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Abstract
Context: Statecharts are widely recognized as an effective modeling technique
for describing system behaviors, allowing engineers to clearly represent states and
transitions. However, the process of creating statecharts from textual requirements
remains largely manual, requiring engineers’ expertise to interpret textual descrip-
tions, define states and transitions, and identify potential errors. As systems grow
increasingly complex, this approach faces challenges in scaling, leading to inefficien-
cies, inconsistencies, and delays in the design and validation phases.

Problem: Existing tools such as Stateflow, Yakindu, and Enterprise Architect, al-
though useful for statechart modeling, still require significant manual effort. These
tools are not designed to efficiently generate statecharts from unstructured tex-
tual input, which creates a challenge in maintaining the flexibility needed in rapidly
evolving industrial settings. Despite advancements in large language models (LLMs),
their potential for automating statechart generation has not been fully explored or
used in real-world contexts, with a focus on the automotive industry.

Solution: This thesis proposes a framework that takes advantage of Artificial In-
telligence (AI), specifically Natural Language Processing (NLP) and Transformer-
based models, to automatically generate statecharts from textual requirements. The
approach integrates pre-trained language models with fine-tuned domain-specific
data, enabling the identification of states, transitions, and the generation of valid
statecharts directly from natural language input. This framework represents a sig-
nificant step towards automating the statechart creation process, making it more
efficient and reliable.

Results and Contribution: The results of this research show that fine-tuning
LLMs on domain-specific data significantly improves the quality of the LLM gen-
erated statecharts in terms of functional correctness and understandability. By au-
tomating statechart generation, this work improves productivity, minimizes human
error, and offers a scalable solution for the automotive industry. The proposed ap-
proach enhances design and validation workflows, enabling faster and more accurate
system development in critical domains such as automotive engineering.

Keywords: Statechart Generation, Automated Model Generation, Artificial Intelli-
gence, Natural Language Processing (NLP), Large Language Models (LLMs), Au-
tomotive Software Engineering
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1
Introduction

Statecharts are essential tools in software and systems engineering, enabling a struc-
tured approach to modeling and validating the behavior of dynamic systems [16].
Statecharts, particularly UML statecharts, serve as a crucial tool in this workflow
by providing a clear visual representation of system behaviors [1]. This workflow
typically involves interpreting the textual system requirements to identify states
and transitions by manually creating statecharts using specialized modeling tools.
These models bridge the gap between textual requirements and executable designs,
enabling effective communication among stakeholders and facilitating early valida-
tion of functional concepts [14]. In industries such as automotive engineering, where
safety and functionality requirements are critical, statecharts play an important role
in ensuring system reliability [14]. However, manual creation of statecharts from
textual requirements is not only time-intensive but also prone to human error and
heavily reliant on domain-specific expertise [6]. This challenge is particularly evi-
dent in the automotive industry, which is currently experiencing significant changes
due to a shift towards advanced technologies that streamline development processes
and enhance product quality. These challenges highlight the need for efficient and
automated solutions to address the increasing complexity of system design and val-
idation.

At Volvo Cars, a global leader in automotive innovation, statecharts are extensively
used for modeling and validating functionalities across systems. The product simu-
lation team within the product validation & function architecture department plays
an important role in ensuring robust system functionality through early testing and
validation. A critical aspect of this process is the ability to validate product func-
tions at every stage of a vehicle’s lifecycle, from requirement definition to over-the-air
(OTA) software updates [7].

1.1 Problem Description
Engineers currently interpret textual requirements and manually create statecharts
using specialized tools. As systems grow more complex and interconnected, this
manual approach struggles to scale efficiently, leading to inconsistencies, delays, and
increased validation efforts. Automating this process holds the potential to signifi-
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1. Introduction

cantly enhance productivity, reduce costs, and ensure consistency in critical system
design and validation [26].

In the context of automated statechart generation from textual requirements, the
challenge arises from the manual and often error-prone steps involved in the current
process at Volvo Cars. Typically, textual requirements are provided by the product
function owner through the Car Weaver Inbox, followed by analysis from system en-
gineers to manually identify states, transitions, events, and conditions. This process
is time-consuming, requires expertise, and is subject to human error. The current
practice involves the use of IBM Rhapsody, a modeling tool, to define and generate
statecharts based on these manual inputs, which can delay product development
and increase the risk of inconsistencies between requirements and the final model.

1.2 Purpose of the Study
This thesis aims to develop an AI/ML-based solution capable of automating state-
chart generation from textual requirements. Using advanced Natural Language Pro-
cessing (NLP) techniques and the capabilities of Large Language Models (LLMs)
such as GPT (Generative Pretrained Transformer) [29], the solution aims to analyze
unstructured inputs and generate accurate, functional statecharts. The automation
of this process is expected to minimize human error and enable stakeholders, even
those without specialized expertise, to efficiently generate good-quality statecharts.
This capability is anticipated to significantly enhance workflows within Volvo Cars’
Product Simulation team.

Recent advancements in LLMs have demonstrated their potential for automating
model generation, despite challenges related to ambiguity and requirement inconsist-
encies [13]. Building on these developments, this research will customize an AI/ML
solution to integrate automated statechart generation into Volvo Cars’ existing vali-
dation and simulation frameworks, furthering their long-term goals of enhancing val-
idation, code generation, and testing efficiency. Additionally, the study will examine
how AI can assist in validating statecharts against requirements to ensure functional
correctness and completeness. Key evaluation metrics will include time to creation,
requirement coverage, and comparison with manually created statecharts, with the
goal of enhancing productivity and reducing development time within automotive
software engineering workflows.

1.3 Significance of the Study
This work is expected to hold significant value for both academia and the auto-
motive industry. By automating statechart creation, the solution addresses a key
bottleneck in validation workflows (such as testing and validating system behav-
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1. Introduction

ior), potentially enabling faster iterations, improved consistency, and more reliable
outcomes. Moreover, it aligns with industry efforts to develop more efficient and
scalable validation processes that can scale with increasing system complexity and
evolving requirements, ultimately enabling innovation and accelerating the develop-
ment of high-quality automotive systems.

Aim and Objectives:
The aim of this research is to develop and evaluate an AI/ML solution that uses
large language models (LLMs) for generating statecharts from unstructured textual
requirements.

• Capability Assessment of LLMs: This objective focuses on evaluating the ca-
pabilities of large language models in generating statecharts. The performance
of LLM-generated statecharts will be assessed in comparison to those created
manually by domain experts. This comparison will analyze understandabil-
ity, functional correctness, and alignment with industry standards, providing
insight into the feasibility of AI-driven statechart generation in industrial work-
flows.

• Development and Evaluation: This objective involves designing and imple-
menting a modular AI/ML solution using advanced natural language pro-
cessing (NLP) techniques to process unstructured textual requirements and
automatically generate statecharts. Performance will be evaluated through
a comparative analysis, where domain experts or human evaluators will as-
sess its understandability, accuracy, usability, and alignment with established
standards, ensuring the quality and applicability of the AI-generated outputs.

1.4 Thesis Outline
Following this Introduction chapter, the thesis is further structured into six chapters,
each addressing different aspects of the research, from background and theoretical
foundations to methodology, results, and conclusions.

• Chapter 2 – Background: It deals with fundamental concepts related to stat-
echarts, natural language processing (NLP), large language models (LLMs),
and Model-Based Systems Engineering (MBSE)[9]. It provides the theoretical
basis that is needed for proper comprehension of the research.

• Chapter 3 – Related Work: This chapter studies different existing research
and tools related to automated statechart generation, NLP-based requirement
analysis, and AI-driven modeling approaches. It identifies research gaps and
positions this study within the context of existing research literature.

• Chapter 4 - Methods: Details the design of the AI/ML solution, including pre-
processing of textual requirements, fine-tuning large language models, methods
for extracting states, and evaluation metrics. The chapter also describes the
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1. Introduction

dataset upon which training and validation rely.

• Chapter 5 - Results: Presents experimental results that compare AI-generated
statecharts with those created by humans in terms of accuracy, efficiency, and
usability. These results consist of both quantitative measures and feedback
from domain experts.

• Chapter 6 - Discussion: Analyzes results, interprets their implications, dis-
cusses their limitations, and evaluates the feasibility of AI-generated state-
charts in real-world automobile validation workflows.

• Chapter 7 - Conclusion: Summarizes key findings, highlights contributions
to AI-assisted software modeling, and outlines directions for future research,
including improving statechart correctness, enhancing explainability, and in-
tegrating industry frameworks with AI-driven validation.
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2
Background

2.1 Statechart Diagrams in Software Engineering
Statecharts are a fundamental tool in software and systems engineering, particularly
in industries where modeling dynamic behaviors is critical. These include sectors
such as automotive, aerospace, and embedded systems. Statecharts, first introduced
by David Harel [16], extend traditional finite state machines with additional features
like hierarchy, concurrency, and event-driven transitions, making them an effective
mechanism for representing complex system behavior. While statecharts are widely
used for modeling and validating simulations in various domains, their application
is notably significant in the automotive industry, where they are used to model
functions such as powertrain controls, infotainment systems, Advanced Driver As-
sistance Systems (ADAS), and autonomous vehicle algorithms [22].

2.2 Why Focus on Statechart Generation for Au-
tomotive Software

Although statecharts are a versatile tool used across different industries, the primary
focus of this research is on automotive software. This is due to the increasingly com-
plex nature of automotive systems, which rely heavily on dynamic, event-driven be-
haviors. Automotive software typically requires a high degree of interaction between
subsystems, such as safety-critical systems (e.g., ADAS) and infotainment. Unlike
static diagram types such as use case or class diagrams, statecharts are particu-
larly suited for representing these dynamic, time-dependent behaviors and system
transitions. As these systems grow in complexity, the need for more automated, ac-
curate, and scalable modeling methods becomes essential. While statecharts could
theoretically be applied to other types of software, the automotive domain presents
unique challenges, such as strict safety requirements, real-time validation needs, and
the integration of numerous interconnected systems. These challenges make other
types of diagrams less effective in capturing the full scope of dynamic behaviors and
transitions within the system. Hence, this research aims to streamline the state-
chart generation process specifically for automotive software, providing a solution
customized to its complexity, operational requirements, and the need for real-time,
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2. Background

validated, and executable models.

2.3 Statechart Tools and the Challenges of Man-
ual Creation

In the automotive sector, the increasing complexity of modern vehicles has driven
the widespread adoption of model-based design tools, such as MathWorks Stateflow
[25], Yakindu Statechart Tools [2], and Enterprise Architect [33], which facilitate
statechart modeling. These tools provide essential functionalities like simulation
and validation of real-world conditions. For instance, Stateflow integrates with
MATLAB/Simulink, enabling engineers to model system behaviors and simulate
these models under various real-world scenarios. Yakindu Statechart Tools pro-
vide a graphical interface for designing statecharts, along with integrated validation
and simulation features. Despite these advancements, the manual creation of stat-
echarts remains a significant challenge, requiring considerable time, expertise, and
effort, especially as system designs become complex. Moreover, these tools often fail
to address fundamental challenges such as handling incomplete requirements and
generating executable statecharts [27].

2.4 The Need for Automation and AI Integration
Manual statechart development presents additional challenges. Engineers must in-
terpret textual requirements, define states and transitions, and ensure logical cor-
rectness. However, this process is prone to human error, inconsistency, and signifi-
cant delays, particularly as software functionalities in vehicles become more complex
[26]. One of the critical challenges is the dependency on domain experts. Require-
ments engineers, system architects, and validation teams are typically not experts
in statechart modeling. Consequently, only a few specialized experts are capable
of efficiently translating textual requirements into executable models, which often
leads to delays in the development cycle. Furthermore, manually created statecharts
may differ in structure and completeness, making validation and debugging more
difficult [7].

To address these issues, Artificial Intelligence (AI) and Natural Language Processing
(NLP) have shown great promise in automating model generation. NLP, a subset
of AI, enables machines to process and derive structured data from unstructured
textual input [26]. Recent advances in Large Language Models(LLMs) like GPT-4
[29] have demonstrated the potential to process complex textual inputs and generate
outputs such as UML class diagrams and statecharts [1]. By training these models
on customized datasets, AI systems can automatically generate statecharts from
textual descriptions, reducing manual effort, enhancing consistency, and minimizing
errors.
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2. Background

In addition to automating statechart generation, validating the generated models is
essential to ensure they meet design specifications. Validation is a critical step in
ensuring the reliability and effectiveness of the statecharts in practical applications.
In the automotive industry, companies like Volvo Cars use statecharts extensively
for early-stage testing and validation of system behaviors. For instance, Volvo’s
product simulation team uses statecharts to ensure that the system’s behavior con-
forms to safety and performance requirements throughout the end-to-end vehicle
lifecycle, from requirements definition to over-the-air (OTA) software updates.
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3
Related Work

The automation of statechart generation from textual requirements is a rapidly
growing research area that brings together advancements in software modeling, ar-
tificial intelligence (AI), and natural language processing (NLP). Researchers have
explored various ways to automate diagram generation, requirement analysis, and
model validation, but many challenges remain. This section reviews key studies that
have contributed to this field, highlighting their approaches, limitations, and how
this thesis builds upon their work.

3.1 Automation of UML Diagram Generation
Current research has primarily focused on automating easier diagrammatic models,
such as Unified Modeling Language (UML) class diagrams through natural lan-
guage processing (NLP) and deep learning approaches to convert text specifications
into structured representations [3]. For instance, Meng and Ban proposed an NLP-
based model that analyzes textual requirements to extract relevant information for
generating UML class diagrams, achieving a classification accuracy of 88.46% [26].
However, these methods are limited to structural diagrams, which do not fully cap-
ture dynamic behaviors and system interactions.

3.2 Challenges in Automating Statechart Gener-
ation

Statechart automation remains an under-explored area compared to UML diagram
generation, particularly in both academia and industry. While there has been some
exploration into automating statechart generation, the complexities involved in mod-
eling dynamic, event-driven systems are significant. One of the significant challenges
in automating statechart generation lies in interpreting unstructured textual require-
ments, which are often vague, incomplete, or inconsistent. Although Harel et al.[17]
introduced the concept of statecharts as an enhancement to finite state machines,
their work did not focus on automating statechart generation from textual require-
ments, but instead focused on providing a better way to represent system behavior.

9



3. Related Work

While these approaches show potential, they remain limited by the complexity of
capturing system dynamics, event-driven transitions, and hierarchical states, which
are integral to statechart modeling.

Despite the advancements in UML diagram automation, statechart automation has
received relatively less attention. This is partly due to the higher complexity of stat-
echarts compared to structural models like UML class diagrams. Statecharts require
capturing not only the structure of the system but also the behavior, including the
state transitions triggered by events, which are harder to model automatically from
text. Researchers, such as Meng & Ban [26] have focused primarily on structural
diagrams, such as class diagrams, demonstrating successful extraction of entities
and relationships from textual requirements. However, their work does not address
the modeling of behavioral logic or dynamic transitions, which are essential to stat-
echart creation. Additionally, tools and methods designed for structural models do
not easily translate to statecharts due to the added complexity of modeling dynamic
behaviors and hierarchical states.

3.3 Integration of NLP and AI in Statechart Gen-
eration

Some research has also explored the automatic generation of UML diagrams and
statecharts from textual descriptions. For instance, Zhong et al.[40] applied NLP
techniques to produce SysML diagrams, a standard system engineering tool, show-
ing the potential of AI in model construction. However, most of these methods
focus primarily on structural diagrams, such as UML class diagrams, and do not
address statecharts. This gap underscores the need for more focused research on
automating statechart generation, specifically designed to handle the complexity of
system behavior and transitions.

AI techniques have been increasingly used to generate executable models and code
from statecharts. This includes the development of frameworks capable of transform-
ing UML diagrams into executable code, representing an important area of research
[11]. These frameworks focus on the implementation stage, where an existing model
is translated into code. However, such frameworks typically assume the presence of
pre-defined statechart models and do not address the challenge of generating them
from natural language requirements. As a result, system-level statechart automa-
tion, particularly from unstructured text, remains underexplored.

Natural Language Processing (NLP) has shown potential in extracting structured
information from unstructured text. NLP models that handle text for UML class
diagrams are typically concerned with identifying entities, relationships, and struc-
tural elements, whereas statechart generation requires understanding the temporal
and event-driven behaviors of systems. For example, Sandeep et al.[36] used a prob-
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3. Related Work

abilistic NLP approach to identify actors and use cases in textual requirements for
the generation of use case diagrams. Although their approach demonstrates NLP’s
potential in automating diagram generation, it does not address the challenges spe-
cific to statechart automation, such as modeling system transitions and states.

3.4 Large Language Models and Their Applica-
tion

Recent advances in Large Language Models (LLMs), such as GPT-4 and BERT,
have shown increasing potential in supporting model-driven software development.
These models are used to extract structured information from natural language,
which is essential for automating statechart generation. For instance, transformer-
based LLMs have been used to identify entities, events, and conditions from textual
requirements, enabling the creation of structured models such as UML class and
sequence diagrams. With additional refinement, similar approaches can be adapted
to capture the behavioral elements required for statecharts. Liu et al.[39] created
ChartifyText, an AI that converts text-based descriptions of data into structured
visual charts, illustrating the broader potential of LLMs for generating structured
models .

In this study, LLMs are explored for their ability to extract relevant information,
such as states and transitions from textual requirements, to support the automation
of statechart creation. This aligns with the overall objective of reducing manual
effort in the early stages of system modeling.

Empirical experimentation is crucial in evaluating AI-driven techniques for auto-
mated model generation. Basili et al.[4] emphasize the need for systematic exper-
imentation to validate software engineering methods, particularly AI-driven solu-
tions. Prior studies have used experimental methodologies to compare AI-generated
models with human-created ones, assessing their accuracy, completeness, and us-
ability [32] This approach is critical for validating AI-driven statechart generation
methods, which this study seeks to explore by automating statechart generation
using AI.

3.5 Challenges in AI-Based Model Generation Tech-
niques

While AI techniques have shown significant potential in automating software model-
ing tasks, including diagram generation and requirement analysis, several challenges
remain unresolved across modeling approaches. Methods designed for structural
model generation, such as class diagrams or use case diagrams, often rely on NLP
techniques to extract states and transitions from textual input [26, 36]. However,
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these approaches often exhibit inconsistent sentence structures, ambiguity in natural
language, and variations in domain-specific terminology, which limit their scalability.

Behavioral models such as statecharts are often more complex than structural di-
agrams due to their dynamic nature. Statechart generation requires capturing dy-
namic system behavior, event-triggered transitions, and conditional logic, factors
that are not typically addressed in structural modeling approaches [17, 36] . For
instance, although Sandeep et al. [36] demonstrated the use of probabilistic NLP
techniques for use case extraction, their method does not extend to event-driven
behavioral modeling. Similarly, approaches like those of Meng and Ban [26], while
effective for class diagrams, do not address behavioral interpretation.

Also, most LLM-based model generation techniques are trained on limited and
domain-specific datasets, which restricts their generalizability to complex systems.
In automotive domain, where accuracy is crucial, these limitations become even
more significant. These challenges highlight the need for more targeted research
on improving AI models for statechart generation, particularly methods that can
connect unstructured requirements with accurate, executable behavioral models.
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4
Methods

This study proposes an LLM-based solution for automating the generation of state-
charts from unstructured natural language requirements in the automotive domain.
The proposed solution involves multiple stage, including data collection and pre-
processing of product function requirements, synthetic dataset generation to over-
come limited data availability, fine-tuning of large language models (LLMs) such
as GPT-3.5, GPT-4, and GPT-4o [30], and generation of structured statecharts in
Mermaid.js format based on input requirements. The implementation utilizes tools
like Azure OpenAI and Weights & Biases (W&B) to support model training and
performance monitoring [5].

The goal of this research is to assess the effectiveness of this solution in a real-world
context. Accordingly, the investigation is guided by the following research questions:

• RQ1: Does fine-tuning LLMs improve statechart generation?

• RQ2: How do LLM-generated statecharts compare to manually created ones?

To address these research questions, the study employs a quantitative experimental
approach [8, 38] . The first research question (RQ1) explores whether fine-tuning
improves performance [39]. The second research question (RQ2) compares LLM-
generated statecharts with manually created ones, evaluating their alignment with
the original requirements and their functional correctness and understandability.
This comparison is also assessed quantitatively, focusing on performance metrics.

In addition to the quantitative analysis, expert reviews are conducted to evaluate
the real-world usability and interpretability of both LLM-generated and manually
created statecharts. Using this approach, the study provides a comprehensive as-
sessment of AI techniques for statechart generation, considering both technical per-
formance and practical applicability.
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Figure 4.1: Overview of the Experiment Process



4. Methods

4.1 Scoping
The experiment aims to evaluate the effectiveness of fine-tuned LLMs in generating
accurate and usable statecharts from unstructured natural language requirements in
the automotive domain. To ensure that the intention of the experiment is met, it is
essential to define its scope systematically, aligning with established methodologies
in experimental software engineering. A structured framework helps establish clear
objectives, constraints, and evaluation criteria.

Following the Goal/Question/Metric (GQM) framework by [4] the goal of this ex-
periment can be defined as:

• Analysing AI techniques for generating statecharts from natural language re-
quirements.

• The purpose of evaluating their feasibility and performance.

• In terms of functional correctness and understandability.

• The context of automotive software requirements engineering.

For this research, textual requirements were used to create a customised dataset for
experimentation. These requirements are generally provided by product function
owners through Car Weaver Inbox [35], a specialized requirements engineering tool
that Volvo Cars has adopted to ensure that ART teams use updated requirements.
The dataset includes detailed specifications of system states, actions, transitions,
and events associated with the textual product function requirements, which serve
as the basis for the experimental model. The primary focus of this experiment is
to assess the effectiveness of AI techniques in generating accurate statecharts with
respective to the product function requirements. The experiment is structured as a
multi-object variation study, where different textual requirements are processed to
evaluate AI performance with Text and JSON input types. The objectives of this
experiment are as follows:

• Develop a structured dataset of textual requirements and corresponding stat-
echarts, ensuring alignment with real-world automotive software practices.

• Fine-tune and adapt a Large Language Model (LLM) to generate statecharts
from textual requirements.

• Validate LLM-generated statecharts against manually created ones to assess
Functional correctness, understandability, and practical applicability.

4.2 Planning
Following the goal definition established in the scoping phase, the planning of this
experiment addresses the steps outlined in experimental methodology: context selec-
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tion, hypothesis formulation, variable selection, subject selection, experiment design,
and validity evaluation.

4.2.1 Context Selection
The experiment is performed within the Volvo Cars environment, where statecharts
are a key component in the validation of automotive systems. The goal was to
analyze how large language models (LLMs) can automate statechart generation
from textual requirements, an approach relevant to model-based systems engineering
(MBSE)[9].

4.2.2 Hypothesis Formulation
Research Question 1 (RQ1): Does fine-tuning LLMs improve statechart
generation?

Does fine-tuning LLMs on a domain-specific dataset, created from unstructured
textual data, affect their ability to generate statecharts in terms of functional cor-
rectness, understandability.

Hypotheses:

• H0: Fine-tuning does not significantly improve performance metrics (Func-
tional correctness, understandability).

• H1: Fine-tuning significantly improves performance metrics.

Research Question 2 (RQ2): How do LLM-generated statecharts compare
to manually created ones?

Does statecharts generated by LLMs compare to manually created statecharts in
terms of Functional correctness , understandability, and alignment with the original
requirements.

Hypotheses:

• H0: LLM-generated statecharts do not achieve comparable levels of functional
correctness to manually created statecharts.

• H1: LLM-generated statecharts achieve comparable or higher levels of func-
tional correctness.

4.2.3 Variable Selection
Independent Variables: The independent variables are those variables that can
be dynamically changed in the experiment [38], like the method used to generate
the statechart and fine-tuning of LLMs.

• Manually created statecharts (by domain experts).

• Pre-trained LLM (publicly available model like GPT).
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• Fine-tuned LLM (on domain-specific dataset for statechart generation).

Dependent Variables: The effect of treatments is assessed through carefully se-
lected dependent variables, each derived directly from the hypothesis [38] and mea-
sured using well-defined performance metrics. The primary dependent variable in
this study is state chart quality, which is evaluated through several key aspects:

• Functional correctness: Comparison of states and transitions between LLM-
generated and manually created statecharts.

• Understandability: Evaluated by domain specialists according to clarity
and interpretability.

• Efficiency: Time taken to generate the statechart (LLM generated vs. man-
ually created).

4.2.4 Subject Selection
Domain experts from Volvo Cars with experience in statechart modeling were cho-
sen as evaluators for the experiment since we need to evaluate LLM-generated stat-
echarts. As they are experts in requirement engineering, they will help us evaluate
the LLM-generated outputs against the manually created statechart.

4.2.5 Experiment Design
The experiment follows a structured evaluation approach to ensure clarity and con-
sistency in assessing LLM-generated statecharts. The process consists of the follow-
ing key steps:

• Dataset Pre-processing: Converting textual requirements into a structured
format for input.

• Fine-tuning: Utilizing Azure OpenAI to fine-tune LLMs for statechart gen-
eration.

• Statechart Generation & Comparison: Generating statecharts using fine-
tuned LLM and comparing them against manually created ones.

• Evaluation: Measuring Functional correctness , Understandability and effi-
ciency .

4.2.6 Data Analysis
This study employs quantitative data analysis to ensure a detailed evaluation of
LLM-generated statecharts.

Quantitative Data Analysis
Quantitative analysis focuses on evaluating performance metrics for LLM-generated
statecharts, specifically in terms of functional correctness and understandability.
This analysis directly supports both RQ1 and RQ2, with hypothesis testing used
to determine whether fine-tuning significantly improves these metrics. In addition
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to quantitative analysis, expert reviews and feedback are collected to assess the
human evaluation of the statecharts’ understandability and practical applicability.
This approach addresses RQ2, using expert insights to identify patterns and evaluate
whether LLM-generated statecharts align with or outperform manually created ones
in terms of functional correctness, understandability, and alignment with original
requirements.

4.3 Operation
The operation phase outlines the practical steps involved in executing the exper-
iment. This includes data collection, preprocessing, model training, statechart
generation, and evaluation. Each step is designed to ensure that LLM-generated
statecharts align with manually created ones, maintaining accuracy and reliability.
The structured approach facilitates systematic assessment and performance mea-
surement, contributing to the overall validation of the methodology.

4.3.1 Data Collection
For this research, textual requirements were used to create a customised dataset
for experimentation. These requirements are generally provided by product func-
tion owners through Car Weaver tool [37] , a specialized requirements engineering
tool that Volvo Cars has adopted to ensure that Agile Release Train (ART) teams
use updated requirements. The dataset includes detailed specifications of system
states, actions, transitions, and events associated with the textual product function
requirements, which serve as the basis for the experimental model.

The datasets employed in this experiment are as follows:

• Primary Dataset: This dataset is manually prepared by extracting the tex-
tual requirements for 20 product functions from the Car Weaver tool. Each
requirement outlines a specific feature or functionality of the system.

• Secondary Dataset: Synthetic data is used for fine-tuning the model and
evaluating the Large Language Model’s (LLM) ability to understand the con-
text of a given prompt and generate a relevant output.

These 20 product function requirements were chosen due to their clarity, behavioral
depth, and inclusion of well-defined events, actions, and transitions. However, the
limited size of the primary dataset is insufficient for effectively fine-tuning a large
language model. To overcome this limitation, we adopt a synthetic data generation
strategy [24]. This approach involves generating additional data that retains the
structure of the original requirements while randomizing the system states, events,
transitions, and actions. This method enhances the dataset size, allowing for more
accurate model performance without the need for extensive manual data collection.

The following definitions are used throughout this study:

• Product Functions: High-level descriptions of vehicle features derived from
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the Car Weaver Tool for preparing dataset.

• Textual Requirements: Refined natural language statements derived from
each product function, specifying expected system behavior, events, and tran-
sitions.

• Test Cases: New product functions with corresponding textual requirements
were used specifically for evaluation purposes. A total of 12 test cases were
created by domain experts and excluded from both the training and synthetic
data generation phases.

4.3.2 Data Pre-processing
In the context of automated statechart generation from natural language specifica-
tions, the initial phase involves data pre-processing of our primary dataset. In gen-
eral, the data pre-processing stage is important for transforming raw, unstructured
textual product functions into a format applicable to machine learning applications
[12] . The primary objective of pre-processing is to convert this raw text into a struc-
tured representation, that is prompt-completion pairs in JSON (JavaScript Object
Notation) format, which is the most common input data type in machine learning
implementation due to its standardization and machine readability [18] [10].

The proposed data pre-processing phase involves Feature Extraction, Data Trans-
formation,and Data Labelling procedures.

Step 1: Feature Extraction and Tokenization using spaCy
The process involves extracting relevant components from the text (states, events,
transitions, etc.) using Natural Language Processing (NLP) techniques, with Python’s
spaCy library, a library for advanced NLP tasks. The methodologies implemented
are Named Entity Recognition (NER) and Part-of-Speech (POS) tagging [19, 20]
.spaCy serves as the NLP tool for automated feature extraction. The application of
NER and POS tagging within spaCy can be used for the identification of relevant
components within the statechart specifications:

• Named Entity Recognition (NER): NER is utilized to identify and cat-
egorize key entities within the text that correspond to statechart elements.
For instance, entities representing states, events, and potential actions are
identified and labeled. In our implementation, we used the pre-trained spaCy
model, (en_core_web_sm), which provides English language processing capa-
bilities for the specific vocabulary domain of statechart specifications [19] .
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import spacy
from spacy.tokens import Span

# Load pre - trained model
nlp = spacy.load (" en_core_web_sm ")

# Define statechart - specific patterns
patterns = {

"STATE ": [" locator ", "client", "app", "drive "],
"ACTION ": [" presented ", " request ", " activation ", "

available "],
"EVENT ": [" user", "horn", "light "]

}
# Add custom component to pipeline
@spacy. language . Language . component (" statechart_ner ")
def statechart_ner (doc):

new_ents = []
for token in doc:

for label , terms in patterns .items ():
if any(term in token.text.lower () for term in

terms):
new_ents .append(Span(doc , token.i, token.

i + 1, label=label))
doc.ents = list(doc.ents) + new_ents
return doc

nlp. add_pipe (" statechart_ner ", after =" ner ")

Figure 4.2: Example Implementation of NER for Car Locator Product Function
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• Part-of-Speech (POS) Tagging: POS tagging is utilized to analyze the
grammatical role of each word within the text. Understanding the part of
speech helps in determining the relationships between entities. For example
in our case, states/events comes under nouns, transitions comes under verbs,
and relationships within state transitions comes under prepositions.

import nltk
from nltk. tokenize import word_tokenize
from nltk.tag import pos_tag

# Ensure necessary NLTK components are downloaded
nltk. download ('punkt ')
nltk. download (' averaged_perceptron_tagger ')

# Car Locator requirements as text
car_locator_text = """
The car location is presented to a remote client.
One such client might be the Volvo Cars Mobile App ,
where both the vehicle location is presented relative to

user position .
User can request activation of horn and light from VOC

mobile app.
Car locator is not available during drive.
"""

# Tokenization and POS tagging
tokens = word_tokenize ( car_locator_text ) # Tokenize

words
tagged_words = pos_tag (tokens) # POS tagging

Figure 4.3: Example implementation of POS tagging for Car Locator product
function

These extracted components, states, events, transitions, and actions represent the
fundamental building blocks of a statechart model. These components provide the
essential information required for a machine learning model to understand the struc-
tural and behavioural aspects described within the textual specifications.

Step 2: Data Transformation
Data transformation is the process of converting data from one format or structure
to another. In this research, the major transformation is from unstructured text to
a predefined, structured JSON object that explicitly represents a statechart.

Structuring Extracted Features into JSON
The extracted components (states, events, transitions, and actions) obtained from
feature extraction step are structured into JSON format. This transformation en-
sures that the information is presented in a manner that is both human and machine-
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readable. The JSON structure is designed to inherit the structure of a statechart,
which includes keys for:

• States: An array listing all identified states.

• Events: An array of events recognized in the specification.

• Transitions: An array that defines transitions, including attributes such as
from_state, to_state, and triggering_event.

• Actions: An array specifying the actions associated with state transitions,
which may include execution conditions, effects, or system responses.

Step 3: Data Labeling
The final data pre-processing stage involves data labeling, which is crucial for en-
abling supervised learning [21]. The labelled data is then organized into prompt-
completion pairs to enhance model training and fine-tuning accuracy. Prompt-
completion pairs serve as the standard input format for training and fine-tuning
Large Language Models (LLMs). These pairs follow a simple structure of x → y,
where x is the input (prompt) and y is the expected output (completion). In general,
prompt-completion pairs are question-answer sets provided to the LLM during the
training.

Formulation of Prompt-Completion Pairs
The labeling process is implemented by creating pairs of inputs and desired outputs:

• Prompt (Input): The refined textual specification of each product function
requirements corresponding to a statechart serves as the input to the machine
learning model.

• Completion (Output/Label): The structured JSON representation of the
product function requirements corresponding to a statechart, generated through
the preceding pre-processing, feature extraction, and transformation steps.
This JSON object is the target output that the model is trained to predict.

By creating these prompt-completion pairs, this research frames the statechart gen-
eration problem as a supervised learning task. In each pair, the "completion" serves
as the expected output or label for the corresponding "prompt." This labeled dataset
is then used to further finetune a base Large Language Model (LLM) from, helping
it learn how to convert textual statechart specifications (prompts) into structured
JSON representations (completions). With this approach, the model can generalize
from the prepared prompt-completion pairs and expect to generate JSON outputs
for new, unseen textual specifications.

4.3.3 Synthetic Dataset Generation
This section details the methodology for the generation of a synthetic dataset of
prompt-completion pairs. The synthetic dataset was generated by extracting unique
elements, states, events, transitions, and actions from the primary dataset and re-
combining them using controlled randomization. Our approach is designed to im-
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plement variations while maintaining the original structural format of the primary
dataset. To facilitate this process, we utilized the ’random’ library in Python for
data randomization and the ’JSON’ library for storing and generating data in JSON
format [24].This preparation ensured that our data generation process would yield
valid and reliable results for later analysis.

Generation of Component Pools
The first phase of our synthetic data generation process involved a detailed analysis
of the primary dataset to identify and extract all unique, fundamental components
within the structured completions. This step aimed to establish valid elements that
could be systematically recombined during the synthesis process. We compiled all
component types present across various state machine definitions in the original
dataset, including states, events, transitions, and actions. These elements serve as
the foundational building blocks for generating new synthetic data points. This an-
alytical approach aligns with the experimental preparation [38] , where appropriate
selection of materials is essential for experimental success.

Data Randomization
To achieve this shuffling, we employed Python’s ’random’ library. This library pro-
vides functionalities to randomize given data based on specified rules. We used
random shuffling process as our main method of transformation. The method was
intended to increase sentence variation while maintaining the original input’s mean-
ing. The method involved maintaining all components of an original completion
while changing their positions within each set group. The categories were states,
events, actions, transitions. The reason for this is that the order of elements in such
structures is typically random, and this approach ensured structural consistency
while generating diverse representations. By changing the order, we were able to
generate a variety of examples that helped to strengthen the model.

This controlled randomization mirrors the execution methodology [38], where ex-
perimental conditions must be managed carefully to avoid unwanted influences on
the results.
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# Generate synthetic dataset by modifying and combining
original pairs

def generate_synthetic_data (dataset , num_samples =500):
if not dataset :

print ("No valid data available for synthetic
generation .")

return []

action_pool = extract_unique_actions ( dataset ) # Get
all possible actions

synthetic_data = []

for _ in range( num_samples ):
base_pair = random.choice( dataset ) # Select a

random pair
mutated_completion = perturb_json (

shuffle_json_structure ( base_pair [" completion
"]) , action_pool )

new_entry = {
"prompt ": base_pair [" prompt "],
" completion ": mutated_completion

}

synthetic_data .append( new_entry )

return synthetic_data

Figure 4.4: Example Implementation of Data Randomisation
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Iterative procedure for synthetic data generation
The synthetic data generation process followed an iterative procedure involving con-
trolled variation. This approach ensured the creation of diverse yet structurally valid
synthetic examples. The process consisted of the following steps, repeated until the
desired dataset size was achieved:

1. Selection of original pair: In each iteration, an existing prompt-completion
pair was randomly selected from the original dataset. The prompt served as
the basis for generating a new synthetic example.

2. Structure shuffling: The structure shuffling technique, as described in data
randomization step, was applied to the completion part of the selected pair.
This step introduced structural variation while preserving the integrity of the
state machine definition.

3. Controlled variation: The shuffled completion was then selectively modified
by adding or replacing states, events, actions, and transitions while ensuring
logical consistency. To control this process, simple rules were followed, en-
suring that all states could be reached and transitions made sense based on
the events. Each modified version was manually reviewed to ensure that no
incorrect or meaningless statechart structures were created.

4. Retention of original prompt: The original prompt from the selected pair
was retained and paired with the newly modified completion, which enables
structured shuffling and controlled adjustments.

This iterative procedure corresponds to both the execution and data validation
in experimental execution. We applied shuffling and variation to our data pairs,
while maintaining limited direct intervention to avoid biasing results. Additionally,
our controlled approach to variation reflects the data validation concerns in [38],
ensuring our synthetic data remained consistent and accurate. The approach is
particularly valuable for augmenting limited datasets of structured outputs such as
state machines.

To ensure data quality, the generated synthetic completions were manually reviewed
and validated by domain experts. This manual validation helped confirm that the
recombined scenarios were meaningful, realistic, and suitable for model fine-tuning.
The synthetic dataset was used exclusively for training purposes and was not in-
cluded in the evaluation.

4.3.4 Model Fine Tuning:
Model Selection:
Selection of an appropriate LLM plays a critical role in fine-tuning systems for spe-
cialized tasks such as converting natural language requirements into statecharts.
After thorough consideration of the available options in the Azure AI foundry plat-
form , this research uses three variants from OpenAI’s suite of large language models:
GPT-3.5 Turbo, GPT-4, and GPT-4o [30].
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The strengths of these models lie in their ability to handle complex language tasks,
process structured and unstructured text, and generate accurate outputs. These
models were considered suitable for tasks requiring advanced reasoning, precision,
and contextual understanding, all of which are critical for generating accurate state
charts. The evaluation of these models and their comparative performance will be
discussed in the results section.

Process of Fine-Tuning
The fine-tuning process represents a crucial phase in adapting pre-trained models
to domain-specific tasks, ensuring performance and accuracy.

Setup of Model and Optimization Parameters
For the fine-tuning of GPT-3.5, GPT-4, and GPT-4o models, multiple hyperparam-
eters were configured to optimize performance outcomes. For each model, various
combinations of hyperparameters were tested to determine the most suitable con-
figuration for our specific task domain.

Table 4.1: Training parameters for different GPT model runs

Model Run Batch Size Learning Rate No. of Epochs Seed
GPT-4 1st Run 32 1.01 8 42
GPT-4 2nd Run 16 1.01 8 42
GPT-4 3rd Run 16 1.05 5 42
GPT-4o 1st Run 32 1.01 8 42
GPT-4o 2nd Run 16 1.01 8 42
GPT-4o 3rd Run 16 1.05 5 42
GPT-3.5 1st Run 32 1.01 8 42
GPT-3.5 2nd Run 16 1.01 8 42
GPT-3.5 3rd Run 16 1.05 5 42

• Learning Rates: Values of 1.01 and 1.05 were evaluated to examine their
impact on the convergence speed and stability of the model training process.

• Epochs: Training iterations of 3 to 10 passes through the dataset were con-
ducted to ensure acceptable exposure to data while minimizing overfitting
risks.

• Batch Size: Sizes of 16 and 32 were number of samples per training setup.

• seeds: Common seed was used to ensure consistency in training outcomes.

Dataset Description and Usage
For effective fine-tuning of the models a systematic data partitioning strategy is
implemented to ensure robust model training and evaluation. The dataset was
divided into training and validation sets in an 80:20 ratio [23] using Random and
JSON libraries.

The training set, comprising 80% of the total data volume, was utilized for the
primary model training process. This portion provides sufficient examples for the
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models to learn relevant patterns and features necessary for converting natural lan-
guage requirements into accurate statechart representations.

The validation set, constituting the remaining 20% of the data, was used to pe-
riodically assess model performance during the training process. This evaluation
component is essential for monitoring learning progress, detecting potential overfit-
ting, and guiding adjustments to hyperparameters as necessary to optimize model
performance.

Fine-Tuning Implementation
Fine-tuning was implemented using the Azure AI Foundry platform, which provided
the computational infrastructure for scalable model training. To monitor and man-
age experiments, we integrated Weights & Biases (W&B) [5], a popular tool for
tracking machine learning workflows. For each training configuration, we recorded
key elements including the hyperparameters used (learning rate, epoch count, batch
size,seed), loss metrics (training and validation loss curves), and task-specific per-
formance scores such as accuracy. This systematic tracking enabled transparent
evaluation and comparison across multiple training runs.

4.4 Model Evaluation

4.4.1 Quantitative Model Evaluation
This section presents an evaluation method of fine-tuned language models (LLMs)
on the task of automated statechart generation from natural language requirements.
After fine-tuning GPT-3.5 turbo, GPT-4, and GPT-4o for this domain-specific task,
it is crucial to assess their performance to ensure that the models are well-suited
to generating accurate statecharts. Model evaluation plays a key role in AI/ML
tasks, as it helps verify that the models deliver reliable results. To achieve this, we
compare different runs of the models using quantitative metrics tracked throughout
the training process.

Evaluation Setup
Three base models GPT-3.5, GPT-4, and GPT-4o were fine-tuned using the Azure
AI Foundry platform. The training datasets consisted of paired inputs (natural
language requirements) and target outputs (statechart representations in structured
JSON). The following tools and techniques were used:

Azure AI Foundry was used for model fine-tuning and deployment.
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Figure 4.5: Azure AI Foundry Platform

Weights & Biases (W&B) is a robust AI development platform integrated with
Azure AI foundry for tracking metrics and visualizing results of training/validation
metrics and experiment comparisons.

Each model was fine-tuned across multiple runs, and the following core metrics were
logged after the fine-tuning process:

Table 4.2: Description of Evaluation Metrics Used in the Model

Metrics Description
train_loss Represents the training loss,

which shows how well the model
is minimizing errors in predicting
Token Accuracy.

train_mean_token_accuracy The token-level accuracy on the
training set, indicating how well
the model is learning from the
data.

valid_loss The validation loss during the val-
idation phase. Lower values indi-
cate better performance.

valid_mean_token_accuracy The accuracy of token generation
during validation. Higher values
indicate better performance.

full_valid_loss The loss on the entire validation
set, typically cross-entropy loss.
Lower values indicate higher ac-
curacy and generalization.

full_valid_mean_token_accuracy The token-level accuracy on the
validation set, averaged across all
tokens in a sequence.
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Model Selection:
To determine the most suitable language model for our tasks, we conducted a com-
parative evaluation of three fine-tuned models: GPT-3.5-turbo, GPT-4, and GPT-
4o. Each model was fine-tuned using identical training/validation data, hyperpa-
rameters, and experimental settings to ensure a fair comparison. The evaluation was
performed across three independent training runs per model to assess consistency
and robustness.

For model selection, we employed Analysis of Variance (ANOVA) to compare the
performance of the models. ANOVA was chosen because it allows for the comparison
of means across multiple groups and helps determine if there are statistically signifi-
cant differences in model performance. Since ANOVA requires normally distributed
data, the data set was tested using the Shapiro-Wilk test to confirm normality before
proceeding.

Tukey’s Honestly Significant Difference (HSD)
Post-hoc test is usually conducted after an ANOVA test to determine which specific
groups are significantly different from each other, while controlling the Type I er-
rors. Tukey’s HSD test can be performed using python’s “pairwise_tukeyhsd()” of
“statsmodels.stats.multicomp” library [15] .

The formula for Tukey’s Honestly Significant Difference (HSD) is:

HSD = qα,k,dfwithin ×
√

MSwithin

n

Where:

• qα,k,dfwithin is the critical value from the studentized range distribution, based
on the significance level α, number of groups k, and degrees of freedom within
groups.

• MSwithin is the mean square within groups (from ANOVA).

• n is the number of observations per group (assuming equal group sizes).

If the difference between the means of two groups exceeds the HSD value, the dif-
ference is considered statistically significant:

|x̄i − x̄j| > HSD ⇒ Statistically Significant Difference

Additionally, to compare expert reviews of the models, we utilized the Wilcoxon
Signed-Rank Test [34], which is particularly useful when dealing with paired sam-
ples and ordinal data, such as those obtained from Likert-scale ratings. This non-
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parametric test was used to compare expert reviews between the fine-tuned model
and the base model, as well as between the fine-tuned model and human-generated
statecharts. The Wilcoxon Signed-Rank Test was selected due to its ability to handle
non-normally distributed data and the ordinal nature of the Likert-scale responses.

The statistical analyses, including ANOVA and Wilcoxon Signed-Rank Tests, were
performed using Python and the SciPy library. For data visualization and further
analysis, we used Matplotlib to plot results and evaluate trends in model perfor-
mance and expert reviews.

4.4.2 Expert Reviews
Following the selection of the best-performing model, based on the quantitative
model evaluation, an expert review and feedback process was conducted to assess
the applicability and usability of the fine-tuned model in the practical application. A
total of twelve test cases were prepared in collaboration with domain experts from
the Product Simulation Team at Volvo Cars. Each test case consisted of a natural
language requirement and a corresponding expert-created statechart, which served
as the reference output. The test cases represent typical automotive functions, such
as direction indication, mirror adjustment, hood operation, and so on, as shown in
Table 5.3.

The selected fine-tuned model was deployed using Azure AI Foundry. The textual
requirements were provided as input to the model, and the output was requested in
Mermaid.js syntax. The resulting code was then used to generate visual statecharts
via the Mermaid.js editor.

After generating the twelve model-produced statecharts, an expert review was car-
ried out through semi-structured interviews with four domain experts. All partici-
pants were experienced software developers with a background in system modeling,
each with more than five years of experience in automotive system design and model-
based development. Their responsibilities include creating and validating system re-
quirements and functional statecharts for simulation and testing. Each expert was
familiar with the end-to-end statechart creation manually, ensuring their ability to
critically assess the LLM-generated statecharts. Their domain knowledge and mod-
eling experience make them well-qualified to evaluate the technical correctness and
usability of LLM-generated statecharts. The interviews are aimed at evaluating the
functional correctness and understandability of the generated statecharts compared
to the expert-created references.

Each interview lasted between 30 and 45 minutes, during which experts reviewed
the generated statecharts based on the following key aspects guided by the interview
questions listed in Appendix 2:

• Clarity of state transitions, especially for systems with multiple interaction
modes.

• Logical representation of control flows in safety-relevant features.
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• Visual consistency in handling repetitive patterns.

• Alignment of event-based behaviors with the expectations of the automotive
user interface.

• Understandability of system behavior in response to simultaneous or conflict-
ing inputs.

• Identification of ambiguities or modeling gaps, especially in time-bound or
condition-based logic.

• Suggestions for improving the accuracy, readability, or maintainability of the
model.
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Results

This section presents the outcomes of the experimental evaluations conducted to
assess the effectiveness of the fine-tuned LLMs in generating statecharts from nat-
ural language requirements. Quantitative results are explored, with an importance
on how fine-tuning has improved model performance in generating statecharts. The
results show the alignment between LLM-generated and manually created state-
charts, as well as the functional correctness and understandability of the outputs.
Through a careful analysis of the model’s performance in a real-world automotive
software engineering context, the findings highlight key strengths and limitations
of the fine-tuned LLMs, ultimately offering experimental evidence of their potential
for automated model generation in this domain.

5.1 Model Selection:

This section describes the results of visualizations and statistical analyses conducted
to compare model performance and support the selection of the most suitable model.

Visual Analysis
While multiple evaluation metrics were computed during training and validation
as shown in Table 4.2, full_valid_mean_token_accuracy and full_valid_loss
from the W&B tool were selected for visual analysis and model comparison because
they provide the most detailed indicators of overall model performance on the val-
idation set. These metrics reflect the final performance across the entire validation
dataset, offering a clearer picture of how well the model generalizes.

Other metrics, such as train_loss or train_mean_token_accuracy are useful for
monitoring learning during training but may not accurately represent generalization.
Therefore, focusing on the two full validation metrics allows for a more objective
and meaningful model selection process.
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Figure 5.1: full_valid_mean_token_accuracy and full_valid_loss from the
W&B tool.

The above figure demonstrates that GPT-4 achieved the highest average mean token
accuracy (0.94728) and the lowest average validation loss (0.13422), outperforming
GPT-4o and GPT-3.5-turbo, which showed similar but slightly lower performance.
To validate these findings statistically, we will conduct parametric tests to confirm
the significance of these results.

Statistical Analysis:
In Machine Learning approaches, parametric tests are conducted to statistically
evaluate the performance of the models. To determine the model with the best
performance, we conducted one-way ANOVA test and Post-hoc Tukey’s Honestly
Significant Difference (Tukey’s HSD) test.

The input for this analysis was the valid mean token accuracy and valid loss across
three experimental runs for each model, as presented in the table below:

Table 5.1: Valid_Mean_Token_Accuracy Across Models

Models 1st Run 2nd Run 3rd Run
GPT 4 0.94788 0.94728 0.94723.
GPT 4o 0.94621 0.94629 0.94593.
GPT-3.5-TURBO 0.94648 0.94698 0.94597.

Table 5.2: Valid_Loss Across Models

Models 1st Run 2nd Run 3rd Run
GPT 4 0.13451 0.13422 0.13532.
GPT 4o 0.14088 0.14180 0.14289.
GPT-3.5-TURBO 0.14071 0.13829 0.14465.

• ANOVA test: Analysis of Variance is a statistical test used to compare
means of three or more groups (models in our case) to determine if there is any
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statistically significant difference between them. The result for the ANOVA
test is called “p-value”. A p-value below 0.05 typically indicates that there is a
significant difference between the groups. An ANOVA test can be performed
with Python’s scipy library using “f_oneway()” [31].

Before conducting an ANOVA test, it is important to check if the data is
normally distributed. A Shapiro-Wilk test was performed to find this. The
results of this test proved that the data is normally distributed for all three
models (P > 0.05). Now that the data are normally distributed, an ANOVA
test can help determine whether there is a significant difference between the
models’ accuracies.

For mean token accuracy:
A one-way ANOVA was conducted to determine whether there were statis-
tically significant differences in accuracy among the three language models:
GPT-3.5, GPT-4, and GPT-4o. The analysis revealed a significant effect of
model type on accuracy, F(2, 6) = 10.06, p = 0.0121, indicating that at least
one model differed significantly from the others.

Post hoc comparisons using the Tukey HSD test:

• GPT-4 showed significantly higher accuracy than GPT-3.5 (mean difference
= 0.001, p = 0.0414, 95% CI [0.0000, 0.0019]).

• GPT-4 also outperformed GPT-4o (mean difference = 0.0013, p = 0.0119,
95% CI [0.0004, 0.0023]).

• The difference between GPT-3.5 and GPT-4o was not statistically significant
(mean difference = −0.0003, p = 0.5543, 95% CI [−0.0013, 0.0006]).

Figure 5.2: Tukey HSD Confidence Intervals for Accuracy
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For validation loss:
A one-way ANOVA was conducted to assess whether there were statistically
significant differences in loss values among the three fine-tuned GPT models
(GPT-3.5, GPT-4, GPT-4o), based on three training runs per model. The
results indicated a significant effect of model type on loss, F(2, 6) = 12.18, p =0
.0077, suggesting that the models differed in their optimization performance.

Post hoc comparisons using the Tukey HSD test:

• GPT-4 achieved significantly lower loss than GPT-3.5 (mean difference =
−0.0065, p = 0.0156, 95% CI [−0.0115, −0.0016]).

• GPT-4 also had significantly lower loss than GPT-4o (mean difference =
0.0072, p = 0.0102, 95% CI [0.0022, 0.0121]).

• No significant difference in loss was observed between GPT-3.5 and GPT-4o
(mean difference = 0.0006, p = 0.9176, 95% CI [−0.0043, 0.0056]).

Figure 5.3: Tukey HSD Confidence Intervals for Loss

These results confirm that GPT-4 slightly outperformed both GPT-3.5-turbo
and GPT-4o in terms of both accuracy and loss, while GPT-3.5-Turbo and
GPT-4o did not differ significantly from each other.

Based on both the visual and statistical analyses, it is evident that GPT-4 is
the highest-performing model.

Although GPT-4’s fine-tuned version with the hyperparameters batch_size =
16, learning_rate = 1.01, epochs = 8, and seed = 42 has the second-best accu-
racy, it was selected for final deployment. The primary reason for this choice is
that the model with the highest accuracy uses a batch size of 32, which would
make deployment and computation more challenging and resource intensive.
Additionally, the fact that the model with batch_size = 16 completed the
full fine-tuning schedule until step 200 and achieving better convergence also
proves that this model is more suitable for deployment and application.
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5.2 Analysis of Fine-tuned vs Non-Fine-tuned
LLM outputs

Overview of the Test Cases and Data Collection
This section summarizes the 12 test cases provided by experts at Volvo Cars.
The test cases are designed to verify the functionality and performance of
various features handled by the product simulation team, with an emphasis
on user interactions and system responses. These test cases cover a broad
range of product functions, and each test case defines a specific scenario for
how the system should behave under different conditions.

Table 5.3: Test Cases Description
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StateChart Generation Process
Upon deploying both the fine-tuned and non-fine-tuned versions of the GPT-4
models, they are tested for functional correctness and understandability using
the above 12 test cases given by Volvo Cars. Both the models were given
the same prompt, that is, to generate a mermaid.js code for the given textual
requirement [28]. The resulting mermaid.js code is then used to generate a
statechart in mermaid.js editor. After generating the statecharts with both
the fine-tuned and non-fine-tuned versions, the results were stored to be used
in the expert ratings for accurate evaluation.

Results of Statechart Generation
To evaluate the performance of the fine-tuned and base language models in
generating statecharts for the "windscreen washing" functionality, we compare
the Mermaid.js syntax produced by both models. The following two syntax
examples represent the output of the base and fine-tuned models for the same
test case, TC6 as example, which simulates the user interaction of activating
the windscreen washer.

• Fine-tuned Model Syntax (GPT-4 Fine-tuned) for Test
Case (TC6): Windscreen Washing

stateDiagram−v2
s t a t e " I d l e " as i d l e
s t a t e " WindscreenWiping " as wiping
s t a t e " WindscreenWashing " as washing
s t a t e " WasherFluidSpraying " as spray ing
s t a t e " WiperContinues " as cont inues

i d l e −−> washing : User p u l l s r i g h t s t a l k f o r > 1 second
washing −−> wiping : Function ac t i va t ed
washing −−> spray ing : Function ac t i va t ed
spray ing −−> washing : User s tops p u l l i n g the s t a l k
washing −−> i d l e : User s tops p u l l i n g the s t a l k
wiping −−> cont inues : User s tops p u l l i n g the s t a l k
cont inues −−> i d l e : After 3 more wipes
wiping −−> spray ing : Windscreen wiper a c t i v e
spray ing −−> wiping : Washing func t i on deac t iva ted
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Figure 5.4: Finetune Model

• Base Model Syntax:
stateDiagram−v2

[ ∗ ] −−> StalkNotPul led : S ta r t
Sta lkNotPul led −−> WashingEnabled : S ta lkPu l l ed > 1 s
WashingEnabled −−> StalkNotPul led : Sta lkRe leased
WashingEnabled −−> WiperActive : WiperActivate
WiperActive −−> WiperContinue : WashingDisabled
WiperContinue −−> [ ∗ ] : 3WipesDone

a l i a s Sta lkNotPul led : Sta lk Not Pul led
a l i a s WashingEnabled : Washing Enabled
a l i a s WiperActive : Wiper and Washer Active
a l i a s WiperContinue : Wiper Continues After Washing
a l i a s [ ∗ ] : End

Figure 5.5: Base Model
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The figures above compare the statecharts generated by the base model and
the fine-tuned model for test case TC6 (windscreen washing). The statechart
produced by the base model follows a linear structure with minimal branching,
capturing only the primary functional steps. It uses general state labels such
as Washing Enabled and Wiper and Washer Active, which provide limited
insight into the system’s behavioral flow. Transitions are abstract and do
not reflect specific user actions or system conditions, reducing the model’s
interpretability.

In contrast, the fine-tuned model generates a more detailed and context-aware
statechart. It incorporates intermediate states such as WindscreenWashing,
WindscreenWiping, and WasherFluidSpraying, along with clearly defined tran-
sitions triggered by specific user inputs (e.g., “User pulls right stalk for > 1
second”) or system responses (e.g., “After 3 more wipes”). The structure
includes multiple branches, bidirectional transitions, and logical sequencing
aligned with real-world use cases. This level of detail supports better trace-
ability, enhances model clarity, and improves its suitability for validation and
early-stage testing.

Expert Evaluation on Statechart Quality
To evaluate the quality of statecharts generated by both the base and fine-
tuned LLM models, a group of four experts from the product simulation team,
Volvo Cars assessed the outputs based on two main criteria functional correct-
ness and understandability. Experts rated the statecharts on a Likert scale
from 1 to 5, where 1 represented poor performance and 5 indicated excellent
performance. The evaluations were conducted separately for the fine-tuned
and base LLM models for each test case.

The following table summarizes the average ratings from four experts for each
test case, comparing the Fine-tuned LLM and Base LLM outputs for Func-
tional Correctness and Understandability:

– Average Rating: Each value represents the average rating from 4 ex-
perts based on a Likert scale ranging from 1 to 5.

– Functional Correctness: The statechart accurately represents the sys-
tem’s behavior, showing all the necessary states, transitions in line with
the requirements.

– Understandability: The statechart is easy to follow, with clear and
well-organized elements that are simple for experts to understand.
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Table 5.4: Comparison of Fine-Tuned and Base Models Based on Expert Ratings

Test Case
ID

Functional
Correctness
(Base LLM)

Functional
Correctness
(Fine-tuned
LLM)

Understandability
(Base LLM)

Understandability
(Fine-tuned
LLM)

TC 1 1.75 4.25 2.0 4.25.
TC 2 1.75 3.0 2.5 3.0.
TC 3 2.5 3.25 2.75 3.25.
TC 4 3.25 2.75 3.5 3.75.
TC 5 1.0 3.0 1.0 3.5.
TC 6 2.5 3.0 3.25 3.25.
TC 7 2.5 2.5 3.5 3.25.
TC 8 2.25 3.5 2.75 3.25.
TC 9 4.5 4.5 4.5 4.5.
TC 10 1.75 4.0 2.5 4.25.
TC 11 3.5 4.5 3.25 4.5.
TC 12 4.0 4.0 4.0 4.25.

The results presented in the above table indicate that the fine-tuned model
consistently outperformed the base model across all test cases in terms of
both functional correctness and understandability. The best performance was
observed for TC9 and TC11, where both models achieved high scores, but the
fine-tuned model consistently maintained higher or equal ratings across both
evaluation criteria. TC1 also demonstrated strong results, with the fine-tuned
model achieving an average score of 4.25, significantly higher than the base
model’s average of 1.88. However, TC5 reflected the improvement following
fine-tuning. While the base model received the lowest possible score of 1.0
across both metrics for TC5, the fine-tuned model improved this to an average
of 3.25, indicating improved ability to handle less structured inputs. These
results highlight the effectiveness of fine-tuning in improving the quality of
statechart generation.

Hypothesis Testing Results
To evaluate the effectiveness of fine-tuning, the Wilcoxon Signed-Rank Test
was employed to compare the base and fine-tuned models on two evaluation
metrics: functional correctness and understandability.

Functional Correctness

The results of the Wilcoxon Signed-Rank Test revealed a significant difference
between the base and fine-tuned models (Statistic = 39.5, p-value = 0.00002).
Given that the p-value is well below the threshold of 0.05, we reject the null
hypothesis H0 and conclude that there is a statistically significant difference
in performance between the two models.
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Model Comparison

Table 5.5: Descriptive Statistics of Functional Correctness Scores

Model Mean Score Median Score
Base Model 2.60 2.5

Fine-Tuned Model 3.52 4.0

The fine-tuned model demonstrated higher average functional correctness scores
than the base model, with a mean improvement of 0.92 points on the evalua-
tion scale. These results indicate that the fine-tuning process led to a statisti-
cally and practically significant improvement in the model’s ability to gener-
ate functionally correct outputs, reinforcing the effectiveness of the fine-tuning
methodology applied in this study.

Figure 5.6: Likert scale averages for Functional Correctness

Understandability

The Wilcoxon Signed-Rank Test results for understandability indicated a sig-
nificant difference between the base and fine-tuned models (Statistic = 56.0,
p-value = 0.00036). Since the p-value is below the standard threshold of 0.05,
we reject the null hypothesis H0, concluding that there is a statistically signif-
icant difference in understandability between the two models.

Model Comparison

Table 5.6: Descriptive Statistics of Understandability Scores

Model Mean Score Median Score
Base Model 2.96 3.0

Fine-Tuned Model 3.75 4.0
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These results demonstrate that the fine-tuned model achieved higher average
understandability scores compared to the base model, suggesting that it is
likely the more effective model in terms of overall understandability.

Figure 5.7: Likert scale averages for Understandability

Based on the above results, it is evident that the fine-tuned model is better
performing at both functional correctness (average rating = 3.52) and under-
standability (average rating = 3.75) based on the expert review ratings.

Summary of results: Fine-tuned Vs Non-fine-tuned
Therefore, based on the results of domain experts’ ratings, it is statistically
evident and demonstrated that the fine-tuned model exhibits higher functional
correctness and improved understandability when compared to the non-fine-
tuned base model. This verdict proves that fine-tuning an LLM trained with
domain-specific data improves its ability to generate accurate and interpretable
statecharts, which suggests its reliability in real-world applications where func-
tional correctness and understandability are very critical factors.

5.3 Analysis of Fine-tuned vs Human created
statecharts comparison
This section presents a detailed comparison between statecharts generated by
a fine-tuned GPT-4 model (via Azure AI Foundry) and those created manually
by domain experts. To assess the functional correctness and quality of both
sets of statecharts, expert opinions were collected through semi-structured
interviews. Four experts were asked to evaluate various attributes of the stat-
echarts (e.g., functional correctness, understandability and Alignment to Re-
quirements) based on 12 test cases derived from textual requirements.
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The opinions were collected using a Likert scale with the following options
‘Very Unclear, Somewhat Unclear, Neutral, Somewhat Clear, and Very Clear’,
and the resulting data were analyzed through a statistical method called
Wilcoxon Signed-rank test to assess functional correctness and effect size cal-
culations to measure the significance of any differences observed.

Expert Evaluation:

Table 5.7: Expert Evaluation Scores: Average Scores

Metrics Average
Score

Interpretation

Functional Correct-
ness

2.88 Neutral.

Understandability 2.5 Somewhat Unclear.
Requirement
Alignment

2.75 Slight to Moderate.

Statistical Testing: Manual vs Fine-Tuned Model
Wilcoxon Signed-Rank Test

A Wilcoxon Signed-Rank Test was conducted to assess whether there is a
statistically significant difference between the scores of the manual model and
the fine-tuned model. The test statistic was 0.0, and the p-value was found to
be 9.72 × 10−11.

Given that the p-value is less than the significance level of α = 0.05, we reject
the null hypothesis H0. This indicates that there is a significant difference
between the two groups, indicating that the fine-tuned model exhibits perfor-
mance differences compared to the manually created model.

Model Comparison

The comparison of the mean and median scores of functional correctness for
the two models is presented in the table below:

Table 5.8: Descriptive Statistics: Manual vs Fine-Tuned Model of functional
correctness

Model Mean Score Median Score
Manual Model 4.00 4.00

Fine-Tuned Model 2.81 3.00

The manual model exhibited a higher mean (4.00) and median (4.00) score
compared to the fine-tuned model, which had a mean of 2.81 and a median
of 3.00. This suggests that, on average, the manual model performs better in
terms of the evaluated metric.
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However, it is important to note that while the statistical analysis shows a
significant difference between the two models, the fine-tuned model may still
exhibit benefits in specific contexts or areas that were not captured by the
current metric.

Based on the statistical results and the model comparison, we conclude that
the manual model has a higher average score. Nevertheless, the fine-tuned
model’s performance could be further optimized in future iterations. The
models are comparable, with the manual model currently outperforming the
fine-tuned model in the given evaluation criteria.

Feedback from Experts:
The following table summarizes the expert feedback gathered on the LLM-
generated statecharts. It highlights key areas of concern identified by the
experts during the interviews, along with suggested improvements.

Table 5.9: Feedback from Experts

Aspect Issue Iden-
tified

Improvement
Suggestion

State Transitions Incomplete or
unclear tran-
sitions

Clearer definition
of state transitions.

Loop Logic Difficulty un-
derstanding
loop condi-
tions and end
points

Clearer loop han-
dling and end con-
ditions.

Alignment with Re-
quirements

Generic inter-
pretation of
requirements

Adapt output to
domain-specific
needs.

Terminology Con-
sistency

Inconsistent
terms across
statecharts

Standardized nam-
ing conventions and
terminology.

Summary of results: Fine-tuned Vs Manually created
statecharts
Therefore, based on the results of semi-structured interviews with domain
experts, it is statistically evident and proven that the manually created state-
charts are more functionally correct and more understandable when compared
to the statecharts generated by the fine-tuned model. Although the fine-tuned
LLM demonstrated clear improvements over the base model, especially in han-
dling simpler scenarios, it still lacks the overall quality when compared to the
manually created statecharts.

Experts acknowledged that the fine-tuned model was effective in generating
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moderately accurate statecharts, particularly for simpler product functions
that involve linear or limited state transitions. In such cases, such as TC9 and
TC11, the model achieved high ratings and provided noticeable time savings
by automating. However, for more complex functions, such as TC5, that
include conditional logic, timing constraints, or overlapping state behaviors,
the model exhibited limitations. Expert feedback identified specific issues,
including incomplete transitions, missing event-handling logic, unclear loop
conditions, and ambiguous start or end states.

Overall, while fine-tuning large language models with domain-specific data
enhances their performance and usability, particularly for less complicated
functions, the findings emphasize that expert involvement remains crucial for
validating and refining outputs in safety-critical and behaviorally complex sys-
tems. Additionally, the lack of clarity in start/end points and ambiguous state
transitions were cited as areas requiring improvement to enhance usability and
consistency in professional applications.

5.4 Addressing Research questions

Research Question 1 (RQ1): Does fine-tuning LLMs im-
prove statechart generation?
Hypotheses:

– H0: Fine-tuning does not significantly improve performance
metrics (Functional correctness and understandability).

– H1: Fine-tuning significantly improves performance metrics.

To answer whether fine-tuning improves the performance of LLMs in gener-
ating statecharts, an expert rating process was conducted involving domain
experts. Each of the 12 test cases provided by Volvo cars, was used to gen-
erate two statecharts, one using the non-fine-tuned base LLM and the other
using the fine-tuned version. Four experts evaluated the outputs based on
functional correctness, understandability. The experts consistently preferred
the fine-tuned model, stating that its statecharts had better logic and matched
the requirements more clearly. To quantitatively support these observations,
a Wilcoxon signed-rank test was performed on expert ratings, which revealed
a statistically significant difference (p < 0.05) in favor of the fine-tuned model.
These results indicate that fine-tuning leads to significant improvements in the
quality of statechart generation across key performance metrics. This supports
the Hypothesis, “H1: Fine-tuning significantly improves performance metrics.”

Research Question 2 (RQ2): How do LLM-generated
statecharts compare to manually created ones?
Hypotheses:
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– H0: LLM-generated statecharts do not achieve comparable lev-
els of functional correctness to manually created statecharts.

– H1: LLM-generated statecharts achieve comparable or higher
levels of functional correctness.

To determine how LLM-generated statecharts compare to manually created
ones, a series of expert evaluations was conducted using 12 test cases. The
experts assessed the statecharts based on functional correctness, understand-
ability, and alignment with requirements, using a Likert scale. Using the
Wilcoxon signed-rank test, the results pointed to a significant difference be-
tween the two groups. LLM-generated statecharts consistently scored lower,
with a p-value < 0.001, indicating that they did not achieve comparable lev-
els of functional correctness to manually created statecharts. Expert feedback
identified issues including unclear transitions, poorly aligned requirements, and
inconsistent terminology in the LLM-generated charts. These findings support
the hypothesis H0 that LLM-generated statecharts currently do not match the
performance of manually created ones in terms of accuracy and clarity.
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The results of this study provide significant insights into the impact of fine-
tuning Large Language Models (LLMs) for generating state charts in the au-
tomotive domain. Specifically, the findings from Research Question 1 (RQ1)
strongly support the hypothesis that fine-tuning improves performance met-
rics, such as functional correctness and understandability. Reviews from do-
main experts, in conjunction with statistical evidence from the Wilcoxon
Signed-rank test, demonstrates that the fine-tuned model outperforms the
non-fine-tuned version on key performance metrics. These results align with
previous research, such as Liu et al.[39] , which has shown that domain-specific
fine-tuning enhances the interpretability and accuracy of LLM-generated out-
puts, particularly in complex domains.

For example, in test cases such as TC9 and TC11, where the system behavior
was relatively linear and state transitions were limited and sequential, the fine-
tuned model achieved high expert ratings. These charts exhibited clear state
transitions, consistent event handling, and syntactic correctness, reflecting the
model’s capability to capture straightforward functional logic efficiently. Do-
main experts noted that such outputs would significantly reduce development
time in early-stage system modeling.

In contrast, the findings from Research Question 2 (RQ2) indicate that LLM-
generated state charts still fall short in terms of accuracy compared to man-
ually created charts. While improvements were observed with the fine-tuned
model over the non-fine-tuned version, the LLM-generated charts did not reach
the functional correctness or clarity levels of manually crafted state charts.
These results are consistent with those of Harel et al.[17] , who also noted
that generating statecharts from textual requirements presents challenges due
to the complexity of event-driven transitions and dynamic behaviors. In more
complex test cases, such as TC5, which involved conditional logic, nested
transitions, and timing constraints, the fine-tuned model exhibited notable
limitations. Expert reviews highlighted missing transitions, ambiguous loop
structures, incomplete event-handling routines, and unclear entry/exit condi-
tions. These deficiencies significantly impacted the usability and functional
interpretability of the generated charts.
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The statistical difference observed in this study, along with expert feedback,
emphasizes the ongoing challenges in generating high-quality state charts au-
tomatically. Issues such as unclear transitions, vague requirement interpreta-
tions, and inconsistent terminology were highlighted as key factors affecting
the overall quality of LLM-generated charts, similar to the challenges identified
by Meng and Ban [26] in automating UML diagram generation.

However, despite these challenges, the study highlights the positive aspects
of LLM-generated state charts, such as time efficiency in generating simpler
charts. This suggests that LLMs could be particularly useful in the early stages
of state chart creation, where AI could generate draft versions that could then
be refined by human experts. This hybrid approach, combining the strengths
of AI and human expertise, is in line with recent findings by Basili et al.[4],
who emphasized the value of combining AI-driven methods with human input
to enhance model quality and efficiency. The potential for such a collaborative
approach in the early phases of model generation aligns with current trends in
AI-assisted software development.

In conclusion, this study contributes to the state of the art by validating
the potential of LLMs for automating state chart generation in the automo-
tive domain. While LLMs show promise, especially in improving efficiency
during initial chart drafting, there remains significant room for refinement,
particularly in terms of ensuring the accuracy and clarity of generated state
charts. Future research could explore methods to address the challenges iden-
tified in this study, such as improving the handling of system dynamics and
event-driven transitions, areas that are crucial for generating high-quality state
charts. These advancements will build upon the work of previous studies Meng
and Ban [26], Harel et al.[17], and Zhong et al.[40] , contributing to the evo-
lution of state chart automation.

6.1 Future Work, Limitations and Threats to
Validity
This study provides a meaningful contribution to the application of fine-tuned
LLMs for generating statecharts in the automotive industry. However, several
limitations must be considered when interpreting the findings, and there are
various threats to the validity of the study that should be addressed in future
research. These aspects are important for refining the approach and enhancing
the applicability of the results to real-world settings.

Threats to Validity

Internal validity is one of the main threats to lies in the limited size and
scope of the dataset used for fine-tuning. The dataset included only a small
number of requirement samples, which may not fully capture the diversity
and complexity of real-world automotive requirements. This could lead to
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overfitting, where the model performs well on the requirements but struggles
to generalize to new, unseen data. Furthermore, the synthetic data used for
training, although useful, might not represent the wide variety of scenarios
encountered in practical automotive systems, which could further limit the
model’s generalizability.

External validity is another concern, as the findings of this study may not
directly apply to other industries or system domains beyond the automotive
sector. The requirements used were specifically designed around automotive
functions, meaning that the results may not hold for other fields or use cases.
Expanding the dataset to include a more diverse set of real-world examples,
particularly from different sectors, would help enhance the generalizability of
the findings.

In terms of construct validity, while the study showed improvements in
certain areas like functional correctness and understandability, the model faced
challenges when dealing with more complex requirements. The LLMs were not
able to capture all the intended meaning and detailed specifications that come
with automotive systems. This indicates that the models may not yet fully
reflect the complex constructs required for real-world applications, particularly
those involving dynamic and project-specific requirements.

To address the conclusion validity, the study found that LLM-generated
statecharts were efficient but not always of the same quality as manually cre-
ated charts. The functional correctness and clarity of LLM-generated charts
did not consistently match those of expert-created charts, suggesting that the
conclusion regarding the superiority of the model in statechart generation may
require further validation and refinement in future work.

Limitations and Future Work

Several limitations should be considered when interpreting the results of this
study. The primary limitation lies in the dataset used for fine-tuning the
models. The dataset was relatively small and did not fully account for the
complexity and variety of automotive requirements. As such, the models may
have been overfitted to the limited requirement samples provided, which could
affect their performance when faced with more diverse or complex require-
ments. Future work should focus on expanding the dataset by including a
larger number of real-world cases, which would improve the model’s ability to
generalize and handle a broader range of requirements.

Another limitation observed in this study is the model’s difficulty in handling
more complicated and dynamic requirements. Although the fine-tuned models
showed improvements in terms of functional correctness and understandability,
they struggled with requirements that were complex or had evolving contexts.
This suggests that the models need further refinement to better understand
and process such complex, project-specific details. Future research could fo-
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cus on incorporating more advanced modeling techniques or enhancing the
contextual understanding of the models to address these challenges.

Furthermore, while LLM-generated statecharts provided time-saving benefits,
the quality of the generated outputs did not always match the level of func-
tional correctness and clarity found in manually created charts. This indicates
that further improvements are needed in the generation process. Future work
could explore hybrid approaches, combining LLM-generated statecharts with
human expert feedback to refine the outputs. This approach would likely im-
prove the alignment of the generated statecharts with the required quality
standards, making them more suitable for real-world applications. Although
LLMs can generate statecharts more efficiently than human experts, the trade-
off between speed and quality needs further investigation. Future work should
examine ways to balance these two aspects to ensure that time efficiency does
not come at the cost of the functional quality or clarity of the statecharts.

In summary, this study highlights the potential of LLMs for generating state-
charts in the automotive industry, while also identifying key areas for improve-
ment. By expanding the dataset, addressing the challenges posed by complex
requirements, and exploring hybrid models that combine LLMs with human
feedback, future research can significantly enhance the utility and performance
of LLM-generated statecharts in real-world applications.
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In conclusion, this study provides strong evidence that fine-tuning LLMs with
domain-specific data can significantly improve the quality of LLM-generated
statecharts. The results confirm that fine-tuned models outperform non-fine-
tuned models in terms of functional correctness and understandability, making
them a useful tool for generating statecharts in automotive engineering and
similar domains. However, while the fine-tuned LLMs show noticeable im-
provements over the baseline, they still do not match the functional correct-
ness and clarity of manually created statecharts, primarily due to issues with
requirement alignment and inconsistency in terminology. These limitations
indicate that LLM-generated charts are not yet ready to fully replace human
expertise in complex, domain specific use cases.

Overall, the findings suggest that LLM-generated statecharts offer potential
for time efficiency and ease of use, particularly for less complex scenarios.
However, further advancements are needed to improve contextual understand-
ing and requirement alignment to make LLM-generated charts more reliable
and suitable for professional use.
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A
Appendix

Appendix 1: Domain Expert Evaluation of AI-
Generated Statecharts Using Likert Scale

Demographic Information
1. Full Name:

2. Email:

3. Job Title:

4. How many years have you been in your current position?

5. How many years have you been with this company?

Evaluation Instructions
For each of the 12 test cases, please rate the functional correctness and
understandability of the AI-generated statecharts using the following Likert
scale:

Rating Description
1 Very Poor
2 Poor
3 Fair
4 Good
5 Excellent

Note: You will be asked to give two ratings per test case – one for Functional
Correctness and one for Understandability.
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A. Appendix

Appendix 2: Domain Expert Feedback on AI
vs. Manual Statecharts (Semi-Structured In-
terviews)

Interview Questions
1. Could you briefly describe your background and experience with state-

charts or system modeling?

2. When evaluating the quality of a statechart, which characteristics do you
consider most important (e.g., functional correctness, understandability,
efficiency)?

3. How would you rate the functional correctness of the AI-generated
statecharts compared to the manually created ones?
(Very Poor, Poor, Neutral, Good, Excellent)

4. How would you rate the understandability of the AI-generated state-
charts compared to the manually created ones?
(Very Unclear, Somewhat Unclear, Neutral, Somewhat Clear, Very Clear)

5. How closely do the AI-generated statecharts align with the original tex-
tual requirements?
(Not Aligned at All, Slightly Aligned, Moderately Aligned, Mostly Aligned,
Fully Aligned)

6. Were there specific elements or behaviors within the AI-generated state-
charts that you found unclear, incorrect, or inconsistent? (Select all that
apply)

– Naming Conventions

– States/Transitions

– Logic Flow

– Visual Layout

– Terminology

– Other (please specify):

7. How usable do you find the AI-generated statecharts for tasks such as
system design, validation, or documentation?
(Not Usable, Slightly Usable, Moderately Usable, Very Usable, Fully Us-
able)
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Follow-up: What modifications or efforts would be required to make
them fully usable?

8. How much time or effort would you estimate is required to adapt the
AI-generated statecharts for actual professional use?

9. Based on your expertise, what improvements would you recommend to
enhance the quality or usefulness of the AI-generated statecharts?

10. Is there anything else you would like to share about the comparative
quality or relevance of the statecharts you reviewed?

Appendix 3: statecharts of finetune and manual
created statecharts

Test case 11: mirror adjustments
1. Users can adjust the mirrors using central display buttons.

2. There are 6 buttons: users can select adjusting the right mirror, left
mirror, or adjust directionally toward up, down, left, or right.

3. When the left mirror is selected, the up, down, left, or right buttons will
affect the movement of the left mirror.

4. When the right mirror is selected, the up, down, left, or right buttons
will affect the movement of the right mirror.

Figure A.1: Statechart of Test case 11 for finetune model
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Figure A.2: Statechart of Test case 11 for Manual created statechart

Test case 9: Hood frunk opening closing holding

1. Hood has 3 states. Fully open, open and in secondary position (means
hood is open but safety mechanism need to be released to be fully open),
and close.

2. Users can open the hood to the secondary position using the hood handle
inside the car.

3. If the hood is closed, by pulling the handle, the hood opens to the sec-
ondary position.

4. If the hood is fully open or in secondary position, by pulling the handle
nothing happens.

5. User can fully open the hood if the hood is in secondary position by
releasing the safety mechanism.

6. User can close the hood when the hood is in fully open state or when
hood is in secondary position.
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Figure A.3: Statechart of Test case 9 for finetune model

Figure A.4: Statechart of Test case 9 for Manual created statechart

Test case 5: windscreen wiping
1. Windscreen wipers can be started either manually or automatically.

2. It should be possible to activate windscreen wiper manually using right
stalk to 3 different levels. It’s either off, or level 1, or level 2 or level 3.

3. Level 1 means 2 seconds interval between each wipe.

4. Level 2 means 1 second interval between each wipe.

5. Level 3 means 500 milliseconds interval between each wipe.

6. It should be possible to activate the windscreen wiper automatically
using the right stalk.

7. Users can set the wiper sensitivity in central display in 3 different levels.
Low, medium and high.

VI



A. Appendix

Figure A.5: Statechart of Test case 5 for finetune model

Figure A.6: Statechart of Test case 5 for Manual created statechart
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