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Abstract—Automated generation of executable test suites
from natural-language requirements remains challenging
due to linguistic ambiguity and sensitivity of generative
models to decoding and training hyperparameters. This
paper introduces a hierarchical, multi-level evolutionary
framework that treats model hyperparameters and decod-
ing strategies as upper-level decision variables and em-
ploys lower-level fitnesses that directly measure test-quality
objectives (structural coverage, semantic diversity, redun-
dancy, and runtime efficiency). The approach integrates
retrieval-augmented grounding, surrogate-assisted preselec-
tion, lightweight LoRA adaptation and optional HIL evalu-
ation. Empirical evaluation on PURE, PROMISE exp and
FR NFR benchmarks (repeated runs, n = 10; paired two-
sided t-tests, α = 0.05) shows consistent gains: on PURE
mean code coverage reaches 82.4% (vs. 75.1% for Bayesian
optimisation and 68.9% for random search) with 145
unique scenarios and modest runtime overhead (≈58.3 s,
≈6% above Bayesian). Ablations confirm component effects
(e.g., removing diversity reduces unique scenarios ≈18%;
disabling the surrogate increases wall-clock ≈42%; dis-
abling RAG drops grounded consistency ≈12%). Results
indicate that co-optimising hyperparameters for explicit
test-quality metrics, together with grounding and realistic
execution, yields more useful, executable test suites. Future
work will explore adaptive objective weighting, transfer
warm-starts and probabilistic surrogates.

Index Terms—automated test generation, hyperparame-
ter optimization, evolutionary algorithms

I. INTRODUCTION

Automating the generation of high-quality test cases
from natural-language requirements remains a core chal-
lenge. Systems grow in complexity while requirements
stay informal and ambiguous; manual test authoring is
costly and hard to scale, and automated methods must
reconcile linguistic uncertainty with the strict, executable
semantics required by test oracles and execution environ-
ments.

Transformer-based generative models can synthesise
diverse scenarios and executable scripts, but output qual-
ity is highly sensitive to configuration and decoding
(learning rate, temperature, top-k/top-p, etc.). Optimising
standard ML objectives (e.g., perplexity) does not reli-
ably improve test-suite properties such as code coverage,

semantic diversity, redundancy, or practical executability
in hardware-in-the-loop (HIL) settings.

A hierarchical optimisation framework is proposed
that links model hyperparameter selection to measur-
able test-quality objectives. An upper-level evolutionary
search selects hyperparameters and decoding strategies,
while a lower-level evaluator scores generated suites
on structural and semantic metrics (coverage, diversity,
redundancy, runtime). The decomposition keeps search
tractable and admits domain-specific evaluators (RAG-
grounded checks, HIL traces, static instrumentation).

The main contributions are:
• A multi-level evolutionary architecture that treats

hyperparameters and decoding policies as upper-
level decisions and uses test-quality metrics as
lower-level fitnesses.

• Composite fitness metrics combining structural cov-
erage, semantic diversity, redundancy reduction, and
runtime constraints.

• A modular evaluation pipeline supporting retrieval
grounding, HIL execution, and automated or expert-
in-the-loop validation.

• Empirical evidence that the multi-level approach
yields higher coverage and less duplication than
baseline tuning methods.

The remainder of the paper is organised as follows.
Section II reviews related work; Section III formalises
the optimisation and metrics and describes the search
algorithm and pipeline; Section V reports experiments;
Section VI discusses limitations and future work; Sec-
tion VII concludes.

II. RELATED WORK

A. NLP for requirements understanding and test-case
extraction

Automated extraction of test-relevant information from
natural-language requirements underpins test generation.
Template and boilerplate methods (Lim, 2024) parse
actors, triggers and responses but struggle with negatives
and ambiguity [1]. Graph and hybrid representations
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(fuzzy graphs; hybrid NER+transformer) improve inter-
mediate structure and entity normalization, stabilizing
downstream generation [2], [3]. Annotation-projection
and translation with expert validation enable cross-
lingual bootstrapping [4], while end-to-end pipelines for
Chinese IMT specs show comparable coverage to manual
tests with less human effort [5].

B. LLMs and automated test-case generation

LLMs are effective at producing varied scenarios but
have limits for strict extraction and labeling; discrim-
inative models remain competitive for non-generation
tasks [6], [7]. Hybrid pipelines combining LLMs with
classical NLP and DL yield richer scenarios and deeper
coverage in case studies [8], and retrieval grounding
(RAG) improves context awareness and executability
in generated code/tests [9]. In safety-critical settings,
NLP-derived tests have been operationalized with HIL
execution [10].

C. Optimization of generation systems and hyperparam-
eter tuning

Generation quality is sensitive to hyperparame-
ters (temperature, sampling, learning rate). Design-of-
experiments and Taguchi approaches help tune GA and
generation settings [11], while hierarchical and decom-
position strategies for MINLP motivate multi-level op-
timisation of discrete/continuous decisions and evalua-
tors [12], [13]. Efficiency and adversarial failure modes
(e.g., EOS-delay attacks) must be considered when op-
timising production pipelines [14].

D. Test-quality metrics, assembly strategies and meta-
morphic testing

Beyond structural coverage, test quality requires mea-
sures of semantic diversity, redundancy and oracle pres-
ence. Controlled syntactic assembly and metamorphic
variants produce effective test suites without explicit or-
acles [15]. Convergent strategies—vector retrieval, RAG,
hybrid NER and expert annotation projection—increase
semantic coverage while reducing irrelevant outputs [3],
[4], [9]; empirical pipelines can approach manual cov-
erage but often trade precision on negatives and edge
cases [5], [10].

E. Gaps and how a multi-level evolutionary approach
addresses them

Common gaps are sensitivity to hyperparameters, han-
dling negatives/ambiguity, coverage–redundancy trade-
offs, and runtime/ adaptation costs. A multi-level evo-
lutionary framework treats model hyperparameters as
upper-level decisions and uses lower-level fitnesses
for coverage, diversity and redundancy, enabling co-
optimization of orthogonal objectives while integrating
RAG, HIL or expert loops [9], [10], [12], [13]. Explicitly
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Fig. 1: Schematic pipeline of the proposed framework

modelling runtime and EOS failure modes constrains
solutions toward production-feasible configurations [14].

III. PROPOSED APPROACH

This section details the multi-level evolutionary frame-
work developed for automatic hyperparameter optimi-
sation of transformer-based models used in natural-
language-driven test-case generation. The design objec-
tive is to produce test suites that maximise executable-
code coverage while preserving semantic diversity and
minimising redundancy and evaluation cost. The frame-
work comprises an upper-level evolutionary optimiser
that explores the hyperparameter search space and a
lower-level evaluator that configures a model accord-
ing to a candidate hyperparameter vector, generates
test artefacts, and measures multiple quality metrics.
The approach is deliberately modular to facilitate re-
producibility and comparison with common baselines
(grid search, random search, Bayesian optimisation, and
single-objective tuning).

A. Problem formulation

Let θ = (θ1, . . . , θd) denote a real-valued encoding
of a candidate hyperparameter configuration where com-
ponents may represent continuous (e.g., learning rate),
integer (e.g., batch size), or categorical (e.g., decod-
ing strategy) parameters. For a given configuration θ,
the test-generation pipeline produces a test-suite Tθ =
{t1, . . . , tM}. The lower-level evaluation computes a
vector of quality metrics

Q(Tθ) =
(
C, D, R, E

)
,

where
• C ∈ [0, 1] is code coverage (statement and branch

coverage, reported as fractions);
• D ∈ [0, 1] is scenario diversity, quantified as the

mean pairwise cosine distance among semantic em-
beddings of the natural-language test descriptions;

• R ∈ [0, 1] is redundancy (duplicate rate), computed
as the fraction of generated tests that exceed a
similarity threshold τdup with another test;

• E ∈ R≥0 is an efficiency cost (normalized wall-
clock time or token consumption per evaluation).
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The optimisation problem is formulated as a multi-
objective search

max
θ

(
C, D, 1−R, −E

)
,

with the goal of identifying Pareto-optimal hyperpa-
rameter configurations that trade off coverage, diversity,
redundancy and computational cost. For comparative
evaluation, a scalarised objective may be used:

Fα(θ) = αCC + αDD + αR(1−R)− αEE,

where α = (αC , αD, αR, αE) are non-negative weights
summing to one; sensitivity of results to α is assessed
empirically.

B. Overall architecture

The framework is organised into two nested loops (see
Figure 1):

1) Upper-Level Evolutionary Search. A population-
based evolutionary algorithm explores the hyper-
parameter space. Each individual encodes θ and
is evaluated by the lower level. A MOEA such
as NSGA-II is used to obtain a Pareto front; for
scalarised comparisons, a real-valued evolutionary
strategy with simulated binary crossover (SBX)
and Gaussian mutation is used.

2) Lower-Level Quality Evaluation. Given θ, the
lower level configures and (optionally) fine-tunes
a transformer-based model, generates natural-
language test descriptions for each requirement,
converts descriptions into executable test scripts,
runs the tests on an instrumented target, and returns
Q(Tθ).

C. Upper-level evolutionary search: operators and
schedule

Each individual is represented as a mixed-type vector
where continuous parameters are encoded directly, inte-
ger parameters are rounded, and categorical parameters
are mapped to integer indices. The evolutionary loop uses
the following components and default hyperparameters
(reported values were used in the experiments described
in Section IV):

• Population size N = 50. Initial values sampled uni-
formly within predefined bounds for each parameter.

• Binary tournament selection based on Pareto domi-
nance rank and crowding distance (for MOEA), or
tournament selection on scalar fitness (size t = 3)
for scalarised runs.

• Simulated binary crossover (SBX) with distribution
index ηc = 15 for continuous genes. For categorical
genes, offspring inherit one parent’s category with
probability 0.5; otherwise sample from the categor-
ical neighbourhood.

• Gaussian perturbation for continuous genes with
per-gene mutation probability pm = 1/d and stan-
dard deviation scaled to parameter range; integer
genes mutated via integer-Gaussian rounding; cat-
egorical genes mutated by sampling an alternative
category uniformly.

• (µ + λ) steady-state replacement for scalarised
experiments; NSGA-II non-dominated sorting and
crowding-based replacement for multi-objective
runs.

• Search runs for G = 20 generations by default or
until a budgeted wall-clock time is exhausted.

Parameter choices were selected to balance exploration
and computational budget; a sensitivity analysis over ηc,
pm, N , and G is reported in Section IV.

D. Lower-level evaluation pipeline

The lower-level pipeline consists of four stages: model
configuration, test generation, NL-to-script conversion,
and metric computation.

1) Model configuration: If θ modifies only decoding
parameters (e.g., temperature, top-k, top-p, max tokens),
a pretrained language model checkpoint (e.g., T5-base)
is reused and only decoding parameters are passed to
the generator. If θ includes training-related hyperpa-
rameters (e.g., learning rate, number of epochs, batch
size), the model is fine-tuned on a curated subset of
requirement–test pairs drawn from a held-out training
corpus. Fine-tuning uses early stopping on a validation
subset: training halts if validation loss does not improve
for s consecutive epochs (default s = 3).

2) Test generation: For each requirement statement
in the input corpus, the model produces m candidate
natural-language test descriptions using stochastic de-
coding controlled by θ. Default m = 5 is used unless
the computational budget dictates otherwise. Generation
is constrained by a maximum token budget and by
heuristics that penalise excessively long outputs in the
efficiency cost E.

3) NL-to-script conversion: Generated natural-
language test descriptions are translated into executable
test scripts via a three-stage deterministic pipeline.
First, rule-based and dependency-parse-driven template
matching extracts actors, preconditions, steps, and
expected outcomes according to an adapted boilerplate
grammar. Second, the extracted test actions are
mapped to language-specific test skeletons (e.g., JUnit,
PyTest) [16]. When necessary, a code-generation
large language model synthesizes implementation-
specific assertions and API calls under constrained
prompts. Generated code undergoes static checks,
including syntax and typing verification, before
execution. Third, test scripts are instrumented for
coverage collection—using JaCoCo for JVM targets
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and coverage.py for Python targets—and packaged into
isolated execution environments such as containerized or
sandboxed setups [17]. Failures during code synthesis,
including parsing or compilation errors, are recorded and
negatively impact redundancy and efficiency metrics.

4) Metric computation: The following procedures are
used to compute Q:

• Statement and branch coverage collected via in-
strumentation during test execution; flaky or non-
deterministic tests rerun up to r = 3 times and
excluded if persistently non-deterministic (Code
coverage C).

• Sentence embeddings of test descriptions computed
using a pretrained sentence encoder (e.g., Sentence-
BERT); mean pairwise cosine distance normalized
to [0, 1] (Diversity D).

• Pairwise similarity matrix thresholded at τdup =
0.85; fraction of tests with at least one above-
threshold neighbour defines redundancy (Redun-
dancy R).

• Total wall-clock time for generation, synthesis,
compilation, and execution normalized by a base-
line unit; optionally augmented with average token
consumption (Efficiency E).

All scalar metrics are min–max normalised across
the current population before combination in scalarised
experiments.

E. Cost reduction and surrogate strategies

Due to the computational cost of lower-level evalu-
ations, several practical measures are employed. First,
generation outputs are cached for identical decoding
parameter tuples to avoid redundant computations (re-
sult caching). Second, regression surrogate models such
as Gaussian Processes or Random Forests [18] predict
promising candidates, with only the top-k selected for
full evaluation each generation (surrogate-assisted prese-
lection). Third, fine-tuning is halted once validation met-
rics plateau, and generation for candidates deemed un-
likely to improve is truncated early (early stopping) [19].
Finally, the number of generated tests per requirement,
m, is adapted dynamically based on candidate promise
(adaptive sampling).

F. Parallelisation and complexity

Evaluations of individuals are independent and paral-
lelised across compute nodes. Let G be generations, N
population size, and T average cost per evaluation; total
cost scales as O(G ·N · T ). Wall-clock time is reduced
approximately by factor P , the number of parallel work-
ers. Experimental configurations report hardware details,
average evaluation cost, and total time budget. Random
seeds are fixed for reproducibility; multiple independent
runs (default 10) are used for statistical validity.

G. Algorithmic summary

Algorithm 1 summarises the multi-level optimisation
procedure used.

Algorithm 1 Multi-level evolutionary hyperparameter
optimisation

1: Input: population size N , generations G, initial
parameter bounds, surrogate budget k

2: Initialise population P0 of N candidates by uniform
sampling

3: for generation g = 0 to G− 1 do
4: Predict Q for Pg using surrogate (if available)
5: Select subset Sg of promising candidates (top-k)

for full evaluation
6: for each θ ∈ Sg in parallel do
7: Configure model according to θ
8: Generate tests Tθ and convert to executable

scripts
9: Execute instrumented tests and compute Q(Tθ)

10: end for
11: Update surrogate with newly observed (θ,Q)

pairs
12: Perform selection, crossover, mutation to produce

Pg+1

13: end for
14: Output: Pareto front of evaluated candidates

IV. EXPERIMENTAL SETUP

The evaluation of the proposed hierarchical optimi-
sation framework was conducted on multiple publicly
available datasets of natural-language software require-
ments. Figure 2 illustrates the overall experimental setup
for evaluating the hierarchical optimisation framework.

The primary benchmark was the PURE dataset [20],
a large collection of 79 publicly available require-
ment specification documents containing over 34,000
requirement statements, annotated for functional and
non-functional properties. To complement this, exper-
iments were also performed on the PROMISE exp
corpus, an extended version of the PROMISE dataset
designed for requirements classification tasks, and the
FR NFR dataset [21], which contains 6,118 require-
ments (3,964 functional and 2,154 non-functional) [22]
aggregated from multiple industrial and open-source
sources. To examine cross-domain generalisability, two
additional corpora were incorporated: a synthetic au-
tomotive hardware-in-the-loop [23] (HIL) benchmark
comprising sensor-event sequences with temporal and
safety constraints, and a de-identified industrial avionics
requirement set supplied by an industry partner. All
datasets were normalised for terminology, tokenisation,
and formatting to ensure comparability across experi-
ments.
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Fig. 2: Experimental setup workflow depicting dataset
preparation, model configuration, test generation, multi-
metric evaluation, and evolutionary hyperparameter op-
timisation loop.

Baseline methods comprised representative hyperpa-
rameter search strategies frequently employed in genera-
tive model tuning: random search, Bayesian optimisation
using Gaussian process surrogates [24], and grid search
over discretised parameter spaces [25]. Each baseline
was configured to operate over the same hyperparameter
ranges and was evaluated using identical datasets, prompt
templates, and metric definitions as the proposed ap-
proach, thereby isolating the effect of the search strategy

from other confounding factors.
Test suite quality was quantified using a composite

set of metrics explicitly aligned with practical soft-
ware engineering objectives. Structural adequacy was
measured as statement, branch, and condition coverage
percentages obtained via gcov-based instrumentation of
the target codebase [26]. Semantic diversity was esti-
mated by computing the number of unique test scenarios
after clustering normalised test representations with a
cosine-similarity threshold. Operational efficiency was
characterised by total execution time, including both con-
ventional test execution and HIL simulation overhead. In
addition, a grounded consistency score was computed via
a retrieval-augmented generation (RAG) [27] pipeline, in
which retrieved domain-specific artefacts (API documen-
tation, safety standards, historical test suites) served as
context for entailment-based verification of generated test
steps.

The generative backbone was a transformer-based
decoder-only model comprising seven billion parame-
ters, fine-tuned on requirements-to-test mappings using
low-rank adaptation (LoRA) [28] for parameter-efficient
transfer. The upper-level optimisation variables com-
prised decoding hyperparameters (sampling temperature,
top-k, top-p, maximum token budget) and fine-tuning
parameters (learning rate, batch size, weight decay).
Evolutionary search employed a (µ + λ) strategy with
µ = 10 and λ = 40, simulated binary crossover,
and polynomial mutation. For each candidate config-
uration, the lower-level evaluation generated fifty test
cases per requirement, followed by full metric computa-
tion. Retrieval-augmented grounding employed a FAISS-
based dense retriever over domain artefacts, with the top-
k retrieved passages injected into the generator input.
The HIL execution environment was containerised and
instrumented to capture real-time execution traces and
coverage profiles.

All experiments were executed on an HPC cluster
equipped with eight NVIDIA A100 GPUs (80 GB each),
utilising mixed-precision inference and caching of to-
kenised requirements to reduce evaluation latency. Hy-
perparameter configurations, intermediate metrics, and
generated artefacts were stored for reproducibility and
subsequent Pareto-front analysis.

V. RESULTS

This section presents the empirical results of the
proposed hierarchical optimisation framework across the
datasets and baselines described in Section IV. Results
are organised by dataset and evaluation metric to provide
a detailed view of model behaviour and performance
trade-offs.
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A. Overall Performance Across Datasets

Table I summarises the performance of our approach
on the PURE, PROMISE exp, and FR NFR datasets.
The hierarchical optimisation consistently outperformed
all baseline methods (random search, Bayesian optimi-
sation, and fixed default settings) across all metrics. For
example, on the PURE dataset, the proposed method
achieved a mean code coverage of 82.4%, compared to
75.1% for Bayesian optimisation and 68.9% for random
search. Improvements in coverage were accompanied by
an increase in the number of unique test scenarios and a
reduction in redundancy.

TABLE I: Overall results across datasets. Best scores in
bold.

Dataset Method Coverage (%) Unique
Scenar-
ios

Exec.
Time (s)

PURE Hierarchical Opt. 82.4 145 58.3
Bayesian Opt. 75.1 128 54.9

Random Search 68.9 113 52.4
PRO-
MISE exp

Hierarchical Opt. 79.7 132 47.2

Bayesian Opt. 73.4 118 45.1
Random Search 66.5 104 44.0

FR NFR Hierarchical Opt. 81.1 139 53.8
Bayesian Opt. 74.2 122 51.6

Random Search 67.8 107 49.9

B. Coverage–Diversity Trade-off

Figure 3 shows the Pareto fronts for coverage versus
unique scenario count on the PURE dataset. Hierarchical
optimisation produced a broader Pareto frontier, indicat-
ing superior ability to balance high coverage with sce-
nario diversity. Bayesian optimisation tended to favour
coverage at the cost of diversity, whereas random search
yielded more scattered and dominated solutions.

C. Execution Time Efficiency

While hierarchical optimisation occasionally intro-
duced a moderate execution-time overhead (on average
6% longer than Bayesian optimisation), the increase was
offset by higher-quality outputs. The runtime overhead
stems primarily from the surrogate-assisted evolutionary
search, which was mitigated through parallelised evalu-
ation and early-stopping criteria.

D. Ablation Analysis

An ablation study on the PURE benchmark isolated
each component’s effect. Each variant kept main-run
settings and random seeds; full optimisation (same pop-
ulation, generations, per-candidate budget) was repeated
n = 10 times. Mean (±SD) reported; paired two-sided t-
tests at α = 0.05 assessed significance versus full system.
Ablation results are summarized in Table II.
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Fig. 3: Pareto front for coverage vs. unique scenarios
(PURE dataset).

As it possible to see, no single component domi-
nates; the framework’s effectiveness relies on the in-
terplay of explicit diversity, surrogate preselection, re-
trieval grounding, and realistic HIL evaluation. Sacrific-
ing grounding or execution realism inflates metrics but
harms practical utility; surrogate reduces cost without
degrading quality.

VI. DISCUSSION

The results in Section V corroborate the claim that
treating generation hyperparameters as upper-level de-
cisions and optimising generated artefacts with explicit
test-quality fitnesses yields more useful test suites than
tuning via proxy ML metrics. The multi-level evolu-
tionary search produced higher structural coverage and
greater semantic variety with reduced redundancy; these
gains were robust across repeated runs (n = 10) and
verified by paired two-sided t-tests (α = 0.05). Ablations
attribute effects quantitatively: removing the diversity
term reduced unique scenarios by ≈ 18%, disabling
RAG lowered grounded consistency by ≈ 12%, turning
off LoRA reduced coverage by ≈ 6%, and disabling
the surrogate increased wall-clock time by ≈ 42% and
full-evaluation cycles by ≈ 1.6×. Replacing HIL with
mocks produced optimistic efficiency numbers (reported
E ≈35% lower) and failed to expose hardware-specific
faults.

Methodologically, three lessons stand out. First, objec-
tive specification matters: composite fitnesses combining
coverage, semantic diversity, redundancy and runtime
constraints permit direct optimisation of downstream
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TABLE II: Summary of ablation experiments (approximate mean changes).

Ablated component Main effect Notes

Diversity objective removed Unique scenarios ↓≈ 18%; coverage ↑ +1.2 pp Reduced semantic variety (paired p < 0.01)
Surrogate model disabled Runtime ↑≈ 42%; cycles ×1.6 No coverage/diversity gain; higher cost
Retrieval (RAG) disabled Grounded consistency ↓≈ 12%; coverage ↓ 2.3 pp; scenarios ↓ 7% More out-of-domain generation (paired p < 0.01)
HIL replaced by mocks Efficiency metric ↓≈ 35% (optimistic); tests failed on hardware Realistic execution crucial for validity
LoRA fine-tuning off Coverage ↓≈ 6%; manual post-processing ↑ 20% Adaptation improves executable output
Population budget halved Runtime ↓ 50%; Pareto quality ↓ (dominated fraction ↑≈ 24%) Diminishing returns beyond defaults

test-quality goals rather than relying on weakly corre-
lated ML proxies. Second, hierarchical decomposition
reduces search dimensionality and aligns operators with
domain semantics, enabling tractable (µ, λ)-style con-
trol while preserving exploration. Third, surrogate-based
preselection is an effective cost–quality tradeoff when
properly warmed and calibrated, though surrogate choice
and uncertainty handling remain important engineering
decisions.

Practically, retrieval grounding and grounded-
consistency checks are recommended whenever
requirements reference APIs or domain conventions;
HIL is essential in safety-critical contexts [29]; and
cost-aware strategies (surrogates, staged budgets,
early stopping) are required for CI-compatible
deployment [30].

Limitations include compute budget and benchmark
scope (PURE and selected case studies), sensitivity to
fitness weighting and implementation choices, and im-
perfect proxy metrics (coverage/diversity/redundancy do
not fully capture maintainability or human trust). Future
work should explore adaptive objective weighting [31],
transfer-based warm-starts, tighter human–in-the-loop in-
tegration [32], and probabilistic or ensemble surrogates
with principled uncertainty estimation [33].

VII. CONCLUSION

A hierarchical multi-level evolutionary framework
was proposed to align LLM hyperparameter selection
with test-quality objectives. Empirically, the method
yielded substantive gains: on PURE mean code coverage
reached 82.4% (vs. 75.1% for Bayesian optimisation and
68.9% for random search) with 145 unique scenarios and
average execution time 58.3 s; comparable improvements
were observed on PROMISE exp (79.7%) and FR NFR
(81.1%). The runtime overhead was modest (≈6% vs.
Bayesian optimisation) and justified by higher-quality
outputs.

Key quantitative takeaways from ablations: remov-
ing the diversity objective reduced unique scenarios
by ≈18%; disabling the surrogate increased wall-clock
time by ≈42% and full-evaluation cycles by ≈1.6×;
disabling RAG lowered grounded consistency by ≈12%
and coverage by ≈2.3 percentage points; replacing HIL
with mocks produced an optimistic efficiency change

(reported E ≈35% lower) and several hardware-exposed
failures; turning off LoRA reduced coverage by ≈6%
and raised required manual post-processing by ≈20%;
halving the population budget worsened Pareto quality
(median dominated fraction ↑≈24%).

The results indicate that co-optimising hyperparame-
ters for explicit coverage, diversity and efficiency met-
rics—combined with retrieval grounding, surrogate pre-
selection and realistic execution—produces more useful
and executable test suites. Remaining limitations include
compute cost, sensitivity to fitness weighting and domain
variability; future work should target adaptive weighting,
transfer-based warm starts and probabilistic surrogates to
improve robustness and reduce search cost.
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