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Abstract
Automated Driving System (ADS) is a safety-critical software sys-
tem responsible for the interpretation of the vehicle’s environment
and making decisions accordingly. The unbounded complexity of
the driving context, including unforeseeable events, necessitate
continuous improvement, often achieved through iterative DevOps
processes. However, DevOps processes are themselves complex,
making these improvements both time- and resource-intensive. Au-
tomation in code generation for ADS using Large Language Models
(LLM) is one potential approach to address this challenge. Neverthe-
less, the development of ADS requires rigorous processes to verify,
validate, assess, and qualify the code before it can be deployed in the
vehicle and used. In this study, we developed and evaluated a proto-
type for automatic code generation and assessment using a designed
pipeline of a LLM-based agent, simulation model, and rule-based
feedback generator in an industrial setup. The LLM-generated code
is evaluated automatically in a simulation model against multiple
critical traffic scenarios, and an assessment report is provided as
feedback to the LLM for modification or bug fixing. We report about
the experimental results of the prototype employing Codellama:34b,
DeepSeek (r1:32b and Coder:33b), CodeGemma:7b, Mistral:7b, and
GPT4 for Adaptive Cruise Control (ACC) and Unsupervised Colli-
sion Avoidance by Evasive Manoeuvre (CAEM). We finally assessed
the tool with 11 experts at two Original Equipment Manufacturers
(OEMs) by conducting an interview study.
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1 Introduction
To facilitate continuous improvement of Autonomous Driving Sys-
tems (ADS) and expansion of its Operational Design Domain (ODD)
[9], software-defined vehicles rely heavily on software, while the
hardware remains largely unchanged. Over-the-air (OTA) updates
and centralized compute units enable the ongoing enhancement
of functionalities during operation, leveraging DevOps. Rapid soft-
ware updates are not only crucial for guaranteeing the safety of
the system against new, unknown hazardous situations but also for
improving customer experience. Automation can serve as a solution
for rapid and efficient software implementation.

Natural language serves as the main input in various stages of
the software engineering process, including function descriptions,
requirements engineering [24], and scenario descriptions [33]. As
LLMs have demonstrated their capability in tasks involving natural
language and code generation, their application in automating code
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generation is promising. However, their capabilities have been ex-
amined in simple coding tasks [4] and not in safety-related complex
applications. Moreover, due to LLMs’ known weaknesses and the
safety-related nature of ADS, the generated code must follow strin-
gent processes prescribed in ISO 26262 and ISO 21448 [9] such as
code reviews, verification, and validation. Software in the Loop (SiL)
and simulation [6] environments can be used to verify the code in
a closed loop before it is integrated into hardware and reviewed by
engineers. This serves as a preliminary validations to increase effi-
ciency and improve code quality before other resource-demanding
steps, such as code reviews.

Our goal is to design, implement, and evaluate an LLM-based au-
tomated code generation prototype: a pipeline aimed at accelerating
automotive function development—such as ADS—in an industrial
setting. Moreover, as LLMs are the main component of the designed
pipeline, it is crucial to evaluate their performance with different
models. By doing so, we address the following research questions:

RQ1: What are limitations of an LLM-based automatic code gener-
ation for safety-related, automotive systems?

RQ2: What are potential automatic approaches to tackle those
limitations and improve the quality of the code?

RQ3: How do state-of-the-art LLM models perform under the pro-
posed approach, when evaluated against quantitative key
safety-related performance indicators?

2 Related Work
LLMs are used in various tasks to assist software engineers, in-
cluding code comprehension and summarization [12], acting as
chatbots for analyzing or extracting data from repositories [2],
and performing automation tasks at the repository level [3]. LLMs
have also been employed in automated vulnerability fixing [25]
and code repair [17] to efficiently fix software bugs without hu-
man intervention. [17] explored the iterative Synthesis, Execution,
and Debugging (SED) approach to leveraging LLMs in program-
ming and overcoming the so-called near miss syndrome. Another
approach proposes that the user break the task into sub-tasks so
the model can deliver code for complex requests[20].

The capabilities of LLMs have also been studied in test genera-
tion, test correctness, test coverage, and test smells against existing
benchmarks [27]. Benchmarks are a starting point for evaluating
the performance of LLMs. However, as highlighted by [34], the lack
of transparency regarding the training datasets of state-of-the-art
LLMs raises concerns about the possibility that the benchmarks
data leaked to training datasets (so-called benchmark leakage).

Benchmark leakage creates the risk of assessing the model’s
memory rather than its ability to handle unseen tasks, which
is crucial for real-world applications. Therefore, as proposed
in Sec. 4.1 and reported in Sec. 7, new evaluation methods are
needed to ensure that LLMs can meet expectations when em-
ployed for real world use-cases.

LLMs are also employed to develop robotic [15] and driving code
policies [18], or to translate user intent in natural language into
code [20]. Liu et al.[16] explored LLM-based safety-related code
generation for vehicle behaviour and proposed prompt engineering
methods to enhance the quality of the code. They also prescribed

Figure 1: Design and engineering cycles in this study.

a manual verification and code compliance process for generated
codes by LLMs. However, manual verification comes with the cost
of labor and the involvement of experts, particularly if multiple
iterations are needed, as the generated code might not match the
minimum expected quality. Hence, automated verification tech-
niques are crucial to sanity-check and bug fix in the generated
code before being presented to the user. These techniques make the
review process more efficient and effective, as discussed in Sec. 6.2.

3 Methodology
As shown in Fig. 1, this paper employs Design Science to design,
implement and evaluate a prototype capable of automatically gen-
erating and evaluating safety-related code for automotive functions
such as ADS. This pipeline, leveraging GenAI, includes mechanisms
to evaluate the generated code, allowing for iterative improvements
to the final function delivered to the user. The paper also details
the evaluation results of this artifact. To do so, the study adhered to
the guidelines by Hevner et al. [7], which outline iterative phases
of design performed until the objectives are met.

First, the problem is identified and the goals of each of design
cycle are defined accordingly. The initial design cycle of this pro-
cess, and the first step of this study, involved identifying relevant
challenges in generating code using GenAI. This was done by re-
viewing existing academic literature and drawing from experiences
within the case company, which provided the real-world context
for evaluating the proposed artifact. These insights, introduced in
Section 2 and discussed in Section 5, underscore the need for the
proposed artifact and address Research Question 1 (RQ1).

The defined objectives for each design cycle are addressed to
improve the artifact, which is then tested and evaluated, with the re-
sults communicated. This process helps identify further limitations
to address in subsequent cycles. Thus, in the second step, using
the gathered information, the study proposed an initial version of
the artifact. This first proposal was refined through iterations, such
as exploring prompt engineering and other techniques, to achieve
better results in terms of passing predefined tests, as described in
Section 4.3. The various strategies explored to tackle the limitations
are presented in Sections 6 and evaluated in Sec. 7.1 and Sec. 7.3,
addressing Research Question 2 (RQ2). As the third step, the pro-
posed safety requirements in Sec. 4.2 and test cases in Sec. 4.3 to
evaluate and compare the generated codes by the state-of-the-art
LLM models in the proposed prototype are reported and discussed
in Sec. 7, addressing the Research Question 3 (RQ3).

Our study describes the final designed artifact in detail, and it
presents the chain of evidence from observations in each iteration
to the findings in Section 7.4. In addition, we share lessons learned
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during the artifact development, which could guide future research
on GenAI for code generation within the automotive industry. The
literature review was conducted using Google Scholar, IEEE Xplore,
ACM Digital Library, and ScienceDirect. Relevant papers were found
using the following search string, and the review was extended
using forward and backward snowballing:

("active safety" OR "autonomous driving" OR
"autonomous driving systems") AND
("large language models" OR LLM OR

"Generative AI") AND "vehicle simulation"

3.1 Case Study: an industry-relevant context
The core of this research is to address an industry-relevant challenge
involving complex functions, processes, and regulations. However,
for novel technologies such as LLMs, the knowledge is not yet
publicly documented as standards or regulations, and industrial
experts are the primary source of knowledge. Thus, it is crucial to
assess the validity of the proposed treatments in an industry setting
by employing case studies and interviewing experts in the industry
to collect their feedback. The case study is conducted in a company
involved in ADS development, and the results are presented and
discussed both in the case company and their supplier software
company involved in ADS development. The developed prototype
is designed to be suitable for use in real industrial settings, such as
inputs to the pipeline, simulation model, and acceptance criteria.
This setup ensures that the designed prototype is a practical tool
that aligns with industry practices, needs and requirements.

3.2 Experiment setup: esmini
The prototype was implemented by integrating Environment Simu-
lator Minimalistic (esmini) [5], as an abstract world model in which
the function could operate and be visualised, along with a report
generator. esmini is considered a suitable environment because our
prototype aims to generate code for the function abstraction level
in the concept phase, which aligns with its capabilities [6]. The
generated software in each iteration is tested in the virtual environ-
ment, and reports are generated automatically. esmini provides a
realistic testing environment by allowing the generated code to con-
trol the ego vehicle in multiple critical scenarios. As this simulation
environment is used in the verification and validation of both ADS
and advanced driver assistance systems (ADAS) functions in the
case company, it not only becomes part of the pipeline (providing
feedback to the LLM) but also serves as an intuitive evaluation tool
for the implemented prototype in this study. Thus, the quantitative
and qualitative pass or fail generated reports are used as Key Per-
formance Indicators (KPIs) for evaluation of proposed treatments
in each engineering cycle.

3.3 Triangulation with Interview Study
As the final evaluation stage, 11 experts from two OEMs involved in
ADS development are interviewed, and their comments and insights
are reported in Sec. 7.3.

Interview Method: The interviews were conducted through Mi-
crosoft Teams and ranged from 30 to 60 minutes. To ensure con-
sistency in data collection and to guide the researcher, a detailed

interview protocol was designed after the pilot study1. During the
interview, a Microsoft Forms containing all the questions was filled
out and then sent back to the experts after the interview for val-
idation. The demo of the prototype was pre-recorded and played
for the participants. The demo included the generated code, cor-
responding visualised simulations, and test reports for multiple
iterations of the prototype. After the demo, the experts could ask
questions, and the interviewers could provide clarifications.

Questions: The experts expressed their opinions through open-
ended and multiple-choice questions, followed by optional com-
ments to encourage and allow for open-ended discussions. The
researcher could also ask additional questions based on the experts’
answers to further explore their insights. The experts were initially
asked to express their experience in using LLMs for code generation.
Subsequently, the collected challenges were presented to them as
statements, and they could select between strongly agree, agree,
disagree, strongly disagree, and neutral. Neutral could be selected
if they had no opinion or preferred not to answer. After each chal-
lenge, there was an option to add further comments for clarification
or to share their experiences. In the final stage, the usefulness of
the tool was explored, including its advantages and disadvantages,
weaknesses and strengths, potential ideas for improvement, and
other use cases of the implemented prototype.

Participants: To be eligible, the participants had to have at least 5
years of experience in ADS development. 11 experts were selected
from 2 OEMs with diverse roles to validate and explore both the
problem relevance and the prototype designed for it. The group
included one manager, three product owners, two verification and
validation engineers, one data scientist, one system architect, one
programmer and three system safety experts. The experts had on
average 12 years of experience, and were located in three differ-
ent countries. An ID (Px) is assigned to each expert, and they are
referred to in the text using their ID. The ethical guidelines for
software engineering interview studies, such as obtaining consent,
anonymization, and confidentiality, as proposed by Strandberg [28]
were followed.

4 Artifact
The needs and requirements from the case company were collected
during the initial engineering cycles through continuous discus-
sions, considering both the OEM’s needs and the capabilities and
limitations of LLM technology. Below is the final use case descrip-
tion of the prototype, along with the requirements.

Use Case: The main use case of the prototype is in the concept
phase and at the function abstraction level for verifying and vali-
dating the function description. It also helps with the development
of a formal notation (i.e., Python code) of the function description
in natural text to better explain the logic of the function, and fi-
nally, visualizing the logic. Both the logic and visualization help to
capture safety-related weaknesses in function requirements, such
as contradictions between functional requirements or ambiguities.
The simple syntax, semantics, and high-level constructs of Python
make it an ideal option for these purposes in the concept phase.

Inputs: The only allowed inputs to the prototype are the function
description in natural language, scenario descriptions in ASAM

1Interview study protocol: https://doi.org/10.5281/zenodo.14783284
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OpenSCENARIO [1] format, and test cases. The prototype shall
create the first version of the code, with no need for legacy code.
Although the user can provide hints in the function description
to guide the LLM, the prototype shall be evaluated without legacy
human-generated code.

4.1 Case Function
Selecting the appropriate function for the experiment is crucial,
as factors such as algorithm complexity and prior knowledge of
LLMs are important considerations for improving the validity of the
experiment. The main potential use case of the prototype is for func-
tion expansion and rapid reaction to identified unknown scenarios.
Therefore, the function selected for evaluating the effectiveness of
the prototype is the delta between version one and version two of
ADS, as proposed by ISO/TR 4804 [10]. “Unsupervised Traffic Jam
Chauffeur System” (Version one) is only operational when there is
a lead vehicle and shall stay in the same lane [10]. If a lane change
is needed, it must be performed by the driver. The vehicle can avoid
collisions only by braking and is not allowed to perform evasive
manoeuvres. Motorway Chauffeur System (Version two) is opera-
tional with or without a leading vehicle and is allowed to change
lanes without human supervision [10].

Unsupervised Collision Avoidance by Evasive Manoeuvre (CAEM)
is a potential add-on function to version one of ADS (i.e., lane
change not allowed), moving towards version two (i.e., lane change
is allowed). It is responsible for performing unsupervised lane
changes when braking cannot avoid a collision with vehicle in front
due to a braking system failure, or insufficient braking distance.

In this study, other functions such as Automated Emergency
Braking (AEB) and Adaptive Cruise Control (ACC) are also used
as case functions, although they are not used as the main criteria
to evaluate the performance of the prototype due to the lower
complexity of these two functions. Moreover, as AEB and ACC are
mature, there is plenty of data (e.g., code, and documentation) in
public databases, which increases the probability of the LLM being
trained on them, posing a threat to validity for evaluation [22].
On the contrary, CAEM is not only more complex but also quite
immature with respect to existing publicly available data.

4.2 Safety Requirements
Given that the hazards associated with the function can lead to
safety-related losses, it is essential to specify safety requirements
(SRs) that must be met to ensure its safe operation. The safety
requirements are specified as following:
SR1: Avoid collisions with dynamic or static objects on the road.
SR2: Avoid exiting drive-able area.
SR3: Avoid unintended lane change if there is no imminent colli-

sion with the vehicle in front.

4.3 Test Cases
The safety of the generated code is evaluated based on the number of
successfully passed Tests Cases (TC) each covering one or multiple
safety requirements.

Cut-in & decelerate at 120, 80, & 40 kph (TC1, TC2, and TC3):
These three scenarios occurs on a multi-lane highway, with the ego
vehicle driving with constant speeds of 120 kph (TC1), 80 kph (TC2),

and 40 kph (TC3) in the second lane from the left, while the Over-
Taker vehicle starts in the adjacent lane (first lane), matching and
slightly exceeding the ego vehicle’s speed. The Over-Taker performs
a cut-in manoeuvre and immediately decelerates, while the ego
vehicle maintains the speed. According to UNECE Regulation No.
157 [29], time gap from having perceived the braking by the front
vehicle to starting reaction (e.g., braking) by the ego vehicle, is 0.75
seconds for a skilled human driver [29]. On the other hand, for those
three scenarios, the time gap between the Over-Taker and the ego
vehicle (i.e., headway time) at the moment of deceleration is only
0.4 seconds, which is significantly shorter than the 0.75 seconds in
terms of reaction time, making the scenario more challenging.

Cut-in & decelerate with Lane Blockage (TC4 and TC5):As depicted
in Fig. 2, the Over-Taker in these two scenarios behaves the same as
in previous scenarios, with the ego vehicle maintaining a speed of
108 kph. However, in these scenarios, an additional vehicle serves
the role of blocking the left lane. In TC4, the static vehicle is placed
further ahead in the left lane, which is the proposed lane for the
ego vehicle to perform an evasive manoeuvre. This could lead to
a collision if the ego vehicle does not respond appropriately. In
TC5, the blocker adjusts its speed to match the ego vehicle when it
reaches the left of the ego vehicle, blocking the lane.

Unintended lane change (TC6 and TC7): In the last two scenarios,
the absence of unintended lane change behaviour (i.e., false positive)
is tested. In TC6, there are no other vehicle on the road to check if
the controller performs any unintended lane changes. In TC7, the
ego vehicle is in the first lane from the left while another vehicle
passes in the opposite direction.

To more accurately assess the safety of the generated controller
for CAEM, it is assumed that the vehicle maintains a constant longi-
tudinal speed (i.e., no deceleration) during the collision avoidance,
which increases the difficulty of the scenario compared to real-
world conditions. Hence, in TC1 to TC5 the function shall perform
lane change to satisfy SR1. Additionally, in scenario TC4 and TC5,
the function need to avoid collision with the second agent as per-
forming the lane change. In all scenarios the controller shall stay
on the road to satisfy SR2 which is challenging especially while
performing the evasive manoeuvre. TC6 and TC7 are designed to
test if the generated controller violate SR3.

5 LLMs limitations in Code Generation
A number of limitations of LLM-based code generation tools were
extracted from the literature and interviewees’ insights. Said limita-
tions are reported in this section, clustered based on the proposals
in the literature and their importance in safety-related domains.

It is difficult to evaluate generated code Code review and test
are required steps in safety-related software before its release [21].
However, Vaithilingam et al. concluded that the “participants often
failed to understand and assess the correctness of the generated
code” [30]. This might be because LLMs often generate hallucina-
tions and use uncommon APIs [14]. Moreover, lower readability
and comprehensiveness of LLM code have also been reported [11],
which can lead to failing to find bugs. Surprisingly, interviewees
P3, P5, and P11, who are experienced in reviewing LLM-generated
codes, disagreed with this limitation, and stated that LLM-generated
code is easy to understand, even more than human-generated code,
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You are tasked with writing Python files to control autonomous cars within a simulated 
environment. These controller files receive information about the simulation through a `State` 
class object, allowing commands to be issued to a vehicle referred to as the Ego car. 

. 

. 

. 

State Class Documentation: The `CustomController` interacts with the simulation via the 
`State` class, which provides the following functionalities: 
 
    def __init__(self, simulator): 
        ... 
        # A list of all the cars in the simulation. The "ego" car is at index 0. 
        self.vehicles = [] 
 
    def switch_lane(self, lane_id): 
        # Changes the ego car's lane. 1 for left and -1 for right. 
 

. 

. 

. 

Vehicle Class: 
Each vehicle in the simulation, including the Ego car, is represented as follows: 
    def __init__(self, identity, position, speed, lane_id, s, t): 
        self.id = identity  # Integer 

. 

. 

. 
 

Here is a code which failed in some of its tested and its report: 
<Add the scenario descriptions> 
< Add the last version of Code> 
<Add the Test Results> 

 
Your task is to generate a custom_controller.py file that controlls <Add function description> 
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Compile-able?

Code Correction
Correction 
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Figure 2: Presenting the implementation for iterative automated LLM-based code generation using a simulation model for
safety evaluation and for improving the generated code: The pipeline receives the function description and test cases (e.g., TC4
and TC5 depicted on the left side). Initially, the pipeline uses a Specification Prompt to generate the first version of the code.
This code is then sent to the simulation model, and a test report is generated in natural language. This report is used in the
Correction Prompt (template on the right side) to generate subsequent versions of the code based on the initial version.

according to P5. Interviewees P1, P10, and P11 added that the re-
viewers’ knowledge and experience is an influential factor in failing
to detect a software fault [32],

Required review and bug fixing effort It has been reported in
the literature that reviewing, bug-fixing, and modifying the gen-
erated code requires too much time and effort [14, 30], which was
confirmed by three of the interviewees: P6, P7 and P8. However,
they judged it similar or even easier to review than human-written
code. The issue might however lie in LLMs’ tendency to generate
large amounts of code quickly without guaranteeing the minimum
functional or non-functional acceptance criteria, which can lead to
time and resource-intensive review efforts. These efforts could be
reduced by improving the quality of the code using a closed-loop
feedback mechanism to the LLM and iterating on it. To mitigate this,
novel testing methods, covering both functional and non-functional
requirements of the code, could be used to perform preliminary
validations before the engineer conducts a code review, reducing
the number of iterative reviews.

Prompt Engineering difficulties Interviewee P1 stated that com-
municating with an LLM is an engineering skill, that prompts are a
programming language, and need to be more specific. For instance,
ambiguous prompts can lead to errors in the generated code [23].
Code-generation prompts might therefore require detailed explana-
tions, which might exceed token limitations, or breaking the tasks
into sub-tasks or sub-functions. However, as P4 and P6 pointed
out, missing context in the prompts are potential reasons for lower
performance, as is using outdated models. This might lead to the
generated code not satisfying all requirements in the prompts [14].

Unnecessary complexity of generated code It has been reported
that LLM-generated code is unnecessarily more complex [19] and
less efficient [11]. Surprisingly, none of the interviewees agreed,
and countered that the complexity depends on the task, as does for
human-written code.

Incorrect understanding of domain-specific terms LLMs might
not understand the intended definition of some domain-specific
terms [16, 22], which can lead to wrong interpretation of the prompt.

All interviewees agreed to this limitation, and shared their expe-
riences related to understanding specific terms from ISO 21448,
and specific communication protocols. Training the model using
domain-specific data was among the proposed solutions.

Incorrect, inaccurate, insecure, or unsafe code The so called “near
miss syndrome” or “last mile problem” refers to generations that
are close to correct but not entirely operational [17], recommend
compromised packages, or use insecure function calls [4]. Moreover,
it is hard to predict the LLM-generated code [14], specially for some
programming languages [19] and for some tasks. In this regard,
interviewee P6 shed light on GPT4 struggling to generate code for
new tasks, while recognizing its usefulness for tasks with existing
code. All experts, however, highlighted similar challenges in human-
generated code, and suggested using similar testing and code review
mechanisms as those used today.

Intellectual Property (IP) infringement LLMs’ training may in-
clude copyrighted material, which might reappear in the generated
code (even if partially) and might not be identified by code review-
ers [4, 13]. For this reason, a fifth of participants in a survey stated
not using AI programming assistance to avoid potential IP infringe-
ment [14]. According to P10, this is a real concern that poses legal
risks for companies. On the other hand, providing requirements
and code to LLMs might expose users’ or their company’s IP to
third parties. Confidentiality was however not a concern for most
interviewees, as some providers guarantee the confidentiality of
conversations and to not use user data for model training.

Not suitable for complex software LLMs might not be able to han-
dle or generate correct code for complex algorithms [13]. According
to P3, GPT-4 Turbo is quite powerful for generating short snippets
of code as long as the logic is “shallow,” even though the maturity
of the model could be an influential factor. Decomposing complex
tasks is not only seen as an approach for improving LLM-generated
code, but also for effective and efficient reviewing processes.
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6 Treatment Design
To satisfy the requested use case (Sec. 4) using GPT-4, considering its
limitations as identified in Sec. 5, a closed-loop iterative LLM-based
pipeline is proposed and a prototype is implemented. As presented
in Fig. 2, this pipeline leverages code execution through simulation
and creates test reports in natural text as feedback to the LLM to
improve the generated code. The concept builds on the idea that the
initially generated code, which might not be fully functional or may
violate some safety requirements such as avoiding collisions, can be
improved through additional iterations by providing feedback. The
feedback highlights details regarding malfunctions or functional
inefficiencies [9] of the generated code, which are translated from
simulation logs into a natural language report and provided to the
LLM for iterative bug fixing and code improvement. The concept
of enhancing the code generation model in the artifact through
targeted evaluation and refinement is associated with previously
examined ideas in the literature such as iterative improvement, learn-
ing from errors, and multi-turn generation [8, 17, 20, 26, 31]. The
designed prototype receives the function description of the desired
ADAS or ADS function in natural language, along with traffic sce-
nario files and test cases to evaluate the generated code. It then
provides the generated code along with a test report.

6.1 LLM and prompt engineering:
To address research questions RQ1 and RQ2, the initial problem in-
vestigation and validation involving standard experiments are done
to assess the capability of GPT-4, like the one that is done in hiring
process. As a result, the capabilities and limitations of the GPT-4 and
weaknesses of engineered prompts are identified. Then the prompts
are improved to tackle identified issues. Liu et al. [16] reported on
a set of prompt engineering techniques for code generation, such
as constraints on the code, detailed step descriptions, and inclusion
of examples in the prompts, in addition to the primary functional
description of the code. Guidelines from standards and regulations
can be included as constraints in the prompts. Disambiguation of
the prompts can be done by integrating the local context of the
users, which can lead to improvements in the output [32]. Initiation
of the prompts using context is also examined in [22]. Moreover,
domain-specific terms and requirements need to be transformed
to general requirements [16], or described as a separate context at
the start of the prompt [22]. During the initial steps, manual test
reports are provided as feedback to GPT-4 to better understand the
effective prompt strategy for providing feedback and observing the
evolution of software. Identifying the required information in the
reports provided to GPT-4 is also another outcome of this step.

There are two categories of prompts: the initial prompt to gen-
erate the controller for the first time without any feedback (Speci-
fication Prompt); and the second one, for generating subsequent
versions based on the initial version (Correction Prompt). The Spec-
ification Prompt consists of Context and Task Description.

Context defines the required programming language and the
generic coding instructions necessary for integrating the generated
controller with other software components in the system. In this
study, the code interacts with a simulation model, which includes
instructions on how to read the state of the ego vehicle and other
agents within the simulation. This section is a generic description
that remains the same for any new function.

Figure 3: Illustration of the baseline selection strategy across
generated code versions over multiple iterations of the pro-
posed feedbackmechanism at step 𝑡𝑛 . The code version𝐶2𝑛−1
represent the initial version in each cycle, generated without
any feedback. Through refinement via the feedback mecha-
nism, an enhanced version 𝐶2𝑛 is generated and evaluated.

Task Description provides a description of the function, com-
monly referred to as the item definition in the automotive domain,
which specifies the abstract behaviour required from the function.
The task description may also include known legal or safety require-
ments. For instance, in this case, the LLM is instructed to prioritise
lane changes to the left. Additionally, it can incorporate lessons
learned and suggestions. For example, Time to Collision is defined
in natural language as a potential metric: "A measure for imminent
collision is the time to collision (TTC), defined as. . . ". Known logics
can also be represented as pseudo-code; however, this was not used
in the study to maintain the validity of the experiment.

As presented in Fig. 2, the Correction Prompt consists of Context,
Scenario Description, Last Version of Code, Test Results, and Task
Description. last version of Code is the previous version of the gen-
erated controller code, which is provided for creating the updated
controller. Scenario Description is the natural language description
of each scenario. Test Results includes descriptions of both passed
and failed test cases, which are generated automatically by a Python
script based on the logged data from simulation. For instance, in
one case that the ego vehicle collides with another vehicle, the
result is stated as: “Ego was involved in a collision at time: 13.3
seconds with a speed of 33.33 m/s, colliding with: OverTaker.”

6.2 Feedback loop
The generated code is extracted from the received message from
LLM and is tested against various safety-related traffic scenarios,
as discussed in 4.3, to identify safety-related hazards caused by
the controller and report them back to the LLM. For each traffic
scenario, multiple acceptance criteria, such as collision detection,
were evaluated. As a result, the esmini simulator provides tabular
log files detailing the positions and velocities of each vehicle at
each time-step for every test case. Since the LLM is not able to
reliably interpret these log files, a report generator was developed
to translate the numerical logs into natural language and report
them, summarising the pass or fail state of all acceptance criteria
for each test case, forming a Simulation-LLM conversation.

In each iteration, if the code passes all tests or the specified
iteration limit is reached, the code generation process stops, and
the prototype exits the loop. There is also the option to start fresh
and explore newly generated codes, which has been found to be
effective when combined with the feedback loop. Each generated
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Figure 4: Visualization of the progression of generated codes
and their selected baseline at each step. Black arrows show
performance improvements through simulation-based feed-
back to LLM, while red dashed arrows highlight regressions
between initial versions and subsequent refinements.

code is compared to the current baseline based on their respective
test reports. The best-performing code is selected in each loop as the
new baseline and delivered along with the corresponding report.

7 Evaluation and Validation of Pipeline
Initially, in Sec. 7.1, the performance of the pipeline is evaluated for
the main configuration (Model: GPT-4, Function: CAEM). Subse-
quently, in Sec. 7.2 the performance of other configurations of the
prototype is evaluated and compared. These configurations involve
various open-source LLM models 2 and GPT-4 for two functions
(ACC and CAEM). Lastly, the effectiveness and efficiency of the
prototype were evaluated through an interview study by demoing
the tool to experts involved in ADS development, as explained in
Sec. 3.3. Moreover, the assumed challenges of the employed technol-
ogy, the use cases of the artifact, and the proposed treatments were
validated. The diversity of the experts, in terms of roles and expe-
rience, helped to better explore potential limitations, weaknesses,
use cases, or concerns related to both the LLM and the pipeline.

7.1 Evaluation of Pipeline by Experiment
As presented in Fig. 2 and illustrated in Fig. 3, the pipeline generates
one code per initiation.If needed, the code is sent for correction,
leading to an enhanced version. As a result, two versions of the code
are produced per initiation. In this experiment, the pipeline was
initiated 20 times, resulting in 40 versions of the code for the CAEM
function using GPT-4. These versions were tested across multiple
traffic scenarios simulated in esmini, as discussed in Sec. 3.2 and 4.3.
Each version of the code is then analyzed based on the number of
successful test cases that satisfy the safety acceptance criteria, and
the results are presented in Fig. 4.

As shown in Fig. 4, the baseline achieved 6 successful test cases
by the third version, while the golden baseline, which satisfies all
test cases, was reached in version 26. In the 13th fresh start of
the pipeline (𝑡13), the initial code version (𝐶25) passed 4 test cases.
Through the feedback mechanism the next version (𝐶26) reached

2deepseek-coder:33b (ID: acec7c0b0fd9); deepseek-r1:32b (ID: 38056bbcbb2d);
codegemma:latest (ID: 0c96700aaada); mistral:7b (ID: f974a74358d6); codellama:34b
(ID: 685be00e1532)

Figure 5: Performance comparison of different LLM mod-
els in the designed pipeline for ACC and CAEM. Codes are
checked for syntax errors (red dotted bars) and then eval-
uated on all test cases. If the code passes all test cases, the
process is completed (green bars with horizontal lines). If
it fails one or more test cases (orange bars with diagonal
lines), it is sent to correction attempt and tested if lead to
a correct code (green bars with diagonal lines). The models
are ordered from left (lowest performance) to right (highest
performance) based on two criteria: (1) the number of codes
that passed all test cases and (2) if none of the codes are suc-
cessful, then based on the number of compilable codes.

the mature stage and successfully passed all test cases3. There are
three instances in which the attempted correction could not be
executed in the simulation (e.g.,𝐶10), and three additional instances
that result in run-time errors for some scenarios (e.g., 𝐶18). These
six cases lead to regression compared to the initial version and are
flagged by the pipeline, as illustrated𝐶10 in Fig. 3. After accounting
for corrections that resulted in a second fully executable version,
there were 14 initial generations and 14 enhanced versions, the
effectiveness of the feedback loop and correction prompt can be
evaluated. The results show an average improvement of passed
tests cases (P) of 9.2% of all 14 corrections and 37% considering only
the improvements (5 corrections).

Insight: In the correction attempt, regressions might occur;
however, the pipeline detects and removes them.

7.2 Evaluation and Comparison of LLM Models
As it is shown in Fig. 5, CodeGemma:7b and Mistral:7b managed to
generate successful codes for ACC (1 and 3 instances, respectively),
while Codellama:34b, DeepSeek-r1:32b, and DeepSeek-Coder:33b
failed. None of these five open source models successfully gener-
ated fully functional and successful code for CAEM. CodeLlama
had the highest number of non-compilable cases, with a total of 26,
primarily due to syntax errors or instances where no code was gen-
erated. In comparison, CodeGemma had 24 non-compilable cases,
and Mistral had 11. Although compilable code does not guaran-
tee successful execution (e.g., runtime errors), it can still serve as
the second criterion for comparing model performance if there is
no successful code. This is especially true since producing compil-
able code, even with incorrect behavior, is generally the minimum
expectation from code generator.

3Appendix providing the sample generated codes and reports for (𝑡13) and and the
simulation visualisations, https://doi.org/10.5281/zenodo.14783374
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Insight: Unlike Codellama:34b, DeepSeek-r1:32b, DeepSeek-
Coder:33b, CodeGemma:7b, and Mistral:7b, all codes generated
by GPT-4 compiled. GPT-4 demonstrated the highest success
rates for both ACC (6 for the initial version and 5 after correction)
and CAEM (1 for the initial version and 1 after correction).

7.3 Evaluation by Experts
Seven experts in the interview study voted for “very useful” and
the rest voted for “useful,” citing several reasons. The tool reduces
the effort and workload of developers, saving time for new feature
development (mentioned by 8 experts) and serving as a prototyp-
ing tool in concept phase (mentioned by 3 experts). It automates
the entire software development process and making it faster and
less resource-demanding than human coders, by adapting the code
based on simulation feedback and failed tests (mentioned by 3
experts). Additionally, it helps to code complex ADS rules and re-
quirements (mentioned by 1 expert), and employ creative strategies
to enhance development efficiency (mentioned by 1 experts). Fi-
nally, it aids in rapid visualization (mentioned by 1 experts) and
improvement of function description, concept or algorithms in the
initial development phase (mentioned by 4 experts).

Despite its strengths, experts emphasised the necessity of having
human in the loop for reviewing and testing production-related
code. For instance, one expert mentioned that, since the LLM does
not have the bigger picture in which the function is used, it might
deviate from the intended goal, making human supervision crucial.
Another expert highlighted the importance of suitable traffic sce-
narios and test cases as critical components of the feedback to LLM.
It was also proposed to update the input requirements (i.e., function
description) in each correction loop to address the malfunctions or
functional insufficiencies reported by the simulation.

7.4 Discussion
In both configurations of GPT-4, the success rate (i.e., the number
of fully successful codes divided by the total generated codes) of
the correction loop is slightly higher than that of the first version.
This underscores the advantage of improving failed codes rather
than disregarding them and generating new ones. For example,
the success rate for ACC increased from 30% (6 out of 20) in the
first version to 35% (5 out of 14) in the correction loop. Moreover,
as also reported in Sec. 7.1, the number of satisfied acceptance
criteria increased on average with each correction using feedback
generated from the simulation. Another advantage of the correction
loop is that, as the generated codes employ diverse strategies, it is
beneficial not to disregard a strategy if it fails the first time. Instead,
providing the strategy to the LLM for improvement might lead to
a more diverse set of approaches, potentially resulting in safer or
more efficient solutions. Each full execution of the pipeline took less
than 3 minutes from the initiation to delivering both the initial and
enhanced versions, including simulations and report generation.
This means that 20 full executions of the pipeline required less than
an hour, which, in our experiment, led to the delivery of two fully
successful versions for CAEM and 11 for ACC.

As shown in Fig. 5, the correction loop did not improve the num-
ber of successful codes for CodeLlama, DeepSeek-r1, DeepSeek-
Coder, CodeGemma, and Mistral. However, for GPT-4, the cor-
rection process led to a higher number of successful codes. This
discrepancy likely caused by token limitations in all models except
GPT-4, as correction prompts require additional tokens to accom-
modate the code and report. To partially mitigate this issue, the
prompts were designed to prioritise the most important parts of
the task at the end of prompts.

Insight: As shown in Fig. 5, Mistral:7B and CodeGemma:7B
outperform CodeLlama:34B and DeepSeek-r1:32B, demonstrat-
ing that more parameters in an LLM do not necessarily lead to
better results.

As shown in Fig. 5, none of the open-source models generated
any fully functional and successful code for CAEM, likely due to
the greater complexity of CAEM compared to ACC or the poten-
tial leakage of publicly available code for ACC, as discussed in
Sec. 4.1. This trend is also observed for GPT-4, as the total number
of successful codes for CAEM is 2, while for ACC it is 11.

Insight: The failure of open-source models to generate func-
tional code for CAEM indicates that these models are not yet
ready for code generation in new tasks like CAEM.

According to Liu et al. [16] there is a need for a new V model for
safety-related software development using LLMs. In their proposal
system abstraction levels are removed, including system design
and system testing. However, their proposal has significant short-
comings, which pose several challenges. Firstly, the existence of
abstraction levels is essential for decreasing the complexity of the
system, especially in systems such as ADS. As LLMs have token
limitations, like human engineers, they also have limitations on
complexity. Moreover, themodularization of safety-related software
is needed to improve code review and is required for software allo-
cation to different partitions. Thus, the modification of abstraction
levels and processes in safety-related systems might be irrelevant
to the tool used in generating the code. For instance, Nijkamp et al.
[20] reported improved accuracy of the code by decomposing the
main problem into subproblems, asking for a subprogram at each
step, and then integrating the results. However, the impact of using
LLMs should be analysed to identify the required modifications in
the activities involved in the development of safety-related func-
tions. For instance, requirement engineering might require new
insights, as requirements are also used as input to the LLM. It is
also crucial to closely monitor these tools to identify their short-
comings. This is a prerequisite for the software tool qualification
process and certification of the tool for use in production-related
software. Moreover, other legal concerns such as IP infringement
and copyright remain possible limitations in the applicability of
code generation with LLMs in the industry.

7.5 Threats to Validity
Construction Validity: The final prototype is evaluated through
experimentation using a simulation model. Inaccuracy or oversim-
plification of simulation models relative to the real environment
are critical threats to construct validity. However, since esmini is
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used in similar industrial setups for the same purpose, this risk is
mitigated. Additionally, the purpose of the pipeline is to improve
code quality by providing feedback from the model to the LLM.
An interview study is employed, serving as a triangulation mech-
anism to validate the effectiveness and efficiency of the designed
and developed pipeline, including the simulation model.

Internal Validity: LLMs’ stochastic behaviour in code generation
might lead to variability in the quality and functionality of the
generated code. This can result in inconsistencies across different
iterations of the same prompt, potentially affecting the reliability
of evaluation results. To mitigate this the pipeline is initiated 20
times to ensure robustness and consistency in the results. Addi-
tionally, the chosen case function for evaluating the prototype is a
novel function, minimizing the risk of data leakage from the LLM’s
training data. This also improves the validity of the evaluation by
focusing on the model’s innovation rather than its memory. Select-
ing experts from diverse backgrounds and roles, conducting a pilot
study, including different geographical locations and employers,
and recording the demo were employed to improve the validity of
findings in an interview study.

External Validity: The prototype is designed with specific com-
ponents such as GPT-4 for code generation, esmini for simulation,
and for generating Python code for ADS. However, the proposed
pipeline is adaptable to other simulation environments and LLMs,
as presented in Sec. 7.2. Additionally, the proposed pipeline can be
used for other programming languages and functions.

8 Conclusion & Future Work
Rapid and efficient ADS software development and updates to ex-
pand functionality and ensure safety against newly identified haz-
ardous events require novel approaches. LLM-based code gener-
ation is one approach; however, LLMs’ reliability and accuracy
pose challenges, especially for complex safety-related functions.
We designed and implemented a pipeline that provides Python
code that represents the safety-related function description in the
concept phase. This allows function and system developers to iden-
tify potential weaknesses and specify relevant safety requirements
through automatically generated reports in natural language. More-
over, the generated code can serve as a formal notation for function
description. The proposed pipeline is designed and implemented to
be model-agnostic and flexible to incorporate new LLM models.

We initially identified and reported the limitations and insuffi-
ciencies of LLMs, either from the academic literature or through
the design cycles of the pipeline. For instance, inaccuracy and incor-
rectness are well-known challenges that require human oversight.
Studies report that correctness assessment, bug-fixing efforts, and
prompt engineering difficulties pose significant challenges for hu-
man reviewers. Hence, we designed and systematically evaluated a
prototype consisting of an LLM-based code generator and an auto-
mated feedback mechanism for iterative safety evaluation and im-
provement. This mechanism included an abstract simulation model,
a set of safety acceptance criteria, and a report generator. The sim-
ulation model serves as an abstract and low-resource-intensive
world model for the LLM to understand the potential effects of
the generated code in the environment. Safety acceptance criteria
are implemented to automatically assess unsafe behaviours of the

function, such as collisions, unintended activation, or harsh brak-
ing. These reports, derived from numerical logs, are readable by
both the LLM for code improvement in the next iteration and by
engineers for review. The generated report helps the LLM identify
potential malfunctions or functional insufficiencies and iteratively
improve the code. Additionally, the pipeline enables a conversation
between the LLM and the world model (i.e., the simulation), similar
to a human-LLM conversation, which could serve as a mechanism
to mitigate hallucinations in LLM-generated outputs.

Then, we evaluated the prototype in an industrial setup through
a series of experiments using safety-related traffic scenarios. The
experimental results showed an average 9.2% improvement in the
number of satisfied test cases when using correction loop. Moreover,
as reported in Fig. 4, the first fully successful baseline was generated
through correction by providing the simulation test report.

Multiple open-source models were examined in the pipeline for
two functions and ranked based on their performance. While most
researchers rely on simplified, well-known tasks or benchmarks to
assess LLM performance, our experiments reveal that these rank-
ings can be misleading. Many models are specifically optimised to
pass these known tasks and benchmarks (i.e., benchmark leakage)
rather than to solve truly novel tasks. As summarised in Fig. 5,
CodeGemma:7B and Mistral:7B were able to generate successful
code for ACC (simpler function with potentially more leakage), but
they failed to generate any successful code for CAEM (complex
function with potentially less leakage). However, larger models
such as CodeLlama:34B, DeepSeek (r1:32B and Coder:33B) were
unable to deliver any successful code. Hence, GPT-4 is the only
model that generated successful code for both ACC and CAEM.

Finally, the limitations and the designed pipeline were presented
and discussed with experts from the automotive OEMs involved in
ADS development through an interview study involving 11 experts.
Experts highlighted the tool’s potential to reduce workload, save
time, and aid in rapid prototyping, while also stressing the impor-
tance of human oversight to ensure the safety and correctness of
the generated code. They also emphasised the necessity for suit-
able test scenarios and iterative updates to input requirements to
address functional insufficiencies.

Future work should explore combining the proposed prototype
with retrieval techniques [32] to use certified legacy codes and
integrate company-specific processes into the prompts, potentially
improving quality and understandability. Additionally, employing
formal methods to validate LLM-generated code, as proposed by
P8, could improve software reliability. Finally, a comprehensive
software tool qualification process is necessary to address the tool’s
impact, limitations, and reliability for specific use cases.
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an individual, which is the intellectual property of that individual.
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prompted in a way that generates harmful or biased outputs [4],
which again emphasises the importance of human oversight and
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