
Multi-Agent Large Language Model as
AD/ADAS System Engineer

Master’s Thesis in Computer science and engineering

Ali Alkhaled, Ali Malla

Department of Computer Science and Engineering
CHALMERS UNIVERSITY OF TECHNOLOGY
Gothenburg, Sweden 2025





Master’s Thesis 2025

Multi-Agent Large Language Model as
AD/ADAS System Engineer

Ali Alkhaled, Ali Malla

Department of Computer Science and Engineering
Chalmers University of Technology

Gothenburg, Sweden 2025



Multi-Agent Large Language Model as AD/ADAS System Engineer
Ali Alkhaled, Ali Malla

© Ali Alkhaled, Ali Malla, 2025.

Academic Supervisor: Christian Berger, Tayssir Bouraffa, Department of Computer
Science and Engineering
Industrial Supervisor: Ali Nouri, Zhennan Fei, Volvo Cars Corporation.
Examiner: Daniel Strüber, Department of Computer Science and Engineering

Master’s Thesis 2025
Department of Computer Science and Engineering
Chalmers University of Technology
SE-412 96 Gothenburg
Telephone +46 31 772 1000

Typeset in LATEX
Gothenburg, Sweden 2025

iv



Ali Alkhaled, Ali Malla
Department of Computer Science and Engineering
Chalmers University of Technology

Abstract
Recent advancements in generative AI, particularly in Large Language Models (LLMs)
have sparked a major revolution and a qualitative shift in various fields, including
software code generation and unit test generation, offering new opportunities to
automate various aspects of the software development process. At the same time,
the demand of sophisticated software in the automotive industry has grown rapidly.
This trend motivates the exploration of the potential of LLMs in supporting the
development of AD/ADAS functions.

A pipeline, CoTeGen, for code generation, test case generation, and the automation
of virtual simulation-based testing in Esmini is designed following three iterative
development cycles. The pipeline is designed to address four AD/ADAS functions.
The first two are constrained to relatively elementary maneuvers, namely simple
braking and lane changing, whereas the latter are dedicated to more sophisticated
control tasks, specifically Adaptive Cruise Control and Collision Avoidance.

Across these iterative cycles, the pipeline progressed from generating non-compilable
software components to providing compilable and functional software. Based on a
multi-run experimental evaluation involving five open-source LLMs, Codellama:7B,
Mistral:7B, DeepSeek-Coder-v2:7B, Gemma3:4B, and Qwen2.5-Coder:7B, the pipeline
shows a clear ability to generate correct source code for the simpler functions, while
proving far less effective for the more advanced functions. Finally, we discuss the
challenges and limitations of applying LLMs to code and unit test generation within
the proposed pipeline.

Keywords: Multi-agent, code generation, unit test generation, large language model,
AD/ADAS, Esmini
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1
Introduction

Autonomous driving systems (ADS) and advanced driver assistance systems (ADAS)
require increasingly sophisticated software to meet safety and performance demands.
However, developing and maintaining software for such systems is a highly complex
process, which presents a significant challenge in the automotive industry [2]. In
recent years, ADAS have become an essential part of modern transportation, en-
hancing vehicle safety and driving efficiency. Similarly, ADS are expected to become
a fundamental component of modern transportation in the coming years, further in-
creasing the need for efficient software development.

At the same time, technological advancements have accelerated, particularly in arti-
ficial intelligence (AI). Recent breakthroughs in large language models (LLMs) and
AI agents, have brought about a major revolution and a qualitative shift in various
fields, including software code generation, software testing and validation, offering
new possibilities for automating and optimizing complex development processes [2].

To respond faster to new insights, maintain competitiveness, and keep pace with
the rapid evolution of technology, while also increasing road safety and reducing
the number of fatalities caused by car accidents, original equipment manufactur-
ers (OEMs) are increasingly compelled to accelerate software development cycles.
Achieving this acceleration, however, presents significant challenges.

A key challenge in this process lies in the task of software development itself, partic-
ularly ensuring that the implemented code is both functionally correct and safe for
deployment in real-world automotive environments. Consequently, this stage must
be followed by comprehensive testing and validation procedures to ensure software
correctness and safety as well as overall system reliability. These activities are in-
herently complex and time-consuming. Automating parts of this process, such as
code generation, testing, and preliminary validation, and providing the results to
human code reviewers for final assessment can help accelerate development while
maintaining safety and quality standards.

This thesis explores the leveraging of multi-agent LLMs and their collaborative capa-
bilities to automate and enhance the software development process of ADS/ADAS,
while rigorously ensuring correctness. The proposed approach involves designing
a fully automated, iterative collaborative pipeline in which distinct AI agents are
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1. Introduction

assigned specific tasks, such as code generation and unit test suite generation, with-
out any human intervention. To rigorously validate the correctness of the generated
code, simulation-based testing is also performed using the Esmini simulation envi-
ronment, which is a traffic simulation open-source tool. It provides a realistic and
controlled virtual setting to assess software behavior.

1.1 Problem Statement
Developing new features or fixing bugs in a Software-Intensive System of Systems
(SISoS), particularly in safety-critical domains like ADS and ADAS, is an inherently
complex process. The safety-critical nature of these systems also poses a significant
challenge in integrating the engineering of these safety-critical systems with the fast-
paced, iterative DevOps process [3]. However, the implementation of a new software
component for such systems requires considerable resources and must undergo multi-
ple rigorous stages, including testing and validation & verification, to ensure that the
code is functionally correct, safe for deployment in real-world automotive environ-
ments, and compliant with industry standards [4]. Moreover, unlike other software
domains, there is no room for compromise or trade-offs due to the critical safety
requirements of these systems. Consequently, this process often results in delays in
system deployment.

Current development approaches in the automotive industry, particularly for code
generation, often rely on model-driven development and formal methods. For exam-
ple, tools such as SCADA [5, 6] have been used to develop such systems, producing
qualified and standards-compliant software. However, these tools come with no-
table drawbacks, including a steep learning curve, low user-friendliness, and high
cost. In the area of unit test generation, methods such as search-based testing and
feedback-directed random testing have been explored. Despite their potential, these
approaches suffer from two main limitations: first, the generated test cases are of-
ten less readable and harder to interpret than those written manually; second, they
typically lack meaningful assertions or include only generic ones [7].

Fortunately, in simulation based testing context, simulation technologies have proven
to be invaluable, as they complement physical testing by enabling functional verifica-
tion of software within a virtual environment. This approach not only substantially
reduces logistical challenges and associated costs but also opens up opportunities to
automate the entire development process.

These limitations highlight the need for a new solution that enhances development
efficiency while addressing the shortcomings of existing tools. LLMs offer a promis-
ing alternative due to their strong performance in code generation and their ability
to understand and generate human-readable content through natural language pro-
cessing. As highlighted in [4, 2], LLM-based multi-agent systems can significantly
improve efficiency in software engineering tasks such as code generation and test-
ing & quality assurance, while also addressing complex challenges inherent in the
field. Hence, it is worthwhile to explore how multi-agent LLMs can be leveraged
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1. Introduction

to automate specific tasks within the development process of ADS/ADAS, driving
significant efficiency improvements.

Recently, numerous studies have explored the use of LLMs for code generation and
unit test generation [7, 8, 6]. However, the majority of these efforts have focused on
general-purpose and basic functions rather than domain-specific functions, such as
those found in automotive systems, which tend to be more complex.

Despite this growing interest, only a few LLM-based researches have attempted
to address the challenges specific to automotive software development, such as [9,
10]. Even among those, results have been limited, often due to suboptimal pipeline
designs or a lack of effective integration between components responsible for different
engineering tasks.

The proposed solution involves employing an iterative and fully automated pipeline
of multi agents, where each agent is specialized in a specific engineering task and
collaborates with others, combining the LLM code generation with an automatic as-
sessment within a Software-in-the-Loop (SIL) virtual test environment. This virtual
environment consists of two parts: one for unit-level testing to verify the correct-
ness of the code at a low level, and another for simulation-based testing to validate
software behavior in realistic scenarios. The results from these tests are used for
the automated evaluation of the generated code, enabling continuous feedback and
improvement. Additionally, the generated code, test cases and corresponding test
results are provided to the user for review, allowing human experts to validate and
approve the outputs before deployment. This approach can have the potential to
improve the efficiency of the development process for ADS/ADAS, by automating
tasks typically handled by human teams, such as coding, testing, and validation.

1.2 Purpose of The Study
The purpose of this study is to design and implement an AI based tool that can
help with automating the development process of the AD/ADAS functions. The
main idea of this research is to explore how specialized LLM agents can work to-
gether within a controlled pipeline to generate functioning software components for
ADS/ADAS. This study aims to the automotive industry, as well as researchers in
software engineering, by exploring the integration of AI-driven automation in com-
plex systems. This study will offer insights into the practical use and performance of
multi-agent LLM pipelines, contributing to more efficient and automated software
development practices in the field of ADS/ADAS technology.

1.3 Research Questions
RQ1: How can a multi-agent LLMs pipeline be designed and prototyped to deliver
software components that meet the specific requirements of ADS/ADAS?

RQ2: What are the limitations of using LLMs for automating software develop-
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1. Introduction

ment tasks, such as code generation and unit test generation, in the context of AD-
S/ADAS?

RQ3: How effective is the proposed multi-agent LLM pipeline in automatically gen-
erating AD/ADAS software functions and validating their correctness?

1.4 Significance of The Study
This study conducts a proof of concept (PoC) study to explore the potential of
leveraging multi-agent LLMs as ADS/ADAS engineering assistants to improve the
efficiency of complex software development processes. Specifically, it focuses on
automating tasks that do not require human creativity, such as code generation,
testing, and validation. In essence, this study refines and extends existing knowl-
edge by exploring how multi-agent LLMs can automate tasks in the DevOps cycle
for ADS/ADAS. Substantively, it offers a practical solution to automate the soft-
ware development process. Theoretically, it deepens the understanding of LLMs as
collaborative agents in engineering workflows.

The findings of this research hold significant implications for practitioners, partic-
ularly in the automotive industry. It explores a practical tool design to enhance
productivity while ensuring the correctness of the generated code. By supporting
AD/ADAS function developers, it could perhaps accelerate the development pro-
cess of such function and potentially supporting quicker deployment cycles. This
can be highly beneficial for automotive companies looking to enhance innovation
and reduce costs.

For researchers, this study offers a foundation for further exploration of AI-powered
development pipelines, highlighting the benefits of adopting LLM-based automation
in complex systems, expanding on the methods and results presented here. It also
identifies key challenges and gaps in deploying such systems, which will guide future
research in the field.

1.5 Thesis Outline
The remainder of this thesis is structured as follows:

Chapter 2 reviews the background, covering the fundamental concepts and technolo-
gies relevant to this study. It explains large language models and their applications
in code generation, delves into prompt engineering techniques, and discusses the
challenges associated with automotive software development. It establishes the nec-
essary technical context for the research.

Chapter 3 examines the related work in the field, reviewing existing research, includ-
ing LLM-based code generation and unit test generation, AI-assisted software devel-
opment on complex systems, multi-agent LLMs systems, and automated pipelines.
It discusses the strengths and limitations of current methodologies, identifying re-

4



1. Introduction

search gaps and motivating the need for this study.

Chapter 4 presents the methodology of the research, detailing the design of the pro-
posed multi-agent LLM pipeline. It outlines the system architecture and describes
the roles of individual agents.

Chapter 5 & 6 presents the results and provides a discussion of the findings. It
analyzes the collected data through the proposed approach. It also discusses key
findings, challenges encountered, and implications of the result. In addition, it
concludes the thesis by summarizing the study’s key findings and contributions. It
reflects on the research outcomes and suggests directions for future work to further
enhance the proposed approach.
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2
Background

2.1 Generative AI
Generative AI refers to a group of machine learning algorithms capable of processing
input data, such as instructions or prompts, and synthesizing new content, such as
text, images, or audio, by learning statistical patterns from large-scale datasets [11].
Unlike traditional AI, which often relies on discriminative modeling for decision
making, generative AI uses a technique known as generative modeling. The key
distinction between these AI models lies in the fact that discriminative models focus
on classifying data into different categories, while generative models aim to capture
the structure of the data and replicate its underlying distribution.

Many contemporary generative AI models rely on the Transformer architecture [12],
a deep learning model first introduced in 2017 [13], to efficiently process input data
and therefore generate more accurate output. In a transformer architecture, there
are two main components, Encoder which handles the understanding of input data,
and Decoder which generates the output based on the understanding made by En-
coder. One of the mechanisms of this architecture, which is present in both Encoder
and Decoder, focuses on the significance of individual words in the text input and
their contextual relationships to one another. This, in turn, enables the model to
understand the input more efficiently than previously used architectures, such as
those that rely on sequence-based processing of input data.

2.1.1 Large Language Models
Large language models (LLMs) are a subtype of generative AI trained on extensive
datasets, which can comprise up to billions of tokens [14], [11], to generate human-
like textual output using Natural Language Processing (NLP) techniques to process
input data. Some well-known examples of LLM that are widely used today include
GPT-4.5 and GPT-4o, both developed by OpenAI. Due to their demonstrated abil-
ity to generate accurate text based on the specific prompt they receive, there are
numerous use cases for LLMs across various industries and research domains.

A particularly relevant use case for this thesis is the integration of LLMs into software
development to write new code or debug existing code. Since code can be regarded
as text in this context, LLMs can be leveraged to generate specific software artifacts
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2. Background

and automate certain aspects of the software development process.

For adaptation to certain specialized domains or to achieve highly optimized assis-
tance from an LLM in complex real-world scenarios, the model can be fine-tuned.
Fine-tuning refers to the process of retraining the model on additional data sets
from specific domains to improve its ability to perform tasks within those particular
domains [15].

To use a large language model in a software application, it is typically done through
a remote reference, which means API-based communication. The prompt is usually
sent as an HTTP request to the target LLM server, and the output of the LLM will
be returned as a response to the application server.

Another way to interface with an LLM, which works well for open-source models, is
local inference, which means installing and running the LLM locally. To be able to
train or even run LLMs efficiently, substantial and powerful computational hardware
resources are required, in particular GPUs or TPUs. The larger the model and,
consequently, the more parameters it has, the greater the GPU capacity needed for
efficient handling of inference or training [16].

2.1.2 LLM-based Agents
There are several varying yet similar definitions of what LLM or AI agents entail.
A well-formulated definition is that an LLM agent is an advanced AI system that
incorporates one or more LLMs at its core, with the purpose of reasoning through
or solving a complex real-world problem. However, in many cases, the problem is
too large or complex to be solved by a single agent, which leads to the need for an
agent to focus instead on solving a specific sub-problem.

The behavior of an agent is determined by the configurations provided during its
design, which also define its constraints and the order of tasks to be executed. This
provides the opportunity to direct the agent to execute various tasks in the order
that is most optimal for the problem being solved, or to assign it the necessary
permissions to complete a task. This means that AI agents are not limited to
complex problems, but are also applicable to simple repetitive or time-consuming
tasks [17]. In order for the agent to perform custom and useful actions for various
industrial use cases, it is often necessary to incorporate a set of tools and components
in addition to the response generated by the LLM. Such tools may include, for
example, other software services or APIs, memory modules, or access to a specific
compiler. To provide a clearer understanding of what an agent may encompass in a
software context, Figure 2.1 presents a conceptual representation of the architectural
components that may be required when designing such an agent.
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Figure 2.1: An example of general components of an agent [1].

2.2 Multi-Agent Systems
A multi-agent system (MAS) is an intelligent computerized system consisting of a
number of specialized autonomous agents that collaborate to solve an industrial or
research problem within a specific domain. It can also be described as a graph
where the nodes refer to the agents themselves and the edges represent a type of
interaction or communication between them [18]. As each agent within a MAS
operates on its respective, well-defined subproblems to collectively achieve a shared
goal, it is essential to establish a well-structured environment that facilitates effective
interaction and coordination among them. These environments can be physical,
such as factories, or virtual, such as software frameworks that regulate the data flow
between agents, computational processes, and the resources accessible to each agent
[18].

2.3 Prompt Engineering
As mentioned in Section 2.1, a prompt refers to the input data provided to a gen-
erative AI model in order to guide the model in generating the desired output. For
many contemporary models, the prompt usually consists of textual data; however,
in numerous other cases, the prompt may also consist of audio, images, or a com-
bination of these modalities [11]. In industrial real-world scenarios where LLMs
are adopted, a prompt is commonly constructed as a prompt template, a function
that contains prompt instructions regarding the task to be performed by the LLM,
along with one or more variables. The variables are then replaced with the actual
data before the prompt is passed to the LLM. This is particularly useful when a
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prompt depends on data that is provided at runtime, such as a response from an-
other LLM in a multi-agent system, or when multiple scenarios are addressed by the
same prompt.

The process of designing and iteratively refining a prompt or a prompt template
through the use of various prompting techniques, with the aim of optimizing the
generated output, is referred to as prompt engineering [14, 11, 19]. As discussed in
[11], this iterative process typically consists of the following three main steps:

• Performing inference on a dataset. The process begins by inputting a
dataset into the LLM along with a prompt that is being experimented. The
objective is to establish a comprehensive basis for assessing how the LLM
processes all data points in relation to the desired responses.

• Evaluating performance. At this step, the relevance of LLM responses is
assessed through a manual review of response quality and applying quantita-
tive metrics such as accuracy and precision.

• Refining the prompt template. Based on the performance evaluation,
an analysis is carried out to determine whether the responses of LLM were
sufficient using the applied prompt. If the LLM does not achieve the expected
level of accuracy, the prompt is refined by adding more context or changing
the instructions. This refinement is also performed with respect to those data
points where the LLM generated incorrect or insufficient responses.

2.4 Esmini
Esmini, Environment Simulator Minimalistic, is an open-source software tool for
simulating traffic scenarios to test and validate ADS/ADAS functions in a virtual
environment. During the initial development of Esmini, considerable focus was
placed on interoperability and portability as the aim was to provide a cross-platform,
OpenSCENARIO-based simulator for basic testing [20]. Given this, and despite the
ongoing updates with new features, Esmini mainly focuses on the logical execution of
test scenarios, with basic visualization and very limited vehicle mechanics [20]. The
architecture of Esmini can be categorized into six main modules, each responsible for
managing different aspects of the simulation environment [20, 21]. These modules
include:

• RoadManager – Manages OpenDRIVE road format.

• ScenarioEngine – Parses OpenSCENARIO and executes triggers/actions.

• Controllers – Customize the behavior of entities.

• ViewerBase – Renders 3D visuals of roads and entities.

• PlayerBase – Bridges ScenarioEngine and ViewerBase for scenario execution.
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• CommonMini – Provides utility functions, including timing, mathematical
computations, and logging.

An important module that is relevant for simulating effective test scenarios, is Con-
trollers. This module can provide additional functionality and custom behaviors
for entities during runtime [22, 20]. Esmini has a set of embedded controllers that
can be used for certain pre-defined or user-defined test scenarios. In these embed-
ded controllers, the behavior of the entity, such as vehicle speed, is predetermined
and explicitly defined within the OpenSCENARIO file for the given scenario [22].
However, it is also possible to define custom controllers to meet certain simulation
requirements and evaluate specific traffic scenarios.

2.4.1 OpenSCENARIO
OpenSCENARIO, defined in XML format, is a standard file format commonly used
to define scenarios for scenario-based testing, which is particularly valuable for vir-
tual driving and traffic simulation. In these scenarios, explicit instructions are given
about how and where various objects, such as road conditions and all involved vehi-
cles, are placed, and in some cases, how dynamic objects should behave at run-time.
However, the behavior of some dynamic objects can be handled by an external cus-
tom controller implemented in a programming language supported by the target
simulator. In Esmini, which this thesis targets, custom controllers can be written
in either C++ or Python.

2.4.2 EsminiLib
As esmini provides support for handling the behaviors of objects in a scenario ex-
ternally and at runtime, as discussed in 2.4, esmini provides a C++ library that
exposes a range of functions. The core logic for configuring a scenario typically
begins by calling the SE_Init() function, which initializes the scenario engine and
subsequently starts the scenario. This function comes with different parameters and
variants, such as SE_InitWithArgs(), which allow for customization of the configu-
ration and full control over Esmini’s runtime arguments [20].

Other functions related to the state of objects, such as updating the status of an
object (e.g., assigning a new speed to the ego vehicle), are particularly relevant when
designing an external custom controller. There are two main mechanisms exist for
dynamically updating the state of an object, namely by calling either inject functions
or report functions. Injecting a new internal state value creates entries in the engine
queue that are scheduled over time and will be injected during scenario execution.
Updating a state attribute using report functions, on the other hand, performs an
immediate override of the simulation internal state, that is, the new value of that
attribute is set directly without any scheduling.
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2.4.3 Logging Report
In Esmini, there are various methods and formats available to generate logs after a
scenario simulation has completed [23]. Some logs provide an overview, such as the
default log text file log.txt, which is created automatically by Esmini and contains
the same log entries that are displayed in the terminal window during simulation.
To accommodate custom use cases, more detailed logs can be generated for in-depth
analysis of the simulation of the representative scenario. It is possible to generate
specific simulation state data for each dynamic entity at each simulation timestep.
This includes, for example, the speed, lane, and global positions of each entity.
These data entries can be saved in a structured format, such as a CSV file, where
screenshots of the simulated scenario can also be created in specific time steps [23].

2.5 Automotive Software Testing
Safe autonomous vehicles undergo extensive testing at various levels to assess their
performance before they are approved. Some testing can be performed at a low soft-
ware level using virtual simulation, while other testing involves integrated physical
hardware components. At a later stage, on-road testing is conducted, where a real
vehicle is tested against various real-world driving scenarios.

2.5.1 Unit Testing
This type of testing is not limited to automotive software; it is widely adopted across
software testing and is regarded as an essential and foundational level of testing in
order to indicate the quality of the code base [24]. It usually targets the code
functionality of software components at the class or function level. The idea behind
it is to design and execute various test cases for the system in the form of code
scripts, ideally using testing frameworks. Most popular programming languages
have well-designed standard frameworks for this type of testing, such as JUnit for
Java, PHPUnit for PHP, and GTest for C++.

2.5.2 Software-in-the-Loop
Performing low-level testing of complex autonomous systems, especially in safety-
critical domains, is not sufficient to verify the system under test. The purpose is
to test how such a system behaves in real-world scenarios and whether its behavior
under different conditions aligns with the expected behavior.

Unlike Hardware-in-the-Loop [25], which involves hardware and physical systems,
Software-in-the-Loop focuses on testing software functionality in a fully virtual world
[25, 26, 9]. Testing software in a well-defined virtual simulation environment is a
cost-effective method to check the safety of AD/ADAS functions in safety-critical
traffic situations by continuously identifying software bugs and safety hazards. Such
potential software faults would otherwise consume more resources if they were dis-
covered during real hardware testing [25].
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3.1 LLMs in Software Engineering
To minimize the risk of system failure in safety-critical systems such as ADS, a
process called Hazard Analysis and Risk Assessment (HARA) is performed to help
identify and assess potential risks with the system. HARA is therefore a crucial
first step in engineering effective safety requirements [27]. Since HARA consists
of a complex process, it must be broken down into smaller subtasks so that LLMs
can handle each specific aspect when generating safety requirements. The authors of
[27] have designed a pipeline in which they applied prompt engineering techniques to
streamline the output of LLMs, focusing on each specific safety goal. The prompts
were structured according to different contexts, such as information from legacy
requirements, existing safety standards, and explicit instructions on how to shape
safety requirements. These LLM-generated requirements were iteratively compared
with their own requirements to refine and validate the pipeline.

System-Theoretic Process Analysis (STPA) is a safety goals method used during
the design phase to identify unsafe interactions between all components of an entire
system, primarily within the aerospace field [10]. The challenge of applying this
method in an AI enabled software-intensive system of systems such as ADS/ADAS,
whose architecture is divided into multiple abstraction levels with different suppliers,
lies in the interdependen cies between these levels. In addition, the development of
subsystems in ADS is distributed, leading to a lack of traceability and information
between individual sub-system providers on the whole system [10]. This, in turn,
makes it difficult to adopt the original STPA to ADS. The authors of [10] propose an
extension of STPA, called Sub STPA, which involves applying STPA with a focus
solely on the specific subsystem being analyzed with respect to vehicle-level safety
goals.

Adopting continuous development, deployment, and monitoring (CDDM) in various
non-safety-critical software systems has proven effective for bug fixing, releasing
new software updates, as well as reducing time-to-market. However, this approach
presents challenging obstacles when adopted in automotive software systems due to
the strict safety requirements in this domain [28]. A significant challenge lies in
identifying how the changes in the software components may impact other parts of
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the system, or in case these changes lead to conflicts with existing requirements [28].
For instance, a newly defined safety requirement may potentially violate another
cyber-security-related requirement within the system. To address such challenges,
activities such as impact analysis and conducting HARA must be performed, which
is time-consuming and requires extensive resources [28]. Moreover, the need to
redo activities related to verification and validation of the affected software leads to
additional challenges. Specific difficulties in verifying new AI-enabled features are
understanding the differences between the simulation testing and real-life situations
using actual hardware.

3.2 LLMs for Code Generation
Recent advancements in AI, particularly in LLMs, have revolutionized the gener-
ation of program code. Among these, pre-trained GPT-4 stands out as a power-
ful model that is significantly transforming software development by offering new
possibilities for automation [6]. However, despite these advancements, delivering
high-quality, domain-specific, fully functional code, particularly in the automotive
domain, remains a significant challenge.

One technique used to enhance the accuracy of LLM response is prompt engineer-
ing, which involves effective prompts to guide the model toward more precise and
context-aware outputs. Prompt engineering has proven to be a powerful method for
improving both functionality and quality in software development. In [6], the au-
thors introduced their own augmented prompt framework, called Prompt-FDC. This
framework integrates basic functional requirements, domain feature generalization,
and standard specification constraints. This framework progressively refines and
generalizes domain requirements, enabling a more thorough understanding of the
domain and facilitating the generation of higher-quality code. Moreover, Prompt-
FDC has proven effective in addressing safety-critical software requirements, such as
those specified in ISO 26262, a key standard in automotive software development.
Furthermore, the researchers in [29], also highlighted the importance of prompt
engineering in enhancing model performance. They specifically mentioned Chain-
of-Thought (CoT) prompting, a technique that significantly boosts LLMs’ ability to
handle complex reasoning by incorporating structured examples in the prompt.

The study in [6] highlights a key challenge: generating code based on overall re-
quirements often results in code that is not directly usable or runnable. In contrast,
generating code based on specific requirements, particularly when enhanced through
augmented prompts, achieves higher levels of functionality and quality.

A promising approach explored in [27] to enhance LLM performance is task decom-
position. This technique involves breaking down complex tasks into smaller, more
manageable subtasks. By breaking down the problem into smaller problems, LLMs
can generate more precise and contextually relevant responses.

Nevertheless, achieving high-quality results often requires iterative refinement of the
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output, as some requirements may not be fully implemented in the initial output.
Subsequent iterations focus on refining domain-specific requirements to achieve bet-
ter results [6].

Another study also presents an approach to enhance the accuracy of LLM-generated
outputs, which is the Retrieval-Augmented Generation (RAG) framework. To gen-
erate more accurate, domain-specific code and improve the relevance of code genera-
tion tasks without the need for continuous model fine-tuning, the RAG framework is
highly effective [2]. It combines a retrieval system with a generation system, making
it particularly useful in scenarios where an LLM may lack some of the necessary
information in its training data and requires external sources to answer queries or
generate content. Additionally, the RAG framework helps address critical issues
such as hallucination and outdated information, which are common challenges with
standalone LLMs.

The author of [2] tested this technique within the AUTOSAR framework, which
stands for AUTomotive Open System Architecture. AUTOSAR aims to establish
an open, standardized, and highly modular software architecture for automotive
systems, facilitating the integration of various components from different manufac-
turers. The experiment produced positive results, showing that the use of RAG sig-
nificantly enhanced the outputs of LLMs. For the evaluation of the RAG system, the
authors utilized the Retrieval-Augmented Generation Assessment (RAGAS) frame-
work, which offers a comprehensive evaluation pipeline for assessing the performance
and effectiveness of RAG in automotive applications. They also performed a human
evaluation by designing a survey to gather qualitative feedback. However, according
to [29], the use of RAG comes with certain implications, as the quality of retrieved
information directly affects overall performance.

According to [29], LLMs such as GPT-3 and its successors have made notable ad-
vances in automated code generation. However, challenges remain in their practical
usability. The researchers in [29] highlighted the use of various benchmark datasets
to evaluate LLM performance in code generation. These benchmarks primarily as-
sess the model’s ability to generate correct code, rather than verifying whether the
generated code is practically usable. Examples of such benchmarks that have been
used include HumanEval, MBPP, BigCodeBench, and RepoEval. HumanEval con-
sists of 164 manually scripted Python problems but lacks real-world complexity.
MBPP includes 974 entry-level programming tasks with descriptions, reference so-
lutions, and test cases. BigCodeBench offers a more advanced benchmark with 1,140
complex Python tasks, designed to test LLMs’ ability to handle cross-library func-
tion calls and intricate instructions. RepoEval, in contrast, focuses on repository-
level code completion, assessing challenges like import dependencies, parent classes,
and cross-file interactions. This makes RepoEval particularly relevant for evaluating
LLMs in large-scale software development. However, repository-level code gener-
ation still faces challenges due to complex interdependencies between files, shared
utilities, and configurations.

Beyond standalone LLMs, autonomous multi-agent systems have emerged as a
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promising approach to code generation. These systems leverage LLMs as central
reasoning engines, facilitating collaboration with other tools. This technology en-
ables a more structured and iterative development process, helping to overcome
some of the limitations of traditional LLM-driven code generation [29].

3.3 LLMs for Testing
Various industrial and research techniques for test generation have been employed to
achieve partially or fully automated test generation in software development. These
techniques include feedback-directed random test generation and fuzzing [30]. A
particularly notable observation from various surveys on LLM-based test generation
is that the test cases generated are often insufficient for verifying the correctness of
the source code [31]. In many cases, the generated test cases lack relevant assertions,
instead containing spurious or overly generic assertions, such as merely checking
whether a variable is non-null rather than validating its expected behavior [32, 33].

To achieve more promising results in test generation using LLMs, numerous studies
have focused on pre-training the model on additional datasets through various fine-
tuning techniques. However, the authors of [31] pursue an alternative approach,
aiming to enable an existing LLM to generate reasonable test cases without any
additional training. Their approach rely heavily on the design of clear and well-
structured prompts. These prompts include explicit instructions to guide the LLM,
along with the signature of the function under test, its source code, usage example,
and relevant documentation if available. The generated test cases are thereafter
compiled and executed to validate their syntactic correctness and functional accu-
racy. In the event of a test case failure, the corresponding error logs are incorporated
into a subsequent prompt to enable the LLM to diagnose and rectify the identified
errors. As a final conclusion, the authors assert that further research is necessary
to explore how LLMs can be utilized for designing test cases with non-trivial asser-
tions. While automated LLM-based test generation can serve as a valuable approach
to accelerate the testing phase, it can not currently replace the need of manually
designing, or at least reviewing, test cases [31].

However, the author of [31] investigated LLM-based unit test generation as an alter-
native to established techniques such as fuzzing, feedback-directed random testing,
dynamic symbolic execution, and evolutionary algorithms. These traditional tech-
niques often suffer from two main drawbacks: the generated tests are typically less
readable than manually written ones, and they either lack meaningful assertions or
include only generic checks.

In contrast, the LLM-generated tests in the study demonstrated improved read-
ability and incorporated non-trivial assertions. Moreover, the results showed that
LLM-based approaches achieved higher statement and branch coverage compared
to feedback-directed methods. The authors used the GPT-3.5 Turbo and Code-
Cushman-002 models, providing prompts that included the function signature, doc-
umentation, usage examples, source code, and in case of failure, the failing test
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cases and associated error messages. They concluded that more advanced LLMs
could further enhance the results.

Another relevant study presented in [34] introduced AGOBETEST, a framework for
automated unit test generation and evaluation at the Java class level. AGOBETEST
assesses the quality of generated test cases using key metrics such as code coverage,
mutation testing, and test smells. In their evaluation, the compilation success rate
of the generated test classes ranged from 64% to 76%, with a relatively low test
pass rate of 30%–38%, often due to syntax errors or incorrect import statements.
To improve these results, the authors proposed incorporating human-in-the-loop
interventions or automating the extraction of contextual information from project
configuration files.

The study also benchmarked LLM-generated test suites against human-written ones.
While human-written tests were 100% fully compilable and executable, tests gener-
ated by LLMs, particularly GPT-4o, achieved higher scores in line, method, and in-
struction coverage, reaching 85%–87%. However, human-written tests outperformed
in branch coverage (80%) and mutation score (69%), indicating stronger robustness.
Overall, the findings highlight the promise of LLMs in generating meaningful, high-
coverage unit tests, while also acknowledging persistent challenges in reliability and
test robustness.

Another study [8] investigated the effectiveness of LLMs in automated unit test
generation by focusing on the transformation of expert-defined test descriptions/s-
cenarios into executable JavaScript test code. The test scenarios, totaling 106, were
collected through interviews with experts. The study evaluated several LLMs, in-
cluding GPT-4, Claude 3-5, Command-r-plus-08-2024, and LLaMA 3.1.

In their setup, the prompt provided to the models included the function under test
along with the corresponding test scenarios. The evaluation of the generated test
code was based on multiple metrics, including success rate, code coverage (statement,
branch, function, and line), and mutation testing scores.

Among the tested models, Claude achieved the highest performance, with a success
rate of 93.33%, statement coverage of 98.01%, branch coverage of 95.39%, func-
tion coverage of 99.22%, line coverage of 98.30% and a mutation score of 89.23%.
These results demonstrate that LLMs, particularly Claude, can effectively translate
high-level test descriptions into high-quality, executable unit tests with strong code
coverage and robustness.

3.4 Collaborative LLM-based Agents
Futhermore, LLM-based agents offer opportunities for addressing complex real-world
Software Engineering (SE) tasks. To request an update to a software system using
natural language and achieve effective results from LLMs in complex SE scenar-
ios, a systematic breakdown of the tasks to be performed is needed. This involves
designing at least one dedicated agent for each phase of the SE lifecycle. For the
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requirement engineering phase alone, the authors of [6] propose a subpipeline con-
sisting of an agent for each of the following tasks: elicitation, modeling, negotiation,
specification, and verification of requirements. The purpose of this is to ensure that
the requirements are clearly understood by the pipeline and to minimize the risk of
ambiguous requirements before initiating code generation [6]. The same principle
applies to the code generation phase, which involves multiple agents not only to
verify that the generated code is statically accurate but also to ensure it is opti-
mally written from both an algorithmic and functional perspective. However, the
authors’ proposed pipeline includes human collaboration in multiple phases at dif-
ferent levels in order to get sufficient results. The primary reason for not designing
a fully automated pipeline was that human participation enhances the performance
of agents and prevents bottlenecks that agents might otherwise encounter during
software development in a fully automated pipeline [6].

According to [2], employing collaborative multi LLM agents significantly offers ad-
vancements in solving complex challenges and tasks in software engineering. LLMs
enhance the cognitive capabilities of agents, enabling better collaboration and au-
tonomous problem-solving. The paper also emphasizes ways to improve LLM agent
performance, including prompt engineering, using domain-specific agents, expert
consultation, and iterative refinement. However, the complexity of software projects
presents challenges, as a single LLM-based agent may struggle with high-level tasks.
To address these challenges, the paper suggests employing multiple agents in a hi-
erarchical structure, where high-level agents delegate tasks to lower-level agents in
order to improve task allocation and manage interdependencies effectively.
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This chapter outlines the research methodology used for this thesis. The chapter
first introduces the principles and stages of the Design Science Research (DSR)
methodology, followed by a detailed explanation of how it was applied throughout
the research process. The chapter also explains the design and development of the
proposed pipeline, the integration of various agents, and the evaluation framework
used to assess the effectiveness of the solution.

4.1 Design Science Research
This thesis adopts the DSR methodology to design, develop and evaluate a multi-
agent LLM-based pipeline for automated software development in ADS/ADAS. In
addition, it investigates the challenges and limitations of LLMs within this domain.
DSR is an appropriate approach for this research as it focuses on the iterative
design, implementation, and evaluation of an artifact that addresses a real-world
problem. This study follows the six-stage DSR framework as outlined by Hevner
et al. [35] and Wieringa [36]. As shown in Figure 4.1, the process begins with
identifying the problem, followed by setting specific objectives to address it. After
that, an artifact is designed and developed as a potential solution. It then undergoes
testing and evaluation to assess its effectiveness. In the last stage, the findings are
communicated to contribute to both practical applications and academic knowledge.
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Figure 4.1: The six stages of the DSR process.

4.2 Delimitations
The implementation of the pipeline is tailored to the Esmini simulation, which uses
specific OpenSCENARIO files to define driving situations and behaviors. The gen-
erated C++ code functions as a custom controller that manipulates vehicle behavior
within Esmini and represents a single software unit. As a result, the findings are
specific to Esmini and may not be directly applicable to other simulators or scenario
formats.

Additionally, the pipeline includes a unit test generation stage to validate the func-
tional correctness of the generated code. However, due to time limitations, test
coverage analysis and satisfaction of all possible test cases not addressed in this
study. The focus remains on basic functional validation rather than comprehensive
testing.

Moreover, the pipeline is designed to support a limited subset of ADS/ADAS func-
tionalities, with a specific focus on features such as Automatic Emergency Braking
(AEB), Adaptive Cruise Control (ACC), Collision Avoidance (CAEM) and change
lane (CHANGE_LANE). As a result, the findings and demonstrated capabilities
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may not be directly generalizable to other AD/ADAS functions outside this scope.

4.3 Design of The Proposed Solution
To improve the efficiency of the development process for ADS/ADAS, and to over-
come the limitations and challenges identified in existing tools and related research
papers, this work proposes a fully iterative, multi-agent system that supports the
automated development of AD/ADAS functions in C++ programming language.

The system assumes a minimal existing codebase that both provides the necessary
interfaces for communicating with the Esmini simulator and includes supporting
functions that the generated code can call, the environment setup is illustrated in
Section 4.5. The functions under study are generated and added to this codebase
for validation. Parts of this system specification are provided to the LLM in the
prompt to ensure that it produces code compatible with the existing project.

The overall architecture of the proposed system is illustrated in figure 4.2. The
process begins with user input that describes the desired function. Based on this
input, the system generates the corresponding function implementation, followed by
the generation of unit test cases, designed to be compilable with the Google Test
framework. These test cases serve as the first layer of validation, helping to detect
potential bugs in the generated function before simulation. To ensure the quality of
unit tests, the system verifies compilability, executability, and coverage metrics (line
and branch), reducing the risk of incorrect validation. Additionally, mutation testing
is performed, with the resulting mutation score reported to assess test robustness.
While these measures help catch some defects, they do not guarantee full correctness
of the software, serving instead as a complementary check prior to simulation.

After the initial layer of validation, the generated code is executed within the Esmini
simulation. Logs from this execution are analyzed in the final validation stage to
ensure functional correctness in a simulated context. However, if failures occur
at any validation layer, the system loops back to the code generation agent for
refinement.

As a final step before deployment of the generated function, a code reviewer manually
inspects the pipeline output, or baseline, which includes the generated function, its
unit tests, and all relevant logs and reports. Because the pipeline currently depends
solely on LLM-generated artifacts and automated checks, the reviewer serves as an
additional safeguard against subtle semantic errors, unsafe behavior, or gaps that
automated validation can miss, helping ensure correctness, safety, and compliance
with development standards, particularly in safety-critical domains like ADS/ADAS.
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Figure 4.2: The overall architecture of the proposed system.

4.4 Data Set
In this research, we do not utilize any specific datasets. The only input available is
the textual specification of the ADAS functions that were reported by Volvo Cars
in a research paper [9]. As the pipeline needs more detailed functional description
of the target ADAS functions, we are responsible for explicitly constructing the
functional descriptions for each relevant ADAS feature when designing the input
data for the purpose of experimentation. These descriptions are determined on the
basis of the specifications of the ADAS functions. The functions are specified as
follows:

• F1: "The ego vehicle shall start braking if the speed exceeds 10 m/s2".

• F2: "The ego vehicle shall perform a lane change to the right if there is a
vehicle in the same lane as the ego vehicle".

• F3: "The ego vehicle shall adapt its speed to the vehicle in front to avoid
collision (exhibiting so-called Adaptive Cruise Control behaviour, ACC)".

• F4: "In unsupervised Collision Avoidance by Evasive Manoeuvre (CAEM), the
ego vehicle shall perform a lane change to avoid imminent collision with the
vehicle in front. The lane change is preferably to be conducted to the left".

4.5 Development Environment Setup
To enable an uncomplicated development of the custom controller and to avoid un-
necessary complexity and ambiguity that the multitude of functions and attributes
in esminilib may cause for the LLM during code generation, we design a dedicated
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interface for this purpose. This interface acts as an API that manages the com-
munication with esmini and encapsulates low-level simulation details, with the aim
that custom controller is dedicated exclusively to the logic related to the target
ADAS function. The interface consists of two C++ source files, Vehicle.cpp and
State.cpp. Vehicle is solely a data class that represents a vehicle within the simu-
lation and contains the following attributes, which are considered relevant to our
problem domain:

• A unique vehicle identifier.

• Spatial coordinates in a 3D Cartesian space (x, y, z).

• The vehicle’s current speed.

• Heading angle indicating the vehicle’s orientation.

• Lane identifier (lane_id).

• Longitudinal position (s).

• Lateral offset from the road centerline (t).

The State class contains functions that continuously fetch internal simulation state
data, as well as a set of encapsulated functions that the custom controller needs in
order to implement its logic. These functions are defined as follows:

• getVehicles() — Returns a list of all vehicles in the simulated scenario,
including the ego vehicle.

• setEgoSpeed(float speed) — Sets the ego vehicle’s speed to the specified
value.

• brakeEgo() — Commands the ego vehicle to brake.

• switch_lane(int lane_id) — Initiates a lane change of the ego vehicle to
the specified lane.

Figure 4.3 shows the integration between the custom controller and the Esmini
simulator. As shown, the State class serves as the communication link between the
two components. It leverages the Esmini library to retrieve and update vehicle data,
which is then stored in the Vehicle model. The CustomController class performs its
actions by interacting with the State class.
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Figure 4.3: The communication flow with Esmini.

4.6 Definition of Done
The generated function is considered done when it meets all the following criteria:

• Compilable: The code compiles successfully without errors or warnings in
the target development environment.

• Executable: The software runs without crashes or critical runtime errors.

• Pre-simulation Validation: The software must achieve at least 75% line and
40% branch coverage by passing relevant unit tests. These thresholds provide
a preliminary check that the function is partially correct and exercised before
simulation, they do not guarantee full correctness. Mutation testing is also
integrated to assess test robustness, with experiments reporting a minimum
mutation score of 28%.

• Simulation Validation Passed: The software operates correctly within the
simulation environment, producing expected outputs and behavior.
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4.7 Iterative Development Process
The final pipeline was designed through different iterations of refinement conducted
throughout the research. Each iteration contained multiple sprints, and the follow-
ing subsections explain more in-depth how the pipeline evolved in each iteration.
The main issue with the first iteration was that the prototyping code could not be
relied upon as a valid input to the pipeline, whereas the primary challenge in the
second iteration stemmed from a lack of context for the LLM and cumbersomely
long prompts.

4.7.1 First Iteration
In the first iteration, our aim was to explore and gain an understanding of how open-
source models would handle code generation within a specific domain. Generating
code using LLMs was not entirely new to us, as we had previously used Chatgpt for
personal use. However, the idea in this thesis was to automate code generation by
sending iterative requests to LLMs until the desired output was achieved. Therefore,
we planned to initiate code generation in a straightforward manner by generating
C++ code from prototyping code written in Python. This prototyping code was
part of experiments previously conducted at Volvo Cars and, in this iteration, acted
as input data for our proposed pipeline. The prompt sent to the LLM was therefore
aimed at transforming the Python code into C++ code while taking the simulation
environment into account. When this approach was tested on simple functions such
as F1 and F2, we were, during some manual trial runs, able to generate compilable
C++ code.

Since the LLM quite often did not generate compilable C++ code, we added a
mechanism to our pipeline for error correction. To prompt the LLM to fix the
compilation errors found in the previously generated code version, we provided both
the code and the error logs within the prompt.

At this stage, the pipeline struggled to resolve these compilation errors and, in many
cases, ended up in an infinite loop. A key reason for this was that the LLM frequently
made assumptions about the existence of API functions that were not present and
used them to fix the existing errors, which in turn caused new compilation errors.

Another bottleneck observed during iterative error correction was that the LLM
sometimes returned code with placeholders in the code lines where the compilation
error had occurred. This led to a situation where the generated code would com-
pile, not because the errors had been resolved, but because they had been removed
or replaced with TODO-comments. As a solution, we implemented an additional
mechanism in our pipeline that would compare the compiled generated code with
the prototyping code and return true if they were structurally equivalent before
proceeding to the test generation stage.

For the unit test generation, this iteration started by designing a simple prompt
that could be invoked to an LLM to generate automated unit tests. The primary
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goal of this iteration was to evaluate the ability of an LLM to generate compil-
able test cases when provided with minimal contextual information. Through this
experimentation, a number of early limitations were uncovered, most notably, the
insufficiency of basic prompts in conveying the necessary context. These findings
highlighted the need to enrich the prompts with more detailed information, such
as specific implementation details and constraints, in order to enable at least the
generation of compilable test cases. This initial iteration laid a solid foundation
for designing more effective prompts and structuring more robust workflows in the
subsequent development iterations.

4.7.2 Second Iteration
In the second iteration, we modified the pipeline to generate C++ code from a
functional description instead of from the prototyping code. This decision was based
on an update of the requirements for this research. Certain mechanisms from the
first iteration, such as the structural comparison between the generated code and
the prototyping code, were retained.

At this stage, the generated code exhibited multiple issues, such as the use of non-
existent esmini API functions or incorrect use of existing functions. Furthermore,
the LLM showed a tendency toward overgeneration, where the output included ad-
ditional components that were not requested in the prompt, such as a main function
or simulation setup code.

To improve the LLM-generated code and support the LLM in generating the specif-
ically requested code with the correct structure and use of the available API func-
tions, the prompt was extended to provide more in-context learning. To this end,
the prompt was updated to also include the complete documentation of the Vehi-
cle and State classes and their attributes, as well as an example illustrating how a
custom controller is intended to be structured.

For the unit test generation, this iteration focused on addressing the limitations
identified during the initial iteration. In this phase, the prompt was enhanced
with richer contextual information, including system specifications and explicit con-
straints. This iteration aimed primarily to evaluate the extent to which enriching
the prompt with more detailed context could produce compilable test cases. To fur-
ther improve reliability, an iterative refinement mechanism was introduced during
this phase. In this feedback loop, test cases that failed to compile were analyzed,
and their compilation error logs were fed back into the LLM as part of the prompt,
enabling the agent to revise and regenerate the tests accordingly.

While this iteration demonstrated clear improvements in the structure of the test
cases, it also revealed that the generation of fully compilable and executable tests
was still not reliably achieved. One significant issue was the lack of test case man-
ageability; a single test case failure (e.g., a compilation error) could impact the entire
test suite, making it difficult to trace and isolate faults. Additionally, the generated
tests often included redundant code, repeated parts already present in the system, or
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incomplete and skeleton implementations that lacked sufficient detail for execution.
Furthermore, syntax errors and incorrect or missing include statements contributed
to frequent compilation failures. In many cases, the generated test suites remained
minimal and failed to provide sufficient coverage. These findings demonstrated that
simply enriching the prompt with detailed contextual information is not sufficient to
produce reliable output. The overall design of the system also plays a crucial role.
Consequently, these results highlighted the need for a more structured and modular
approach to further improve test generation performance.

4.7.3 Third Iteration
Based on the observations from iterations 1 and 2, we redesign the code generation
in our final solution to address the bottlenecks present in the previous approach. As
mentioned earlier, we need to rely on the functional description of the custom con-
troller to be generated rather than on the prototyping code. This is partly because
these requirements are clear and intended for use, making the entire pipeline more
robust, and partly because fully functioning prototyping code is not always avail-
able. However, as explained in iteration 2, using raw functional descriptions alone
is insufficient for generating domain-specific, functioning code within the esmini
environment.

The new code generation approach is more focused on functional decomposition and
further subtasking, which, in the approaches of previous iterations, were performed
within a single LLM request. That is, the decomposition of the functional description
into distinct logical conditions, the insertion of the required API functions, the
generation of the step() logic in C++, and the integration of the code into the class
template.

For the unit test generation, this iteration addressed the challenges uncovered in the
previous phase by introducing a modular and step-wise test generation approach.
Instead of relying on a single agent to generate an entire test suite in one step,
the task was decomposed into smaller, more manageable sub-tasks. These included
generating test descriptions in natural language, generating the corresponding code
for each test description, compiling and running the generated code, and finally
adding it to the appropriate file. This shift enabled greater control, accuracy, and
maintainability across the generation process. It also made it easier for the LLM
to focus on one specific task at a time, rather than attempting to handle multiple
aspects simultaneously, resulting in more consistent and reliable outputs.

During this phase, several prompt engineering techniques were introduced. These
included adopting a well-defined prompt structure, applying the one-shot example
technique, and crafting more targeted, context-aware prompts that delivered only
the most relevant implementation details and constraints. Together, these strate-
gies helped minimize irrelevant information, increased prompt clarity. Moreover,
this iteration introduced a new mechanism integrated into the unit test generation
pipeline called the Coverage Guided Test Suite Extender. It is designed to improve
test suite completeness by identifying untested paths and automatically generating
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additional test cases to cover them.

This structured approach led to the development of a significantly more robust and
scalable solution, approaching a production-ready implementation. The developed
system showed substantial improvements in modularity, the reliability of generated
tests, and its potential for seamless integration into automated software development
pipelines.

We observed some issues during this phase, there were some cases where the LLM
generated test cases that successfully compiled and executed, but failed, even though
the software-in-the-loop contained no defects or bugs. In such cases, the failure was
due to issues within the generated test cases themselves, not the underlying software.
To mitigate these false positives and prevent the pipeline from incorrectly initiating
a refinement cycle through the code generation agent, an oracle-based validation
mechanism was integrated into the system. Specifically, before forwarding failed
test cases to the code generation agent, they are first checked by the oracle-based
validation agent. This agent determines whether the failure is due to an actual
defect in the software or in the test case. The oracle-based validation agent rely
on the functional description, the software-in-the-loop implementation, the test case
description and the test code to make a decision.

The following sections outline the design and implementation details of the final
artifact produced through this iterative development process.

4.8 Implementation of The Final Artifacts
The core of the artifact is a multi-agent system, where each agent is responsible
for a specific task within the software development lifecycle. The main pipeline
is structured into several key stages, including code generation, unit test genera-
tion, simulation execution, and validation. Notably, both the code generation and
unit test generation stages are implemented as independent pipelines composed of
multiple collaborative agents. Each of these sub-pipelines handles its own internal
workflows, such as prompt construction, iterative refinement, and validation, before
passing outputs to the next stage. This layered architecture ensures a modular,
extensible, and fully automated development process.

The high-level architecture of the pipeline is visualized in figure 4.4, showing the
stages and key components and their interactions within the pipeline. The pipeline
takes a functional description as input, which passes through several stages to pro-
duce a custom controller implementation written in C++, along with its correspond-
ing test cases. The process starts by generating a custom controller based on the
provided functional description. After the successful completion of the code gener-
ation stage, the subsequent stage begins, generating unit test cases using the same
functional description and executing them. If any test cases fail during execution,
they are first passed to the oracle-based validation agent, which determines whether
the failure is due to an issue in the test case itself or in the software-in-the-loop.
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This step ensures that only genuine failures are forwarded to the code generation
stage for correction, thereby avoiding unnecessary modifications to an already func-
tional custom controller. Notably, unit test cases are generated only during the first
iteration, in subsequent iterations, the pipeline reuses the existing test suite.

The next step involves running the simulation to evaluate the generated code, while
capturing the logs for validation. At the last stage, the created logs are analyzed to
validate the correctness and functionality of the generated C++ code. If a failure
occurs at any stage of this pipeline, the responsible agent receives an error log as
a prompt, to fix the issue. This iterative refinement continues until a satisfactory
result is achieved.

Figure 4.4: The high level architecture of the pipeline.

4.8.1 Code Generation
To generate useful code using LLMs, clear prompts that contain some form of suffi-
cient specification on how the code should behave should be provided to the LLM.

When code is to be generated in the code generation pipeline, functional decom-
position is used to divide the problem into smaller subproblems, as Figure 4.5. A
first step before any code generation is initiated is to prompt the LLM to break
down the input data, the functional description of the target ADAS function, into
different logical conditions and actions written in natural language. We specify that
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Figure 4.5: The subprocesses of the code generation.

the output of this step shall be a JSON object in order to enable validation against
a JSON schema whose structure we have designed.

A separate prompt is then sent to the LLM to insert the relevant API functions
needed to perform each action, respectively. This prompt includes a description
of the API functions available, their signatures, and brief documentation on the
purpose of each function. The output at this stage is still a code-free JSON object
which serves as a structured preparation step before the actual code generation.

Furthermore, the JSON object is sent to another agent tasked with transforming
these instructions into C++ code. In the prompt for this step, see Figure 4.6, more
detailed context about the environment API is provided. By way of illustration, the
attributes and functions of each class, in this case State and Vehicle, are presented to
equip the LLM with additional particularized context. With the aim of simplifying
the process, the LLM is requested to generate the corresponding code only for the
step() function of the custom controller, without including the class definition
or any other structure-related components typically present in a C++ class. The
reason is that the LLM struggled with these aspects and made assumptions when
attempting to correct the compilation errors during the iterative error correction in
the first development iteration.
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Figure 4.6: The structure of the prompt used for code generation.

Upon receiving the response to the query, the code block comprising the step()
logic is extracted. Once extracted, we insert the code into the class template that
aligns with the interface we have designed for communicating with esmini API. At
this stage, we perform a basic check of the dependencies that are used by the LLM
when it generates the code in order to clear out any redundant dependencies that
might cause compilation errors. If the generated code is not written in C++, as has
been observed in certain instances, the agent rejects the response and issues a new
request for code generation.

To guarantee that the code is syntactically correct and compilable, another sub-
module compiles the generated code as an implementation file (with cpp extension).
Before compilation, the system ensures that the file is located within the appropriate
environment required for successful compilation, that is, an environment where all
dependencies, such as related headers or source files, are accessible.

Once more, if the code fails any of the aforementioned verification steps, the agent
requests a new code generation from the LLM in an iterative manner, incorporating
relevant feedback and more context. For instance, if the code is not compilable,
a prompt template designed for error correction is used, in which the buggy code
containing inline error messages as well as the compilation error logs are provided
as parts of the prompt. The structure of the prompt used for error correction is
illustrated in Figure 4.7.

30



4. Methods

Figure 4.7: The structure of the prompt used for compilation error correction.

4.8.2 Unit Test Case Generation
This stage is responsible for generating unit tests using the provided functional
description to validate the C++ Custom Controller code produced by the code
generation agent. It acts as an additional validation layer, ensuring the generated
code meets expected functionality. For example, if the code produced by the previous
stage contains defects, this testing process can identify them. However, the main
advantage of this validation step is its ability to detect defects in the generated C++
code early in the pipeline, before reaching more complex and resource-intensive
stages, such as scenario preparation and simulation execution. Identifying issues
during unit testing is more efficient and cost-effective, avoiding the additional cost of
using OpenSCENARIO files, running simulations, and analyzing logs. By detecting
issues early, the pipeline can iterate faster and improve the generated code without
having to run the entire simulation workflow.

The Google Test (gtest) framework is used, as it offers a variety of assertions and
testing features for software written in C++ [37]. Additionally, the Google Mock
(gmock) framework is used to simulate the behavior of the Esmini simulation state
[37]. This is essential because the generated custom controller code is designed to
interact with a simulation environment. Therefore, mocking the simulation’s state
is essential for being able to run the tests against the software. By using gmock,
the system bypasses running the simulation at this stage, allowing to focus only on
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functional validation of the generated code. These requirements are clearly specified
within the prompt to guide the agent’s behavior accordingly.

Figure 4.8 illustrates the internal structure of this stage, highlighting the collabo-
ration between agents to generate unit tests and extend the test suite. This stage
is composed of multiple sequential steps. The process begins with the generation
of test case descriptions in natural language in a predefined structured format, as
shown in Figure 1. These descriptions are extracted from the LLM outcome and
stored in a list, where each item represents an individual test case scenario. For
each description, the system prompts the LLM to generate the corresponding C++
unit test code independently.

Once generated, each test case is compiled and executed in isolation to assess its
validity. If the test case fails to compile or encounters a runtime error during execu-
tion, the system initiates a regeneration loop to attempt generating a correct version
of the test case. This loop is constrained to a maximum of five iterations to pre-
vent infinite retries. If, after these attempts, the test case remains non-compilable
or non-executable, it is logged for further analysis, and the system proceeds to the
next test case. Based on the outcome, compilable and executable tests are then
sorted into two distinct files: those that compile, run successfully, and pass their
assertions are appended to a passed tests file, while those that compile and run but
whose assertions fail are recorded in a failed tests file. Keeping these results separate
streamlines traceability and simplifies subsequent refinement and expansion of the
test suite.

To enhance both effectiveness and reliability, the pipeline was augmented with a
coverage-guided test suite extender mechanism. After generating the initial tests,
the system performs a coverage analysis using the gcovr tool to determine the per-
centage of source code executed by the suite. If coverage is below a predefined
threshold, the system constructs a new prompt for the LLM that contains: (1) the
functional requirement, (2) the existing test descriptions, and (3) the relative data
of the coverage analysis report. The LLM then generates additional test-case de-
scriptions to target these gaps, and those descriptions are passed through the same
code-generation and validation steps as before, and coverage is re-evaluated. To
prevent an infinite loop, this cycle is limited to five iterations, if coverage remains
insufficient after the fifth iteration, the pipeline proceeds to the next stage and logs
the final coverage result.

In this design, coverage analysis not only assesses test-suite completeness but also
drives automated test extension. By integrating coverage-guided test suite extender
mechanism into the workflow, the pipeline iteratively produces a more thorough and
robust suite without manual intervention.

The final step in this pipeline applies mutation testing to evaluate the robustness of
the generated test cases.
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Figure 4.8: The pipeline of the unit test generation stage.

However, to maintain traceability and support future debugging, the pipeline logs
failed test cases separately. Specifically:

• Test cases that fail to compile are recorded along with their corresponding
error messages.

• Test cases that compile but fail to execute due to runtime errors are logged
separately.

• Test cases that compile and execute but fail are saved to a dedicated file for
further analysis. further analysis and potential refinement in later stages.

This organized handling of test outputs not only ensures reliability but also facili-
tates downstream validation and debugging throughout the pipeline.

After the final step of the unit test generation pipeline, and before transitioning to
the next stage, all failed test cases are passed to the oracle-based validation agent.
This agent independently analyzes each test case to determine whether the failure
stems from a defect in the software-in-the-loop or from an issue within the test case
itself.

33



4. Methods

The prompt structure employed across all agents within the unit test generation
pipeline is illustrated in Figure 4.9. Each prompt begins by assigning the LLM a
clear role aligned with the agent’s responsibility. This is followed by a one-shot
example, a prompt engineering technique used to guide the LLM by demonstrating
the expected input-output pattern. For example, when the agent is tasked with
generating C++ test code, the one-shot example consists of a test-case description
as input and the corresponding C++ implementation as output. Following the one-
shot example, the prompt incorporates system specifications to provide the necessary
context. Finally, the prompt concludes with a clear task definition to instruct the
model on what to generate.

Figure 4.9: The structure of the prompts used in unit test generation stage.

4.8.3 Simulation & Validation
In this stage, Esmini simulation is executed in an automated manner with a se-
lected set of OpenSCENARIO files that are relevant to test the generated custom
controller C++ code under different driving conditions. In order to run Esmini
within the pipeline, its shared library is utilized, and the generated C++ code acts
as a custom controller to manage the vehicle’s behavior in the simulation by modi-
fying its internal state. For each scenario executed, we create a CSV file containing
detailed timestep-based information about the scenario’s objects, which is then an-
alyzed to validate the behavior of the ego vehicle during the simulation. Based on
the functional description of each of the four target ADAS functions, in other words,
how the generated custom controller is expected to behave in each case, we imple-
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ment four corresponding validation functions in our pipeline. These functions rely
on real-time data about the internal simulation state, as recorded in the generated
CSV file.

4.8.4 Used Tools
LangChain is utilized as the core framework for implementing the pipeline and
defining various agents within it. LangChain is a Python library that provides a
comprehensive suite of services for developing AI-powered, production-ready appli-
cations. In addition, it offers built-in support and specialized modules for designing
custom agents and managing communication between them [38].

GCC is also used as a complementary tool within this pipeline to compile the gener-
ated C++ code. As discussed previously, the code generation agent is the designated
component responsible for managing and executing this compilation process. GCC,
which supports the compilation of several programming languages including C++,
provides detailed logs upon completion of the compilation. These logs are stored
in a dedicated log file and subsequently incorporated into the prompt to refine the
generated code in case of any compilation error.

For the code coverage analysis, Gcovr is used. It is a Python-based, lightweight
tool that can be easily integrated into automated CI pipelines to generate coverage
reports efficiently [39]. Another tool used for evaluating the robustness of the test
cases is Mull [40]. It is a mutation testing framework for C/C++ that injects
controlled mutants into the software using Clang as the compiler.

4.8.5 Prompting Techniques
At the start of the experimental phase of this study, we used a relatively simple and
straightforward prompt to evaluate the LLM’s ability to generate source code. The
primary objective at this stage was to gain an initial understanding of how effec-
tively the LLM could handle a well-defined task, such as translating implementation
code from one programming language to another. Following this preliminary assess-
ment, we gradually refined our prompting strategies to obtain more contextually
appropriate and useful outputs.

For example, we adopted role prompting, a method in which the LLM is explic-
itly instructed about the role it is expected to assume in addressing the task. In
addition, we used few shot prompts, a technique in which a limited number of illus-
trative examples are provided within the prompt to enable in-context learning [41].
The later technique proved particularly beneficial when the LLM was requested to
generate C++ code that is executable within the Esmini simulation environment.
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5.1 Pipeline Performance and Outputs
This section presents the output and performance results from each iteration for
both code generation and unit test generation pipelines. In addition, it evaluates
the pipeline after integrating all components, such as code generation stage and unit
test generation stage in one single pipeline.

5.1.1 Code Generation
As discussed in 4.8.1, the input functional description is processed and transformed
into a JSON object that represents the logical program flow, articulated in natural
language. The example shown in 5.2 illustrates the final output generated after two
requests to the LLM to construct the targeted JSON object: one request for mapping
conditions and their associated actions, and the other for inserting the relevant API
functions. The functional description presented in Figure 5.1 was passed as input
to the pipeline when generating the JSON shown in Figure 5.2.

The ego vehicle shall during dynamic driving avoid collision with other
vehicles as follows:
If ego vehicle detects a slow ahead vehicle closer than safe following dis-
tance (ahead_safe_follow_dist), the ego vehicle must do all the following:

• If the left lane is safe, perform a lane change to the left.
• Only if the left lane change is not possible and the right lane is safe,

perform a lane change to the right.
• If neither lane change is possible, the ego vehicle shall do as follows:

– dist_to_slow_ahead = distance to closest slow ahead vehicle
– Do nothing if dist_to_slow_ahead ≥ min_dist.
– Reduce its speed so it is the same as the vehicle ahead if min_dist

> dist_to_slow_ahead ≥ 10 m.
– Apply brakes immediately regardless of speed if

dist_to_slow_ahead < 10 meters.

Figure 5.1: Functional description designed for F4.
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Figure 5.2: An example output of a validated condition-action JSON structure
including the suggested API functions generated by qwen2.5-coder for F4. The
output follows a correct hierarchical structure, mapping driving conditions to

implementable actions in alignment with the designed functional description of F4.
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Figure 5.3: An example output of a final custom controller partially generated by
gemma3 targeting F2. The code blocks within the green annotated rectangles are
produced by the LLM, whereas those within the brown rectangles belong to the

existing class template.

When the code for the program flow of each simulation step, corresponding to the
step() function, is generated, it is subsequently integrated into a C++ class repre-
senting the custom controller. Following the successful extraction of the code from
the LLM output, the code is inserted into the class template for further processing,
as discussed in Section 4.8.1. The examples presented in Figure 5.3 and Figure 5.4
illustrate what parts are generated by the LLM versus those which belong to the
class template. However, certain models, such as DeepSeek-coder, tend to generate
superfluous code components that are not pertinent to the design of the pipeline.
As the pipeline is explicitly equipped with mechanisms that rigorously extract only
the step() function, ensuring the exact signature, it disregards any additional code
fragments included in the output of the model. Figure 5.5 illustrates a representative
example of a raw response produced by DeepSeek-coder during code generation.
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Figure 5.4: An example output of a final custom controller partially generated by
gemma3 targeting F3. The code blocks within the green annotated rectangles are
produced by the LLM, whereas those within the brown rectangles belong to the

existing class template.
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Figure 5.5: An example of a raw response from DeepSeek-coder when generating
code for F4. The code inside the red block represents superfluous code components

that were not requested in the prompt.

Regarding error correction, as described in Section 4.8.1 and illustrated in Figure 4.7,
compilation error messages are injected as comments into the specific lines of code
where the faults arise before the buggy code is submitted to the LLM. Figure 5.6,
in particular, provides an example of how these errors are inserted.
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Figure 5.6: An example of non-compilable code with an embedded inline error
message, provided as part of the error correction prompt.

Figure 5.7: An example output of a custom controller after bug fixing based on
generated failed test cases using qwen2.5-coder:7b targeting F1. The condition

inside the red block represents what is added to the code after bug fixing.
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5.1.2 Unit Test Generation
The early iterations produced inaccurate results and faced numerous challenges and
limitations. In many cases, the generated test cases referenced non-existent methods.
For example, as shown in Figure 5.8, one test case attempted to call the getEgoSpeed
function, which does not exist in the system. At time the output contained incorrect
include statements or omitted essential ones which lead to compilation errors. In
some instances, particularly in iteration 2 during the feedback refinement loop aimed
at fixing test code bugs, the system produced only skeleton code instead of fixing
the bug. As illustrated in figure 5.9, the LLM generated a skeleton code with only
the structure of the test suit without any test cases. Additionally, there were cases
where the LLM generated code that already existed in our system. As showed in
Figure 5.10, it unnecessarily generated a mock class that was already part of the
system.

Figure 5.8: Test case generated with a call to the non-existent getEgoSpeed
method.

Figure 5.9: Generated test case consisting solely of a skeleton structure.
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Figure 5.10: Output containing code already present in the system.

The final iteration of the unit test generation pipeline demonstrated significant im-
provements in accuracy, completeness, managebility and reliability. By incorporat-
ing structured prompt design, a multi-step approach, iterative regeneration, and
coverage-guided extension, the system was able to consistently produce compilable
and executable test cases for the simpler functions (F1 and F2), though performance
was not as consistent for the more complex ones. In this iteration, the system was
able to produce a compilable and executable test suite file, unlike the old approach
which never produced a compilable test suite.

Figure 5.11 presents the generated test case descriptions from one run for generating
unit test for AEB function that presented in Figure 5.12. Each description outlines
a specific functional scenario to be validated. For instance, the first test case checks
whether the ego vehicle triggers the brake function when its speed exceeds 10 m/s.
Figure 5.13 shows the test suite file which contains all combined passed test cases,
for instance, the test case description 1 is translated into C++ test code 1: a vehicle
instance is initialized with a speed greater than 10 m/s, and the test verifies whether
the brake function is called accordingly.
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Figure 5.11: Generated test case descriptions for the AEB (F1) function using
Mistral.

All test cases in the test suite shown in Figure 5.13 were compilable, executable, and
passed their respective assertions, except for Test Case 3, which is commented out by
the system with a note indicating a compilation failure. This failure demonstrates
an occasional limitation in the LLM’s output, where syntactic or structural issues
can occur.

Figure 5.12: Custom controller for the AEB (F1) function.
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Figure 5.13: Generated passed test cases for AEB (F1) function using Mistral,
generated based on test descriptions presented in 5.11.

However, the unit test suite shown above achieved 100% line coverage and branch
coverage, indicating a high level of completeness. This output did not need to run
the test suit extender component because the result of code coverage anlaysis was
perfect and above the thresholds.

As discussed before, when a test fails, it is sent to the oracle-based validation agent
to determine whether the issue lies in the test itself or in the software under test.
Figure 5.16 shows an example of a failed test case, along with its description, that
was submitted to this phase.

In this case, the test was designed to verify the functionality of the AEB function,

45



5. Results

specifically when the vehicle speed is exactly 10 m/s. According to the function’s
description, the vehicle should only brake when its speed exceeds 10 m/s, not when
it is exactly 10 m/s. However, the test incorrectly expected braking at exactly 10
m/s. This mismatch in expectations caused the test to fail, indicating that the fault
was in the test itself rather than in the software.

Nevertheless, the oracle-based validation agent made the correct decision: it identi-
fied the faulty test case as a bug in the testing process and eliminated it.

Figure 5.14: One failed test case code.

Figure 5.15: One failed test case description.

Figure 5.16: The unit test case that failed due to a bug in the generated unit
test case.

5.2 Evaluation
An empirical evaluation approach is used to evaluate the output of the LLMs in this
domain. Thus, five open-source models are being experimented for the purpose of
evaluation and these models are as follows:
Table 5.1: Comparison of models by version, parameter count, and size.

Model Name Version Number of Parameters Size
codellama 2.0 7B 3.8 GB
mistral 2.0 7B 4.4 GB
deepseek-coder-v2 1.0 16B 8.9 GB
gemma3 latest 4B 3.3 GB
qwen2.5-coder 2.0 7B 4.7 GB
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5.2.1 Code Generation Pipeline
To evaluate the effectiveness and robustness of the code generation pipeline with
respect to the designed prompts, comprehensive experiments are conducted in which
the entire code generation pipeline is executed. To address various evaluation criteria
and metrics, the experiments are divided into three main aspects: the first focused
on measuring the correctness of the generated code, the second aimed at examining
the frequency and efficiency of the error correction process, and the third assessing
whether the LLM overgenerates additional unnecessary components. These three
aspects are investigated and limited to the following:

• Aspect 1 — the accuracy of the generated code. For each ADAS function
presented in 4.4. 20 runs are performed in each of the five models. The results
are reported separately for each function.

• Aspect 2 — the number of loop iterations required for error correction to
complete a given run. The same 20 runs for each of the ADS/ADAS functions
F1 & F2 in each model used in the first category are applied here. The results
are reported separately for each function.

• Aspect 3 — the tendency of LLM to generate superfluous components that
it was explicitly instructed to avoid. 20 runs are performed in each model,
regardless of the target function.

The experiments for the first aspect of the experiments are limited by four main
metrics and they are defined as follows:

• None — No code is extracted either because the LLM fails to generate any or
because the output format is invalid, for example, only textual output.

• Non-Compilable — The generated code must be written in C++, follow the
correct structure as defined in the prompt, and be integrable with the class
template designed by us. If any of these criteria are not met, the generated
code is considered structurally incorrect.

• Compilable — The generated code is considered compilable if it compiles
successfully within the defined simulation environment, without any syntax or
compile-time errors. Therefore, the generated compilation error log file must
be empty, and the compiler generates an executable binary.

• Validatable — Subsequently, it is assessed whether the code can be exe-
cuted within the Esmini simulator and can function as a controller for the
selected scenarios without causing simulation execution errors. At this stage,
the generated code is also evaluated through code review and comparison with
corresponding custom controller that we have designed and tested in Esmini.
Complete evaluation will be done after generating and running the test cases
in the next stage of the pipeline.
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The evaluation methodology records the maximum achieved success level per run
across the three hierarchical metrics: Non-Compilable, Compilable, and Validatable.

In accordance with error correction, the second part of the experiments shall ulti-
mately include metrics that indicate whether additional error correction iterations
were required for the code to reach the desired outcome (i.e., compilable). The
maximum number of iterations per run is set to 5; that is, if the code is still not
compilable after 5 iterations, the best-performing code variant among those five
iterations is reported for the respective run.

• Without error correction — No request is sent to the error correction
agent, and the current run is completed in the initial iteration. Either because
the generated code is already compilable in the initial iteration or because no
valid C++ code is extracted in the initial iteration that could be subject to
correction.

• Successful error correction — At least one error correction iteration is
performed (with a maximum of five), and the error correction agent success-
fully resolves all reported compilation errors.

• Unsuccessful error correction — After five iterations, the error correc-
tion agent fails to resolve all reported compilation errors or introduces addi-
tional compilation errors in the code.

Based on observations obtained from several trial and experimental runs, certain
models show a tendency to overgenerate additional components, either in the form
of explanatory text or extraneous code. To investigate this, the third aspect of the
experiments uses the following metrics:

• None — The LLM produces exclusively the expected output format specified
in the prompt, without generating any additional content beyond what is
requested.

• Textual — Textual overgeneration occurs, such as explanations before or after
the generated code block.

• Code Components — Superfluous code components, such as creation of addi-
tional structs or classes.
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Figure 5.17: Metric-based evaluation outcomes for each of the five LLMs over 20
runs each, specifically for code generation targeting ADAS functions F1 and F2.

Figure 5.18: Metric-based evaluation outcomes for each of the five LLMs over 20
runs each, specifically for code generation targeting ADAS functions F3 and F4.
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Figure 5.19: Metric-based evaluation outcomes for each of the five LLMs over 20
runs each, specifically for error correction targeting ADAS functions F1 and F2.

Figure 5.20: The results of overgeneration experiments for 20 runs in each model.

5.2.2 Unit Test Generation Pipeline
To evaluate the pipeline under realistic and varied conditions, a comprehensive ex-
periment was conducted in which the entire unit test generation pipeline was ex-
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ecuted a total of 400 times. This involved 20 independent runs for each function,
covering a range from simple to complex AD/ADAS functions, across the five differ-
ent large language models presented in table 5.1, in order to observe how the system
behaves with different models. The choice of 20 iterations per function was intended
to reduce the likelihood that a correct or high-quality output would occur merely
by chance. Since LLMs are stochastic, repeating the runs may help capture results
that are more representative of the model’s typical behavior rather than isolated
lucky cases. Although there is no strict evidence that 20 is the optimal number,
similar studies, such as [9], have also employed 20 iterations when examining LLM
behavior.

The four functions used in this evaluation were manually written rather than gener-
ated by an LLM, as the objective was to assess only the performance of the unit test
generation pipeline before integrating it with the main pipeline. During each run,
key performance indicators such as line coverage, branch coverage, and mutation
scores were recorded. This repeated-measures approach enabled the calculation of
average results, analysis of performance variability, and provided a reliable basis for
assessing the stability and effectiveness of the proposed pipeline.

Branch and Line coverage metices employed to validate and assess the effectiveness of
the generated unit test cases by measuring how thoroughly the test suite exercised
the software-in-the-loop. The analysis was conducted using gcovr. Additionally,
to assess the robustness of the test suite, mutation testing was performed. The
mutation score served as a key metric to quantify how effectively the tests can
identify deliberately injected changes (mutants) in the software. High coverage and
mutation scores together indicate a test suite that is both effective and robust. Table
5.2 shows the used mutation operator for each function in this experiment.

In these experiments, the LLMs generated roughly 6,600 test cases. Given that each
test suite was accompanied by textual descriptions, this suggests that a minimum of
7,000 requests were issued to the LLMs. These requests encompassed both the gener-
ation of test case descriptions and test suites. This volume of interaction underscores
not only the computational effort involved, but also the significant communication
overhead between the experimental framework and the models, reflecting the scale
and complexity of the testing process. However, coverage thresholds variables were
set to maximum during these experiments.

The results are presented through a series of graphs, each comparing the five large
language models across the three key performance metrics, line coverage, branch
coverage, and mutation score, for each of the four functions. These graphs give an
overall view of how the models perform, showing patterns, differences, and strengths
in creating effective unit test cases from only functional descriptions. At the end,
a table summarizes all the results in one place, making it easy to compare models
and metrics side by side.
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Table 5.2: Mutation operators applied to the functions during the experiments.

Function Mutation Operator Name Operator Semantics

AEB cxx_gt_to_ge > → >=;
cxx_gt_to_le > → <=;

CHANGE_LANE cxx_ne_to_eq ! = → ==;
cxx_eq_to_ne == → ! =;

ACC

cxx_ne_to_eq ! = → ==;
cxx_eq_to_ne == → ! =;
cxx_sub_to_add − → +;
cxx_ge_to_lt >= → <;
cxx_le_to_gt <= → >;
cxx_le_to_lt <= → <;
cxx_ge_to_gt >= → >;
cxx_gt_to_le > → <=;
cxx_mul_to_div ∗ → /;
cxx_gt_to_le > → <=;
cxx_gt_to_ge > → >=;

CAEM

cxx_ne_to_eq ! = → ==;
cxx_eq_to_ne == → ! =;
cxx_sub_to_add − → +;
cxx_ge_to_lt >= → <;
cxx_le_to_gt <= → >;
cxx_le_to_lt <= → <;
cxx_ge_to_gt >= → >;
cxx_gt_to_le > → <=;
cxx_mul_to_div ∗ → /;
cxx_gt_to_le > → <=;
cxx_gt_to_ge > → >=;
cxx_lt_to_ge < → >=;
cxx_lt_to_le < → <=;

Figure 5.21: Average line coverage, branch coverage, and mutation score
achieved by five LLMs on the AEB (F1) function, computed over 20 iterations for

each model.
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Figure 5.22: Average line coverage, branch coverage, and mutation score
achieved by five LLMs on the CHANGE_LANE (F2) function, computed over 20

iterations for each model.

Figure 5.23: Average line coverage, branch coverage, and mutation score
achieved by five LLMs on the ACC (F3) function, computed over 20 iterations for

each model.
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Figure 5.24: Average line coverage, branch coverage, and mutation score
achieved by five LLMs on the CAEM (F4) function, computed over 20 iterations

for each model.

Table 5.3 contains all the results of all experiments. Each value in the table repre-
sents the average outcome across 20 runs for a given function and model.
Table 5.3: Average evaluation metrics over 20 iterations per LLM model across
four ADS/ADAS functions, ordered from simplest to most complex.

Function Model Line Coverage (%) Branch Coverage (%) Mutation Score (%)

AEB

Mistral 100 100 72
Gemma3 100 100 83
DeppSeek-coder-v2 100 100 83
Codellama 100 95 53
Qwen2.5-coder 100 100 63

Lane Change

Mistral 100 99 100
Gemma3 97 94 97
DeppSeek-coder-v2 100 100 100
Codellama 100 96 97
Qwen2.5-coder 100 100 98

ACC

Mistral 84 51 37
Gemma3 95 57 60
DeppSeek-coder-v2 94 59 63
Codellama 88 44 49
Qwen2.5-coder 96 63 63

CAEM

Mistral 78 54 32
Gemma3 77 52 28
DeppSeek-coder-v2 78 56 36
Codellama 76 48 34
Qwen2.5-coder 68 47 30

Figure 5.25 presents 20 subfigures, each showing data in JSON format extracted from
the 20 iterations as a summary. This data includes the average number of total
test cases, non-compiled tests, compiled tests, executed, passed and failed tests,
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as well as code coverage metrics, mutation scores, and the number of iterations
(nr_iteration) the unit test generation pipeline ran. For example, nr_iteration
indicates how many times additional test descriptions were generated to improve
coverage when line or branch coverage fell below the threshold. Note that, if the
number of passed and failed test cases does not equal the total number of compilable
test cases, this indicates that some test cases encountered runtime errors. “DC-V2”
refers to DeepSeek-Coder-v2, and “QC” to Qwen2.5-Coder.

(a) Mistral-F1 (b) Gemma3-F1 (c) DC-V2-F1 (d) Codellama-F1 (e) QC-F1

(f) Mistral-F2 (g) Gemma3-F2 (h) DC-V2-F2 (i) Codellama-F2 (j) QC-F2

(k) Mistral-F3 (l) Gemma3-F3 (m) DC-V2-F3 (n) Codellama-F3 (o) QC-F3

(p) Mistral-F4 (q) Gemma3-F4 (r) DC-V2-F4 (s) Codellama-F4 (t) QC-F4

Figure 5.25: Average summaries over 20 iterations for each Model–Function com-
bination (JSON format).

The data shown in Figure 5.25 are summarized in Table 5.4 for clarity. Each value
in the table represents the average outcome across 20 runs for a given function and
model.
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Table 5.4: Extracted data from Over 20 Iterations per LLM model across four
ADS/ADAS functions, ordered from simplest to most complex.

Function Model Total generated Tests Number of Compilable Tests Passed Tests Failed Tests Number of Iterations

AEB

Mistral 6.6 5.7 3.95 1.75 0.2
Gemma3 7.35 7.35 6.0 1.35 0.0
DeppSeek-coder-v2 8.7 8.7 5.35 3.35 0.05
Codellama 9.45 9.4 8.05 1.35 1.0
Qwen2.5-coder 6.0 5.95 4.55 1.4 0.0

Lane Change

Mistral 7.3 7.1 4.75 2.35 0.45
Gemma3 15.25 14.15 10.65 3.5 1.55
DeppSeek-coder-v2 7.05 6.95 6.0 0.95 0.05
Codellama 11-95 11.9 8.95 2.95 1.3
Qwen2.5-coder 10.8 10.75 8.4 2.35 0.55

ACC

Mistral 25.0 25.0 5.1 15.55 5.0
Gemma3 27.85 27.25 14.45 12.7 5.0
DeppSeek-coder-v2 26.6 26.6 13.3 13.15 5.0
Codellama 19.6 19.2 8.2 10.8 5.0
Qwen2.5-coder 42.2 42.2 13.4 28.8 5.0

CAEM

Mistral 18.2 18.2 3.6 12.4 5.0
Gemma3 30.2 28.8 10.0 18.8 5.0
DeppSeek-coder-v2 32.4 32.0 10.8 21.2 5.0
Codellama 17.0 16.4 8.2 8.2 5.0
Qwen2.5-coder 38.0 37.4 9.2 28.2 5.0

5.2.3 Entire Pipeline
In Sections 5.2.1 and 5.2.2, we present the evaluation and experimental results
for code generation and test case generation separately. In this section, the en-
tire pipeline is evaluated as a whole by executing it using the three models that
demonstrated the most promising results in the individual sub-pipeline experiments:
Gemma3, Qwen2.5-coder, and Deepseek-coder-v2. The pipeline is executed ten
times for each ADS/ADAS function per model to account for the inherently non-
deterministic behavior of LLMs. The metrics used to evaluate the complete pipeline
are as follows:

• Failed — The custom controller generated fails in both unit testing and sim-
ulation validation.

• Unit-Testing-Only — The generated passed test cases cover at least 75% of
lines and 40% of branches of the software under test, and achieve a minimum
mutation score of 28%.

• Simulation-Only - The custom controller generated behaves as expected dur-
ing the simulation in Esmini, as determined by executing the validation layer
presented in Section 4.8.3.

• Successful — The custom controller generated passes both unit testing and
simulation validation in Esmini.

For each target function, a carefully selected set of embedded scenarios is employed
for simulation. The selection is based on whether the scenarios include the relevant
road and traffic conditions required to evaluate the logic of the custom controller
and to draw meaningful conclusions from the simulation. In particular, the scenarios
used must satisfy the following aspects:
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• For F1: The ego vehicle must reach a speed greater than 10 m/s at some
point during the simulation.

• For F2: There must be at least one additional vehicle or object (e.g., a
pedestrian) in the same lane as the ego vehicle, and at least one adjacent lane
to the right must be available.

• For F3: There must be at least one slower vehicle ahead in the same lane as
the ego vehicle.

• For F4: There must be multiple lanes, with at least one to the left and one to
the right, and at least one additional vehicle besides the ego vehicle, preferably
several.

Figure 5.26: Metric-based evaluation results for each of the three LLMs over 10
runs each, specifically for the entire pipeline targeting F1 and F2.
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Figure 5.27: Metric-based evaluation results for each of the three LLMs over 10
runs each, specifically for the entire pipeline targeting F3 and F4.
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Discussion

This chapter interprets the experimental results in light of the research questions,
highlighting both the strengths and weaknesses of the proposed multi-agent LLM
pipeline for ADS/ADAS software development. The discussion also reflects on the
broader implications of this approach, compares findings with related work, and
outlines areas for improvement and future research. The study’s research questions
are addressed in the following sub sections: subsection 1 covers RQ1, subsection 2
discusses RQ3, and subsection 3 addresses RQ2.

6.1 Architectural Modularity in Domain-Specific
LLM Systems

As mentioned in Section 4.7, generating C++ source code from prototype-level code
proved to be more efficient than the method later adopted in the second development
iteration, namely generating code directly from raw, unprocessed functional descrip-
tions. Our observations suggest that a significant reason for this difference is that
the former approach contributed to the LLM making fewer assumptions regarding
both the structural organization of the code and the availability of API functions
for updating or accessing the simulation state. When converting code from one pro-
gramming language to another, the prototyping code already provided a complete
representation of the logical program flow, leaving the LLM primarily responsible
for reimplementing the code while accounting for syntactic and language-specific
distinctions.

The initial approach employed during the first development iteration served as a
reference framework for code generation, despite being tested only on two relatively
simple ADS/ADAS functions, F1 and F2 in this case. Hence, the aim was to generate
the final implementation from an intermediate representation that explicitly reflects
the logical program flow, analogous to the prototyping code. At the same time,
this representation incorporates explicit suggestion regarding which API functions
are relevant, thereby reducing the likelihood that the LLM introduces unwarranted
assumptions about the availability of non-existent functions.

As our aim was to employ open-source models to generate a fully functioning custom
controller for each targeted AD/ADAS function, the pipeline was designed in a
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manner that would maximize the effectiveness of these models. In addition to the
functional decomposition of the problem, which is relatively self-evident in a domain
of this nature, we sought to reduce the amount of source code produced by the
LLM, omitting the common class template used across all controllers and generating
only the step() function, as it varies between controllers. In accordance with this
approach, the output of the LLM is evaluated based on the fact that it contains a
step() function with the exact required signature and that its logic is consistent
with the functional description of the function in focus.

Drawing on observations made during numerous experimental and trial runs, to-
gether with the unequivocal numerical outcomes from the experiments done for
overgeneration, it is important to highlight the output produced by certain models.
It is both evident and essential to acknowledge that the model cannot be assumed to
generate solely the components it was instructed to produce, nor to conform precisely
to the output format explicitly specified in the prompt. As evidenced by the exper-
imental results, particularly those presented in Figure 5.20, CodeLlama frequently
produces textual explanations both preceding and following the requested code, de-
spite being explicitly instructed in the code generation prompt to avoid such output.
In the context of overgeneration, DeepSeek-Coder-v2 has likewise been observed to
produce superfluous components, although in the form of code. An illustrative ex-
ample, as shown in Figure 5.5, is the redefinition of new structs or classes for State
and Vehicle. If such code were to be adopted in its entirety, it would reference these
overgenerated State and Vehicle constructs rather than the actual simulation state,
which, in turn, would result in a non-functioning implementation.

When it comes to the unit test generation, the results indicate that the proposed
pipeline can consistently produce compilable and functional test suites to validate
the targeted AD/ADAS functions. As illustrated in Figure 5.25, the number of com-
pilable test cases closely matches the total number of generated test cases across all
experiments, demonstrating a very high compilation success rate. This outcome sug-
gests that the modularity and decomposition strategies have significantly enhanced
the performance of the unit test generation pipeline. Following the introduction
of modularity, the pipeline has become more reliable compared to earlier imple-
mentations. The generated test cases are now easier to manage and debug, which
facilitates guiding the LLM or system to produce compilable tests. The observed
compilation success rates provide strong evidence of this improvement. Furthermore,
the application of the separation of concerns principle ensures that each test case is
independent, further contributing to the ease of debugging and maintainability of
the test suites.

In the final integrated pipeline, the results in Figure 5.26 highlight the strength of
the CoTeGen tool, showing its ability to consistently deliver working and validated
software components for AD/ADAS simple functions. The high success rate reflects
the generation of components that behave as expected, confirmed through both
unit tests and Esmini validation. For the complex functions, the pipeline achieved
only a limited success rate in generating components that behave as expected, see
Figure 5.27. Integrating code generation and unit test generation within a single
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fully automated pipeline is inherently challenging, as each stage is susceptible to
failure, and both rely on LLM-based outputs, meaning an error in one stage can
directly compromise the other. The tool’s ability to manage this challenge can
be attributed to the modularity of its components and the system as a whole, as
discussed earlier. This success is also supported by the applied prompt engineering
techniques, including few-shot examples, carefully crafted context, and structured
prompts that guide the LLMs toward more reliable outputs. In practice, modularity
and prompt design worked in parallel, complementing each other to enhance the
system’s reliability.

These findings suggest that limitations in LLM based code generation are not solely
due to model capabilities but also depend on how tasks are formulated and inte-
grated within the system. A well-structured, modular pipeline can achieve strong
results even with less resource-intensive models, whereas poor design can limit per-
formance regardless of model scale. In this sense, successful automation with LLMs
depends as much on smart system design and engineering as on the models’ abilities.
The experiment results from both code generation and unit test generation clearly
support this point. The same principle applies to prompt design, which plays a
critical role in guiding the models toward relevant, reliable, and context-aware out-
puts. The good designed prompts not only reduces the likelihood of irrelevant or
hallucinated outputs but also ensures that the generated code and tests aligned with
the intended function description and system specification.

6.2 Effectiveness of The Pipeline
The results presented in Figures 5.17, 5.26 indicate that the majority of open-source
models used are capable of generating correct and functioning code for F1 and F2
within a pipeline specifically designed for this purpose. With regard to F3 and F4,
see Figures 5.18 and 5.27, all models, except Codellama, are capable of generating
compilable code. However, they are considerably less effective in producing function-
ally correct implementations. This limitation arises primarily from the substantial
increase in logical complexity compared to F1 and F2.

Analogously, producing compilable and functional tests does not automatically guar-
antee that they effectively validate the targeted AD/ADAS functions. The results
of evaluating effectiveness and robustness show that the pipeline performs very well
for simple functions F1-F2, where the test cases can thoroughly cover expected be-
haviors and detect potential faults. When it comes to more complex F3-F4, the
pipeline still generates usable tests, but the efficiency and robustness are more mod-
erate. This is largely due to the increased number of conditions, branches, and
continuous variables, which makes it more challenging for the system to anticipate
all critical scenarios.

Although the moderate performance of the complex functions, the results are en-
couraging given the inherent difficulty of the task. The software under test operates
in a simulation-based environment, which adds complexity to unit testing because
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parts of the simulation state must be mocked. Lower coverage was expected, as
the pipeline relies solely on natural language function descriptions without access
to implementation details or full knowledge of all execution paths. This contrasts
with prior studies discussed in Section 3.3, which leveraged implementation details
to guide test generation.

Despite these challenges, the generated unit tests are valuable for early-stage valida-
tion or bug detection, particularly for simple functions. For more complex functions,
while the tests may not capture every scenario, they still provide a meaningful level
of validation and help identify some issues.

6.3 Limitations of Using LLMs for Automated AD-
S/ADAS Software Development

For those models employed in code generation, certain recurring limitations are
observed even among those demonstrating promising performance, such as Qwen2.5-
Coder, Gemma3, and DeepSeek-Coder. One of the recurring limitations observed in
a considerable number of runs is that the generated code occasionally omits certain
conditions when the logical program flow increases in complexity, particularly when
involving several nested conditions. This issue is especially evident in functions F3
and, to a greater extent, F4. For instance, consider a case where it is necessary
to check two conditions, condition1 and condition2, independently for each lane in
order to determine whether the lane is safe for a lane change. In some generated
code examples, the check for condition1 is applied to the right lane while condition2
is applied to the left lane, even though both condition1 and condition2 must be met
for each lane individually. Such code cannot be considered validatable, as it permits
lane changes in unsafe situations due to these omitted condition checks.

Another limitation arises when an error correction iteration is required because the
initially generated code fails to compile. In general, most models exhibit significant
difficulty in performing effective error correction. Certain models, such as CodeL-
lama, demonstrate limited capability in rectifying the non-compilable code provided
to them, even when accompanied by detailed error logs. Naturally, the success of
this process also depends on the number of errors and the extent to which they are
non-trivial in nature.

Despite the strengths of the unit test generation pipeline, several limitations and
issues have been identified. Occasionally, the system produces false-positive or buggy
test cases that fail due to problems in the test itself rather than in the software
under test. This can be a significant problem, as such tests could interfere with
already functional custom controllers. To address this, we introduced an oracle-
based validation agent, which mitigates the impact of these faulty tests.

We observed also that the system generates out-of-scope test cases. For example,
when testing braking behavior at speeds above a threshold, it may attempt to vali-
date unrelated functions, such as setting the vehicle’s speed to move the ego vehicle
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after stopping, which falls outside the intended function description and cause test
failures. As shown in Figure 5.25 and Table 5.4, the average number of failed test
cases per run ranges from 1–3 for simple functions and 8–28 for complex functions.
The higher failure rate in complex functions is often due to multiple iterations aimed
at filling coverage gaps, which can cause the LLMs to hallucinate additional tests.

In addition, we observed redundancy in the generated test cases, with some tests
checking the same behavior or even having identical names, leading to redefinition
errors. Furthermore, after a few iterations, the pipeline often fails to produce new
tests that meaningfully increase line or branch coverage. For complex functions, this
is evident from Figure 5.25 and Table 5.4, where the pipeline ran five iterations to
extend the test suit to improve the coverage, yet coverage plateaued nearly as we
observed after the second iteration.

Despite the positive results of the entire integrated pipeline experiments, one signifi-
cant issue was observed during several iterations. The oracle-based validation agent
does not always eliminate all false-positive test cases, which can prompt unneces-
sary changes to an already functional custom controller. Due to time constraints,
we were unable to investigate in detail why the oracle-based validation agent failed
to filter out all the false positives. Nevertheless, the system consistently selects the
best-performing controller from all generated candidates. Code changes made solely
to address false positives are not chosen unless they pass all existing tests, ensuring
that the final outputs remain correct and reliable. This reduces the negative impact
of this limitation, though further research is needed to improve the effectiveness of
oracle-based validation.

6.4 Extensibility
In this study, our focus was limited to the four functions F1-F4, and the system
currently does not handle other functions. However, the system is extensible and
could support additional functions, provided that new components are added. For
example, a validation function for checking the generated function in Esmini, and
any necessary API functions for communication with Esmini.

It should be noted that the four validation functions in the pipeline discussed in
Section 4.8.3 have been implemented by us and are not generated by any agent within
our pipeline. In the event that this pipeline is extended in the future, for example
to incorporate support for additional AD/ADAS functionalities, this module of the
pipeline will accordingly require modification.

6.5 Threats to Validity
A potential threat to validity arises from the observation that a measurable subset of
the generated test cases occasionally fails, even though the corresponding controller
code is correctly implemented and demonstrates the expected behavior in simulation.
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This suggests that the failing test cases may be too irrelevant or outside the intended
scope of verification.

Another limitation concerns the interpretation of coverage metrics. Line and branch
coverage do not necessarily guarantee that the generated controller will behave as
intended during system-level testing in simulation. This limitation becomes partic-
ularly evident for the more complex functions, such as F3 and F4, where logical
correctness cannot be fully captured by coverage measures alone.

Since the study focuses only on the ADS/ADAS, the solution may not be generalized
to other software-intensive domains. This limits the ability to apply the finding
to other types of safety-critical systems. Furthermore, while the study considers
various pipeline agents for automation, it does not aim to explore all potential AI-
based agents, focusing instead on LLMs as the central component of automation.
Although cybersecurity and safety are critical aspects of ADS/ADAS, this study
does not address these concerns or threats related to the pipeline’s operation, as
its primary focus is on functional and performance evaluation. These delimitations
ensure a focused and manageable scope while directly addressing the core research
questions.

6.6 Future Work
Although the proposed pipeline demonstrates relatively promising results in gen-
erating code, producing test cases, and validating them through simulation with
the support of open-source LLMs, it remains platform-dependent, as it is currently
limited to execution within the Esmini environment. A natural direction for fu-
ture research is to investigate the applicability of such a solution in more advanced
simulation frameworks, such as Carla.

In addition, one of the most immediate priorities is improving the oracle-based
validation mechanism. Although it successfully reduces many false-positive test
cases, some still remain. This is a significant issue since it could affect an already
working custom controller. Exploring more advanced and reliable approaches to
eliminate all false positives test cases or enhancing the unit test generation process
to avoid producing such cases in the first place, represents an important direction
for further research.

Another potential suggestion, in line with the aim of maximizing automation, is to
extend the pipeline to generate OpenSCENARIO files that include custom traffic
and road conditions. This would enable the generated custom controller to be tested
against a broader range of scenarios, rather than relying entirely on predefined
scenarios.
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6.7 Conclusion
The results indicate that the proposed design solution of multi agent LLMs can
deliver compilable software artifacts that can also be executed and validated with
respect to the domain simulation environment. In this case, the software artifacts
are comprised of source code and unit test code, both implemented in C++.

The iterative methodology used in this study helps refine parts of the initial pipeline
design or even redesign the entire pipeline based on the bottlenecks observed. This
applies not only to software modules that regulate data flow in the system, but also
to the prompts and functional descriptions used to generate software artifacts for
each target AD/ADAS function.

As expected, the performance of the CoTeGen tool varies across different functions.
It achieves a high success rate for simpler functions, while its effectiveness is more
moderate for complex ones. At the current stage, relying solely on the tool to
generate fully functional code without any human involvement, such as code review,
is not yet feasible. Nevertheless, CoTeGen can provide significant value as a starting
point for developers, offering initial code and tests that can be further refined and
validated.
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