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Abstract
Hardware-in-the-Loop (HIL) testing is es-
sential for automotive validation but suffers
from fragmented and underutilized test ar-
tifacts. This paper presents HIL-GPT, an
industry-deployed retrieval-augmented gener-
ation (RAG) system that integrates seman-
tic retrieval with domain-adapted large lan-
guage models to support test engineers in
real-world HIL workflows. The system com-
bines domain-specific embeddings to enable
traceable retrieval of test cases and require-
ments under industrial latency and cost con-
straints. Through empirical evaluation, we
show that compact, domain-adapted models
can achieve a favorable trade-off among ac-
curacy, latency, and cost compared to larger
general-purpose models, challenging the as-
sumption that larger models are always prefer-
able in industrial NLP systems. An A/B user
study further confirms that HIL-GPT improves
perceived helpfulness, truthfulness, and satis-
faction over general-purpose LLMs.

1 Introduction

Hardware and software testing are critical stages
in the automotive development lifecycle, where
components must satisfy functional, reliability, and
safety requirements before deployment (Garikapati
et al., 2024). As vehicle platforms become more
complex, manual testing workflows face increasing
pressure from cost, time, and operational risk (Gas-
par et al., 2024). Hardware-in-the-Loop (HIL) test-
ing is a core validation technique in the automotive
industry, where physical control units interact with
simulated environments under controlled and re-
peatable conditions (Cheng et al., 2024). This set-
ting supports regression testing, fault injection, and
boundary-case validation before road deployment,
at lower risk and lower cost than fully physical
testing (Jooriah et al., 2024).

In production HIL environments, large volumes
of engineering artifacts accumulate over long devel-

opment cycles, including requirements, test cases,
execution logs, and auxiliary documentation pro-
duced by different teams (Ali and Ali, 2024). These
artifacts contain substantial validation knowledge,
yet they are difficult to reuse efficiently in daily
engineering practice. HIL workflows rely on pro-
prietary toolchains and domain-specific engineer-
ing representations, including Controller Area Net-
work (CAN) signals, module identifiers, and inter-
nal requirement–test links. These properties make
retrieval difficult in practice, because relevant infor-
mation is scattered across closed systems and het-
erogeneous artifacts, while public training data for
such settings remains limited (Cheng et al., 2024).

Recent advances in large language models
(LLMs) and retrieval-augmented generation (RAG)
have created new opportunities for natural-
language access to technical knowledge (Jin et al.,
2024). In industrial HIL settings, however, direct
use of general-purpose LLMs introduces practical
constraints. Answers must remain traceable to engi-
neering artifacts, retrieval must operate over closed
and terminology-heavy data sources, and deploy-
ment must satisfy latency, cost, and maintainability
requirements. These constraints make it insuffi-
cient to treat HIL support as a standard enterprise
RAG or to assume that general-purpose LLMs will
transfer well out of the box (Ji et al., 2023).

This paper presents HIL-GPT, an industry-
oriented RAG pipeline for automotive HIL test-
ing that combines semantic retrieval with domain-
adapted language models to support natural-
language queries over tests and requirements. The
focus is on retrieval adaptation under realistic indus-
trial constraints, including heterogeneous artifacts,
limited labeled data, traceability requirements, and
strict cost and latency budgets. HIL-GPT is de-
signed for integration into existing HIL workflows
rather than as a standalone experimental prototype.

HIL-GPT is evaluated through empirical exper-
iments and a user study with automotive test en-
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gineers. The results show that compact, domain-
adapted retrieval models outperform larger generic
alternatives when retrieval quality, latency, and de-
ployment cost are considered jointly. These find-
ings indicate that effective industrial HIL assistance
depends less on scaling model size alone and more
on matching the retrieval pipeline to the artifact
space and deployment setting. The paper also re-
ports practical lessons for deploying reliable and
efficient RAG-based assistants in industrial valida-
tion environments.

2 Background and Related Work

This section provides background on automotive
HIL testing and situates our work within prior ef-
forts on applying LLMs in domain-specific engi-
neering settings.

2.1 HIL Testing and CAN-Based Workflows
HIL testing is a standard validation technique in the
automotive industry, enabling real hardware com-
ponents to interact with simulated environments
under controlled and repeatable conditions. It is
widely used to validate electronic control units and
sensors before on-road deployment, supporting re-
gression, fault injection, and boundary testing at
lower cost and risk than physical testing (Garikap-
ati et al., 2024; Gaspar et al., 2024).

A typical HIL setup includes a real-time simula-
tion platform, a device under test, signal condition-
ing hardware, and orchestration software enforc-
ing deterministic closed-loop execution (Howick
et al., 2024). Communication commonly relies
on the CAN with standardized message identifiers
and vendor-specific encodings, supported by tools
such as CANoe and CAPL for simulation, event
injection, and test automation (Bosch GmbH, 1991;
GmbH, 2022).

Despite their maturity, these toolchains produce
large volumes of heterogeneous artifacts, including
test scripts, signal definitions, logs, and require-
ments, spread across disconnected tools and for-
mats. Consequently, test knowledge is difficult
to retrieve and reuse, and current workflows of-
fer limited support for natural-language access or
cross-artifact reasoning, hindering the integration
of NLP-based assistance into HIL environments.

2.2 LLMs in Domain-Specific Engineering
Applications

Recent work has explored the use of LLMs in tech-
nical and engineering domains, typically through

model fine-tuning or RAG. Fine-tuning adapts
model representations to domain terminology and
conventions, while RAG grounds model outputs in
external knowledge sources at inference time (El-
hambakhsh et al., 2025; Hu and Lu, 2024). These
approaches have shown promise in tasks such as
mechanical design analysis, aerospace diagnostics,
and embedded systems support.

Across these domains, prior studies consistently
report two practical challenges: the scarcity of la-
beled domain data and the high cost of deploying
large general-purpose models in production envi-
ronments. To address these issues, recent work has
emphasized embedding-level adaptation, weak su-
pervision, and contrastive learning as cost-effective
means of improving retrieval quality under limited
data budgets (Gao et al., 2021; Yang, 2024; Nguyen
et al., 2024). Empirical evidence suggests that im-
proving retrieval representations often yields larger
gains than directly fine-tuning LLMs, particularly
in safety-critical or terminology-heavy settings.

However, existing studies do not address the
combination of constraints that characterizes au-
tomotive HIL environments: CAN-centric artifact
spaces, closed industrial toolchains, traceability re-
quirements, and strict deployment limits on latency,
cost, and maintainability. The motivation of this
paper is therefore not a new RAG architecture in
isolation, but a practical retrieval-centered pipeline
for this setting. It builds on prior work in domain-
adapted LLMs and RAG, while focusing on how
semantic retrieval can be adapted and deployed
effectively within real automotive HIL workflows.

3 Architecture of HIL-GPT

HIL-GPT consists of an offline knowledge-
preparation pipeline and an online retrieval-
augmented interaction pipeline. The architecture is
designed for industrial HIL environments with het-
erogeneous artifacts, limited labeled data, traceabil-
ity requirements, and strict constraints on latency,
cost, and maintainability, as illustrated in Figure 1.

HIL-GPT is designed around two principles: (i)
grounding all model outputs in traceable engineer-
ing artifacts, and (ii) minimizing operational over-
head while maintaining acceptable response qual-
ity. Rather than relying on a single large language
model, the system combines lightweight semantic
retrieval with domain-adapted language models to
balance accuracy, latency, and cost in industrial
deployment.
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Figure 1: System architecture of HIL-GPT.

3.1 Offline Knowledge Preparation

The offline pipeline transforms heterogeneous HIL
artifacts into a retrieval-ready knowledge base. En-
gineering data, including requirements, test cases,
signal metadata, and related documentation, are
extracted from existing toolchains and normalized
into structured blocks. Each block preserves iden-
tifiers and engineering context, such as test case
IDs, titles, requirement text, descriptive fields, and
test-sequence information, so that retrieved content
remains directly traceable to the artifact.

Because manually labeled retrieval data is
limited in this setting, HIL-GPT uses a semi-
automated weak-supervision pipeline to construct
training data for embedding adaptation. Each train-
ing instance is organized as an anchor-positive-
negative triplet.

Anchors are requirement-like natural-language
queries derived from real engineering tasks. They
are constructed from requirement text, test case
descriptions, and related engineering documenta-
tion, and further expanded with LLM-generated
paraphrases to increase linguistic coverage while
preserving the original testing intent.

Positive examples are retrieved artifacts that cor-
respond to the target functionality of the anchor.
They are identified from existing requirement–test
associations available in the engineering workflow,
including links induced by shared CAN signals,
module identifiers, and structural metadata.

Negative examples are domain-plausible but
functionally incorrect alternatives. They are se-
lected from artifacts that remain close to the anchor

in terminology or subsystem context, but do not
match the intended requirement–test relation. To
make retrieval discrimination harder, the negative
set is further enriched with challenging examples
synthesized by an LLM under the same domain.

Embedding adaptation is performed with LoRA
using TripletLoss, which improves terminology
alignment and retrieval discrimination without the
overhead of fine-tuning a large generator. The
adapted embedding model is trained with an 80/20
train–validation split, using one negative example
per positive instance in each triplet. This retrieval-
centered design reflects the practical requirements
of industrial environments, where models must re-
main replaceable, cost-aware, and maintainable un-
der frequent workflow updates.

The resulting artifact collection is indexed with
dense vector representations and lightweight meta-
data filters to support efficient retrieval over the
normalized knowledge base.

3.2 Online Retrieval and Interaction

In online operation, engineers interact with HIL-
GPT through a chatbot interface. Incoming queries
are embedded and matched against the indexed
knowledge base to retrieve requirements, test pro-
cedures, and context. Retrieved artifacts are as-
sembled into a prompt for the generator, ensuring
responses remain grounded in verifiable sources.

The online layer is designed to remain modu-
lar. Retrieval, context assembly, generation, and
tool execution are handled as separate components,
which allows model replacements without chang-
ing the overall workflow. This is important in indus-
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trial deployment, where model choices may change
over time due to cost, latency, or infrastructure con-
straints.

To support queries that require current system
state, HIL-GPT also integrates external tools that
expose live HIL information, CAN-related meta-
data, and predefined backend actions. Tool requests
produced by the model are validated before execu-
tion, and the returned outputs are incorporated into
the final response.

3.3 Traceability

Traceability is a core requirement in automotive
validation. HIL-GPT therefore maintains an audit
trail for each interaction, including the retrieved
artifacts, assembled prompts, tool invocations, and
generated responses. These records support inspec-
tion, debugging, and process auditing in engineer-
ing workflows.

The system is deployed within the enterprise in-
frastructure and integrated with the existing HIL
workflow. In the current deployment, model ac-
cess is provided through an enterprise Azure Ope-
nAI subscription rather than a public API endpoint,
so that proprietary artifacts, prompts, embeddings,
and fine-tuning data remain within the organiza-
tional deployment boundary.

4 Evaluation

This section evaluates HIL-GPT from an engineer-
ing and deployment perspective, with the goal of
determining whether the main design choices lead
to reliable retrieval, traceable responses, and useful
interaction in real automotive HIL workflows. The
evaluation is organized around three experimental
research questions (ERQs):

• ERQ 1: Under industrial constraints,
how should embedding strategies and data-
construction choices be combined to achieve
reliable retrieval performance with acceptable
cost and latency in HIL workflows?

• ERQ 2: Does domain-adapted retrieval im-
prove source attribution and reduce unsup-
ported responses in HIL testing tasks?

• ERQ 3: How do engineers perceive the use-
fulness and trustworthiness of a RAG-based
assistant compared with a general-purpose
LLM?

4.1 Evaluation Setup

The evaluation combines offline retrieval analy-
sis, end-to-end system assessment, and exploratory
user evaluation. Because explicit relevance labels
are generally unavailable in industrial HIL envi-
ronments, retrieval performance is evaluated using
requirement–test associations derived from existing
engineering artifacts.

The benchmark contains 2,172 query–target
pairs constructed from the internal tests-and-
requirements corpus. Each query is a natural-
language question grounded in an existing require-
ment or test procedure, and each pair is associated
with an expected_block_id that denotes the rel-
evant test artifact. Retrieval correctness is evalu-
ated as block-level top-k accuracy, that is, whether
the expected_block_id appears in the retrieved
source_ids. Unless otherwise noted, k = 5.

To support controlled comparison, each query
is evaluated against the same artifact collection ex-
tended with domain-relevant distractors. Indexed
blocks contain the test case ID, title, requirements
section, description section, and test-sequence in-
formation, including steps, actions, and expected
results. All experiments use a unified inference
pipeline with consistent preprocessing and similar-
ity computation across configurations.

4.2 Embedding Strategy Selection under
Industrial Constraints

This experiment addresses ERQ 1 by examining
how different embedding strategies perform under
the practical constraints of automotive HIL testing.

Embedding Model Comparison. A range of
open-source and proprietary embedding models
is first compared to establish baseline retrieval be-
havior before domain adaptation. Retrieval correct-
ness is measured using top-1 block-level accuracy,
which reflects whether the most relevant artifact is
ranked first.

As shown in Table 1, larger embedding mod-
els do not consistently outperform more compact
alternatives. On the full benchmark of 2,172
queries, the best-performing open-source model,
gtr-t5-large, reached 58.2%. Notably, the
compact bge-base-en-v1.5, despite having only
110M parameters, achieved a baseline accuracy
of 50.7%, making it a viable candidate for cost-
sensitive adaptation.
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Table 1: Retrieval accuracy on full benchmark (2,172
queries).

Model Params (M) Acc. (%)
text-embedding-ada-002 (2022) — 58.89
text-embedding-3-small (2024c) — 58.70
gtr-t5-large (a) 334.94 58.24
gtr-t5-xl (b) 1240.91 57.32
bge-base-en-v1.5 (BAAI) 110.00 50.69

Impact of Domain Adaptation. The second
step evaluates whether lightweight domain adapta-
tion improves retrieval robustness. Selected open-
source models are adapted using automatically con-
structed anchor–positive–negative triplets derived
from existing engineering artifacts. This setup re-
flects realistic industrial conditions, where explicit
relevance labels and manually curated negatives
are limited.

Figure 2 shows that domain adaptation yields
the largest gains for smaller models. In particular,
adapting bge-base-en-v1.5 increases top-1 accu-
racy from 50.7% to 60.7%, an absolute gain of 10.0
percentage points. By contrast, larger models such
as gtr-t5-large show gains below 2 percentage
points, which indicates weaker returns from adap-
tation under limited domain supervision.

bge-base-en-v1.5 gtr-t5-large gtr-t5-xl
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Figure 2: Top-1 retrieval accuracy before and after do-
main adaptation.

Effect of Data Construction Choices. The third
step studies how data-construction choices affect
retrieval under limited supervision. Table 2 reports
results for three regimes: no adaptation, adaptation
without negatives, and adaptation with full triplets.
Using only positive associations increases accu-
racy from 50.7% to 55.8%. Adding automatically
generated negative examples further increases ac-
curacy to 60.7%, which shows that even limited

contrastive information sharpens retrieval bound-
aries.

Table 2: Top-1 retrieval accuracy of bge-base-en-
v1.5 under different training regimes.

Base Positive only Positive + Negative
50.69% 55.76% 60.73%

Cost and Latency Considerations. Cost and la-
tency are central constraints in industrial deploy-
ment. Table 3 summarizes the estimated adap-
tation cost and average embedding inference la-
tency of the three evaluated models. Larger mod-
els provide only marginal retrieval gains at sub-
stantially higher cost and latency, which reduces
their practical value in interactive HIL workflows.
Adapting bge-base-en-v1.5 required approxi-
mately USD 50 and yielded an average embed-
ding inference latency of 15 ms per query, com-
pared with approximately USD 150 and 45 ms for
gtr-t5-large, and approximately USD 600 and
120 ms for gtr-t5-xl. These results indicate that
the compact model provides the strongest retrieval–
cost–latency trade-off in this setting.

Table 3: Estimated fine-tuning cost and average embed-
ding inference latency.

Model Cost (USD) Latency (ms)
bge-base-en-v1.5 ∼50 ∼15
gtr-t5-large ∼150 ∼45
gtr-t5-xl ∼600 ∼120

Overall, these results indicate that effective
embedding strategies in industrial NLP systems
depend more on domain alignment and data-
construction quality than on raw model capacity
alone.

4.3 Impact of Domain-Adapted Retrieval on
Source Attribution

This experiment addresses ERQ 2: whether
domain-adapted retrieval improves source attribu-
tion in HIL testing tasks under a fixed RAG setup.

In industrial HIL workflows, the main require-
ment is not only fluent generation, but whether the
response remains traceable to the underlying en-
gineering artifact. The metric used here therefore
evaluates source attribution rather than full factual
correctness or sentence-level citation faithfulness.

Two LLMs, GPT-4o (OpenAI, 2024a) and
GPT-4o-mini (OpenAI, 2024b), are evaluated on
the same set of domain-specific queries. For each
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Figure 3: Source-attribution accuracy of GPT-4o
and GPT-4o-mini using original and adapted
bge-base-en-v1.5 embeddings.

query, the top-5 artifacts are retrieved using either
the original bge-base-en-v1.5 embeddings or the
domain-adapted variant selected in ERQ 1. The
retrieved artifacts are injected into the same RAG
prompt template. The model is instructed to an-
swer the query and return the identifier of the ar-
tifact it relied on. A response is counted as cor-
rectly attributed if the returned identifier matches
the known relevant artifact within the provided con-
text.

As shown in Figure 3, domain-adapted retrieval
improves source-attribution accuracy under the
same RAG configuration. For GPT-4o-mini, accu-
racy increases to 88.6% when switching from the
original to the adapted embeddings. For GPT-4o,
the increase is minimal, even though both models
receive the same retrieval structure and prompt tem-
plate. These results indicate that retrieval quality
remains a primary factor in response attribution,
especially for smaller and more cost-efficient gen-
erators.

4.4 Exploratory User Evaluation of Practical
Utility

This experiment addresses ERQ 3: how engineers
perceive the usefulness and trustworthiness of a
RAG-based assistant compared with a general-
purpose LLM in realistic HIL testing tasks.

Ten professional engineers from two functional
domains participated in the study. The evaluated
tasks mainly focused on testcase generation and
related test-engineering queries used by the test de-
partment and the CI/DevOps team. Participants
interacted with two chatbot variants: HIL-GPT
with RAG support and a general-purpose LLM
(GPT-4o-mini) without retrieval support. For each
task, participants were shown anonymized answer

pairs generated by the two systems for the same
query, without knowing which system produced
which answer.

Across the evaluated tasks, the RAG-based assis-
tant was preferred as more helpful in the majority
of cases. Participants also rated it higher in com-
pleteness, trustworthiness, and overall satisfaction.
Qualitative feedback suggests that responses in fa-
miliar terminology and identifiable engineering ar-
tifacts improved confidence and made verification
easier.
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Figure 4: User evaluation ratings: Bot A (with RAG) vs.
Bot B (no RAG).

The study also revealed a latency trade-off. The
RAG-based system produced more detailed and
context-aware responses, but with higher end-to-
end latency than the general-purpose baseline. This
suggests that different usage scenarios may favor
different response profiles, and motivates adaptive
configurations that balance response time and in-
formational depth.

5 Lessons Learned

Several observations emerge from the evalu-
ation. First, lightweight domain adaptation
is most effective for smaller retrieval models:
bge-base-en-v1.5 improved from 50.7% to
60.7%, whereas larger models gained less than
2 percentage points under the same data con-
straints. Second, data-construction choices sub-
stantially influence retrieval quality. Using only
positive associations increased accuracy to 55.8%,
while adding a small set of automatically generated
negative examples further raised performance to
60.7%. Third, deployment feasibility is shaped
by cost and latency rather than retrieval accu-
racy alone. Adapting bge-base-en-v1.5 required
approximately USD 50 with 15 ms embedding
inference latency, compared with approximately
USD 150/45 ms and USD 600/120 ms for the larger
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alternatives. Fourth, retrieval quality directly af-
fects downstream source-attribution performance
and perceived utility. For GPT-4o-mini, source-
attribution accuracy increased to 88.6% when us-
ing adapted embeddings, and the RAG-based as-
sistant was preferred in 9 out of 10 sessions in
the exploratory user study. At the same time, sev-
eral users reported that the RAG-enabled system
showed higher end-to-end latency, with average re-
sponse time increasing from 2.4 s to 17.4 s. This re-
sult indicates a practical trade-off between response
traceability and responsiveness in interactive HIL
workflows.

6 Conclusion and Future Work

This paper presented HIL-GPT, an industry-
oriented RAG system for supporting requirement
interpretation and test-knowledge access in auto-
motive Hardware-in-the-Loop testing 1. By focus-
ing on retrieval adaptation under realistic indus-
trial constraints, the evaluation showed that domain
adaptation improves retrieval reliability and down-
stream source-attribution performance, with partic-
ularly strong gains for compact embedding models
and smaller language models. The exploratory user
study further indicated that responses grounded in
domain-specific artifacts improve perceived useful-
ness and trustworthiness, which highlights the im-
portance of retrieval quality and deployment-aware
model selection over raw model scale in industrial
systems.

The effectiveness of HIL-GPT depends on the
quality and coverage of the underlying HIL arti-
facts. Fragmented or outdated requirements and
test sequences reduce retrieval quality and source-
attribution performance. In addition, the evalua-
tion is confined to a specific automotive HIL en-
vironment and a limited set of workflows, so the
observed gains do not directly transfer to other do-
mains without additional adaptation. The current
system also prioritizes response traceability over la-
tency, which is not always suitable for time-critical
use cases.

Future work will investigate adaptive strategies
that balance response depth and latency based on
task urgency and user intent, as well as broader val-
idation across heterogeneous HIL configurations,
domains, and artifact types.

1A previous version of this work appeared as a preprint on
arXiv:2511.22584 .
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