2025 40th IEEE/ACM International Conference on Automated Software Engineering (ASE)

Acceleration of Automotive Software Development
by Retrieval Augmented Integration Test Script
Generation

Masashi Mizoguchi
Research and Development Group
Hitachi, Ltd.

Hitachi, Japan
masashi.mizoguchi.re @hitachi.com

Yasuomi Sato
SDV Solution Business Unit
Astemo, Ltd.
Hitachinaka, Japan
yasuomi.sato.sb @hitachiastemo.com

Abstract—Improving the efficiency of software integration
testing is a critical challenge in the automotive industry, par-
ticularly as Electronic Control Unit (ECU) architectures become
increasingly complex. This paper addresses the automation of
integration test script generation by leveraging Large Language
Models (LLMs) with Retrieval Augmented Generation (RAG).
Specifically, we target the phase in which test engineers translate
natural language test case specifications into executable scripts
for integration test environments containing hardware debug
interfaces. To bridge the knowledge gap between LLMs and
domain-specific test tool APIs, we construct a task-oriented vector
store that incorporates both API manuals and supplemental,
workflow-centric information. By combining these with prompts
containing code prefixes, our method enables LLMs to generate
robust and correct integration test scripts. We evaluated our
approach on typical test scenarios reflecting industry practices
for multi-core ECUs. While the test cases used were not di-
rectly taken from a specific development project, they closely
mirror those routinely employed across numerous automotive
ECU development initiatives. The proposed method successfully
generated executable scripts for all cases and reduced total test
execution man-hours by 43% compared to a realistic baseline
of manual execution. These results demonstrate the practical
benefit of context-enriched LLMs in accelerating specialized
software engineering tasks within the automotive domain, and
it also identifies remaining challenges in extending automation
to broader aspects such as test coverage, maintainability, and
seamless process integration.

Index Terms—automotive software, integration test, large lan-
guage model, retrieval augmented generation, test script

I. INTRODUCTION

The scale and complexity of automotive software are esca-
lating rapidly due to innovations such as autonomous driving
and electrification [1], [2]. Consequently, the efficiency of
software development—especially in integration testing—has
become a pressing issue for both OEMs and suppliers in the
automotive industry.
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Automotive software development commonly adopts the V-
model, with Automotive SPICE! [3] serving as a widely-
adopted process assessment framework [4]. In particular, the
Software Integration and Integration Test phase (SWE.5) now
requires extensive resources and man-hours. In integration
testing, test engineers develop test case specifications, con-
struct complex multi-core environments, and create scripts
to automate test execution—often using hardware debugger
interfaces.

Although test automation infrastructure is generally avail-
able, the overhead of specifying and developing test scripts—
including hardware- and tool-specific workflows—remains
substantial and is becoming a bottleneck. For test cases
that are relatively simple or have limited runs, the cost of
script development may even outweigh manual execution, a
nontrivial consideration in project resource trade-offs.

Large Language Models (LLMs) have shown promise in
code and document generation [5], [6], but their application to
engineering tasks in the automotive industry faces significant
hurdles. Generic LLMs lack detailed knowledge of proprietary
APIs, specialized workflows, and the tacit practices of auto-
motive integration test engineers. Retrieval Augmented Gen-
eration (RAG) [7] seeks to mitigate this by supplying LLMs
with target domain knowledge, but its practical application
within regulated, safety-critical industrial contexts is not yet
well understood [8]-[11].

Contributions. This paper presents a method for automating
the generation of integration test scripts from natural language
test case specifications by combining LLMs, a RAG-based
vector store containing both API documentation and workflow-

! Automotive SPICE® is a registered trademark of VDA Verband der
Automobilindustrie e.V.



centric information, and task-specific prompts. Our key find-
ings are:

o LLMs alone cannot generate valid test scripts for auto-
motive integration unless supplied with task- and tool-
specific information.

The vector store must combine API documentation and
workflow (supplemental) knowledge reflecting practical
test engineering processes.

Using structured prompts with code prefixes, rather than
relying on the LLM’s prior knowledge, greatly improves
robustness and script reliability.

Evaluation with typical, representative test cases for
multi-core ECU integration demonstrates a 43% reduc-
tion in test execution man-hours over manual execution.

Importantly, this work highlights the significance of bridg-
ing the gap between LLMs and industrial development prac-
tice, which is vital for realizing practical LLM utilization in
regulated safety-critical domains.

II. INDUSTRIAL CONTEXT AND MOTIVATION

Integration test automation for automotive ECUs is typi-
cally carried out using dedicated hardware debuggers (e.g.,
TRACE32? [12]). In practice, these environments require
engineers to write Python or proprietary scripts to initialize
hardware and evaluate application behavior.

While industrial test frameworks exist, much of the script
development work is non-trivial: it requires reading and inter-
preting both vendor tool API manuals and various unwritten
or project-specific conventions (e.g., how to initialize hard-
ware/processors, set breakpoints via addresses or symbols, or
take snapshots for evidence).

Integration test specifications are usually documented in
natural language by engineers, and translating these into
correct, executable scripts forms a labor-intensive task. The
inefficiency is exacerbated in recent projects with rapidly
changing software on complicated hardware configurations.

It is important to clarify that, industry-wide, automated
execution of integration tests is the prevailing practice, realized
via scripts that operate tester hardware according to pre-
defined sequences. However, the development of these scripts
remains a significant overhead: in some cases, particularly for
simple, seldom-executed tests, the effort of developing scripts
exceeds that of direct manual execution—hence, manual runs
still persist in a part of practical projects.

Our work takes direct aim at this engineering “pain point”:
reducing the labor and specialized knowledge required to
translate test case intent into reliable scripts.

III. INTEGRATION TEST PROCESS OVERVIEW

Figure 1 summarizes the workflow for SWE.S as specified
by Automotive SPICE. First, the integration sequence of
software units is determined based on the basic design spec-
ifications. Next, the specifications for the integration testing
of each software unit are determined so that the integrated

2TRACE32® is a registered trademark of Lauterbach GmbH.
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Fig. 1. Summarized workflow in SWE.S5.

units meet the basic design specifications. In the next step,
start, end, and pass/fail criteria are determined, and test cases
are designed based on these criteria and documented in the
integration test case specification document. After integrating
the software units, the test cases described in the integration
test case specification document are executed. For hardware-
based verification, both the start/end conditions and criteria
for pass/fail must be operationalized into scripts that automate
actual board operations (e.g., loading firmware, setting break-
points, collecting signals, checking memory/register states).
Finally, the results of the test case execution are recorded in
the test report.

Figure 2 shows our evaluation environment: an RH850
evaluation board [13] with two CPU cores, connected via
TRACE32 to a host PC running test scripts and debugger soft-
ware. The RH850 evaluation board has the target software pre-
installed prior to test execution. Since the debugger software
shows the values of CPU registers and memories, it is possible
to determine whether the integration test case specifications are
satisfied.

Fig. 2. Integration test environment.

IV. TEST SCRIPT GENERATION METHOD

Our approach consists of three main components (Fig. 3):

1) Construction of a vector store (for RAG) containing both
the API manuals and supplemental workflow-centric
documentation.

2) Design of a robust code prefix: a code fragment that is
prepended to the LLM query and initialized according
to the current hardware configuration.
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Fig. 3. Summary of the proposed method.

3) Augmenting LLM prompts by retrieving relevant vector
store chunks and passing them together with the code
prefix for the test script generation.

Importance of the Code Prefix. Initialization of the hardware
debug interfaces must be performed based on the hardware
configuration of the evaluation board. For the test environment
shown in Fig. 2, two debug interfaces are to be declared
and bound to the two CPU cores on the board. By including
such preprocessing in the code prefix, the LLM can focus
on converting test cases described in natural language in
the specification document into executable scripts. Listing 1
shows an example of the code prefix given to the LLM. The
code prefix only depends on the hardware configuration of
the microcontrollers. Therefore, the same code prefix can be
reused across integration test cases in the same development
project.

Listing 1. Code prefix for hardware debug interface initialization
import lauterbach.trace32.rcl as t32
debugger_PEO = t32.connect (node=’

localhost’, port=20000, protocol="TCP"

, timeout=10.0)
debugger_PELl t32.connect (node=’

localhost’, port=20001, protocol="TCP"
timeout=10.0)

4

Supplemental Workflow Knowledge. The vector store must
combine not only official API documentation but also “tacit”
workflow knowledge (see Listing 2). For instance, setting
breakpoints by symbol, taking trace screenshots, or starting
execution through TRACE32 all require sequences or API
idioms not covered directly in manuals.

Listing 2. Examples of supplemental knowledge in the vector store.

### Breakpoint

##Set by symbol
#Sample code
symbol = dbg.symbol.query_by_name ("

function_name")
address symbol.address
bp dbg.breakpoint.set (address=address)

### Take
import pyautogui

screenshot .
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imgl
")

pyautogui.screenshot (! filename.png

### Start execution
dbg.cmd ("Go")

Prompt Construction. A sample high-level prompt is as
follows, leveraging the code prefix and supplementary chunks:

#Command

You are developing a Python script as a test script
developer. Generate a script to realize the operations
shown in ”Operation to be implemented”, definitely
add the code by adding it at the end of the code
prefix, and output the entire code. When you gen-
erate the script, refer to context. Do not use your
prior knowledge. You can use your prior knowledge
only in case the context is not useful. When you
receive the instruction of starting execution, execute
PEO only.

#Operation to be implemented

- Set a breakpoint at the beginning of main function.
#Code prefix

<Code prefix shown in Listing 1>

The script generated is then executable and board-specific as
shown in Listing 3.

Listing 3. The script generated with the vector store containing the API
manuals and the supplemental information.
import lauterbach.trace32.rcl as t32

debugger_PEO = t32.connect (node=’'
localhost’, port=20000, protocol="TCP"
, timeout=10.0)

debugger_PE1l t32.connect (node=’'
localhost’, port=20001, protocol="TCP"

timeout=10.0)

l4

# Obtain the address of the main function

symbol debugger_PEO.symbol.
query_by_name ("main")

address symbol.address

# Set
the main function

breakpoint debugger_ PEO.breakpoint.set (
address=address)

a breakpoint at the beginning of

Example of Complex Test Script Generation. For a more
comprehensive test case, the approach correctly wires together
multi-core operations, breakpoint settings by symbol/address,
and reporting actions. Listing 4 is the generated script with
the following prompt:

#Operation to be implemented

- Set a breakpoint at the beginning of mainPEO of

PEO.

- Set a breakpoint at the beginning of mainPE1 of



PEI.

- Set a breakpoint at the following address of PE1:
”P:0xFEFOOAAA”.

- Start execution, take a screenshot after waiting for
5 seconds, save an image as ~a.png”.

- Set a breakpoint at function “func0” of PEQ.

- Start execution, take a screenshot after waiting for
5 seconds, save an image as “b.png”.

Listing 4. Generated script for representative test case.
import lauterbach.trace32.rcl as t32
import time
import pyautogui

debugger_PEO = t32.connect (node=’
localhost’, port=20000, protocol="TCP"
, timeout=10.0)

debugger_PEl1l = t32.connect (node=’'
localhost’, port=20001, protocol="TCP"
, timeout=10.0)

# Set breakpoint at mainPEO of PEO
symbol_mainPEQO = debugger_ PEO.symbol.
query_by_name ("mainPEO")
address_mainPE0 = symbol_mainPEO.address
bp_mainPE0 = debugger_PEO.breakpoint.set (
address=address_mainPEOQ)

# Set breakpoint at mainPEl of PEIl

symbol_mainPEl = debugger_PEl.symbol.
query_by_name ("mainPE1")

address_mainPEl = symbol_mainPEl.address

bp_mainPEl = debugger_PEl.breakpoint.set (
address=address_mainPE1l)

# Set breakpoint at address “P:0xFEFO0AAA
” of PEI

address_PEl = debugger_PEl.address.
from_string ("P:0xFEFO0AAA")

bp_address_PEl = debugger_PEl.breakpoint.
set (address=address_PEl)

# Start execution for PEO only

debugger_PEO.cmd ("Go")

time.sleep (5)

pyautogui.screenshot ("a.png’)

# Set function ”funcO0” of
PEO

symbol_funcO = debugger_PEQ.symbol.
query_by_name ("funcO")

address_func0 = symbol_funcO.address

bp_funcO0 = debugger_PEO.breakpoint.set (
address=address_func0)

breakpoint at

debugger_PEO.cmd ("Go")

time.sleep (5)
pyautogui.screenshot ("b.png’)

V. EVALUATION

We conducted the evaluation by generating scripts for nine
representative integration test cases. Table I shows an overview
of them and the results of the test script generation. These are
typical cases encountered in actual multicore ECU develop-
ment, covering process launch, synchronization, and multicore
orchestration. While these test cases were not directly sourced
from a commercial development project, they faithfully reflect
practices common across various ongoing industry projects.

The evaluation board in Fig. 2 used features of two CPU
cores and employed a typical asymmetric multiprocessing
configuration. For all test cases, the scripts generated by our
system were verified on the actual hardware environment.

Table II reports the man-hours required for test case execu-
tion using (a) conventional manual execution (i.e., step-wise
test tool operation as performed by experienced engineers) and
(b) the proposed LLM+RAG-based test script generation and
execution workflow>.

TABLE II
COMPARISON OF TEST EXECUTION MAN-HOURS BETWEEN MANUAL
OPERATION AND SCRIPT-BASED (PROPOSED).

[ No. Proposed Manual ][ No.  Proposed Manual |
1 3 5 6 6 14
2 5 10 7 5 5
3 4 4 8 4 9
4 3 4 9 5 7
5 5 12 Total 40 70
*Unit: [min]

The results demonstrate a substantial reduction (43%) in
required test execution man-hours. While test script generation
itself incurs some cost, the overall efficiency gain justifies
the investment—a key consideration in resource-constrained
industrial settings.

VI. DISCUSSION

Our industrial case study exemplifies both the promise and
the challenges of applying LLM+RAG-based automation to
automotive integration testing.

Bridging the Practice-LLM Gap. Although earlier literature
recognizes the code- and document-generating strength of
LLMs, their out-of-the-box performance is insufficient for
highly specialized industrial tasks. In regulated domains, the
critical gap is not solely the tool API knowledge, but the
combination of process conventions, hardware idiosyncrasies,
and organizational workflows. Our results underscore the
importance of supplementing both documented API and “im-
plicit” workflow knowledge, often sourced from experienced
test engineers, to the RAG vector store.

3This comparison focuses specifically on test execution man-hours, as is
standard in industry when quantifying efficiency gains for integration test
processes.
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TABLE 1. Representative integration test cases and results of the test script generation.

No. Test case specification Generation
1 Verify that each core successfully gets its own core number in the start up code. Success
2 Check processing contents of GHS_startup in Core 0. Success
3 Verify that Core 0 successfully gets its own core number in main function. Success
4 Verify that Core 1 successfully gets its own core number in main function. Success
5 Check that StartOtherCores function and WaitForCoreOReady function are Success

synchronized between cores.
6  Verify that SyncCores function is synchronized between cores. Success
7 Verify that the processing of mainPEO function is working. Success
8  Verify that the processing of mainPE1 function is working. Success
9  Confirm that the processing of mainPEO and mainPE1 functions continue with no errors. Success

Prompts Containing Code Prefixes Enhance Reliability.
The adoption of prompts containing a code prefix, tailored
manually to the hardware and system configuration, was key
to generating robust scripts. Unlike generic code snippets or
boilerplate, these prompts can in principle be auto-generated
by parsing hardware or tool documentation—a promising
direction for further automation. At present, any hardware
change (such as replacing the microcontroller) requires code
prefix adaptation, which is a prime target for systematization
in future work.

On Evaluation and Significance. Efficiency in terms of man-
hours saved is an expected basic advantage of automation.
However, in practice—especially in safety-critical sectors—
the main bottleneck is the reliability, accuracy, maintainability,
and traceability of generated artifacts. While our evaluation
focused on execution effort, future studies must address cov-
erage, accuracy (script correctness), and maintainability—such
as the ability to adapt scripts to requirement or hardware
changes over the project lifecycle.

Practical Impact and Limitations. Importantly, the test cases
for evaluation, while not copied from any specific project,
were designed as “archetypes” reflecting common scenarios in
contemporary multi-core ECU software integration. The same
types of test procedures, as confirmed by industrial collabo-
rators, are executed across several commercial development
efforts. However, the current evaluation was bounded in terms
of project diversity, scale, and test coverage.

Scope and Future Work. Several promising avenues exist.
First, measuring and improving script maintainability and test
coverage will further validate the industrial value. Second,
automating code prefix generation for arbitrary hardware con-
figurations (possibly via LLM-driven parsing of tool manu-
als) may eliminate one current barrier. Third, extending the
approach beyond test execution, e.g., to test specification
authoring, traceability analysis, or even system-level validation
and requirements engineering, aligns with observed industrial
needs.
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VII. CONCLUSION

We presented a practical approach to automate the genera-
tion of integration test scripts for automotive software using
LLMs with RAG. By bridging the knowledge gap between
LLMs and industrial test workflows—via a carefully structured
vector store and use of high-level prompts containing code
prefixes—our method enables the automatic production of
executable test automation scripts for complex multi-core
environments. In evaluation, all representative scripts could
be generated and executed, lowering test execution man-hours
by 43% for typical ECU development cases.

Our work demonstrates the importance of context/supple-
mental knowledge in LLM-based automation for regulated
domains, and highlights the critical role of process- and
hardware-aware prompt engineering. For future research, we
plan to quantify potential gains in script maintainability, test
coverage, and lifecycle adaptation, and to explore the use of
automated code prefix construction for arbitrary hardware and
toolchains.
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