tured messages exchanged among electronic control units within a vehicle. These signals
contain diagnostic and control information and require detailed understanding of message
identifiers, signal encoding, and timing specifications. In addition, test cases are often
implemented in a specialized scripting language known as Communication Access Pro-
gramming Language (CAPL), which is commonly used for simulating, monitoring, and
controlling communication in vehicle networks. Automotive testing is also frequently con-
ducted in HIL environments. These setups allow engineers to validate embedded control
software by connecting it to real-time simulations of physical vehicle components, without
the need for an actual car.

Publicly available models and datasets typically do not cover such domain-specific ele-
ments. Relevant artifacts, including CAN signal definitions, mappings between require-
ments and test cases, and diagnostic scripts, are usually stored in internal company tools or

1



2 CHAPTER 1. INTRODUCTION

customized development environments. As a result, the direct use of pre-trained general-
purpose models is insu�cient for real-world deployment in this context. This motivates
the development of a tailored approach that integrates proprietary engineering knowledge
while addressing concerns related to scalability, interpretability, and deployment feasibil-
ity.

Given this gap, the present work proposes the development of a domain-adapted LLM-
based agent for testing generation, enhanced through fine-tuning and Retrieval Aug-
mented Generation(RAG). The research also includes a structured approach to data ac-
quisition and curation, tailored to the needs of internal system integration at industry.
This e↵ort establishes the foundation for a sustainable data pipeline that supports both
ongoing fine-tuning and future research initiatives within the organization.

1.1 Motivation

In the course of development and validation at the company, testing workflows initially
relied on manual execution, which, although flexible, consumed significant resources and
remained susceptible to human error. The adoption of automated testing improved re-
peatability but introduced new challenges, such as the need for extensive scripting, manual
dataset preparation, and maintenance of testing infrastructure.

These limitations motivated the integration of AI, particularly LLMs, into the automotive
testing workflow. The objective was not only to automate routine processes using AI but
also to enable intelligent interaction with test engineers, supporting both repetitive tasks
and exploratory testing activities.

However, experimentation with general-purpose LLMs like GPT-4 revealed insu�cient
domain-specific knowledge for specialized testing tasks. Queries involving CAN signals,
diagnostic routines, or CAPL-based execution sequences often returned generic or inac-
curate responses. An extensive review of resources such as Hugging Face, GitHub, and
academic publications yielded no suitable pretrained models.

In addition, the scarcity of structured and annotated automotive test datasets—especially
those related to CAN communication, diagnostics, and in-vehicle architectures—presents a
major obstacle to fine-tuning e↵orts. These challenges underscore the need for a dedicated
automotive-specific LLM and a reusable open dataset to facilitate progress in this field.

1.2 Description of Work

To address the aforementioned challenges, this thesis presents the design, implementa-
tion, and evaluation of an AI-based assistant tailored for interactive support in automo-
tive testing environments. Rather than focusing solely on automatic test case generation,
the assistant incorporates RAG techniques to provide engineers with contextualized ac-
cess to requirement and test sequence information. The contributions of this work are
summarized as follows:
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• An in-depth literature review was conducted on LLM adaptation techniques, in-
cluding supervised fine-tuning, unsupervised pretraining, and RAG, with a focus on
their applicability to the automotive testing domain.

• Amodular, AI-powered architecture was designed, integrating fine-tuned LLMs with
a vector store backend to enable semantic test case retrieval and CAN signal meta-
data lookup via structured tool interfaces.

• A hybrid dataset was constructed by combining publicly available programming
examples—sourced from platforms such as GitHub and Stack Overflow—with in-
ternally extracted testing specifications, CAPL code snippets, and CAN signal def-
initions. All data sources were thoroughly filtered, cleaned, and reformatted to
ensure compatibility with LLM input formats. The dataset creation and definition
methodology was systematically validated to support downstream tasks.

• A RAG mechanism was introduced into the automotive testing workflow from the
ground up. This includes strategies for automotive-domain data collection, a long-
term architecture for sustainable dataset evolution, and a reusable agent-tool inter-
action framework supporting future extensions.

• Common causes of hallucination in LLM-based agents within this domain were iden-
tified and countermeasures investigated, including embedding model enhancement
and query reformulation strategies.

• An empirical evaluation was performed using multiple state-of-the-art embedding
models on real test queries, comparing scoring metrics such as cosine similarity,
token overlap, and embedding distance quality in the context of test case retrieval.

• The performance impact of scaling the LLM decoder component was investigated
while keeping the embedding model fixed. This analysis assessed whether increased
model capacity yields measurable gains in response quality within a RAG pipeline
under domain-specific constraints.

• A method was developed to synthetically augment missing training data in scenar-
ios where ground-truth annotations were unavailable. This approach enabled the
generation of valid training triples (anchor, positive, negative) by prompting the
LLM to infer plausible pairs based on domain knowledge and semantic similarity,
thereby supporting robust embedding training despite incomplete datasets.

1.3 Thesis Outline

The remainder of this thesis is organized as follows:

• Chapter 2 – Background introduces the foundational concepts behind LLMs, fine-
tuning, RAG, and their relevance to automotive testing.
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• Chapter 3 – Related Work reviews academic and industrial e↵orts in AI-assisted
test generation, domain-specific LLMs, and open-source tooling in the automotive
context.

• Chapter 4 – Architecture presents the high-level system design of the proposed
solution, outlining key components and their interactions in a technology-agnostic
manner.

• Chapter 5 – Design and Implementation details the practical aspects of the system,
including data collection, preprocessing, model training, and vector search pipeline
construction.

• Chapter 6 – Evaluation reports on experiments conducted using real HIL configu-
rations, including metrics such as retrieval accuracy and user satisfaction.

• Chapter 7 – Summary and Conclusions summarizes the research contributions,
reflects on limitations, and discusses opportunities for future work such as dataset
expansion, multilingual support, and cross-OEM adaptation.



Chapter 2

Background

The development of intelligent assistants for automotive testing requires a deep under-
standing of both domain-specific engineering practices and the capabilities of modern AI
systems. This chapter outlines essential background concepts by reviewing key topics in
software and hardware testing, presenting core technologies such as LLMs, and discussing
their integration within industrial workflows.

It begins with an overview of software testing principles, with particular focus on au-
tomation and model-based approaches. The chapter then introduces HIL testing, a widely
adopted methodology in automotive systems that enables real-time simulation of dynamic
behavior with physical ECUs. Supporting technologies such as CAN and CAPL are also
discussed, as they form the foundation of many vehicle-level test environments.

Building on this, the chapter surveys recent advances in LLMs and their application to en-
gineering tasks. Two main strategies for domain adaptation are introduced: RAG, which
enables dynamic access to external knowledge sources, and fine-tuning, which modifies
model weights using proprietary data. Their roles are analyzed in the context of evolving,
safety-critical testing environments.

Beyond adaptation techniques, the chapter also addresses practical system-level consider-
ations, including hallucination risks, tool orchestration via MCP, and secure integration of
private data. These aspects are critical for deploying LLM-based systems that maintain
traceability, explainability, and robustness under real-world constraints.

By synthesizing insights from testing theory, ML infrastructure, and modern software
architecture, this chapter provides a comprehensive foundation for understanding how
LLMs can be e↵ectively applied in automated test development scenarios.

5



6 CHAPTER 2. BACKGROUND

2.1 Domain Context: Automotive and Software Testing

2.1.1 Software Testing

Software testing is a critical component of the software development lifecycle, aimed at
evaluating the functionality, correctness, and robustness of a software system under de-
velopment. It ensures that the software behaves as intended under various conditions
and meets specified requirements before release. Testing helps identify bugs, performance
bottlenecks, security vulnerabilities, and usability issues, thereby improving the quality
and reliability of software systems [1], [2].

In modern software engineering, testing is often categorized into several levels, including
unit testing, integration testing, system testing, and acceptance testing [3]. Each level
addresses distinct concerns, from verifying small components in isolation to validating
system-level behavior against business requirements.

In addition to these testing levels, testing methodologies are commonly divided into man-
ual and automated approaches. While manual testing provides flexibility and context-
awareness, it is labor-intensive and prone to human error. Automated testing, on the
other hand, leverages scripts and frameworks to increase speed, consistency, and cover-
age [4].

However, designing e↵ective tests remains a non-trivial challenge. As Whittaker notes,
testing is di�cult because it often lacks a formal oracle and must reason about an infinite
number of program behaviors under varying inputs and system states [5].

In recent years, model-based testing (MBT) has gained traction, enabling test case gen-
eration from formal specifications or system models. MBT can reduce manual e↵ort and
increase traceability, especially in large systems [6].

Furthermore, artificial intelligence (AI) and machine learning (ML) techniques are in-
creasingly being incorporated into testing processes. AI can assist in automated test case
generation, bug detection, and test suite optimization [7]. This trend is especially relevant
in the context of rapidly evolving software systems and limiteds test resources.

Search-based software testing (SBST), a subfield of search-based software engineering,
applies evolutionary algorithms and other heuristics to optimize test cases against various
objectives, such as coverage, fault detection, or performance thresholds [8].

Overall, software testing continues to evolve from manual and heuristic practices toward
more automated, formalized, and AI-supported workflows.

2.1.2 HIL Testing

HIL testing refers to a test methodology in which actual hardware is part of the testing pro-
cess, primarily utilized in the automotive industry. HIL test benches are indispensable for
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evaluating various controllers in modern vehicles, ensuring they function correctly along-
side sensors before being deployed in real vehicles. On an HIL test bench, it is possible to
simulate a wide range of conditions—such as steering wheel position, on-screen operations,
wheel speeds (active, passive, or intelligent), and di↵erent sensor states—thereby enabling
comprehensive validation of both controllers and sensors in a controlled environment [9].

Typically, conducting on-site inspections of physical vehicle behavior is both costly and
time-intensive, and only a limited set of scenarios can be authorized for testing. In con-
trast, simulated testing of vehicle control using installed sensors and a comprehensive
environment provides a more practical and cost-e↵ective alternative [10]. HIL systems al-
low developers to conduct fault injection, regression testing, and boundary testing under
repeatable conditions, improving test coverage and system reliability [11].

A standard HIL setup consists of a real-time simulation platform (often powered by tools
such as dSPACE or NI VeriStand), the device under test (DUT), signal conditioning
hardware, and a software interface for test orchestration [12]. These platforms ensure
deterministic execution and closed-loop feedback between the virtual environment and
physical components, which is especially crucial in embedded automotive systems with
strict real-time requirements

The CAN bus was developed by Germany’s Bosch in the 1980s as a serial data commu-
nication protocol designed to handle data exchange among numerous control and testing
devices in modern automobiles. Widely adopted in electric vehicle control systems, CAN
is supported by CANoe which is a practical and powerful system design and analysis tool
developed by Germany’s Vector. Through Vector’s CAN bus interface hardware, CANoe
provides a link between the virtual and physical bus environments [13].

By using CANoe, it is possible to realize completely virtual, all-digital simulations of bus
applications, as well as semi-physical simulations that combine physical and virtual nodes.
Additionally, it enables real-time monitoring of communication on a physical bus. CANoe
supports the entire lifecycle of bus development—from initial design and simulation to final
testing and analysis—o↵ering a seamless integration of network design, simulation, and
testing [14].

In recent years, HIL testing has become especially critical for automotive developing,
where the complexity of environment perception, decision-making, and actuation layers
demands scalable, high-fidelity validation frameworks [15]. HIL can be combined with
sensor simulation (LiDAR, radar, camera emulation etc.) and tra�c scenario engines to
provide realistic, interactive environments for safety-critical components.

Moreover, standardized test frameworks such as AUTOSAR are often validated through
HIL systems to ensure compliance and integration across vendors [16]. Overall, HIL is not
only a bridge between virtual and physical validation but also an enabler of early-stage
system integration and continuous delivery in model-based development.
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2.1.3 CAN, CAPL, and Test Infrastructure

Modern automotive validation workflows are tightly coupled with network communication
protocols, scripting environments, and test orchestration platforms. Among these, CAN
[17] , CAPL [18], and specialized test infrastructure play foundational roles in enabling
robust, scalable, and reproducible test procedures.

CAN serves as the primary communication backbone in embedded automotive systems,
facilitating message exchange between ECUs. Each signal transmitted over CAN is iden-
tified by a unique message ID and is associated with timing, encoding, and value inter-
pretation rules that vary by OEM and platform. E↵ective validation requires not only
decoding these messages, but also understanding their semantic relationship to physical
phenomena and functional requirements .

CAPL is widely used within testing environments as the de facto scripting language for
simulating and monitoring CAN behavior. Its event-driven syntax allows engineers to
specify precise signal interactions, define complex temporal dependencies, and inject faults
in a controlled manner. CAPL scripts are often executed within tooling ecosystems such
as CANoe or CANalyzer, which support both purely virtual and mixed virtual-physical
test configurations [19], [20].

Beyond messaging and scripting, test execution is typically orchestrated using integrated
platforms that combine hardware signal conditioning, simulation control, and result cap-
ture. These systems interface with DUTs, manage HIL configurations, and enable regres-
sion testing across multiple variants and vehicle configurations. Metadata such as test
purpose, feature tags, and signal mappings are often embedded in non-standard formats,
making downstream automation and retrieval challenging.

The tight coupling between CAN protocols, CAPL scripts, and heterogeneous test infras-
tructure presents significant barriers to AI integration. Data extraction, normalization,
and alignment are non-trivial, especially when artifacts are stored across multiple dis-
connected tools. This motivates the development of LLM-based systems that can bridge
structured signal-level knowledge with unstructured documentation and test context [21],
[22].

2.2 LLM Technologies and Adaptation Strategies

2.2.1 LLMs

LLMs are deep learning models trained on massive corpora of text to learn the statistical
structure of natural language and generate human-like responses [23]. With the rise of
transformer-based architectures such as BERT [24] and GPT [25], LLMs have become
the cornerstone of modern natural language processing (NLP), excelling in tasks like text
generation, summarization, classification, and question answering [26].
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At every stage of modern software and hardware development, engineers encounter doc-
umentation complexity and knowledge barriers, particularly when working in proprietary
environments where web-based resources are scarce. Internal company data is often frag-
mented, domain-specific, and poorly structured, which severely hampers e�cient knowl-
edge discovery and onboarding for new developers. In such cases, LLMs can function as
knowledge aggregators and intelligent assistants, capable of consolidating domain knowl-
edge and providing natural language interfaces to complex datasets [27].

Trained on diverse datasets including books, websites, and code repositories, LLMs de-
velop a general-purpose capability to understand and generate language. This allows
end users to interact with systems using natural language rather than formal queries or
scripts [28]. In enterprise settings, fine-tuned LLMs can ingest proprietary documentation,
codebases, and test specifications to support engineers in locating information, generating
test scripts, or suggesting improvements [29].

Unlike traditional rule-based retrieval systems, LLMs o↵er reasoning ability, flexible lan-
guage comprehension, and the capacity to generalize across unseen queries. This makes
them especially powerful in dynamic domains like automotive testing, where information
may be implicit, fragmented, or partially defined.

However, LLMs also come with limitations. One major challenge is the risk of hallucina-
tion—generating plausible but incorrect information—which poses risks in safety-critical
environments like automotive engineering [30]. Furthermore, large context sizes, mem-
ory bottlenecks, and lack of domain-specific knowledge in o↵-the-shelf models limit their
out-of-the-box usability [31]. Addressing these limitations often requires fine-tuning on
curated internal data or combining LLMs with structured retrieval systems (e.g., via
RAG) [32].

Open-source models such as LLaMA [33] and Falcon have lowered the barrier to cus-
tomization, making it feasible for companies to deploy and specialize LLMs within secure,
on-premises environments. Combined with frameworks for tool use and memory manage-
ment, LLMs are evolving into AI agents capable of executing workflows, interacting with
APIs, and adapting to user feedback.

In conclusion, LLMs represent a transformative technology for intelligent information ac-
cess in industrial domains. When carefully aligned with organizational knowledge and
guardrails, they can serve as e�cient, conversational front-ends to deeply technical envi-
ronments.

2.2.2 RAG

In this thesis, RAG is not merely studied as a theoretical concept, but is implemented
as a central mechanism in the proposed HIL-GPT agent. Specifically, the retriever is
optimized to handle structured test documents, while the generator is integrated into
the CI pipeline for interactive scenario construction. This hybrid design addresses the
limitations of standalone fine-tuning, particularly in dynamic and knowledge-intensive
domains like vehicle testing.
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RAG is a hybrid framework that combines the strengths of information retrieval and
natural language generation, o↵ering a powerful solution to augment LLMs with external,
domain-specific knowledge [32]. This approach is particularly beneficial in specialized
environments like automotive testing, where the pre-trained knowledge of LLMs may be
insu�cient or outdated.

Unlike traditional closed-book LLMs, which rely solely on internal parameters to gener-
ate responses, RAG-based systems incorporate a retrieval component to fetch relevant
documents or text chunks from a knowledge corpus (e.g., vector databases), and then use
these to guide the answer generation process [34]. This dramatically enhances the model’s
factual accuracy, grounding ability, and domain adaptability.

The process of RAG typically includes two steps:

1. Retrieval: Given a query x, retrieve the top-k most relevant documents {z1, z2, ..., zk}
from a corpus D using a similarity function (typically cosine similarity on dense em-
beddings).

2. Generation: Condition the response y on both x and the retrieved context z using
an autoregressive model.

The overall conditional probability can be formalized as:

P (y | x) =
X

z2D

P (y | x, z)P (z | x) (2.1)

This reflects the marginalization over all retrieved documents, combining the generation
probability with the retrieval relevance [32].

RAG o↵ers several advantages for industrial applications, particularly in domains like
automotive testing. By decoupling retrieval and generation, RAG enables large language
models to incorporate up-to-date or proprietary information without retraining, thereby
facilitating domain adaptation and lowering overall deployment costs [32]. It enhances
interpretability by allowing inspection of retrieved documents [35], and empirical studies
show it e↵ectively reduces hallucination by grounding responses in factual content [36].
However, applying RAG in automotive contexts presents unique challenges. Data gran-
ularity is a key issue, as artifacts like CAPL scripts and test specifications are often
semi-structured and require customized chunking and schema alignment. Additionally,
domain-specific elements such as CAN signal identifiers and bit-level fields may be poorly
handled by standard tokenizers [37]. Embedding models also risk underperformance due
to terminological drift, making domain-specific fine-tuning essential [38]. Finally, the
retrieval stage introduces inference latency, which can be problematic in time-sensitive
testing environments.

To address the aforementioned challenges, this work customizes the RAG pipeline for
automotive testing scenarios. Key adaptations include a domain-specific chunking and
embedding strategy tailored to test case documents, benchmarking of multiple embedding
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models—such as BGE, Instructor, and MiniLM—based on their performance in signal
recall tasks, and the extension of the retriever to incorporate metadata attributes like test
purpose, configuration, and associated CAN signals. These enhancements collectively
improve semantic matching accuracy and the factual consistency of generated responses.
As such, RAG emerges as a compelling alternative to static fine-tuning and brittle prompt
engineering, o↵ering dynamic access to evolving technical knowledge while maintaining
adaptability and interpretability.

2.2.3 Fine-tuning

With the rapid advancement of deep learning techniques, pre-trained language models
(PLMs) have become the dominant paradigm in NLP. Fine-tuning plays a central role in
this paradigm, enabling general-purpose language models to adapt to specific downstream
tasks [26], [39]. This approach not only preserves the strong generalization capabilities
acquired during pre-training but also significantly boosts task-specific performance [40].

The traditional NLP pipeline heavily relied on task-specific architectures and handcrafted
features. The emergence of models such as BERT [39] and T5 [26] marked a shift toward
a pre-training–fine-tuning framework. This framework typically involves two stages: (1)
a large-scale pre-training phase on a general corpus to capture linguistic patterns, and
(2) a task-specific fine-tuning phase on smaller, supervised datasets for tasks such as
classification, question answering, or named entity recognition.

Fine-tuning methods can be broadly categorized as follows:

• Full fine-tuning: All model parameters are updated during the task-specific training
phase. This method often yields high performance but may lead to overfitting on
small datasets and requires substantial computational resources.

• Feature-based tuning: The pre-trained model is frozen and only the top layers like
classification head are trained. This is e�cient but might underperform if task-
domain shift is significant.

• Parameter-e�cient fine-tuning (PEFT): Recent approaches such as Adapter lay-
ers [41], LoRA [42], Prefix-Tuning [43], and BitFit [44] modify or train only a small
subset of parameters. These methods are particularly e↵ective for large models and
low-resource scenarios [45].

Fine-tuning has proven e↵ective in various domains, including multilingual NLP [46],
code understanding and generation [47]–[49], and software engineering tasks like test case
generation. These models demonstrate that transfer learning not only improves accuracy
but also enhances robustness and uncertainty calibration [50].

As PLMs continue to grow, fine-tuning strategies are evolving toward more e�cient, mod-
ular, and robust methods. Current research focuses on improving generalization, reducing
overfitting, enabling zero-shot performance, and adapting models to new domains with
minimal data [51].
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2.2.4 Fine-tuning vs RAG

Fine-tuning and RAG are two complementary strategies that enhance the e↵ectiveness
of LLMs in downstream applications. In the context of software and automotive testing,
both approaches o↵er unique advantages for addressing domain-specific challenges. This
section compares the two methods across key dimensions such as knowledge integration,
adaptability, e�ciency, and use in the proposed HIL-GPT system.

Fine-tuning refers to the process of updating a pre-trained model’s internal weights using
task-specific labeled data [26], [39]. This method is especially e↵ective when the task
distribution is narrow and well-represented in the training data. In the context, fine-tuning
was primarily used to optimize embedding models, such as BGE and InstructorXL, for
accurately representing automotive test case data, including signal names, configurations,
and expected outcomes. The strength of fine-tuning lies in its ability to internalize complex
domain semantics and compress knowledge directly into model parameters. Once trained,
these models are fast and robust at inference time [42], [43].

However, fine-tuning also comes with several limitations. It requires computational re-
sources for training, significant labeled datasets, and frequent retraining when domain
knowledge evolves [44]. Moreover, the model becomes a black box in which factual sources
are hard to trace. These drawbacks are particularly pronounced in domains like vehicle
testing, where specifications, signal definitions, and test cases are constantly being up-
dated.

RAG o↵ers a more flexible alternative. It augments a frozen language model with a
retrieval component that fetches relevant documents or knowledge chunks at inference
time [32]. This design allows the model to access up-to-date or proprietary information
dynamically, without retraining. In the system, RAG is central to the HIL-GPT agent’s
ability to interact with a structured test case corpus. The retriever identifies relevant
content based on semantic embeddings, and the generator conditions its output on both
the user query and the retrieved context [34], [37]. This leads to grounded, interpretable
responses with traceable evidence [35].

The primary advantage of RAG is its adaptability: knowledge updates require only cor-
pus modification, not model re-training. This significantly lowers maintenance costs and
facilitates real-time response in CI environments [32]. Furthermore, RAG improves in-
terpretability by showing retrieved documents and helps reduce hallucination risks by
grounding outputs on factual text [30], [36].

Nevertheless, RAG also introduces latency due to the retrieval step and depends heavily
on the quality of the embedding model and chunking strategy. In the implementation,
the project mitigate these challenges by designing a fine-tuned embedding pipeline, apply-
ing automotive-specific token normalization, and enriching metadata within the retrieval
index.

In summary, fine-tuning and RAG serve di↵erent yet synergistic purposes. Fine-tuning
enables deep internal adaptation to domain semantics, while RAG empowers dynamic
knowledge access and transparency. By combining both in the system, fine-tuning for
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precise embeddings, and RAG for flexible response generation, the project achieve a bal-
ance between performance, maintainability, and interpretability. This hybrid architecture
is particularly suited for domains like HIL testing, where accuracy, explainability, and
updatability are equally critical.

2.2.5 Humiliation and Failure Modes

Despite their remarkable fluency and task generalization, LLMs can generate outputs that
are misleading, factually incorrect, inappropriate, or even o↵ensive. In sensitive domains
such as software testing, automotive systems, and HIL engineering, these failure cases
pose serious risks to safety, usability, and trust. Although the term ”humiliation” is not
formally defined in machine learning literature, it can loosely describe situations where
LLM behavior results in reputational damage, social discomfort, or decision errors due to
incorrect or inappropriate content.

One major cause of humiliation-like behavior is hallucination, the phenomenon where the
model generates content that is fluent but ungrounded in truth [30]. Hallucination can
occur in both closed-book models and retrieval-augmented systems when context is sparse
or ambiguous [52], [53]. For instance, an LLM may assert that a signal is valid in a test
configuration when it is not defined in any actual documentation.

Another critical failure mode is confident misstatement [54], where the model expresses
incorrect information with high certainty. This is particularly harmful in engineering
workflows, where users may defer to the perceived authority of the system [55]. Such false
confidence is tightly linked to poor uncertainty calibration [50].

Inappropriate tone, style, or bias may also result in humiliation e↵ects. LLMs have been
observed to generate disrespectful or o↵ensive content [56], [57], or reinforce harmful
stereotypes when prompted carelessly [58]. In collaborative industrial environments, such
a tone can damage human trust and undermine the professional tone expected in tooling.

Further risks arise in multi-turn dialogue, where models may inconsistently contradict
themselves [59], [60] or exhibit unsafe behavior under adversarial prompting [61]. These
behaviors are amplified in long contexts or poorly scoped use cases.

Several strategies have emerged to mitigate such risks like RAG provides external factual
anchors to constrain generations.

In the HIL-GPT deployment, the implementation address humiliation risks through a
layered defense: fine-tuned embedding models, automotive domain-specific retrieval, out-
put ranking, and structured test case validation. Moreover, responses are filtered using
rule-based verifiers to avoid potential hallucination or ambiguous signal mappings.

As LLMs move closer to high-stakes decision domains, avoiding humiliation-type failure
modes becomes not only a technical challenge, but also a broader alignment and ethical
concern [62], [63]. Responsible deployment requires not only better models, but also better
human oversight and tool integration.
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2.2.6 MCP and Tool Integration

As LLMs become increasingly integrated into real-world applications, a major limita-
tion arises from their isolated nature: they lack the ability to dynamically interact with
external tools, real-time data, or structured databases. To overcome this constraint, An-
thropic proposed the MCP in early 2024, an open standard that defines how LLMs can
communicate with external systems in a secure, interpretable, and modular fashion [64].

MCP provides a unified interface and message format that allows LLMs to make structured
calls to external servers, tools, and APIs during inference. This e↵ectively enables the
model to ”augment” its context with information retrieved or computed externally, such as
querying a signal database, executing code, or interacting with local file systems. Unlike
traditional prompt-only interactions, MCP supports structured, multi-turn interactions
and tool delegation, bringing LLMs closer to autonomous agent behavior [65], [66].

The core design of the MCP incorporates several key components to ensure reliable, se-
cure, and extensible agent–tool interactions. It adopts a standardized message protocol,
encoding requests and responses in formats such as JSON or MsgPack [67], which supports
explicit function signatures, argument typing, and structured outputs. Tool registration
and discovery are managed through a registry system, where individual tools—referred to
as MCP servers—declare their capabilities and input/output schemas, enabling dynamic
routing of model queries [68]. To ensure safety and robustness, each tool executes within
an isolated environment governed by permission constraints, thereby preventing unin-
tended side e↵ects [61]. Furthermore, MCP enables streaming and stateful interactions,
including asynchronous calls, callbacks, and memory-aware tool chaining, making it well
suited for long-context workflows and iterative task execution [69], [70].

In practical terms, an MCP ecosystem consists of multiple MCP servers, these are
lightweight services (often implemented in Node.js or Python) that expose tool inter-
faces like getTestMetadata(), querySignalDefinition(), or runSimulation(). The
model communicates with these tools through the MCP runtime, which manages request
scheduling, tool lookup, and response integration into the LLM’s generation process [71].

In the developed HIL-GPT system, the MCP serves as an orchestration layer that defines
a suite of modular tools accessible to the agent for accomplishing domain-specific subtasks.
These tools enable the agent to retrieve and process engineering data from local systems,
dynamically execute test-related operations such as analysis, transformation, or valida-
tion, and compose multi-step workflows tailored to complex objectives. For example, the
agent can perform a sequence such as “extract requirement → generate test → summa-
rize result,” with the MCP ensuring consistency and coordination across tool invocations.
This modular design enhances system extensibility and facilitates robust integration with
existing engineering pipelines.

This architecture allows the system to overcome the inherent limitations of static LLM
contexts. For example, rather than embedding all test case knowledge into model weights
(which is costly and inflexible), the design allow the model to delegate structured subtasks
to specialized external tools, and re-integrate the outputs into coherent, human-readable
answers [72].
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MCP thus represents a critical step toward operationalizing LLMs in high-stakes, tool-rich
environments. It provides the glue layer between general-purpose language models and the
dynamic, heterogeneous systems they need to operate within [73]. By doing so, it helps
dissolve information silos and enables scalable, secure, and interpretable AI toolchains.

2.2.7 Private Data Integration

As LLMs are increasingly adopted in enterprise and safety-critical domains, integrating
private and proprietary data into these systems has become a fundamental challenge.
Unlike public benchmarks or internet-scale corpora, internal datasets, such as product
specifications, test plans, source code, and sensor logs which are often sensitive, dynamic,
and non-standardized. Leveraging this data e↵ectively, while preserving security, compli-
ance, and performance, requires carefully designed architectures.

One of the primary challenges is that foundational LLMs are pre-trained on public corpora
and lack context about proprietary environments. This makes them ill-suited for in-
domain reasoning without adaptation [29], [74]. Fine-tuning models with private data is
e↵ective but poses risks, including model leakage [75], reproducibility limitations, and cost.
Moreover, retraining large models every time internal knowledge updates is impractical.

RAG provides a more flexible mechanism by decoupling model parameters from inter-
nal data [32], [34]. However, integrating private corpora into a RAG pipeline is non-
trivial. Internal documents may be semi-structured, heterogeneous, and versioned. Signal
identifiers, test step logic, and tool-specific metadata often require normalization before
embedding [36], [38].

Security and privacy are equally important. Embedding private documents for retrieval
may expose vector representations that can leak information under adversarial settings [76],
[77]. Enterprises must consider encryption, access controls, and secure deployment strate-
gies when building internal retrieval systems.

To mitigate the practical limitations of applying RAG in sensitive, domain-specific settings
such as automotive testing, several strategies are commonly employed. Embedding-level
adaptation—through domain-specific training or adapter-based tuning—enhances the rel-
evance of vector search results over proprietary corpora [78]. Hybrid knowledge bases that
combine structured databases with chunked document retrieval have been shown to im-
prove both recall and precision [79]. To ensure data privacy, many deployments opt for
fully on-premise execution of LLMs and vector indices, thereby keeping sensitive informa-
tion within controlled environments [74]. Query annotation and context expansion, such
as injecting metadata, signal identifiers, or hierarchical context, further improves retrieval
accuracy in test-related tasks [37]. Finally, incorporating access logging and auditability
mechanisms supports post-hoc inspection, enhancing transparency and reducing the risk
of misuse.

In the implementation, the HIL-GPT agent accesses private test artifacts, signal cata-
logs, and documentation through a vectorized retrieval layer. These documents are pre-
processed using automotive-specific chunking strategies and embedded using fine-tuned
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models on structured signal/token datasets. The embedding index is deployed on a se-
cured server inside the enterprise firewall. Queries are normalized to align with naming
conventions in test databases, improving both recall and contextual alignment.

MCP-based tool calls are also used to fetch live data from internal services, combining
retrieval with real-time validation. By integrating private data through both RAG and
tool APIs, HIL-GPT achieves high relevance while maintaining strong data governance.

As organizations continue to scale their use of LLMs, the secure and e�cient integration
of private data will remain central. Whether for knowledge access, test automation, or
human-AI collaboration, future systems must balance openness with confidentiality.



Chapter 3

Related Work

The aim of this chapter is to provide a structured overview of recent advances in LLM
adaptation methods, specifically fine-tuning and RAG which focuss on their applicability
to engineering domains such as automotive testing and HIL validation. Section 3.1 outlines
the methodology used to identify and categorize relevant research, including a systematic
literature search across three academic databases and the construction of keyword queries
tailored to domain-specific adaptation scenarios.

Section 3.2 reviews prominent studies on full-parameter fine-tuning, highlighting both
general trends and unique challenges encountered in embedded or structured data settings.
Section 3.3 examines the growing body of work on RAG systems in technical and industrial
contexts, focusing on document preparation pipelines, embedding models, and prompt
construction strategies. A direct comparison between fine-tuning and RAG is presented
in Section 3.4, addressing architectural, operational, and cost related trade-o↵s.

To ensure consistency, original terminology used in the reviewed works is preserved wher-
ever applicable ( “SimCSE,” “CPT,” “RAGO”). In the absence of explicit framework
names, abbreviated references to study titles are employed. Consistent with prior litera-
ture [80], [81], the discussion emphasizes not only methodological aspects but also prac-
tical considerations such as latency, maintenance overhead, and interpretability—critical
factors in real-world HIL deployments.

3.1 Literature Review Methodology

The literature review commenced with an exploratory search on Google Scholar to broadly
assess the practical applications of fine-tuning and RAG techniques. As an initial step,
publications containing the terms ”fine-tuning” and ”retrieval-augmented generation” in
their titles were identified. This query produced a large number of results, although many
were only tangentially related to the automotive or embedded systems domain. Relevance
was therefore determined based on titles and abstracts, with works focused exclusively on
NLP benchmarks or unrelated commercial use cases excluded.

17
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To obtain a more domain-specific perspective, two additional databases—IEEE Xplore
and arXiv—were consulted. Refined queries were applied to the abstract fields using terms
such as ”automotive”, ”domain-specific”, ”signal”, and ”HIL testing” in conjunction with
”fine-tuning” or ”RAG”. The specific search queries are summarized in Table 3.1. These
queries were designed to surface studies situated in engineering contexts, particularly those
addressing challenges such as data heterogeneity, latency, and domain adaptation.

Each retrieved publication was assigned to one of two thematic categories: (1) studies
that apply or investigate fine-tuning strategies in structured, signal-rich, or embedded
environments; and (2) studies exploring RAG systems in engineering, automotive, or
system-testing domains. Classification was occasionally non-trivial, as some papers ref-
erenced both retrieval and tuning strategies without clearly delineating their respective
contributions. In such cases, categorization was based on the primary methodological
focus.

Backward and forward citation tracking were also employed to identify additional rele-
vant studies. While several publications mentioned automotive use cases, relatively few
directly addressed the joint application of fine-tuning, RAG, and embedded HIL testing,
highlighting a notable research gap. This gap forms the basis for further exploration in
the present work. The final set of reviewed studies is presented in Table 3.2. Foundational
studies on fine-tuning are discussed in Section 3.2, followed by RAG-related research in
Section 3.3, and a comparative analysis in Section 3.4.

Table 3.1: Database and Search Queries for Literature Review

Database Search Query

Google Scholar allintitle: "fine-tuning" OR "retrieval-augmented gener-
ation" AND "automotive"

IEEE Xplore ("Document Title": fine-tuning OR RAG) AND (Abstract:
"automotive" OR "HIL testing" OR "domain-specific")

arXiv order: -announced_date_first; size: 50; in-
clude_cross_list: True; terms: fine-tuning AND (au-
tomotive OR HIL OR retrieval-augmented generation)

Table 3.2: Reviewed Research by Category

Category Representative References

Fine-tuning [82], [83], [84], [85], [86], [74], [87], [88], [89], [40], [44], [90], [91],
[92], [93], [81], [94], [95], [96]

RAG + Fine-tuning [88], [89], [97], [98], [31], [34], [99], [100]

3.2 Fine-Tuning for Domain Adaptation

Fine-tuning is a widely adopted technique to adapt LLMs to specific domains by contin-
uing the training process using in-domain data. This approach helps models internalize
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domain-specific terminologies, syntactic structures, and task requirements, thereby im-
proving their performance in specialized settings.

Recent studies have explored fine-tuning strategies in various technical domains. For
example, [101] provides a comprehensive survey on the generation of test sequences
in embedded systems, highlighting the growing role of machine learning techniques —
although applications of LLM fine-tuning remain scarce in this context.

In engineering design, Elhambakhsh et al. [102] proposes a fine-tuning pipeline for GPT-
3.5 to classify mechanical assembly components based on functional descriptions. Their
experiments in the Oregon State Design Repository dataset demonstrated clear benefits
of domain adaptation in improving annotation accuracy.

Lu et al. [87] further compares various fine-tuning strategies: including Continued Pre-
training (CPT), Supervised Fine-Tuning (SFT) and Direct Preference Optimization (DPO).
They found that multi-strategy approaches yield synergistic benefits, particularly when
tuning LLMs on task- and domain-specific data.

Despite these advancements, the adoption of fine-tuned LLMs in embedded or safety-
critical automotive applications remains limited. Englhardt et al. [103] evaluates multiple
LLMs in the context of embedded system development and observed that while general
reasoning capabilities are strong, generating reliable and fully functional code for hardware
interfaces (I2C) remains a challenge.

These findings suggest an underexplored opportunity for future work: developing tailored
fine-tuning pipelines for embedded automotive test systems - particularly in HIL testing
scenarios - where traditional data scarcity and heterogeneity could be mitigated through
pretraining/fine-tuning strategies on curated domain corpora.

3.2.1 Full-Parameter Fine-Tuning

Full-parameter fine-tuning refers to updating all the weights of a pre-trained language
model during domain or task adaptation. That is, the entire parameter set ✓ is optimized
using gradients computed from the downstream objective. This approach directly adjusts
the internal representations of the model to better reflect the statistical patterns of the
new data.

Although complete fine-tuning is often considered computationally prohibitive for very
large models (7B + parameters), it remains highly e↵ective and tractable for moderate-
sized models, such as those in the 100M–1B parameter range. In such models, full-
parameter updates can be performed on standard GPU clusters without the need for
sophisticated parallelism frameworks, making it an attractive choice in industrial settings
where model size is constrained by latency or hardware requirements.

Compared to parameter-e�cient tuning (PET) techniques such as adapters, LoRA, or pre-
fix tuning, full-parameter fine-tuning o↵ers the following advantages in small- to medium-
scale settings:
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• No Architectural Modifications: The base model remains structurally unchanged,
simplifying implementation and deployment.

• Maximum Expressiveness: All parameters are free to adapt, allowing deeper align-
ment with domain-specific distribution shifts.

• Better for Out-of-Distribution Generalization: In smaller models, freezing most
weights—as in PET methods—can overly constrain the model, leading to underfit-
ting on specialized domains [104].

However, full-parameter fine-tuning is not without limitations. It requires more training
steps, careful regularization to avoid overfitting (especially on small domain datasets),
and thoughtful version control when used in continuous integration (CI) pipelines.

Nonetheless, for lightweight models deployed in real-time automotive applications or em-
bedded systems, full fine-tuning remains a strong and practical baseline. It o↵ers a bal-
anced trade-o↵ between adaptability and simplicity—particularly when large-scale re-
trieval infrastructures, such as those required by RAG, are unavailable or infeasible.

3.2.2 Training Data Construction in Industrial Contexts

A recurring challenge across many industrial applications of large language models is the
scarcity of labeled training data. In domains such as embedded system testing or automo-
tive validation, domain knowledge is often stored in unstructured formats—ranging from
legacy spreadsheets and GUIs to in-house documentation—making supervised learning
di�cult to apply directly [27].

To overcome this, recent works have explored weak supervision and contrastive learning
as alternatives to manual labeling. In particular, triplet-based contrastive learning has
gained traction for tasks involving semantic matching or retrieval. This approach involves
training on triplets of the form (a, p, n), where a is an anchor sample, p is a semantically
similar positive, and n is a dissimilar negative. Studies such as SimCSE [105] and others
have demonstrated that triplet-based objectives can e↵ectively learn high-quality sentence
embeddings without requiring explicit task-specific labels.

In the context of system engineering, heuristics based on shared identifiers, component
co-occurrence, or textual similarity have been used to generate weakly labeled triplets
for contrastive learning [37]. Moreover, engineer-in-the-loop feedback mechanisms are
occasionally employed to improve triplet quality in safety-critical settings.

Although not widely adopted yet in HIL testing pipelines, these strategies provide a
promising direction for training domain-adapted LLMs under low-resource conditions. In
the following chapters, the project build on this insight to construct a triplet-based corpus
for embedding fine-tuning using unstructured requirement and test sequence data.
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3.3 RAG in Engineering Contexts

RAG is an increasingly prominent paradigm for enabling LLMs to generate more accurate
and context aware responses by grounding their outputs in external knowledge sources.
Unlike fine-tuning, which encodes domain knowledge directly into the model weights,
RAG architectures combine a frozen or lightly tuned LLM with a retriever that surfaces
relevant information at inference time. This design is particularly well-suited to domains
characterized by dynamic, fragmented, or large-scale information repositories—such as
engineering systems, test documentation, or embedded development workflows.

Several works have explored RAG-based systems in technical and industrial contexts. For
example, Zhang et al. [88] proposed a dual-encoder RAG framework for intelligent in-
dustrial question answering, leveraging both code and specification retrieval to support
developers in safety-critical environments. Similarly, [31] demonstrated the e↵ective-
ness of retrieval-augmented transformers in system diagnostics, where real-time access to
domain-specific fault descriptions was shown to enhance interpretability and correctness.

In the embedded systems space, Yu et al. [89] integrated RAG with domain-pretrained en-
coders for microcontroller diagnostics, showing that retrieval latency and relevance quality
were key performance bottlenecks. Their ablation studies suggest that while fine-tuning
improves the model’s linguistic alignment with domain terminology, RAG remains indis-
pensable when knowledge is too sparse or volatile to encode in static parameters.

A notable benefit of RAG is its modularity: the retriever and generator can be indepen-
dently improved or adapted. This aligns well with industry workflows where knowledge
bases evolve rapidly, and tools must remain interpretable, updatable, and compliant with
version control policies. Moreover, RAG naturally supports hybrid reasoning workflows
like combining code snippets, tabular logs, and textual specifications which are common
in automotive testing and HIL pipelines.

Despite its promise, RAG also presents unique challenges in engineering contexts:

• Retrieval Quality: Engineering documents often lack natural language consistency,
making dense retrieval harder to calibrate.

• Latency Constraints: Real-time use cases such as HIL testing may impose strict
latency requirements that conventional RAG pipelines cannot yet satisfy.

• Tool Integration: Unlike static document answering, engineering use cases often in-
volve multi-modal reasoning, external tool calls, or dynamic document composition.

3.3.1 Database Construction for Retrieval

The first step in building a RAG system is constructing a retrieval-friendly document
database. In industrial contexts such as automotive system validation, source materials
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are often heterogeneous—ranging from PDFs, requirement spreadsheets, and legacy docu-
mentation to markdown files and GUI-exported logs. These raw inputs must be converted
into a structured, retrievable corpus.

Recent work in automotive-specific RAG pipelines has demonstrated the centrality of
PDF-aware preprocessing—including layout-sensitive chunking and metadata alignment
with Liu et al. [106] reporting significant gains in retrieval precision through tailored
chunking strategies. Other approaches, such as CFIC [107], explore chunking-free methods
to maintain document coherence by operating on hidden states rather than explicit text
segments.

Furthermore, Bhat et al. [108] empirically analyze fixed-size chunking strategies over long
documents, revealing the trade-o↵ between fine- and coarse-grained chunk granularity. In
domains like financial reporting, Yepes et al. [109] show that element-type based chunking
can outperform naive paragraph splits in retrieval e↵ectiveness.

This process typically involves several steps aimed at transforming raw industrial doc-
uments into a retrieval-friendly format. First, chunking is applied to split long docu-
ments into semantically coherent segments—such as paragraph-level or instruction-level
units—to improve retrieval granularity. Next, normalization procedures are carried out to
remove formatting noise, standardize encodings, and extract clean textual content from
structured elements like tables, figures, or GUI exports. Finally, metadata tagging is per-
formed by associating each chunk with relevant attributes such as system version, com-
ponent ID, or requirement category, thereby enabling filtered and context-aware retrieval.
The outcome is a cleaned and structured corpus suitable for embedding and indexing in
downstream RAG pipelines.

3.3.2 Embedding Model Utilization

After preparing a structured document corpus, each chunk is encoded into a dense vec-
tor—or embedding—that semantically represents its content. These embeddings enable
identifying relevant passages through e�cient nearest-neighbor search in high-dimensional
space, forming the core mechanism of the RAG retriever.

Choosing the right embedding model is critical. General-purpose options like Sentence-
BERT [110] are widely used, as they produce accurate sentence-level encodings opti-
mized via Siamese or triplet architectures. Alternatively, E5—a contrastively pretrained
model—delivers state-of-the-art performance across retrieval benchmarks and supports
both zero-shot and fine-tuned retrieval tasks [111].

In domain-specific scenarios ( automotive logs or test procedures), embedding quality
often degrades due to specialized terminology. To address this, embedding models can be
fine-tuned using in-domain data, such as triplet sets where each anchor and positive belong
to the same subsystem or test case, and negatives are semantically unrelated. This fine-
tuning sharpens the embedding space, improving retrieval relevance under domain-shift
conditions [105].
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High-quality embeddings are vital because they directly determine what context the LLM
sees. If retrieved passages are o↵-topic or semantically distant from the query intent,
the RAG output will su↵er in accuracy and coherence. Thus, the embedding model not
only enables e�cient retrieval—it also lays the foundation for grounded, factually relevant
generation by the LLM.

Choosing the right embedding model is critical. General-purpose, open-source options
such as Sentence-BERT [110], E5 [111], and its multilingual variant [112], as well as
arctic-embed [113], o↵er strong baselines with favorable performance on benchmarks like
MTEB and long-context retrieval. Proprietary alternatives (for example OpenAI Ada-002,
Cohere embed-v3) may perform competitively, but open-source models like E5-base-v2
have shown equal or superior accuracy at lower latency and cost [114].

Table 3.3: Comparison of Open-Source and Closed-Source Embedding Models

Model Type Approx. Count Representative Examples

Open-Source ⇠120 [110], [111], [113], [112], [105]

Closed-Source ⇠10 [114] (OpenAI Ada-002, OpenAI text-
embedding-3-small/large Cohere embed-v3,
etc.)

To guide model selection for domain-specific retrieval, this project will benchmark sev-
eral top-ranked models from public leaderboards—including MTEB and the Sentence-
Transformers model zoo—under industrial test case and requirement retrieval settings.

3.3.3 Fine-Tuning Data Preparation for Embeddings

Open-source embedding models are especially valuable because they are transparent, cus-
tomizable, and avoid vendor lock-in, while enabling fine-tuning to accommodate domain
specific grammar and terminology.

In industrial scenarios—such as automotive logs, control signals, or test procedure datasets
generic embedding models often underperform due to the presence of highly specialized
vocabulary and structural patterns. To mitigate this, embedding models can be fine-
tuned using in-domain data through contrastive learning, typically with triplet sets. In
this setup, each triplet consists of an anchor and a positive sample that share the same
subsystem, test case, or signal lineage, while the negative sample is drawn from unrelated
modules or functionally distant requirements. This training strategy encourages the model
to learn domain-specific semantic structures by bringing related instances closer together
in the embedding space while pushing irrelevant ones further apart.

These triplets (a, p, n) guide the model to cluster semantically related chunks together
while pushing irrelevant ones apart. This approach has been demonstrated to substan-
tially improve retrieval performance under domain shift [91], [105]. Further, industrial
benchmark studies—such as Databricks’ evaluation on enterprise datasets—confirm that
embedding fine-tuning yields marked improvements in Recall@10 and overall RAG accu-
racy, even without manual labeling [92], [114].
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Embedding quality plays a pivotal role: it directly a↵ects the relevance of retrieved chunks,
which in turn determines the factuality and contextual integrity of the LLM’s output. In
fact, domain-specific fine-tuning of embedding models has been identified as the primary
driver of RAG improvements—often more impactful than fine-tuning the LLM itself [93].
Recent methods like HEAL [115] and MAFIN [116] push this further by introducing
hierarchical or model-augmented fine-tuning strategies that adapt embeddings e�ciently
even with limited data.

Overall, embedding fine-tuning is now recognized as one of the most e↵ective techniques
for enhancing RAG systems in specialized domains—especially in settings like HIL testing,
where data heterogeneity and terminology specificity demand tailored semantic alignment.

3.3.4 Combining Documents with Large Language Models

Once the retriever and embedding store are in place, a user query is converted into an
embedding and used to fetch top-k relevant document chunks. These retrieved passages
are then concatenated with the original query to construct an augmented prompt for the
LLM.

This prompt engineering step is critical: it must balance relevance, context diversity, and
the token budget. Common techniques include:

• Wrapping retrieved text in <BEGIN_CTX>...</END_CTX> delimiters or prefixing with
metadata such as source ID, timestamp, or version—notably improving reasoning
and attribution in the generated output [117].

• Truncation or compression of overly long passages, or employing prompt-level query
refinement to reduce noise [117].

• Applying response-level control instructions (for example “If unsure, respond with
‘I don’t know’”) to improve factuality and reliability [117].

When prompted in this manner, the LLM generates responses that are explicitly grounded
in retrieved content, which substantially reduces hallucinations and improves factual align-
ment compared to vanilla prompt-based LLM usage [32], [117], [118].

Furthermore, the architecture supports dynamic reasoning over evolving corpora: as doc-
umentation, logs, or test cases update, new chunks are indexed and become immediately
available during retrieval. This real-time adaptability and grounding are crucial in in-
dustrial environments like HIL testing, where documentation and system specifications
frequently change.
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3.4 Comparison Between Fine-Tuning and RAG Strategies

Fine-tuning and RAG represent two prominent strategies for adapting LLMs to domain-specific
tasks as mentioned in previous sessions. While both approaches aim to enhance perfor-
mance on specialized queries, they di↵er fundamentally in their architecture, data re-
quirements, latency characteristics, and deployment complexity. This section provides a
comparative analysis to support design decisions in later chapters.

3.4.1 Adaptation Mechanism

Fine-tuning directly modifies the internal weights of an LLM using labeled or pseudo-labeled
data, enabling the model to internalize domain-specific syntax and logic patterns [104].
However, this process is compute-intensive and time-consuming, often requiring multiple
GPU-days or even GPU-weeks depending on model size and dataset volume [81], [95].
In contrast, RAG systems maintain a frozen or lightly-tuned LLM and rely on an ex-
ternal retriever module. This enables lower setup costs, as expensive o✏ine training is
avoided, and faster iteration cycles, since new data can be integrated simply by updating
the document index—not the model itself [32], [81], [94].

For enterprise adoption, these di↵erences are critical. Fine-tuned models demand special-
ized engineering expertise, large memory footprints, and a maintained retraining pipeline
raising total cost of ownership [94], [95]. By contrast, RAG architectures are more accessi-
ble: teams can integrate internal documentation sources such as requirement spreadsheets
or test logs into a vector store and connects them to a frozen LLM—providing up-to-date,
traceable responses without retraining the model [80], [94]. Indeed, surveys indicate that
only about 20% of enterprises employ full fine-tuning, while approximately 80% adopt
RAG due to its scalability, security, and lower infrastructure burden [80], [95]. More-
over, enterprises often achieve 5–15× savings in compute cost by choosing RAG over full
fine-tuning, with faster time-to-value and improved auditability [81].

Thus, while fine-tuning o↵ers deep domain specialization and lower inference latency, its
high upfront costs and maintenance overhead limit its practical enterprise use. In con-
trast, RAG strikes a pragmatic balance—enabling organizations to leverage rich internal
knowledge at scale, with lower expertise requirements and operational complexity.

3.4.2 Data Requirements and Flexibility

Fine-tuning typically requires a substantial amount of in-domain training data, which
can be challenging in settings like HIL testing due to data scarcity. RAG, however, can
leverage unstructured or unlabeled corpora—such as requirement documents or logs—and
incorporates new content immediately without retraining [32], [119].

From an enterprise perspective, this flexibility translates directly into reduced engineering
overhead and faster deployment cycles. A typical full fine-tuning workflow can consume
several GPU-days and requires expertise in data labeling, training pipeline maintenance,
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and model versioning [95]. In contrast, RAG systems allow organizations to “drag and
drop” internal documents into vector indexes and instantly update the system’s knowledge
base, significantly lowering the barrier to entry for enterprise LLM use [120], [121]. This is
particularly valuable in regulated domains (automotive, aerospace), where documentation
evolves frequently and auditability is critical.

Furthermore, up to 90% of enterprise data is unstructured—logs, PDFs, emails—making
RAG the preferred approach for knowledge retrieval in practical business environments [121],
[122]. Industry reports suggest that around 36% of enterprise LLM deployments now uti-
lize RAG frameworks due to their scalability and minimal maintenance requirements [123].
Additionally, enterprise-grade studies highlight that RAG systems can reduce develop-
ment and infrastructure costs by up to 5–10× compared to fine-tuning e↵orts, with faster
time-to-value and improved compliance tracking due to explicit source referencing [121].

3.4.3 Latency and Resource Implications

Inference with fully fine-tuned models typically achieves the lowest latency, as retrieval is
not required—completion takes just a single forward pass through the network. However,
training these models can incur significant o✏ine compute costs, often requiring multiple
GPU-days depending on the model size and dataset scope [124].

RAG pipelines introduce additional steps—vector retrieval and prompt assembly—that
increase inference time. Recent systems such as RAGO optimize RAG serving and
demonstrate reductions in time-to-first-token of up to 55%, while sustaining or improv-
ing throughput (QPS) [125]. Despite this, pipelines still exhibit roughly 30–50% higher
end-to-end latency compared to directly using fine-tuned LLMs [126].

These stages can be independently optimized. Vector lookups via FAISS or HNSW o↵er
millisecond-level retrieval, while LLM inference can leverage token-caching and batching
to boost throughput [126]. For example, Cache-Craft achieved up to a 2× reduction in
response latency by caching chunk embeddings across queries [126].

From an enterprise implementation perspective, these trade-o↵s are important:

- Fine-tuning: provides ultra-low latency suitable for time-critical tasks but requires ex-
pensive infrastructure and retraining pipelines, which complicates versioning and deploy-
ment [127]. - RAG: introduces moderate latency due to retrieval, but o↵ers flexibil-
ity—indexes can be updated without retraining, leading to agile maintenance and deploy-
ment in enterprise environments where documentation evolves rapidly [125], [126].

Moreover, adaptive caching and selective retrieval strategies allow RAG systems to ap-
proach fine-tuned model latencies while preserving key advantages like modularity and
auditability—making them viable for real-world HIL system deployments.



3.4. COMPARISON BETWEEN FINE-TUNING AND RAG STRATEGIES 27

3.4.4 Maintenance and Interpretability

In industrial settings where traceability is critical, RAG provides enhanced transparency
by including explicit references to source documents in generated outputs. This facilitates
auditing, error diagnosis, and compliance verification—key requirements in regulated do-
mains such as automotive and aerospace [32], [128]. In contrast, fine-tuned LLMs often
act as ”black boxes”after deployment, making it di�cult to trace how decisions are derived
from internal weights [129], [130]. Interpretability of LLMs has long been a concern. Even
industry leaders admit that current models often lack explainable reasoning pathways ex-
cept through output behavior analysis [131]. E↵orts in mechanistic interpretability—such
as neuron-level analysis and activation probing—have demonstrated progress. For exam-
ple, Anthropic researchers identified neuron clusters (“features”) corresponding to concept
representations, enabling targeted modification of model behavior [131], [132].

Within RAG systems, interpretability extends beyond architectural transparency. The
retrieval layer itself can be audited: each output includes context from specific document
chunks, reducing hallucination risk and aiding in forensic reconstruction when outputs are
incorrect—vital for root cause analysis in HIL environments [128]. Additionally, combin-
ing RAG with fine-tuned LLMs can create hybrid architectures that maintain modular
audit trails, helpful for maintaining system integrity in long-term deployments.

Overall, RAG’s combination of context-grounded generation and retrieval traceability
provides a pragmatic compromise: it improves interpretability and compliance without
sacrificing performance—an ideal configuration for safety-sensitive and regulation-bound
industrial applications.

3.4.5 Summary of Trade-O↵s

Overall, RAG o↵ers enterprises a robust and practical strategy for domain adaptation,
as it eliminates the need for extensive labeled datasets, supports continuous knowledge
updating without retraining, ensures traceable outputs linked to source documents, and
reduces both compute and engineering costs. These advantages make RAG particularly
well-suited for HIL testing environments, where data is generated continuously and adapt-
ability and auditability are essential. In summary, fine-tuning and RAG o↵er complemen-
tary benefits: fine-tuning excels in settings with abundant high-quality domain data and
strict latency requirements, whereas RAG proves advantageous in dynamic, data-scarce
environments that prioritize interpretability and modularity. Consequently, this thesis
adopts a hybrid strategy—employing fine-tuned embedding models to enhance retrieval
within a RAG framework tailored for HIL testing scenarios.
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Table 3.4: Comparison of Fine-Tuning and RAG for Domain Adaptation

Aspect Fine-Tuning RAG

Adaptation Method Updates model weights via do-
main data

Uses frozen LLM + external re-
triever

Data Requirement Requires substantial in-domain
labeled data

Can operate on unstructured
or unlabeled corpora

Inference Latency Low (single-pass inference) Moderate (retrieval + genera-
tion)

Update Cost High (needs retraining) Low (documents can be up-
dated independently)

Interpretability Low transparency post-fine-
tuning

High (responses linked to ex-
plicit sources)

Suitability for HIL E↵ective with abundant data Flexible and modular in sparse-
data settings



Chapter 4

Architecture

This chapter presents the architectural design of the implemented AI-based assistant
system, developed to support requirement understanding and test sequence retrieval in
the context of HIL testing at the company. Building on the insights and preparatory
steps outlined in the previous chapters, the system integrates both RAG and fine-tuned
language models to enable context-aware, traceable, and e�cient interaction with domain-
specific engineering data. The architecture is modular, comprising a document processing
pipeline, embedding and vector indexing modules, a RAG enhanced agent, and a frontend
query interface. This design was shaped by the constraints of the industrial setting, where
latency, interpretability, and CI pipeline integration are crucial. The following sections
detail each component and their interaction within the broader workflow.

4.1 Overall Design

The architecture of the proposed system is tailored to support intelligent integration and
recommendation of test requirements and test sequences within the company’s HIL testing
environment. It is structured around two core capabilities: (1) semantic understanding
and retrieval of relevant engineering content using fine-tuned embedding models, and (2)
contextualized response generation via a RAG pipeline.

A modular architecture has been adopted to enable flexibility across components such as
embedding, retrieval, generation, and user interaction. Figure 4.1 illustrates the system’s
high-level architecture, showing the flow of information from raw data sources to the final
user-facing responses.

The pipeline begins with structured data ingestion from selected internal systems that
host requirement specifications and test sequences. These inputs are preprocessed through
segmentation, normalization, and metadata enrichment before being converted into vector
representations using a fine-tuned sentence embedding model trained on triplet examples
specific to the testing domain.

At inference time, user queries are managed by a hybrid agent that can retrieve semanti-
cally relevant documents from the vector store or, when necessary, generate contextualized

29
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answers using a LLM. The generated responses are then returned to a user-facing inter-
face, which is integrated into commonly used engineering environments such as Visual
Studio Code or Slack, ensuring minimal disruption to existing workflows.

This modular and hybrid design enables the system to meet key industrial requirements,
including traceability, low-latency response, and compatibility with continuous integration
pipelines, while also maintaining the flexibility to evolve alongside changing data sources
and engineering practices.

Figure 4.1: High-level system architecture for hybrid retrieval and generation

4.2 Data Acquisition and Preprocessing

4.2.1 Data Collection and Curation for LLM-Driven Systems

The e↵ectiveness of LLM-based applications in system testing and embedded environ-
ments hinges on the availability of structured, domain-specific data. In this context, data
were obtained directly from internal tools (Software1, Software2, and Software 3) that
collectively store system requirements, component hierarchies, and test sequences. These
tools expose the data either through internal APIs or structured exports, enabling direct
extraction of raw textual and tabular content.

Although the data sources were accessible, their heterogeneity posed challenges. Require-
ments were often written in unstandardized language, and test sequences were dispersed
across various formats with inconsistent schema definitions. Consolidating this data into a
coherent corpus suitable for LLM training and retrieval required significant preprocessing
and normalization.



4.2. DATA ACQUISITION AND PREPROCESSING 31

4.2.2 Industrial Data Annotation and Preprocessing

Industrial datasets are rarely curated for machine learning purposes. Requirements may
be presented as free-form paragraphs, semi-structured tables, or use domain-specific no-
tations, while test sequences embed control logic or signal dependencies in procedural
formats [49], [133]. Preprocessing entailed token normalization, segmentation into coher-
ent chunks, metadata tagging, and relationship extraction among signals, components,
and behavioral logic [134], [135].

The absence of labeled training data necessitated the use of weak supervision [136], dis-
tant supervision, or unsupervised similarity heuristics [105]. These methods supported
contrastive learning setups with minimal manual labeling e↵ort, enabling the generation
of embedding models for downstream semantic search [38].

4.2.3 Challenges in Structuring Requirements and Test Assets

Semantic structuring of requirement and test artifacts introduced considerable complexity.
Requirements were often duplicated across product variants, authored using inconsistent
formats, and lacked shared taxonomies [137]. Test sequences encoded conditional logic,
preconditions, and signal dependencies across versions and components [27]. To trans-
form raw content into meaningful retrieval units, domain-specific chunking strategies and
standardized metadata schemas were applied.

Since formal traceability between requirements and test sequences was limited, heuristics
were employed to infer associations based on overlapping signal names, module identifiers,
or functional tags [37], [90]. Embedding models were trained with auxiliary inputs such
as signal IDs and version metadata to improve retrieval accuracy.

Versioning further complicated data integration, as both requirements and test sequences
evolved frequently. To preserve traceability while accommodating updates, the prepro-
cessing pipeline was designed to support incremental alignment across linked artifacts.

4.2.4 Data Source Diversity and Stakeholder-Guided Selection

The internal data environment spanned several specialized tools, each designed for specific
lifecycle stages and teams. Despite accessibility, the lack of format standardization and
semantic consistency across these tools made unified indexing and retrieval challenging.
Rather than performing exhaustive ingestion, a stakeholder-driven strategy was employed.

Through interviews with test engineers and system architects, highnpriority tools and
commonly referenced datasets were identified—most notably Software1 for subsystem
level test sequences, Software2 for component metadata, and Software 3 for requirement
specifications. This approach ensured that the curated dataset remained aligned with
practical usage and traceable across relevant engineering processes.
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4.2.5 From Raw Extraction to Structured Knowledge Units

Raw textual and tabular data were often noisy, redundant, or incomplete. Preprocessing
involved deduplication, sentence segmentation, field normalization, and metadata enrich-
ment using both domain heuristics and stakeholder feedback. This process aimed to
preserve semantic integrity while ensuring compatibility with embedding based retrieval
systems.

The refinement process was iterative and guided by feedback from domain experts, who
helped validate chunking boundaries, signal naming conventions, and tagging schema.
This ensured that the final dataset retained operational relevance and improved the down-
stream performance of the RAG retrieval module.

Despite being time intensive, this phase laid the foundation for robust semantic search
and ensured the model’s alignment with real-world testing and requirement engineering
practices.

Dataset Structuring for Retrieval and Training. To support the dual use case of RAG-
based inference and embedding fine-tuning, two data formats are defined:

• Knowledge Base Format (RAG Corpus): Each entry represents a semantically
coherent retrieval unit. The required fields include:

– id: A unique identifier;

– title: A short label or functional descriptor;

– requirements: Core textual content intended for retrieval;

– description (optional): Supplementary information or metadata;

– sequences (optional): Associated procedural or test related steps;

– category: A tag indicating origin or classification source.

This format is serialized as a JSON array and used to populate the embedding vector
store during inference.

• Triplet Training Format: To fine-tune embedding models via contrastive learning,
a dedicated dataset is constructed consisting of anchor–positive–negative triples.
Each sample includes:

– anchor: A query like input or prompt representative of downstream usage;

– positive: A semantically relevant corpus item;

– negative: A semantically irrelevant or misleading item drawn from the corpus.

This format can be prepared using heuristic mining, lexical retrieval methods, or
prior system interaction logs, and is typically stored as a list of JSON records.

These two formats are designed to ensure separation between inference-ready content
and supervision-ready signals, while maintaining consistency in document structure and
semantic granularity. Their adoption facilitates reproducibility, model interoperability,
and future extension of the RAG pipeline within industrial settings.
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4.3 Embedding and Vector Indexing Layer

Once the requirement and test sequence data were preprocessed into clean, structured
textual units, the next step was to convert them into semantically meaningful vector rep-
resentations suitable for retrieval. This section describes the design and implementation
of the embedding model, the training process for domain adaptation, and the integration
of a vector indexing layer optimized for industrial usage.

4.3.1 Model Selection and Fine-Tuning Strategy

To identify a suitable base embedding model for semantic retrieval in the automotive
testing domain, the project first conducted a comparative analysis of both open-source and
proprietary models using the MTEB (Massive Text Embedding Benchmark) leaderboard
as a reference. The objective was to select models that o↵ered a strong balance between
retrieval quality and computational e�ciency.

The initial candidate pool included a range of open-source models, including:

• all-distilroberta-v1 [138];

• all-mpnet-base-v2 [139];

• multi-qa-mpnet-base-dot-v1 [139];

• multi-qa-mpnet-base-cos-v1 [139];

• all-roberta-large-v1 [140];

• bge-base-en-v1.5 [141];

• gtr-t5-large [38];

• gtr-t5-xl [38].

Additionally, two closed source models from OpenAI were considered:

• text-embedding-ada-002 [142];

• text-embedding-3-small [143].

A small-scale evaluation was performed on an internal validation set representing company-
specific requirement and test sequence queries. This step helped identify three open
models as strong candidates for domain adaptation: bge-base-en, gtr-t5-large, and
gtr-t5-xl, covering both moderate and high parameter ranges.

To adapt the selected models to the automotive test engineering context, the project per-
formed fine-tuning using contrastive learning with domain-specific triplets. Each triplet
consisted of an anchor ( a requirement statement), a semantically aligned positive (a cor-
responding test sequence), and a negative sample from an unrelated subsystem. Two
fine-tuning formats were explored:



34 CHAPTER 4. ARCHITECTURE

• Triplet format: Direct use of anchor–positive–negative samples with triplet loss. For
example, given an anchor input describing a specific test requirement (like “Brake
pressure must be stable under 80 bar”), a semantically similar test case is used as
the positive ( a test sequence verifying brake pressure stability), while an unrelated
or misleading case serves as the negative (a test sequence for seatbelt warning).

• Pairwise format: Reformulated as anchor–positive pairs using binary contrastive
loss, without an explicit negative. For instance, the anchor might be the same
requirement statement, and the paired positive is its corresponding test case, while
training relies on distinguishing from randomly sampled non-matching pairs at the
batch level rather than using designated negatives.

These approaches produced di↵erent embedding behaviors, with triplet loss yielding tighter
semantic clustering, while pairwise training o↵ered improved generalization in sparse re-
trieval scenarios. Final model selection was based on downstream retrieval performance
within the RAG pipeline.

4.3.2 Vector Store and Indexing Scheme

To support scalable and low latency semantic retrieval in the cloud, the system adopts
Azure Cosmos DB for MongoDB vCore as its vector store. This managed database
supports native dense vector indexing and approximate nearest neighbor search using the
$vectorSearch operator under the cosmosSearch extension.

Index Definition. Two types of indexes were created for each collection: a dense vec-
tor index and a traditional metadata index. The vector index was configured with the
following MongoDB command:

db.command ({

’createIndexes ’: COLLECTION_NAME ,

’indexes ’: [

{

’name’: ’VectorSearchIndex ’,

’key’: {

"contentVector": "cosmosSearch"

},

’cosmosSearchOptions ’: {

’kind’: ’vector -ivf’,

’numLists ’: 1,

’similarity ’: ’COS’,

’dimensions ’: 768

}

}

]

})

Listing 4.1: Creating a vector index in Cosmos DB using MongoDB API
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Cosine Similarity. To measure semantic closeness between vectors, cosine similarity is
used as the scoring function:

sim(q,d) =
q · d

kqk · kdk (4.1)

where q is the query vector and d is a document embedding. All vectors are normalized
prior to indexing, allowing inner product computation to approximate cosine similarity.

In parallel, traditional filter indexes were added to support keyword filtering during re-
trieval, such as:

db.command ({

"createIndexes": COLLECTION_NAME ,

"indexes": [

{

"key": { "title": 1 },

"name": "title_filter"

}

]

})

Listing 4.2: Creating a keyword filter index on the ’title’ field

Retrieval Pipeline. At query time, the user input is converted into an embedding using
the selected model and passed into a MongoDB aggregation pipeline. The retrieval is
conducted via the $search stage as shown below:
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pipeline = [

{

"$search": {

"cosmosSearch": {

"vector": query_embedding ,

"path": "contentVector",

"k": 5,

"filter": {

"title": { "$regex": keyword , "$options": "i -
,! " }

}

},

"returnStoredSource": True

}

},

{

"$project": {

"similarityScore": { "$meta": "searchScore" },

"document": "$$ROOT"

}

}

]

Listing 4.3: Cosmos DB vector search pipeline with keyword filter

Top-k Vector Retrieval. Given a query vector q and a corpus of N embedded documents
{d1, . . . ,dN}, the retrieval operation returns the k nearest vectors according to similarity:

Top-k(q) = arg
k

max
di2D, i=1,...,N

sim(q,di) (4.2)

where sim(·, ·) is typically cosine similarity.

Industrial Justification. The decision to adopt Cosmos DB was strongly motivated by in-
dustrial constraints. Company’s internal data governance requires all production systems
to run on Azure hosted infrastructure. Furthermore, locally hosting a vector database
such as FAISS [144] or Qdrant [145] was evaluated but ultimately discarded due to con-
cerns over limited throughput, operational resource demands, and integration complexity
in CI/CD pipelines.

FAISS, although highly optimized for similarity search on local hardware, lacks out-of-
the-box support for high availability, real-time updates, and cloud-native scaling [144].
Qdrant o↵ers a more modern feature set including RESTful APIs and metadata filtering,
but requires additional deployment overhead and infrastructure management [145], [146].
By contrast, Cosmos DB provides fully managed vector search capabilities, serverless
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maintenance, and seamless integration with Azure-native services including authentica-
tion, logging, and monitoring [147]. This made it particularly well-suited for continuous
integration within an enterprise-grade environment.

4.3.3 Periodic Re-Embedding and Pipeline Integration

Given the evolving nature of requirement specifications and test sequences in the auto-
motive testing domain, the system supports periodic re-embedding and dynamic updates
to the vector store. As new artifacts are introduced or existing ones are revised, their
embeddings are recomputed using the current fine-tuned model and upserted into the
Azure Cosmos DB vector index. This ensures that the retrieval pipeline remains aligned
with the latest knowledge base, without requiring a complete re-ingestion.

Formally, let Dnew = {d1, d2, . . . , dm} represent newly added or modified documents. Each
di is passed through the embedding function f✓(·):

vi = f✓(di), 8di 2 Dnew (4.3)

where f✓ denotes the current fine-tuned embedding model. The resulting vectors vi are
then inserted into the existing collection V using an upsert operation, preserving meta-
data and index consistency.

The embedding and vector indexing service is exposed via a dedicated backend endpoint.
At query time, the user input q is embedded as q = f✓(q) and compared against stored
vectors using cosine similarity mentioned before.

The top-k retrieved chunks are then passed downstream to the generation agent, which
constructs a response using either a prompted LLM or a fine-tuned decoder.

4.4 RAG Agent

The generation agent constitutes the reasoning and response layer of the system. It
leverages RAG to synthesize context-aware outputs for engineering queries based on se-
mantically matched requirement and test sequence fragments. This approach combines
the strengths of dense retrieval with the generative capabilities of LLMs, while preserving
interpretability through reference tracking and tool-level invocation traces.

4.4.1 Context Construction from Retrieved Chunks

Given a user query q, the system retrieves the top-k most semantically relevant documents
{d1, . . . ,dk} from the vector store, as described in previous sections. Each document
consists of a content block ci and associated metadata (for example test case ID, version
tag, signal list). These chunks are concatenated into a single input context Cq as follows:
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Cq = concat(c1, c2, . . . , ck) (4.4)

To manage the token limit imposed by the LLM, the system applies a sliding window or
top priority truncation strategy based on relevance scores or document hierarchy.

4.4.2 Prompt Template and Generation Interface

The retrieved context Cq is then inserted into a domain-specific prompt template, which
guides the model to produce grounded and verifiable answers. A representative prompt
follows this structure:

You are an assistant specialized in HIL testing. Based on the follow-

ing reference information, answer the query:

--

[Retrieved Context]

--

Query: "[User Question]"

Answer:

This prompt is passed to the backend LLM endpoint, which returns the generated response
ŷ based on both the context and query.

4.4.3 Tool Integration and External Invocation

In addition to passive retrieval, the agent supports dynamic tool invocation to fulfill more
complex queries—such as retrieving test cases directly from the Volvo CarWeaver system.
Tools are defined using the function calling schema compatible with Azure OpenAI’s
‘functions‘ interface, allowing structured registration and invocation at runtime.

At inference time, if the model determines that external tool execution is required (for real-
time database lookup), it emits a structured call conforming to this schema. The backend
system then routes this request to the registered function and feeds the result back into
the agent’s response pipeline. This mechanism enables hybrid reasoning workflows that
combine static document grounding with live system interrogation.

4.4.4 Response Composition and Traceability

The final answer ŷ is computed as:

ŷ = LLM(Cq, q) (4.5)
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In addition to the generated text, the system logs which documents or tools contributed
to the final answer. For retrieval-based responses, metadata such as document ID, test
version, and signal name are embedded in the response trace. For tool-based results, the
tool name, parameters, and returned payload are logged. This dual traceability spanning
both retrieval and function execution—is critical in regulated industrial environments,
where generated answers must be auditable and reproducible.
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Chapter 5

Implementation

This chapter details the practical realization of the system architecture introduced in
Chapter 4. While the previous chapter focused on high level design principles and mod-
ular interactions, the current discussion addresses how each component was concretely
implemented, integrated, and deployed within the constraints of Volvo’s infrastructure.

The implementation encompasses several interdependent layers, including automated data
extraction from GUI-bound engineering tools, embedding model fine tuning using con-
trastive learning, cloud-based vector indexing with hybrid metadata filtering, and a RAG
pipeline powered by large language models. These components are orchestrated through
a modular backend service, which communicates with a lightweight frontend for real-time
user interaction.

Particular attention is paid to industrial constraints such as tool compatibility, latency,
and traceability. Where relevant, this chapter outlines key decisions, challenges encoun-
tered, and the engineering trade-o↵s made to ensure robustness and maintainability in a
real-world automotive testing environment.

5.1 Data Collation

A core challenge in building the RAG based system was the absence of structured, ma-
chine readable datasets that align requirements with corresponding test sequences. In the
industrial environment at Volvo, such information exists in fragmented and tool specific
formats, lacking standardized access for large scale processing. To overcome this, a dedi-
cated data collation pipeline was developed to extract, align, and format requirement–test
pairs in a way that supports contrastive learning and retrieval based generation. This step
was critical in enabling supervised training and evaluation of embedding models within
the RAG framework.

41
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Figure 5.1: Software 3 Test cases Data Extraction

5.2 Data Collation Pipeline

To address the absence of accessible, structured requirement–test sequence data, a custom
automation pipeline was developed to extract, align, and format domain specific infor-
mation for downstream retrieval and fine tuning tasks. The pipeline was designed to
traverse hierarchical subsystem and module structures, extracting relevant elements such
as requirement descriptions, signal identifiers, and test procedures.

Before text processing, standard preprocessing techniques including grayscale conversion,
thresholding, and layout normalization were applied to improve recognition accuracy.
Extracted text segments were then parsed using regular expressions and domain specific
heuristics to identify field boundaries, structural markers, and signal references. Each
entry was further enriched with contextual metadata—such as parent component, signal
count, and timestamp and stored in structured JSON format.

To ensure robustness, the pipeline included logging, checkpointing, and recovery mech-
anisms, allowing for consistent and scalable data extraction. While less direct than
APIbased methods, this approach enabled the creation of a high-quality corpus consisting
of several thousand requirement test sequence pairs. This dataset served as the foundation
for contrastive learning and retrieval experiments conducted in this thesis.

5.3 From Text to Vector Representations

In retrieval-based systems, the first step in processing textual data involves mapping
natural language inputs into fixed-length vector representations. These vectors reside
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in a high-dimensional semantic space, where proximity reflects similarity in meaning or
function. The transformation is performed using a neural embedding function f✓(·), which
encodes an input string x into a dense vector v 2 Rd:

v = f✓(x), v 2 Rd (5.1)

The goal is for functionally or semantically related texts—such as requirements and test
cases referencing the same component—to be embedded close together. This enables the
use of vector similarity (cosine distance) as a proxy for semantic relevance during retrieval.

To visualize this principle, Figures 5.2 and 5.3 show 3D projections of the embedding space
generated using a subset of Volvo’s domain-specific data. These plots were obtained via
UMAP dimensionality reduction on document embeddings produced by the fine-tuned
BGE model.

In both cases, text samples associated with a specific topic—namely, test requirements
related to “intention recognition” logic—form localized clusters in the vector space. This
emergent grouping demonstrates that the embedding model e↵ectively captures domain-
relevant semantics, even when lexical overlap is limited.

Figure 5.2: Cluster formation of intention-
related texts (Sample 1)

Figure 5.3: Cluster formation of intention-
related texts (Sample 2)

5.4 Embedding Model Fine-Tuning

To ensure the retrieval component could capture semantically meaningful relationships be-
tween requirements and test sequences, a domain adapted embedding model was required.
While several general-purpose sentence encoders are available, their performance on engi-
neering specific language—such as automotive signal references, component abbreviations,
or procedural descriptions—was limited. As such, the project conducted systematic fine-
tuning of selected models using in-domain data and task-specific supervision.
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5.4.1 Candidate Model Evaluation

The selection of base encoders was informed by the MTEB leaderboard and internal
benchmarks. Both open-source and proprietary models were considered, including:

Table 5.1: Candidate Embedding Models Evaluated During Selection Phase

Model Name Type Source

all-distilroberta-v1 Open-source Sentence-Transformers [138]

all-mpnet-base-v2 Open-source Sentence-Transformers [139]

gtr-t5-large Open-source Google Research [38]

gtr-t5-xl Open-source Google Research [38]

bge-base-en-v1.5 Open-source Beijing Academy of Artificial In-
telligence(BAAI) [141]

text-embedding-ada-002 Closed-source OpenAI API [142]

text-embedding-3-small Closed-source OpenAI API [143]

Initial experiments on a small validation set of manually labeled requirement–sequence
pairs indicated that the bge-base-en-v1.5 and gtr-t5-large/xl models exhibited the
most promising alignment in both retrieval accuracy and embedding stability. These were
selected for subsequent fine-tuning which will be introduced in detail the next chapter.

5.4.2 Triplet Construction and Contrastive Learning

The fine-tuning process followed a contrastive learning approach based on triplet loss.
For each anchor requirement ra, a semantically linked positive example tp (usually a test
sequence referencing the same subsystem or functional scope) and a negative example tn
(from an unrelated module) were selected. Each triplet (ra, tp, tn) was used to train the
encoder to pull relevant pairs closer in embedding space while pushing irrelevant ones
apart.

Formally, given the embedding function f✓(·) parameterized by ✓, the triplet loss is defined
as:

Ltriplet = max (0, sim(f✓(ra), f✓(tn))� sim(f✓(ra), f✓(tp)) + ↵) (5.2)

where sim(·, ·) denotes cosine similarity and ↵ is a fixed margin. Training was conducted
using the HuggingFace Transformers framework and PyTorch Lightning, with early stop-
ping based on retrieval accuracy on a held-out validation set.

Due to the absence of a publicly available or internally annotated dataset that explicitly
links requirements to test sequences, constructing high-quality triplets at scale posed a
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major challenge. Manual annotation was infeasible given resource constraints. To address
this, a LLM was used to generate candidate triplets through prompt-based synthesis. For
each extracted requirement, the model was prompted to produce a semantically com-
patible test sequence (positive) and an unrelated distractor (negative), based on signal
references, component names, and action verbs.

To generate synthetic training data for triplet-based contrastive learning, a large language
model was prompted using a domain-specific instruction. The prompt instructed the
model to act as a functional test engineer in the automotive domain, generating specific
and verifiable test questions based on requirement descriptions and subsystem contexts.

You are a functional test engineer with access to subsystem data (for ex-

ample lighting amd locking). Given a test case title and its associated

requirement, generate specific and verifiable test questions. Each ques-

tion must explicitly reference a signal or behavioral condition. Return

a JSON array of dictionaries with a single "question" field. Do not in-

clude explanations.

This prompt was used to synthesize both positive and negative candidate test sequences.
While the actual deployment targeted a proprietary environment, the LLM was guided
using generalizable signal types and behavioral references to maintain relevance without
leaking internal tool semantics.

One of the practical challenges in this setting was the lack of labeled negative examples.
While positive requirement–test sequence pairs were available via heuristic or manual
matching, constructing semantically hard but incorrect negatives at scale was non-trivial.
Inspired by techniques from semi-supervised learning and teacher–student distillation
frameworks, the project employed a high-performing reference embedding model to assist
in negative mining.

Figure 5.4: Overview of the fine-tuning training data generation

Specifically, for each anchor ra, a pool of candidate test sequences {t1, . . . , tn} was encoded
using the reference model (text-embedding-3-small), and ranked by cosine similarity.
Those samples exhibiting moderate semantic similarity (i.e., below the anchor-positive
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similarity but above a minimum threshold) were selected as informative negatives. These
samples were deemed di�cult enough to improve generalization, while remaining incorrect
by functional association.

This approach provided a scalable, low-cost strategy for populating the negative portion
of the training set without the need for manual labeling. It also promoted training robust-
ness by encouraging the model to better separate subtle semantic di↵erences—especially
between test cases that share surface-level terminology but di↵er in signal scope or be-
havioral logic.

The generated samples were heuristically filtered using domain-specific rules and metadata
consistency checks, and subsequently used for supervised fine-tuning. This approach sig-
nificantly reduced the need for manual data engineering and accelerated the construction
of a representative training set aligned with downstream retrieval tasks.

5.4.3 Deployment and Embedding Inference

The fine-tuned model was deployed as a standalone inference service within the backend.
Upon startup, the model is loaded into memory and exposed via a lightweight REST
API, enabling other components in the pipeline to obtain embeddings on demand. All
documents—including requirement descriptions, test sequences, and engineer queries—are
processed through this embedding service before being inserted into the Cosmos DB vector
store or passed to the retrieval pipeline at runtime.

To ensure consistent retrieval behavior, the same embedding function is used for both
o✏ine indexing and online query encoding. The embedding server supports batch tok-
enization and caching strategies to reduce latency and improve throughput. It also sup-
ports hot-swappable model selection, enabling empirical comparisons between multiple
encoders (BGE, GTR, or OpenAI APIs) during evaluation or A/B testing.

In addition to powering the retrieval layer, the deployed embedding service is integrated
into a RAG-based agent system that supports interactive engineering assistance. The
agent combines vector-based context retrieval with prompt-based generation to answer
domain-specific queries. A frontend chatbot interface—built using React and connected
via WebSocket to the FastAPI backend—allows engineers to query the system in natural
language and receive grounded answers with references to underlying requirement and
test artifacts.

To facilitate system improvement and downstream analysis, the chatbot interface also
captures implicit and explicit feedback. User interactions, query reformulations, and
correction prompts are stored in a separate feedback database, linked to the embedding
similarity scores and retrieval context. This setup enables both qualitative error analysis
and the potential for future re-training using user-labeled corrections, thereby closing the
loop between model deployment and continuous learning.

Beyond traditional retrieval and question answering capabilities, the agent system was
extended to support deeper integration with Volvo’s internal engineering tools and testing
infrastructure.
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One major extension involved interfacing with Software 1, 2, and 3—three independent
in-house platforms that manage test systems, component hierarchies, and requirement
specifications respectively. These tools expose only limited or GUI-bound access, and lack
unified APIs. To bridge this gap, the agent was augmented with tool-specific extraction
capabilities based on the MCP integration layer. Through this mechanism, the agent can
dynamically query tool-specific subsystems using a shared identifier, retrieve metadata
via backend APIs, and extract contextually relevant requirement–testcase mappings in
real time.

A second functional enhancement was made at the system testing level. The agent was
deployed within a HIL setup, where it was integrated with the central display module of the
vehicle simulation environment. Here, the RAG system is not only used for information
retrieval, but also serves as a control agent capable of interpreting engineer queries and
triggering actions on the display system. For example, during a test execution, an engineer
may request the system to “switch to autonomous braking visualization” or “highlight the
current turn signal logic path,” and the agent translates this high level intent into a
sequence of display control commands, grounded in the retrieved test knowledge.

This dual-mode deployment—supporting both o✏ine engineering support and online in-
teractive control—demonstrates the agent’s versatility as a domain specific intelligent
interface. It bridges the semantic gap between human intent and machine executable
testing actions, while maintaining traceability through RAG-based context grounding.

5.5 Agent Tool Integration.

The agent was implemented in Python using the Azure OpenAI Agent SDK, which pro-
vides a flexible framework for multi-step tool invocation and semantic reasoning. Domain
specific functionality was exposed to the agent through a set of modular tools registered
at runtime. Each tool is defined by a name, description, input schema, and execution
callback.

One such tool, query_vehicle_tests, allows the agent to retrieve test cases related to
specific vehicle features or subsystems. The tool schema is defined as follows:
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tool_registry.register(

name="query_vehicle_tests",

description="Query test cases based on specific vehicle  -
,! features or components.",

parameters ={

"type": "object",

"properties": {

"query": {

"type": "string",

"description": "Vehicle component to search for  -
,! (e.g., ’headlamp ’, ’brake light ’)."

},

"num_results": {

"type": "integer",

"description": "Number of top matching test  -
,! cases to return.",

"default": 5

}

},

"required": ["query"]

}

)

Listing 5.1: Tool registration for test case retrieval

At runtime, the agent receives a user query, constructs a semantically grounded prompt,
and automatically invokes one or more tools to fulfill the request. The results are post
processed and returned in natural language, enriched with document level references to
ensure traceability. This flexible framework allows new tools to be added with minimal
integration e↵ort, enabling the agent to evolve alongside domain needs.



Chapter 6

Evaluation

This chapter presents the empirical evaluation of the implemented system, focusing on the
e↵ectiveness of the embedding models, the performance of the retrieval pipeline, and the
practical utility of the agent in both o✏ine and interactive settings. The evaluation seeks
to answer several key research questions: how well di↵erent embedding models capture
semantic similarity between requirements and test sequences in the automotive testing
domain; whether domain-specific fine-tuning improves retrieval accuracy; how model size
correlates with performance; and what is the perceived quality of the system from the
perspective of engineers using the agent in real-time interactions.

To address these questions, this project conducted both quantitative and qualitative ex-
periments across multiple datasets and usage scenarios. This chapter first introduces the
evaluation protocol and metrics, then presents comparative analyses of embedding models,
and finally describes the results of an A/B user study alongside selected case studies.

6.1 Evaluation Setup

The evaluation was designed to reflect both the o✏ine performance of the embedding
models and their real-world utility when deployed within the RAG pipeline. The assess-
ment focuses on model-level embedding quality, retrieval e↵ectiveness, and agent-level
interaction fidelity.

Experiments were conducted using a benchmark dataset constructed from internal re-
quirement and test sequence pairs collected from volvo’s automotive testing environment.
These data pairs were preprocessed and aligned using heuristics such as shared component
identifiers, signal references, and textual overlaps. To support contrastive evaluation, the
dataset was formatted into triplets, each consisting of an anchor (requirement), a seman-
tically relevant positive (linked test sequence), and a negative (an unrelated or weakly
related test sequence).

49
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Evaluation Protocol

The evaluation process was structured in three sequential phases to accommodate both
iterative model selection and end-to-end system validation.

Phase 1: Rapid Benchmarking on 10% Queries. The research began by selecting a strat-
ified 10% subset (520 queries) from the full benchmark to perform an initial comparison
of several high-performing open-source embedding models from the SentenceTransformers
library. The goal was to quickly identify promising candidates based on triplet accuracy,
avoiding redundant evaluation of underperforming architectures.

Phase 2: Full-Scale Embedding Model Evaluation. The best-performing candidates from
Phase 1 were then evaluated on the complete benchmark dataset consisting of 2,172
curated triplets. This phase measured Top-1 retrieval accuracy and assessed the e↵ect
of domain-specific fine-tuning, as detailed in Section 6.3. These results informed the
embedding backbone choice for the final retrieval pipeline.

Phase 3: Final LLM Accuracy Assessment on 3,208 Retrieved Cases. In the final phase,
this project analyzed whether LLMs could accurately extract the correct document from
Top-5 retrieved context. This study selected 3,208 queries for which both the original
and fine-tuned embedding models successfully retrieved the correct document among the
Top-5. These queries were then fed to GPT-4o and GPT-4o-mini, each receiving the same
set of retrieved documents. The LLMs were instructed to answer the query and identify
the specific source document used, allowing us to compute a document-level grounding
accuracy.

Across all three phases, evaluations were performed using a unified inference environ-
ment with cosine similarity, FAISS-based vector indexing, and shared preprocessing logic.
Feedback from interactive sessions and downstream agent integration is presented in sub-
sequent sections.

Data Source and System Selection

To build a domain-specific benchmark for embedding evaluation, data were aggregated
from three internal software systems and one HIL configuration documentation at Volvo.
These sources vary in structure, content type, and reliability. Software 1 and Software
2 consist primarily of internal help documentation and support manuals extracted from
commonly used test platforms. While useful for building general-purpose knowledge bases,
they lack structured semantic linkage and are therefore excluded from model evaluation.

By contrast, Software 3 serves as the main test and requirement management system.
Its entries are written directly by engineers and contain detailed, structured descriptions
of requirement-test mappings, making it the most suitable source for contrastive triplet
construction and evaluation. Consequently, all training and test triplets are derived from
this source.

Lastly, the set of data provides a signal-level description of the HIL test benches and CAN
configuration. These signals were integrated into the RAG corpus to enable signal-aware
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retrieval but were not included in triplet-based embedding evaluation due to their atomic
granularity.

Figure 6.1: Data source distribution from internal systems (Software 1–3 and Signal
References). Training and evaluation data are based on Software 3.

6.2 Triplet Construction and Subset-Based Model Screen-
ing

To support embedding evaluation and contrastive fine-tuning, this study constructed a
benchmark dataset composed of 5,200 requirement–test sequence triplets sourced from
Volvo’s automotive testing environment. Due to the lack of standardized labeled corpora
in this domain, the data was curated from internal systems through a multi-step pipeline
involving steps as outlined in Chapter 5.

Each triplet (a, p, n) consists of an anchor requirement a, a semantically related positive
sample p, and a semantically irrelevant or weakly related negative sample n. These triplets
are structured such that a well-performing embedding model should place a closer to p
than to n in vector space, as determined by cosine similarity.

Positive pairs were identified using domain heuristics such as shared subsystem identifiers,
signal co-occurrence, and GUI adjacency. In cases where textual overlap was sparse, large
language models were used to generate synthetic positives based on real-world engineering
descriptions. Negatives were selected via a semi-automatic strategy inspired by hard
negative mining: a high-performing encoder such as text-embedding-3-small was used
to score unrelated test sequences, and those with mid-range similarity scores were retained
as informative negatives.

To enable e�cient model comparison, this project sampled a 10% stratified subset (520
triplets) from the full benchmark and used it for rapid initial screening of candidate
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models. This subset maintained coverage across subsystems and ensured consistency in
anchor–positive distribution.

Zero-Shot Model Comparison on Subset

Using the selected 10% subset, this study evaluated a diverse set of open-source embedding
models from the SentenceTransformers library. These models vary in architecture, size,
and pretraining objectives. The evaluation metric was triplet accuracy, defined as the
proportion of triplets where sim(a, p) > sim(a, n).

The results are presented in Table 6.1. Notably, the gtr-t5-large and gtr-t5-xl models
achieved the highest scores, demonstrating their strong semantic alignment in zero-shot
settings. The bge-base-en-v1.5 model also showed strong performance despite having
significantly fewer parameters. Performance deltas were also observed between cosine-
and dot-product-based variants of the multi-qa-mpnet family.

These results confirm that strong semantic retrieval performance is not exclusive to large
models. The bge-base-en-v1.5 model, in particular, o↵ers a compelling balance between
accuracy and parameter count. Based on these insights, this step selected gtr-t5-large,
gtr-t5-xl, and bge-base-en-v1.5 as candidates for full-scale evaluation and fine-tuning
experiments presented in the next section.

6.3 Embedding Model Comparison

To identify the most e↵ective embedding model for semantic retrieval in the automotive
testing domain, this study evaluated a range of SentenceTransformers and instruction-
tuned models using the curated benchmark described above. Our analysis focused on two
dimensions: overall semantic accuracy and model size, with special attention to whether
domain-specific fine-tuning improves performance.

6.3.1 Initial Evaluation on Benchmark Subset

As a first step, a 10% stratified sample of the dataset was used to benchmark a diverse
set of open-source models. These included top-performing variants from the Sentence-
Transformers library, spanning di↵erent architectures and parameter sizes. Each model
was evaluated using triplet accuracy, as defined in Section 6.1.1.

The results are summarized in Table 6.1. Models such as gtr-t5-large and gtr-t5-xl
achieved the highest accuracy, while all-distilroberta-v1 and all-mpnet-base-v1
performed competitively despite having fewer parameters. The gap between dot-product
and cosine-based variants of multi-qa-mpnet-base was also evident.
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Table 6.1: Triplet accuracy on 10% benchmark subset

Model Parameters (M) Triplet Accuracy (%)

gtr-t5-large 334.94 84.29

gtr-t5-xl 1240.91 83.01

bge-base-en-v1.5 110.00 80.91

multi-qa-mpnet-base-dot-v1 109.49 80.77

multi-qa-mpnet-base-cos-v1 109.49 79.49

all-mpnet-base-v2 109.49 78.85

all-distilroberta-v1 82.12 77.24

all-mpnet-base-v1 109.49 77.56

all-roberta-large-v1 355.36 75.64

6.3.2 Full Evaluation with Parameter Scaling Analysis

Based on the initial results on the 10% evaluation subset, this study selected the top-
performing open-source models—namely, gtr-t5-xl,gtr-t5-large and bge-base-en-
v1.5—for further analysis. To assess the scalability of these findings and examine how
model size correlates with retrieval performance, the project extended the evaluation
to the full benchmark dataset containing 2,172 queries. At this stage, two proprietary
embedding models provided via OpenAI APIs are also included: text-embedding-ada-
002 and text-embedding-3-small. This allowed us to compare open and closed-source
approaches under a unified evaluation framework in the zero-shot setting.

Figure 6.2 plots the top-1 retrieval accuracy of each model against its parameter count.
The proprietary text-embedding-ada-002 and text-embedding-3-small achieved the
highest scores at 58.89% and 58.70%, respectively, closely followed by gtr-t5-large at
58.24%. In contrast, gtr-t5-xl, despite having over 1.2 billion parameters, achieved
only 57.32%, indicating that scale alone does not guarantee superior performance. The
smallest model, bge-base-en-v1.5, scored 50.69% in its zero-shot form.

These results suggest that although larger models like gtr-t5-xl o↵er increased capacity,
model size alone is not a reliable indicator of retrieval quality in this domain. High-
performing proprietary models and e�cient smaller encoders such as text-embedding-3-
small or gtr-t5-large can provide better accuracy–e�ciency trade-o↵s. These insights
motivated the next phase of our study, which focuses on the impact of domain-specific
fine-tuning.

6.4 E↵ect of Domain-Specific Fine-Tuning

To assess the benefit of domain-specific adaptation, this study performed supervised fine-
tuning on selected open-source embedding models using the curated triplet dataset de-
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Figure 6.2: Top-1 retrieval accuracy vs. model size on full benchmark (15% queries, zero-
shot setting)

scribed in Section 6.1.2. The fine-tuning process was guided by a contrastive learning
objective based on triplet loss and implemented using the SentenceTransformers library.

This study focused on three embedding models that span a range of parameter sizes:

• bge-base-en-v1.5 (110M parameters): a compact, retrieval-optimized model;

• gtr-t5-large (334M parameters): a mid-sized encoder–decoder model;

• gtr-t5-xl (1.24B parameters): a large-scale language model with high capacity.

Proprietary models such as text-embedding-ada-002 and text-embedding-3-small
could not be fine-tuned due to API limitations, and thus serve as reference points only.

The evaluation results after fine-tuning are presented in Table 6.2. Notably, bge-base-
en-v1.5 achieved a substantial improvement, increasing from 50.69% to 60.73% in top-1
retrieval accuracy. In contrast, the larger models exhibited marginal or moderate gains:
gtr-t5-large improved from 58.24% to 58.43%, and gtr-t5-xl increased from 57.32%
to 63.31%.

Table 6.2: E↵ect of fine-tuning on Top-1 retrieval accuracy

Model Parameters (M) Before FT (%) After FT (%)

bge-base-en-v1.5 110 50.69 60.73

gtr-t5-large 334 58.24 58.43

gtr-t5-xl 1240 57.32 63.31
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To visualize the impact of fine-tuning across models of varying sizes, Figure 6.3 presents
a side-by-side bar chart comparing pre- and post-fine-tuning accuracy. As shown, the
relative gain is most significant for bge-base-en-v1.5, while gtr-t5-xl achieves the
highest absolute performance.

Figure 6.3: Pre- and post-fine-tuning accuracy comparison across models (Top-1 retrieval)

These results indicate that domain-specific fine-tuning has a model-dependent impact on
retrieval performance. The most pronounced improvement was observed in bge-base-
en-v1.5, which saw a gain of over 10 percentage points in top-1 retrieval accuracy. This
suggests that smaller models with moderate parameter capacity are highly receptive to
contrastive supervision when adapted to a specific domain. In contrast, gtr-t5-large
exhibited negligible improvement, while gtr-t5-xl gained approximately 6 percentage
points and ultimately outperformed all others in absolute terms.

From a theoretical perspective, contrastive learning via triplet loss aims to enforce the
inequality:

sim(f✓(a), f✓(p)) > sim(f✓(a), f✓(n)) + ↵ (6.1)

where f✓(·) is the embedding function parameterized by ✓, a is the anchor, p the positive,
n the negative, and ↵ is a margin hyperparameter. The training objective minimizes:

Ltriplet =
NX

i=1

max (0, sim(f✓(ai), f✓(ni))� sim(f✓(ai), f✓(pi)) + ↵) (6.2)
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In practice, smaller models like bge-base-en-v1.5 often have less pre-trained general-
ization capacity and are more responsive to domain-specific gradients during fine-tuning.
These models likely underfit the domain prior to fine-tuning, which gives room for repre-
sentation refinement when trained on task-specific triplet structures.

On the other hand, large pre-trained models such as gtr-t5-xl may already encode high-
dimensional general semantic structures. In such cases, unless the fine-tuning dataset is
su�ciently large and diverse, additional updates to ✓ may only yield incremental gains, or
worse, induce overfitting or catastrophic forgetting. The mild gain seen in gtr-t5-large
suggests that its capacity was already saturated with respect to the provided contrastive
signal, or that its pre-trained structure was not well-aligned with triplet-based adaptation.

This outcome is also consistent with capacity-data matching theory: models with higher
capacity (for example greater number of parameters, layers, or embedding dimensions)
require more data to learn meaningful task-specific representations. Let C(✓) denote a
model’s capacity and D the available task data distribution. The e↵ective representation
gain �R from fine-tuning satisfies:

�R / min

✓
@C(✓)

@✓
, log |D|

◆
(6.3)

indicating that unless |D| scales with C(✓), representation improvements plateau. In
our case, the triplet dataset, while domain-aligned, may not be large enough to fully
reconfigure high-capacity models like gtr-t5-xl.

Ultimately, these results underscore the need to align model size, data volume, and task
granularity. For cost-sensitive or latency-critical deployment environments, the bge-
base-en-v1.5model, after fine-tuning, o↵ers a compelling trade-o↵—achieving high task-
specific accuracy with minimal overhead. In contrast, larger models such as gtr-t5-xl
should be reserved for situations where maximum absolute performance is required and
computational resources are abundant.

6.5 Impact of Negative Samples in Fine-Tuning

While contrastive learning traditionally relies on triplets composed of an anchor, a pos-
itive, and a negative sample, many industrial environments especially in safety-critical
domains like automotive testing often lack curated negative examples. In practice, en-
gineers typically maintain only positive associations between requirements and test se-
quences, with no formal mapping to unrelated samples.

To simulate this common constraint, the study conducted an ablation experiment on the
bge-base-en-v1.5 model by modifying the fine-tuning dataset. Specifically, by training
two variants: one using the full triplet dataset (with negative samples) and another using
only anchor–positive pairs, e↵ectively removing contrastive supervision.
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Figure 6.4 presents the top-10 retrieval accuracy across the three settings: pre-trained
(no fine-tuning), fine-tuned without negatives, and fine-tuned with full triplets. The
model trained without negatives achieved 55.76% top-10 accuracy which is substantially
better than the baseline 50.69%, but still below the 60.75% achieved using full contrastive
training.

Figure 6.4: Top-1 accuracy comparison for bge-base-en-v1.5 under di↵erent training
regimes

This experiment highlights the trade-o↵ between data availability and representation qual-
ity. It also demonstrates the flexibility of modern embedding models to adapt under lim-
ited supervision, which is particularly relevant for industrial deployments where annotated
data is scarce or costly to produce.

These results confirm that while fine-tuning with positive-only supervision still improves
model performance, the absence of negative contrast weakens the model’s ability to sep-
arate subtle semantic distinctions. Nonetheless, the performance of the positive-only
variant remains competitive and may serve as a practical solution when negative data is
unavailable.

This experiment highlights the trade-o↵ between data availability and representation qual-
ity. It also demonstrates the flexibility of modern embedding models to adapt under lim-
ited supervision, which is particularly relevant for industrial deployments where annotated
data is scarce or costly to produce.

More importantly, these findings suggest that even in domains with domain-specific struc-
tured knowledge such as automotive testing supplementing positive examples with a small
number of carefully selected or synthetic negatives can significantly enhance embedding
quality. This insight has direct applicability in enterprise environments where data privacy
or annotation cost limits manual labeling, and points toward hybrid fine-tuning strategies
that combine weak supervision with curated contrastive signals.



58 CHAPTER 6. EVALUATION

6.6 Interaction Between Embedding Quality and LLM Be-
havior

After establishing that domain-specific fine-tuning substantially improves embedding qual-
ity, the study now analyze how this improvement a↵ects the downstream behavior of LLMs
in a RAG setting.

6.6.1 Motivation and Setup

Even when a RAG system provides semantically correct documents, it remains unclear
whether the language model can e↵ectively identify, extract, and attribute the relevant
source content. This is particularly important in safety-critical environments like auto-
motive testing, where traceability and reference fidelity are essential.

To investigate this, this study evaluated two versions of GPT-4—GPT-4o and GPT-4o-
mini—on a dataset of 1,700 domain-specific queries. For each query, the Top-5 documents
were retrieved using either the original bge-base-en-v1.5 or the fine-tuned bge-base-
en-v1.5-HIL model. The LLMs were asked to answer the question and explicitly return
the source document ID used to derive the response.

This evaluation simulates a realistic RAG workflow: a strong embedding model narrows
the context space, and the LLM is expected to ground its answer in the supplied docu-
ments. Accuracy was defined as the percentage of queries for which the LLM identified
the correct source document (within Top-5 context).

6.6.2 Results and Observations

As shown in Figure 6.5, both GPTmodels performed better when the embedding backbone
was fine-tuned. However, GPT-4o-mini consistently outperformed its larger counterpart
across both embedding sources. With original BGE embeddings, both models scored
81.4%; with fine-tuned embeddings, GPT-4o-mini achieved 88.6% while GPT-4o remained
static.

This suggests that larger models do not necessarily perform better in source attribution
tasks. In our case, GPT-4o, despite its increased generalization capacity, appears more
prone to context di↵usion or abstraction errors. In contrast, the smaller GPT-4o-mini
model exhibited sharper focus and better alignment with prompt constraints—possibly
due to reduced cognitive overhead and a tighter attention horizon.

6.6.3 Interpretation and Design Implications

This experiment highlights the non-trivial interplay between retrieval quality and gen-
eration fidelity in RAG systems. High-capacity LLMs may generalize too broadly or
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Figure 6.5: Source attribution accuracy under di↵erent embedding and LLM combinations

hallucinate connections across documents, while smaller models may excel in precision
tasks that require tight grounding and explicit referencing.

In the context of engineering document retrieval and test automation, this insight has di-
rect implications: optimizing the embedding model for the domain not only helps with re-
trieval, but also simplifies the generation burden on the LLM. Moreover, selecting smaller
LLMs for post-retrieval reasoning can yield better controllability, lower latency, and higher
consistency in source-based tasks.

6.7 User Feedback and A/B Evaluation of RAG-Enhanced
Agent

To complement the quantitative evaluation of embedding quality and retrieval accuracy,
the study conducted a small-scale A/B user study to evaluate the perceived utility of
the RAG-augmented system in a real-world engineering context. The goal was to under-
stand how users experienced the di↵erences between a chatbot with Retrieval-Augmented
Generation (Bot A) and a traditional generative chatbot without retrieval support (Bot
B).

Experiment Setup

Ten engineers from two functional domains (Operation and Exterior Function) interacted
with both chatbot variants. Each user received the same task prompt in both interfaces
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and was unaware of the underlying model configurations. After each task, participants
answered a standardized evaluation form assessing:

• Helpfulness (forced-choice: A vs B)

• Speed, Tone, and Perceived Completeness

• Ratings on truthfulness, naturalness, and satisfaction (1–5 scale)

• Open-ended justifications and suggestions

In addition, feedback sentiment was quantified using polarity scores (range: –1 to +1) to
measure tone positivity.

Quantitative Results

Figure 6.6 compares user ratings across four dimensions. Bot A (with RAG) consistently
outperformed Bot B (no RAG), achieving higher average scores in completeness (3.6 vs
2.5), truthfulness (3.5 vs 2.6), and overall user rating (3.6 vs 2.6). It was also chosen as
more helpful in 9 out of 10 cases.

Figure 6.6: User evaluation ratings for Bot A (with RAG) vs. Bot B (no RAG)

Figure 6.7 shows sentiment polarity distributions of free-text feedback. Feedback for Bot
A displayed more positive emotional tone (median ⇡ 0.18), while Bot B feedback was
neutral or minimal in tone expression.
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Figure 6.7: Sentiment polarity of user feedback grouped by preferred bot

6.7.1 Sentiment Analysis Methodology

To assess the emotional tone of user feedback, we employed a transformer-based sentiment
analysis model using the transformers library developed by Hugging Face [148]. Specif-
ically, we used the pipeline("sentiment-analysis") interface, which by default loads
the pre-trained model distilbert-base-uncased-finetuned-sst-2-english. This model
is a distilled version of BERT, fine-tuned on the Stanford Sentiment Treebank (SST-2)
dataset for binary classification of text into positive or negative sentiment.

Each feedback entry was analyzed independently, and the model returned both a senti-
ment label and a confidence score (e.g., POSITIVE (0.98)). As the SST-2 dataset does
not include a neutral class, all results were dichotomous. To enhance contextual relia-
bility, the outputs were manually reviewed, and nine of the ten Bot A feedback entries
were ultimately deemed positive. One feedback that explicitly mentioned verbosity and
comparison to Bot B was retained as negative (see Table 6.3).
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Table 6.3: Sentiment Analysis of Bot A Feedback

ID Summary (shortened) Score Sentiment

A1 Outlined steps, relevant examples 0.99 Positive

A2 Broke down logically, clear answer 1.00 Positive

A3 CI actions, matched work context 0.84 Positive

A4 Suggested realistic Docker fixes 0.83 Positive

A5 Structured shell command generation 0.95 Positive

A6 Explained automation/test integration 1.00 Positive

A7 Identified ADAS signals, engineering style 0.78 Positive

A8 Traced exterior logic with examples 0.98 Positive

A9 Handled CAN signal decoding 0.92 Positive

A10 Long suggestions vs. concise needs (B) 0.92 Negative

Qualitative Insights

Participants highlighted that Bot A was “more aligned with operations context,” “ex-
plained automation logic clearly,” and “handled signal-level details with actionable ad-
vice.” Although some users acknowledged that Bot B was faster in response, this was
generally viewed as less important than response quality. One participant noted that
“Bot B responded faster, but missed the parameters I needed,” while another appreciated
that “Bot A matched my environment and o↵ered realistic CI fixes.”

Limitations and Takeaways

To complement the aggregate metrics, we analyzed individual feedback instances. In
one representative case where Bot B was preferred, the user explicitly noted that Bot
B “gave me more direct answers with a good language, easy to understand.” Although
Bot A scored reasonably on truthfulness (3) and naturalness (3), it was rated lower on
completeness (2 vs. 4) and overall helpfulness (2 vs. 4). The user’s comment emphasized
that “AI is writing long texts with suggestions,” while “testers are looking for use cases
and examples.”

The user asked two task-oriented queries during the session:

1. “I want to write testcases related to door locking functions, do you have any idea?”

2. “Do you know how to setup system variable in CANoe/vTESTstudio?”

Bot A responded in 17.43s and 28.76s respectively, whereas Bot B responded significantly
faster: 2.40s and 3.89s. This latency di↵erence may have contributed to the user’s percep-
tion of Bot B being more helpful. The qualitative feedback, combined with the response
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time and rating deltas, reinforces a recurring theme: while RAG-enhanced outputs o↵er
richer context, they may underperform when users expect concise, actionable artifacts
especially in domains like quality assurance where speed and structure are prioritized.

Despite the limited sample size, the results provide promising evidence that RAG in-
tegration significantly improves user-perceived value. Participants were more satisfied,
felt better understood, and rated Bot A’s responses as more complete and truthful. The
sentiment polarity di↵erence also suggests increased trust and engagement with the RAG-
enabled variant.

These findings support the integration of RAG into domain-specific engineering assistants
and underscore the need for further large-scale studies to validate long-term usability and
interaction quality.

6.8 Discussion

This section synthesizes the key findings presented throughout the evaluation chapter,
with an emphasis on interpreting the observed performance patterns, identifying sys-
tem limitations, and drawing practical implications for deployment. While quantitative
metrics provide clear evidence of the e↵ectiveness of domain-specific fine-tuning and em-
bedding model selection, a deeper discussion is necessary to understand the mechanisms
behind these results and the trade-o↵s involved.

6.8.1 Performance Interpretation Across Embedding Models

The comparative evaluation across open-source and proprietary embedding models re-
vealed several counterintuitive but instructive patterns. While parameter count generally
correlates with representational capacity, our results show that model size alone is not a
reliable predictor of retrieval performance in the automotive testing domain. For instance,
the smaller model gtr-t5-large (334M parameters) outperformed the much larger gtr-
t5-xl (1.24B) in the zero-shot setting, and bge-base-en-v1.5, despite being the smallest
of all tested models, demonstrated strong performance once fine-tuned.

These findings support the hypothesis that domain specificity and fine-tuning alignment
play a more critical role than model scale in retrieval-centric tasks. The contrastive fine-
tuning of bge-base-en-v1.5 led to an absolute gain of over 10 percentage points in top-1
accuracy, outperforming its larger competitors despite its lower parameter budget. This
suggests that the inductive bias of smaller, task-optimized architectures—when trained
with su�cient in-domain signal—can yield semantically sharper representations for local-
ized applications.

From a representational learning perspective, the study interpret these results through the
lens of task complexity and capacity matching. Large-scale models pretrained on web-
scale corpora (e.g., gtr-t5-xl) encode general-purpose knowledge but may struggle to
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specialize without substantial in-domain supervision. In contrast, models like bge-base-
en-v1.5, which are explicitly trained for similarity learning, can more readily adapt their
embedding space when optimized on domain-specific contrastive objectives.

Moreover, fine-tuning e�cacy appears to saturate in high-capacity models under limited
data conditions. The relatively modest improvement seen in gtr-t5-large and gtr-t5-
xl suggests that these models had either already encoded su�cient generalizable structure
or that the contrastive signal provided by 5,000 training triplets was insu�cient to re-
shape their high-dimensional manifolds meaningfully. This is consistent with theoretical
insights from representation learning literature, which emphasize the diminishing returns
of parameter scaling without proportional increases in labeled supervision.

In summary, model e↵ectiveness in this task domain appears to be governed more by
training alignment and contrastive focus than by raw model scale. This has direct impli-
cations for deployment in resource-constrained settings, where small, well-adapted models
may outperform general-purpose giants.

6.8.2 Retrieval Quality vs. Generative Attribution

An important finding from our end-to-end RAG pipeline evaluation is the non-linear
relationship between retrieval quality and LLM response fidelity. Even when the retrieved
context was semantically correct—as ensured by embedding similarity—the ability of the
LLM to correctly attribute and extract relevant content varied significantly depending on
both the embedding backbone and the model used for generation.

Notably, fine-tuning the embedding model improved attribution accuracy for both GPT-
4o and GPT-4o-mini. With the same Top-5 document context, attribution performance
improved from 81.4% to 88.6% for GPT-4o-mini when using the fine-tuned BGE model.
This suggests that even small shifts in semantic embedding quality can translate into
measurable gains in downstream generation accuracy. This aligns with the interpretation
that the semantic “focus” or signal strength provided by embedding models influences not
only retrieval relevance but also generation coherence.

However, a surprising observation emerged: GPT-4o-mini consistently outperformed GPT-
4o in correctly identifying the source document, even when fed identical context. This
challenges the conventional assumption that larger models are universally better. One ex-
planation is that high-capacity LLMs tend to generalize broadly across input documents,
introducing abstraction that dilutes attribution accuracy. In contrast, smaller models
with narrower context windows may prioritize local coherence and focus more tightly on
the input prompt, making them better suited for grounded generation tasks.

This observation resonates with recent findings in prompt engineering and chain-of-thought
prompting: larger models benefit from open-ended reasoning tasks, while smaller models
exhibit more deterministic behavior. In our context—where correctness and traceability
matter more than creativity—narrower focus may actually be beneficial.

These insights suggest that embedding quality and LLM behavior must be co-optimized.
Improvements in retrieval do not always compensate for generative ambiguity, especially
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in high-stakes industrial domains. A tightly aligned embedding model and a modestly
scaled LLM may outperform an uncoordinated pairing of best-in-class components.

6.8.3 Label Construction and Negative Sampling E↵ects

A central challenge in contrastive representation learning is the construction of meaningful
supervision signals—especially in industrial domains where high-quality labeled data is
scarce. This study tackled the problem by generating anchor-positive-negative triplets,
relying on domain heuristics and similarity-based sampling. Our findings indicate that
while positive pair construction matters, the informativeness and di�culty of negative
samples exert a disproportionately strong influence on downstream retrieval performance.

As demonstrated in our ablation study, removing negative samples from the triplet loss
formulation significantly weakened fine-tuning e↵ectiveness: top-10 retrieval accuracy for
the same embedding model (bge-base-en-v1.5) declined from 60.75% to 55.76%. Even
though positive-only fine-tuning still outperformed the zero-shot baseline (50.69%), the
margin was narrower, underscoring the essential role of semantic repulsion in shaping the
embedding space.

This aligns with established theoretical understanding of triplet loss, where the objective
is not just to minimize the anchor-positive distance but to enforce a margin by maximizing
the anchor-negative separation [149]. Without the contrast induced by negatives, the loss
degenerates into a form akin to regression, optimizing local proximity without enforcing
global discriminativeness.

The literature consistently highlights that the value of contrastive learning hinges on
“hard” negatives—examples that are semantically close but contextually distinct [105],
[150]. Easy negatives (for example randomly chosen unrelated sequences) provide limited
gradient signal, often leading to fast convergence but poor generalization. Our approach
of selecting negatives via mid-range cosine similarity (between 0.3 and 0.6 from a baseline
encoder) is supported by these findings and resembles hard negative mining methods that
select ambiguous examples near the decision boundary.

Moreover, as observed in related works such as SimCSE and HARD [105], [150], hard
negatives also function as implicit regularizers by introducing gradient diversity. In in-
dustrial testing contexts—where semantic boundaries are subtle and textual overlap is
low—such diversity is critical for learning non-trivial distinctions, for example between
component-level and behavior-level requirements.

This observation reinforces that in high-stakes, low-data regimes such as automotive sys-
tem testing, the success of contrastive learning depends not only on model architecture
but also on the curation of challenging negative examples. Our findings echo prior con-
clusions in semantic embedding for engineering documents, where domain-specific triplet
sampling outperforms generic or random baselines.

Future work may extend this line of inquiry by exploring adversarial or learnable negative
mining strategies [150], semi-supervised refinement based on engineer feedback, or graph-
based sampling informed by system architecture.
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6.8.4 Performance, Scale, and Deployment Trade-o↵s

The empirical evaluation revealed a nuanced relationship between model size, domain
adaptation, and downstream performance in the RAG pipeline. A common assumption
in large-scale language modeling is that increasing model capacity (for example parameter
count) leads to monotonic improvements in performance. However, our results challenge
this view in the context of constrained, domain-specific tasks such as requirement–test
sequence matching.

In the zero-shot setting, gtr-t5-xl (1.24B parameters) did not outperform its smaller
counterpart gtr-t5-large (334M), and both were surpassed by proprietary models like
text-embedding-3-small, which contains fewer than 200M parameters. This suggests
that large pre-trained models, despite their theoretical expressivity, may not be well
aligned with the semantic granularity required in this domain. Their broad generalization
capacity could dilute the specificity needed for precise engineering task retrieval [151],
[152].

Fine-tuning partially mitigated this. The large gtr-t5-xl model, when fine-tuned on
domain data, achieved the best top-1 retrieval score (63.31%), validating the hypothesis
that capacity can be leveraged if accompanied by su�cient in-domain training. However,
this gain came at the cost of increased resource requirements: fine-tuning time, memory,
and inference latency all scaled with parameter size [96], [153].

Conversely, bge-base-en-v1.5, a much smaller model, showed the largest relative gain
from fine-tuning—improving from 50.69% to 60.73% in top-1 accuracy. This indicates that
compact architectures, though less expressive in their default form, are more responsive
to domain adaptation and may generalize more e↵ectively when paired with appropriate
supervision [105].

These findings suggest that the optimal model choice is context-dependent. In real-world
deployments, latency and throughput often outweigh marginal accuracy gains. For in-
stance, in embedded testing pipelines where inference must occur on limited hardware or
during CI/CD execution, a fine-tuned bge model may be preferable. In contrast, batch
o✏ine tasks such as test planning or traceability analysis may tolerate the higher cost of
large-scale models [29].

Furthermore, the interaction between embedding quality and LLM reasoning also demon-
strated that model size is not always beneficial. GPT-4o-mini consistently outperformed
the full-sized GPT-4o in source attribution tasks when given the same retrieved docu-
ments. This supports the argument that over-capacity can introduce abstraction errors
or distract from focused referencing—consistent with previous findings that LLMs may
hallucinate or over-generalize when their attention scope exceeds task granularity [30].

In summary, the e↵ectiveness of a retrieval system is not solely a function of model size
or training strategy in isolation. Instead, it reflects a careful balance between model
capacity, data characteristics, fine-tuning methods, and deployment constraints. Future
design of RAG systems in engineering contexts should therefore adopt a holistic per-
spective—optimizing not just for peak accuracy, but for adaptability, explainability, and
system-level integration.
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6.8.5 Cross-Component Generalization and Use Case Reflection

Beyond isolated retrieval accuracy metrics, a key objective of this study was to assess how
well the implemented system generalizes across di↵erent functional domains within the au-
tomotive testing pipeline. The curated benchmark dataset was intentionally constructed
to span multiple ECU domains—including exterior lighting, CAN signal validation, power-
train diagnostics, and infotainment protocols—each with its own terminologies, structure,
and testing conventions.

Despite this variation, fine-tuned models such as bge-base-en-v1.5-HIL demonstrated
consistent performance across subsystems, suggesting that contrastive learning can cap-
ture underlying semantic relationships that transcend specific engineering contexts. In
particular, the model showed robust performance in signal-heavy test sequences, where
textual cues (for example signal names, activation triggers, threshold values) played a
strong role in anchoring semantic similarity.

However, several limitations emerged in more abstract or loosely structured domains such
as infotainment or general UX behavior validation. In these settings, requirements were
often written in less formal language, lacked consistent signal grounding, or included user-
facing phrases rather than system-level descriptors. Embedding models, including those
fine-tuned, showed reduced alignment in such cases, likely due to weaker lexical overlap
and fuzzier structural patterns. This suggests that for components with high abstraction
or user-centric phrasing, more advanced representation techniques or hybrid retrieval (e.g.,
combining lexical and semantic matching) may be necessary. Alternatively, organizations
may consider establishing more standardized writing conventions for requirement author-
ing—especially in human-facing modules—to improve machine readability and facilitate
integration with large language model-based systems.

From a usability perspective, the A/B evaluation confirmed that the application of RAG
had a clear downstream impact on user-perceived relevance and helpfulness of the assis-
tant. Specifically, responses grounded in retrieved documents were consistently rated as
more complete, accurate, and aligned with the users’ intent compared to baseline outputs
without document grounding. While the A/B setup did not isolate the e↵ect of embed-
ding fine-tuning, it demonstrated that the mere presence of relevant context significantly
improved perceived truthfulness and user satisfaction. Interestingly, users consistently
favored responses that were not only factually correct but also well-scoped, concise, and
expressed using familiar domain-specific terminology. These findings highlight the im-
portance of tight retrieval–generation integration and underscore the value of grounding
mechanisms in high-stakes engineering environments.

Overall, these findings indicate that the implemented system—though initially agnos-
tic to subsystem boundaries—exhibited emergent generalization across functional com-
ponents. However, bridging the gap between structured technical content and human-
understandable, operational language remains a challenge. Embedding model improve-
ments must be complemented by interface and prompt engineering strategies that align
closely with user mental models and real-world workflow constraints.
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Chapter 7

Summary and Conclusions

7.1 Summary

This thesis investigated the e↵ectiveness of LLMs in domain-specific retrieval applications,
with a particular focus on requirement and test sequence alignment in automotive engi-
neering contexts. The study was motivated by the lack of structured, labeled datasets and
the limitations of traditional rule-based matching systems in handling semantic ambiguity
across heterogeneous documentation formats.

To address this, a comprehensive framework was developed involving (i) the collection of
requirement and test data, (ii) the creation of contrastive training data in triplet format,
and (iii) the evaluation of fine-tuned embedding models within a RAG system. Both
zero-shot and fine-tuned variants of multiple embedding architectures—including BGE,
GTR-T5, and proprietary models—were benchmarked using a stratified retrieval accuracy
test set and real-world user feedback.

Empirical results demonstrated that domain-specific fine-tuning consistently improved
semantic alignment, particularly in structured system-level documentation where lexical
overlap and identifier consistency were high. The best-performing model, a fine-tuned
version of bge-base-en-v1.5, achieved over 60% top-1 retrieval accuracy, outperforming
larger zero-shot models by a significant margin. Additionally, embedding enhancements
translated into measurable downstream improvements when paired with smaller LLMs
such as GPT-4o-mini, confirming the critical influence of retrieval quality on generation
outcomes.

Complementing quantitative results, qualitative analysis from A/B testing indicated im-
proved user satisfaction and perceived relevance for responses generated with RAG-based
retrieval over pure LLM prompting. However, the degree of improvement varied by do-
main and abstraction level, highlighting the need for adaptive representation techniques.

This chapter concludes by reflecting on the implications of these findings, the constraints
encountered during the study, and promising directions for future work.

69
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7.2 Limitations and Future Work

Despite the promising results, several limitations must be acknowledged.

First, the training and evaluation data were collected from a limited scope within the
automotive domain, primarily focusing on structured requirement–test sequence pairs in
component-level system testing. While this setting o↵ered clean alignment cues ( signal
IDs, subsystem names), it may not generalize to higher-level tasks such as user experi-
ence (UX) validation or infotainment logic, where documentation is often less structured
and more subjective. The models evaluated here exhibited reduced performance in such
abstract domains, indicating a need for more robust semantic representations or hybrid
retrieval techniques that combine lexical and semantic signals.

Second, the fine-tuning process relied on a curated contrastive dataset of approximately
5,200 triplets. While e↵ective, this dataset was constructed heuristically and may contain
latent label noise, particularly in the selection of negative samples. Although hard neg-
ative mining partially mitigated this, future work could explore more principled data la-
beling strategies, including human-in-the-loop annotation, probabilistic labeling, or weak
supervision with knowledge graphs.

Third, the LLM component of the RAG pipeline was only partially explored. GPT-4o
and GPT-4o-mini were treated as black-box generators, and no fine-tuning or system
prompt adaptation was performed. Moreover, the A/B evaluation included only a small
sample of end users (10 participants), limiting the statistical robustness of observed trends.
Longitudinal evaluation with broader user groups and domain-adaptive prompting could
o↵er deeper insight into long-term usability and trustworthiness.

Fourth, performance metrics were centered on top-k retrieval accuracy and source attri-
bution. These metrics, while suitable for benchmarking, do not capture broader usability
dimensions such as relevance ranking, task completion e�ciency, or human error reduc-
tion. Integrating task-level success metrics and user cognitive load assessments would
o↵er a more holistic view of system utility in practice.

Finally, deployment constraints such as inference latency, memory consumption, and in-
tegration with legacy systems were discussed qualitatively but not empirically bench-
marked. In future iterations, hardware-aware model selection, quantization techniques,
and streaming inference may be explored to support real-time testing workflows.

In light of these limitations, several directions are proposed for future work:

• Extend the dataset to include higher-level abstractions (for example UX require-
ments, behavioral validations) and assess cross-domain generalization.

• Incorporate additional supervision strategies, such as ranking loss, reinforcement
learning from user feedback, or multi-task learning with auxiliary tasks.

• Investigate user profiling and personalization for retrieval, especially in teams with
domain-specific subcomponents or recurring testing themes.
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• Conduct longitudinal deployment studies in real CI/CD environments to capture
system-level impact and scalability under real-time constraints.

• Explore open-weight LLMs (for example Mistral or DeepSeek) for tighter coupling
between retriever and generator, enabling end-to-end fine-tuning or adapter-based
customization.

Overall, this thesis o↵ers a practical blueprint for integrating LLM-based retrieval systems
into automotive engineering pipelines, while laying the groundwork for broader adaptation
in similarly structured domains.

7.3 Conclusion

This thesis concludes that fine-tuned embedding models, when integrated into a struc-
tured RAG pipeline, are highly e↵ective for domain-specific retrieval tasks in industrial
environments. Contrary to the intuition that larger models always perform better, results
showed that moderate-scale models such as bge-base-en-v1.5, when adapted with high-
quality contrastive supervision, outperformed larger zero-shot counterparts across both
retrieval and generation metrics. Embedding quality proved to be a critical determinant
of downstream performance, even when the LLM generator remained fixed.

Furthermore, the use of carefully mined hard negatives significantly improved represen-
tation learning, a�rming the central role of supervision design. A/B testing further
demonstrated that users favored responses backed by retrieved documents, especially when
embeddings were fine-tuned to the task. Notably, smaller generators like GPT-4o-mini
sometimes provided better source attribution than their larger counterparts, suggesting
that compact LLMs may o↵er superior grounding in controlled retrieval settings.

Overall, the findings advocate for lightweight, domain-adapted RAG systems as a practical
and e↵ective solution for enhancing semantic alignment, traceability, and user satisfaction
in structured engineering tasks.
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[91] P. Béchard and O. M. Ayala, “Multi-task retriever fine-tuning for domain-specific
and e�cient rag”, arXiv preprint arXiv:2501.04652, 2025.

[92] R. Ren, J. Ma, and Z. Zheng, “Large language model for interpreting research
policy using adaptive two-stage retrieval augmented fine-tuning method”, Expert
Systems with Applications, vol. 278, p. 127 330, 2025.

[93] Z. Nguyen, A. Annunziata, V. Luong, et al., “Enhancing q&a with domain-specific
fine-tuning and iterative reasoning: A comparative study”, arXiv preprint arXiv:2404.11792,
2024.

[94] S. Alghisi, M. Rizzoli, G. Roccabruna, S. M. Mousavi, and G. Riccardi, “Should we
fine-tune or rag? evaluating di↵erent techniques to adapt llms for dialogue”, arXiv
preprint arXiv:2406.06399, 2024.

[95] K. VM, H. Warrier, Y. Gupta, et al., “Fine tuning llm for enterprise: Practical
guidelines and recommendations”, arXiv preprint arXiv:2404.10779, 2024.

[96] X. Mei, J. Shun, and K. Chao, “E�cient fine-tuning with low-rank adaptation for
large-scale ai models”, Available at SSRN 5173161, 2024.

[97] B. Wang, C. Ren, J. Yang, et al., “Mac-sql: A multi-agent collaborative framework
for text-to-sql”, arXiv preprint arXiv:2312.11242, 2023.

[98] Y. Ge, W. Hua, K. Mei, et al., “Openagi: When llm meets domain experts”, Ad-
vances in Neural Information Processing Systems, vol. 36, pp. 5539–5568, 2023.

[99] K. Guu, K. Lee, Z. Tung, P. Pasupat, and M.-W. Chang, “Realm: Retrieval-
augmented language model pre-training”, in ICML, 2020.

[100] H. Trivedi, R. West, et al., “Learning to retrieve reasoning paths over wikipedia
graphs for question answering”, arXiv preprint arXiv:2201.09941, 2022.



BIBLIOGRAPHY 79
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Appendix A

User Feedback Summary

This appendix presents representative user feedback collected during the A/B evaluation
phase. Each entry has been standardized and paraphrased based on raw survey data to
reflect core evaluation dimensions—such as helpfulness, speed, and overall satisfaction.
While not quoted verbatim, all entries preserve the meaning and intent of the original
user responses.

• User Domain: Quality/Operation
Preferred Bot: B
Helpful Reason: Asking similar questions, Chatbot B gave me more direct answers
with a good language, easy to understand.
Speed: B
Overall Satisfaction: 4
Additional Comments: Chatbot B gave what the tester needs faster, Testcases
covering multiple scenarios. What A is doing mostly is writing long texts with
suggestions. Testers are looking for usecases and examples.

• User Domain: Other
Preferred Bot: A
Helpful Reason: A clearly outlined the operational steps needed, with relevant
examples.
Speed: B
Overall Satisfaction: 4
Additional Comments: —

• User Domain: Other
Preferred Bot: A
Helpful Reason: Bot A broke down each step logically and answered all parts of my
question.
Speed: B
Overall Satisfaction: 4
Additional Comments: —
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• User Domain: Quality/Operation
Preferred Bot: A
Helpful Reason: Gave direct actions for CI issues and matched what I need but the
output style need to be improved.
Speed: B
Overall Satisfaction: 3
Additional Comments: Maybe provide a downloadable checklist.

• User Domain: Quality/Operation
Preferred Bot: A
Helpful Reason: Understood my Docker-related CI problem and suggested realistic
fixes.
Speed: B
Overall Satisfaction: 3
Additional Comments: —

• User Domain: Quality/Operation
Preferred Bot: A
Helpful Reason: —
Speed: —
Overall Satisfaction: 4
Additional Comments: —

• User Domain: Quality/Operation
Preferred Bot: A
Helpful Reason: Better at explaining steps for automation logic and testcases.
Overall Satisfaction: 3
Additional Comments: —

• User Domain: Exterior Function
Preferred Bot: A
Helpful Reason: Better at identifying locking signals and giving suggestions.
Speed: B
Overall Satisfaction: 4
Additional Comments: —

• User Domain: Other
Preferred Bot: A
Helpful Reason: helped trace testcases logic with concrete examples.
Tone: Neutral
Overall Satisfaction: 3
Additional Comments: —

• User Domain: Exterior Function
Preferred Bot: A
Helpful Reason: correctly handled signal decoding based on input format compared
with b
Speed: B
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Overall Satisfaction: 4
Additional Comments: —


