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Abstract
Model-based testing (MBT) derives test cases from behavioral mod-
els, whose construction may require manual effort and specialized
knowledge. Large language models (LLMs) offer an alternative by
inferring such models directly from natural-language requirements,
but the resulting test suites are trustworthy only if the inferred
model faithfully represents the expected behavior. We investigate
whether the mutation effectiveness of input sequences generated
from an inferred Mealy machine provides sufficient evidence of
behavioral fidelity. In a retrospective analysis of 30 pipeline runs, all
final models were valid andminimal, but twowere behaviorally non-
equivalent to the reference even though their test suites achieved
the same mutation score as a suite generated from the reference
model. We prospectively replicated the experiment with 50 runs
under a predefined protocol and a fixed LLM version. Seven runs
again produced non-equivalent models whose suites achieved the
same score as the reference-derived suite across three classical FSM
test-generation methods. The result persists after excluding mu-
tants that make the machines partial and does not arise because the
two test suites are identical. A contrasting case shows that muta-
tion score can reveal a loss of test effectiveness when model errors
alter the selected input sequences. Therefore, mutation effective-
ness is useful as a complementary measure, but equality with the
reference-derived score does not certify behavioral fidelity. Formal
validity, behavioral equivalence, and test-suite effectiveness should
be evaluated separately.
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1 Introduction
Model-based testing (MBT) derives test cases from behavioral mod-
els of the system or of its environment [16]. In state-machine-based
conformance testing, classical methods offer fault-detection guar-
antees under explicit hypotheses about the model, the implemen-
tation, and the fault domain [12]. In practice, however, obtaining
the model remains a costly step: it is usually built manually from
natural-language requirements and depends on specialized knowl-
edge.

Because these requirements are expressed in natural language,
large language models (LLMs) can infer the model itself, and not
only the tests, directly from them [1, 15, 22]. This possibility may re-
duce part of the modeling effort, but it also introduces a verification
step: before trusting the generated suites, one must assess whether
the inferred model correctly represents the expected behavior.

This assessment requires distinguishing formal validity from
behavioral fidelity. A machine can be complete and deterministic,
with every state reachable, and still produce outputs that differ from
those prescribed by the reference. In that case, it is formally eligible
to generate suites, yet it remains an unfaithful model. Minimality
does not solve the problem either: it eliminates behaviorally redun-
dant states without guaranteeing that the remaining behavior is
the correct one.

One possible strategy is to compare the effectiveness of the
sequences generated from the inferred model with that of a suite
derived from the reference model. To this end, we measure the
fraction of reference mutants killed by the sequences of each suite.
We call this measure the reference-oracled input-sequence mutation
score. In this computation, however, the kill oracle is the reference
itself. The metric assesses the effectiveness of the sequences against
the mutant population, but it does not directly check whether the
expected outputs prescribed by the inferred model are correct.

Given this limitation, we investigate whether the fact that a suite
derived from an inferred model reaches the same mutation score
as the reference suite provides sufficient evidence of behavioral
fidelity. We show that it does not. A model can be non-equivalent
to the reference and still select sequences that retain the same
effectiveness against the mutant population. Matching the score of
the reference suite therefore does not certify fidelity.

Our conclusion is one of insufficiency, not of prevalence. The
goal is not to estimate how often this behavior occurs across models,
systems, or LLMs, but to determine whether equality between the
scores can be used as a certificate of equivalence. To refute that
interpretation, it suffices to observe one situation in which a non-
equivalent model produces a suite as effective as the reference
suite.

The evidence comes from two complementary stages: a retro-
spective analysis of previously collected runs and a prospective
replication with a fixed model snapshot, a protocol frozen before
data collection, and a predefined analysis. We complement these
stages with a contrasting case and analyses of suite overlap and
operator sensitivity.

The main contributions are:

(1) An auditable evaluation pipeline that explicitly separates for-
mal validity, behavioral fidelity, and suite effectiveness for
LLM-inferred Mealy machines. The pipeline uses inference
to produce the models under evaluation, but the inference
procedure itself is not claimed as a methodological contribu-
tion.

(2) Empirical evidence, built in two stages, that the reference-
oracled input-sequence mutation score is not sufficient as a
proxy for fidelity. In both the retrospective analysis and
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the prospective replication, valid, minimal, non-equivalent
models produced suites with the same score as the reference
suite. The seven prospective non-equivalent models shared
the same behavioral error pattern, rather than exhibiting
seven distinct classes of infidelity. The result does not stem
from identical suites (Section 5.3) and persists even when
the partial mutants are excluded (Section 5.4).

(3) A characterization of the situations in which infidelity re-
mains invisible to themetric and of those inwhich it becomes
observable through a loss of effectiveness. The analysis is
accompanied by recommendations for evaluating the model
and the suite separately, as well as reproducible scripts for
suite comparison, operator sensitivity, and equivalence cross-
check.

The research questions are stated in Section 4 and the results are
presented in Section 5.

2 Background
2.1 Mealy Machines, Equivalence, and

Minimality
A Mealy machine is a deterministic finite-state transducer that,
on each input symbol, moves to a new state and emits an output
symbol. We use machines that are complete (every state/input com-
bination has a defined transition) and deterministic. Two machines
are behaviorally equivalent (𝑀 ≡ 𝑅) when they produce the same
output sequence for every input sequence. A machine is minimal
when no two of its states are behaviorally equivalent; the minimal
machine realizing a given behavior is unique up to state renaming.
In MBT, the reference model is the oracle of the expected behav-
ior, and conformance asks whether the observable behavior of the
implementation agrees with that of the model [12, 16].

2.2 Input Sequences and Output Oracles
A test suite derived from a machine combines two elements: the
input sequences that exercise the system and the expected outputs
associated with those sequences. Building oracles, that is, deciding
whether an observed output is correct, is a fundamental difficulty of
software testing [4]. This distinction is central to this paper: a suite
may contain sequences that adequately exercise the system and
still rely on expected outputs derived from an unfaithful model. For
example, suppose an inferred model generates an input sequence
that exercises the same relevant behaviors as a sequence generated
from the reference model, but predicts a different output for one
of its inputs. The sequence may still be effective at exposing faults
when the reference model supplies the kill oracle, even though the
inferred model’s own expected output is incorrect. Thus, sequence
effectiveness and model fidelity are distinct properties.

2.3 Generation Methods with Guarantees: W,
Wp, and HSI

Several classical test-generation methods for finite-state machines
provide fault-detection guarantees. TheWmethod derives a test set
that detects any implementation, within a declared fault domain,
that differs from the specification [6], building on the classical
coverage bound for extra states [19]. The partial W method (Wp)

retains this detection power with smaller suites [10], while HSI
(Harmonized State Identifiers) employs harmonized identifiers [13].

The guarantees are relative to each method’s hypotheses: a
bound on the number of implementation states, a reliable reset,
a complete and deterministic specification, reachability of all states,
and a shared alphabet [7]. Recent work continues to extend the
fault domains under which these guarantees remain valid [18]. A
complete suite is thus only required to distinguish the specifica-
tion from non-equivalent implementations when they belong to
the considered fault domain and satisfy the method’s hypotheses.
Section 4.7 discusses how these conditions relate to the mutation
operators used in the experiment.

2.4 Mutation as an Effectiveness Criterion
Mutation injects syntactic defects (mutants) and measures the frac-
tion killed by a test suite. Studies with code mutants provide evi-
dence that themutation score can serve as a proxy for suite effective-
ness in certain contexts [2, 11]. This evidence does not automatically
validate behavioral mutation on Mealy machines, which we treat
here as a distinct domain. In this study, mutation is applied to the
behavior of Mealy machines, following the tradition of mutation
analysis for FSM-based specifications [8]. The operators and their
semantics are presented in Section 4.7. Behavioral mutation is not
the same as code-level mutation testing, and mutants are not real
faults.

3 Related Work
LLM-based FSM inference from requirements. Recent work gener-

ates state machines from natural-language requirements and evalu-
ates them by criteria different from ours: mutation-guided repair
and test generation, observing that the most frequent errors involve
incorrect outputs and missing transitions [15]; component-level
F1-score (states, transitions, guards, and actions) on UML machines
[1]; and execution-based output matching in RTL generation, in the
hardware domain [22]. Our study addresses a more fundamental
question: whether the effectiveness of the sequences, evaluated
with the reference as the oracle, suffices on its own as a proxy for
behavioral fidelity. We show that it does not. Accordingly, the infer-
ence stage is used to produce the models under evaluation rather
than proposed as a new inference technique. Our contribution is
the evaluation framework and the assessment of whether sequence
effectiveness can serve as sufficient evidence of behavioral fidelity.

Test generation with LLMs. Surveys map the use of LLMs in
software testing [20], and there are systems that generate tests
directly, some guided by mutation [9, 14]. These systems generate
tests directly from code, without inferring an intermediate formal
behavioral model; in this work, we instead infer and evaluate an
intermediate formal behavioral model.

MBT and completeness methods.W, Wp, and HSI and their
hypotheses are classical [6, 7, 10, 13]; we use these methods as the
generation layer and their guarantees as a theoretical reference,
always qualified by the hypotheses.

Mutation as an evaluation criterion. There is empirical ev-
idence, from studies with code, on the relation between mutant
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detection and the detection of real faults [2, 11]. We use this frame-
work with the caveat that it does not automatically validate behav-
ioral mutation of Mealy machines, which is our domain.

Automata learning. Learning the reference model through
queries is an alternative to manual modeling [3, 17], which we
discuss as a complementary path.

Contamination and generalization. Evaluating LLMs on well-
known domains risks rewarding memorization rather than reason-
ing, a recognized threat to the validity of such evaluations [23]. For
this reason, we built fictional systems specifically for this study.
They reduce direct item contamination, but they eliminate nei-
ther memorization nor the reuse of learned structural patterns; the
argument they support is one of mitigation, not elimination.

4 Method and Experimental Design
4.1 Research Questions

• RQ1 (quality of the inferred models). To what extent
do the inferred models satisfy formal validity, behavioral
equivalence, and minimality, and how are they distributed
across the resulting quality categories?

• RQ2 (sufficiency of the metric). Is the reference-oracled
input-sequence mutation score sufficient as a proxy for the
fidelity of the inferred models?

• RQ3 (exploratory characterization of the inventory).
How do the results vary across systems and model configu-
rations in the experimental inventory?

RQ2 is the central question of the study: a single non-equivalent
model whose suite matches the reference suite’s mutation score
suffices for a negative answer. RQ3 is exploratory; it supports nei-
ther causal comparison nor a ranking of LLMs and is not part of
the decisive evidence of the contribution.

4.2 Metric Evaluated in This Study
The metric evaluated here is a diagnostic measure defined for this
study, motivated by mutation-based measures of test-suite effective-
ness. It asks whether a downstream effectiveness signal—equality
with the reference-derived mutation score—could substitute for
direct behavioral checking when evaluating LLM-inferred models.
We do not claim that this gap has been proposed in prior work as a
fidelity criterion.

Let bms(𝑆) be the fraction of mutants of the reference model
killed by a suite 𝑆 , over a fixed population of reference mutants. Let
𝑆ref be the suite derived from the reference and 𝑆inf the suite derived
from the inferred model𝑀 . We call bms(𝑆inf ) the reference-oracled
input-sequence mutation score of𝑀 and define the gap as

gap(𝑀) = bms(𝑆ref ) − bms(𝑆inf ). (1)

The gap is computed over the same mutant population. For a
suite derived from the inferred model, only its input sequences
are used. Each sequence is executed on the reference and on each
reference mutant, and a mutant is killed when its output trace
diverges from the reference trace. The expected outputs prescribed
by the inferred model therefore play no part in this decision.

Consequently, the metric measures the effectiveness of the se-
lected sequences against the adopted mutant population rather than
directly checking the inferred model’s outputs. For gap(𝑀) = 0 to

certify fidelity, it would be necessary that gap(𝑀) = 0 ⇒ 𝑀 ≡ 𝑅.
A single model satisfying gap(𝑀) = 0 and 𝑀 . 𝑅 is therefore
sufficient to refute this implication.

4.3 Evaluation Process and Repair Cycle
The requirements make the system’s input and output alphabets
explicit. The first LLM response is converted into a structured ma-
chine and checked for completeness, determinism, and reachability.
When the response is invalid, the next request includes the previous
response and the list of errors produced by formal validation. These
errors indicate, for example, missing transitions, nondeterminism,
or unreachable states. The process continues until a valid model
is obtained or the configured repair limit is reached. The use of an
LLM to derive a state-machine representation from textual require-
ments follows the general setting explored in prior work [1, 15].
The structured output format, validation-feedback repair cycle, re-
pair limit, and pipeline orchestration are experimental engineering
choices of this study rather than proposed inference techniques.

We use final attrition to denote runs that remain invalid after this
limit. They do not generate suites. For the remaining runs, equiv-
alence, minimality, and test generation are evaluated on the final
model; we therefore distinguish the validity of the initial attempt
from the validity reached after any repairs.

For each valid model, we check equivalence with two com-
plementary procedures: a synchronized traversal that compares
outputs directly and a structural comparison after minimization.
We then generate W, Wp, and HSI suites for equivalent and non-
equivalent models alike. Equivalence is a fidelity verdict, not a
generation filter. Each suite is executed against the same popula-
tion of behavioral mutants of the reference, producing themutation
score and the gap defined in Equation 1. When the methods differ,
we report W, Wp, and HSI separately; there is no aggregation across
them.

Figure 1 summarizes the experimental process, making explicit
the feedback repair cycle and the separation between the direct
fidelity check and the evaluation of suite effectiveness.

4.4 Fidelity Classification
The classes are defined by two properties of the valid models: equiv-
alence and minimality. They are mutually exclusive and, together
with the invalid class, cover all pipeline outcomes. An equivalent
and minimal model is classified as faithful; if it is equivalent but
not minimal, it is correct but redundant; every valid, non-equivalent
model is a fidelity error. Models that fail the formal check are invalid.

Minimality concerns behavioral redundancy rather than eligibil-
ity for test generation. A complete, deterministic, reachablemachine
can generate suites even if it contains behaviorally equivalent states.
For this reason, valid non-minimal models are not discarded before
test generation.

4.5 Equivalence Checking and Canonical
Counterexamples

Weuse two procedures because they provide complementary checks
of equivalence. The synchronized traversal compares the behaviors
directly and produces a witness sequence. The structural approach
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Figure 1: Evaluation process for the inferred models. Initially invalid responses may go through repair with feedback; only
runs that remain invalid after the limit are recorded as final attrition. Valid final models proceed, separately, to equivalence
checking and to the evaluation of suite effectiveness.

exploits the fact that two equivalent minimal machines are isomor-
phic [12]. Agreement between the procedures serves as an internal
check, although they share components and do not constitute fully
independent validations.

In the behavioral procedure, we traverse pairs of states from
the initial states and, for each input, compare the outputs of the
two machines. The first divergence demonstrates non-equivalence.
In the structural procedure, we minimize the inferred machine by
pruning unreachable states and refining the partition, and compare
it with the minimal reference under isomorphism.

When several sequences expose the same non-equivalence, we
choose a deterministic representation to ease reproduction and
comparison across runs. We call the canonical counterexample the
shortest sequence that reveals the first output divergence; ties are
broken by the lexicographic order of the recorded alphabet.

Cross-checkwith a Distinct Algorithm. Since the two paths above
share the output-comparison core, their agreement (set C) is ex-
pected by construction. For additional evidence, we implemented an
alternative checker based on exhaustive enumeration of sequences:
two complete, deterministic machines over the same alphabet are
equivalent if and only if they agree on the output for every se-
quence of length up to |𝑄1 | · |𝑄2 | (product-automaton bound). This
checker uses a distinct decision algorithm, although it shares the
machine representation and the execution semantics. We compared
the two on 305 pairs of small machines (five hand-built and 300
random, seed 42; 127 equivalent, 178 non-equivalent) and observed

agreement on all 305 pairs. This increases confidence in the imple-
mentation but does not constitute a formal proof of correctness
(scripts in the artifact package).

4.6 Repetition Protocol
In this paper,𝑁 denotes the number of pipeline runs, not the number
of individual API requests. The decisive cell (gpt-5 × tidewell)
was collected in two separate blocks, analyzed side by side and
never combined into a single 𝑁 .
A1: retrospective analysis. The first block gathered 𝑁 = 30
runs under the same specification and configuration. Each run
began with a request to the model; when the initial response was
formally invalid, the pipeline could send a repair request with the
previous response and the validation errors. In 28 runs, the first
attempt already produced a valid model; R02 and R28 required one
repair each, for a total of 32 API requests. No run was discarded
or replaced. Final attrition was zero (0/30), and the two decisive
counterexamples, R29 and R30, were valid on the first attempt.
A2: prospective replication.We repeated the same cell in 𝑁 = 50
runs with the fixed snapshot gpt-5-2025-08-07. We kept the sys-
tem, requirements, zero_shot mode, alphabets, parsing, formal
validation, and repair policy unchanged. The data-collection pro-
tocol and the analysis pipeline were frozen before the prospective
runs began. The 50 runs corresponded to 52 requests: two validity
repairs (A2-R013 and A2-R029) and no transport retries. The re-
sponses and the required artifacts were preserved, and the analysis
was performed locally, without new requests to the model.
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A1 and A2 are separate collections over the same experimental
cell. The remaining systems and configurations have fewer runs
and are treated as exploratory; they are not incorporated into the
decisive blocks.

4.7 Mutants and the Transition-Removal
Operator

The behavioral mutants are first-order and are generated by exhaus-
tive enumeration over four operators. The transition_removal
operator removes one transition and produces a partial machine.
Upon reaching an undefined transition, the executor halts the sim-
ulation and emits an undefined-output marker (halt+None seman-
tics). These partial mutants are not covered by the completeness
hypotheses of W, Wp, and HSI and are therefore excluded from
any completeness claim. All generated mutants are included in the
empirical denominator, including the partial mutants produced by
transition_removal. The infrastructure does not perform ded-
icated equivalent-mutant detection, which we record as a limi-
tation. In the central cases, the tidewell_regulator reference
generates 2,411 mutants (output 1,680; target-state 660; transition-
removal 60; initial-state 11) and aurora_array generates 3,149
(1,188; 1,836; 108; 17); the reported scores and gaps use these de-
nominators. Section 5.4 recomputes the gap with and without the
transition_removal operator to test whether the finding depends
on partial mutants.

4.8 Target Systems
We adopted a purposive sample with two groups. The six canoni-
cal systems were selected to represent small MBT/FSM examples,
such as vending machine, traffic light, authentication, cruise control,
infotainment, and ATM, with two to seven states. They facilitate
comparison, although their domains may have appeared in the
LLMs’ training data.

The three fictional systems were built to reduce direct contam-
ination and to increase structural complexity while keeping the
experimental cost feasible: sentinel_latch (12 states), tidewell_
regulator (12), and aurora_array (18). Their requirements are
functional and non-tabular. This selection is not meant to represent
the population of state-based systems; the limitation is revisited
under the external-validity threats.

4.9 Experimental Configurations
We varied the configuration of the inference model. The high-
capacity model was gpt-5 and the compact one gpt-4o-mini, both
via the OpenAI API (Chat Completions endpoint); the descriptive
inventory also includes qwen2.5-coder 3B and 7B, via Ollama, and
gemini-2.5-flash. These configurations differ simultaneously in
architecture, training data, scale, generation strategy, and provider.
We therefore do not interpret observed differences as an isolated
causal effect of capacity.

Each run starts with an independent request. Repair requests,
when needed, include the previous response and the errors from
formal validation. We set the temperature to 0.7 for gpt-4o-mini and
gemini-2.5-flash. For gpt-5, the interface did not send this parameter,
so the provider’s default value was used. The output limit was max_
completion_tokens=16384. We sent neither reasoning.effort,

top_p, nor a sampling seed; seed 42 refers to mutant generation.
The confidence intervals are descriptive and use the Wilson score
method [21] instead of the Wald interval [5].

4.10 Traceability and Reproducibility
In the retrospective block A1, we persisted the templates, the re-
quirements, the prompt identifiers, the textual responses, and the
final models. The rendered prompts can be reconstructed from these
artifacts and the code version, but they were not preserved. Also
not recorded were the versioned snapshot, the response envelope,
the response and request identifiers, the token counts, and the SDK
version; the exact HTTP payload was not saved either.

In the prospective block A2, we fixed the snapshot gpt-5-2025-
08-07 and preserved the arguments passed to the SDK, the rendered
prompts, the returned envelope, the identifiers, the tokens, and
the attempt history, though not the byte-level HTTP body. This
difference in traceability is accounted for in the threats to validity
and in the artifact availability.

4.11 Experimental Sets
Table 1 summarizes A1, A2, B, C, and the exploratory pilot. A1 is
contained in B, whereas A2 is a separate prospective collection.
The pilot overlaps B in 21/24 runs; its remaining three are earlier
high-capacity tidewell executions distinct from A1. Results are
reported under their respective denominators and are never pooled.

5 Results
5.1 RQ1: Quality of the Inferred Models (Sets A1

and A2)
The results show that formal validity does not imply equivalence.
Of the 30 runs (Table 2), 28 produced a formally valid machine on
the first call to the model; R02 and R28 required one additional
repair call. All 30 final models were valid and minimal, so there
was no final attrition in block A1. Regarding fidelity, 28/30 final
models were equivalent to the reference and classified as faithful
(Wilson 95%: [0.79; 0.98]). This group includes R02 and R28, which
became faithful after repair. R29 and R30, in turn, were fidelity er-
rors: valid, minimal, yet non-equivalent (Wilson 95%: [0.02; 0.21])
and obtained on the first call, without repair. In the prospective
block A2, 48/50 runs were valid on the first attempt, and two re-
quired one repair each (A2-R013 and A2-R029); all 50 final models
were valid and minimal, 43/50 equivalent (faithful) and 7/50 fidelity
errors (Wilson 95%: [0.07; 0.26]). The seven non-equivalent models
were minimal and had the same size as the reference (12 states).
Size and minimality, therefore, did not reveal the infidelity.

5.2 RQ2: Sufficiency of the Metric (Sets A1 and
A2)

The A1 and A2 results show that the score is not sufficient as a
proxy for fidelity. For the non-equivalent models R29 and R30, the
difference in effectiveness was zero: the reference suite and the
inferred suite killed all mutants (bms(𝑆ref ) = bms(𝑆inf ) = 1.0; all
three methods—HSI, W, and Wp—yielded 1.0), resulting in gap= 0.
The other 28 runs also had gap= 0 and corresponded to equivalent
models. In this set, the metric did not distinguish the 28 faithful
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Table 1: Experimental sets. Results are reported under their own denominators and are never pooled; A1 is contained in B,
whereas A2 is a separate prospective collection.

Set Configuration / scope Purpose

A1 (decisive) high capacity × tidewell (𝑁=30) retrospective analysis (RQ2)
A2 (prospective) fixed snapshot × tidewell (𝑁=50) prospective replication (RQ2)
B (descriptive) 104 real pipeline runs stratified inventory (RQ1/RQ3)
C (verification) 187 valid models implementation consistency
Pilot (explor.) fictional systems, few runs exploratory analysis (RQ3)

Table 2: Model quality per set. “Final valid” refers to each run’s final model; A1 and A2 are reported separately. B is descriptive,
and the pilot is exploratory. Wilson 95% intervals where applicable.

Set Configuration / system 𝑁 Final valid Equivalent Minimal Faithful Status

A1 high cap. × tidewell 30 30/30 28/30 [0.79;0.98] 30/30 28/30 retrospective
A2 fixed snap. × tidewell 50 50/50 43/50 [0.74;0.93] 50/50 43/50 prospective
B gpt-5 (all systems) 36 36/36 34/36 – 33/36 descriptive
B gpt-4o-mini (all systems) 19 5/19 2/19 – 2/19 descriptive
B real-run inventory (all models) 104 84/104 78/104 – 77/104 descriptive
Pil. high cap. × 3 fictional 9 – 8/9 – 7/9 exploratory
Pil. compact × 3 fictional 15 – 0/15 – 0/15 exploratory

models from the 2 unfaithful ones. These two cases therefore re-
fute gap(𝑀) = 0 ⇒ 𝑀 ≡ 𝑅. R29 and R30 were obtained on the
first call and did not go through the repair cycle, so the decisive
counterexample is not a product of the feedback correction step.

The reference suite and the R29/R30 suites reached the upper
bound of the score (joint saturation, discussed below); the aurora_
array case shows that the metric is not invariably saturated.

Figure 2 summarizes the two observed regimes. In both cases,
the model is non-equivalent, but only in the visible case is there a
loss of effectiveness against the mutant population.

The invisible counterexample (R29 and R30). Table 3 sum-
marizes the contrasting cases. In R29 and R30, the reference has 12
states and the inferred model has 14 states, already minimal; this
is a fidelity error, not redundancy. The canonical counterexample
has length 7: start, hi, start, lo, stop, start, start. The
divergence occurs at the seventh input (start), in state RUN_OK,
where the reference produces running and the inferred model pro-
duces run_low. Because the mutants’ kill oracle is the reference,
the sequences of the inferred suite still kill all mutants; the in-
ferred model’s wrong output plays no part in this criterion. The
gap therefore remains zero.

The prospective replication (A2). Block A2 reproduced the invis-
ible regime under a protocol frozen before collection: 7 of the 50
runs produced non-equivalent models and, in all seven, W, Wp, and
HSI killed the 2,411 mutants, with gap= 0 under all three methods.
The seven models are behaviorally equivalent to one another and
have 12 states, like the reference. They represent seven occurrences
of the same error mode, not seven distinct error modes. The canon-
ical counterexample has length 4: start, hi, stop, start; at
the fourth input (start), the reference produces priming and the
inferred model produces running. As in A1, the wrong output plays

no part in the mutant-kill criterion (whose oracle is the reference),
and the gap remains zero (Table 3).

The visible counterexample (aurora_array). In aurora_array
(EXP-009-R02, compact model), the model is valid, minimal, and
non-equivalent, with a counterexample of length 2 (A, A). On
the second input, A, the reference produces deny and the inferred
model produces advance. The change in the sequences selected
by the suites reduced the inferred suite’s ability to kill mutants.
The three methods showed different values: the W score was 0.493
(gap= 0.507), while the HSI andWp scores were 0.482 (gap= 0.518).
All indicate a loss of effectiveness (gap > 0) and support the same
qualitative interpretation; Table 3 presents the three values.

In the three representative cases, the error is an output error
in valid, non-equivalent models. What differs is its effect on the
sequences selected by the suite. In aurora, the change reduces the
ability to kill mutants and makes the difference observable. In A1
and A2, that ability is preserved and the gap remains zero. Because
the cases also differ in system, model configuration, and witness
length, this contrast is illustrative rather than causal.

5.3 Explaining the Zero Gap: Suite-by-Suite
Comparison

The zero gap of R29/R30 does not come from identical suites, but
from different suites that kill exactly the same mutants. Table 4
recomputes, directly from the versioned machines, the sizes of
the reference and inferred suites, the Jaccard index of their input
sequences, and the difference between the sets of killed mutants
(script analyze_invisible_cases.py). We distinguish three sit-
uations: (i) identical input suites; (ii) different suites that kill the
same mutants; (iii) different suites with a loss of effectiveness.

In the invisible case (R29/R30), the suites are not identical: the
Jaccard index ranges from 0.37 (W) to 0.70 (HSI), and the inferred



Fidelity Is Not Effectiveness in LLM-Inferred Mealy Machines SAST 2026, September 8–11, 2026, São Paulo, SP, Brazil

(a) Invisible case: non-equivalent model, gap = 0

Non-equivalent model
output divergence

Sequences preserve the
effectiveness against the

reference mutant population
bms(𝑆inf ) = bms(𝑆ref ) gap = 0

The error in the inferred
model’s outputs is not
revealed by the score.

(b) Visible case: non-equivalent model, gap > 0

Non-equivalent model
output divergence

The change in the sequences
reduces the effectiveness against
the reference mutant population

bms(𝑆inf ) < bms(𝑆ref ) gap > 0
The suite’s loss of

effectiveness becomes
observable through the score.

Figure 2: Contrasting cases in the relation between fidelity and effectiveness. In the invisible case, the inferred suite retains the
same score as the reference suite despite the non-equivalence. In the visible case, the loss of effectiveness makes the difference
observable. Equivalence compares the models’ outputs; the score compares the suites’ effectiveness using the reference as the
mutants’ kill oracle.

Table 3: Contrasting cases, with the three generation methods (W, HSI, and Wp) reported explicitly. All models are valid,
minimal, and non-equivalent, and in all of them bms(𝑆ref ) = 1.0. The A2 row summarizes the seven non-equivalent prospective
runs, which exhibit the same unfaithful behavior (a single error mode). In each case, the three methods support the same
qualitative interpretation.

Case ref/inf states |𝑤 | Error (input: ref/inf) Method bmsinf / gap Regime

R29/R30 / tidewell 12/14 7 start: running/run_low W 1.0 / 0.0 invisible
HSI 1.0 / 0.0
Wp 1.0 / 0.0

A2 / tidewell 12/12 4 start: priming/running W 1.0 / 0.0 invis. (prosp.)
HSI 1.0 / 0.0
Wp 1.0 / 0.0

R02 / aurora 18/11 2 A: deny/advance W 0.493 / 0.507 visible
HSI 0.482 / 0.518
Wp 0.482 / 0.518

suite has more sequences than the reference one (for example, 270
versus 183 in W). Even so, both kill all 2,411 mutants and the sets of
killed mutants are identical (“ref. only”= “inf. only”= 0), so gap= 0.
The score is insensitive to the infidelity not because the sequences
coincide, but because both suites saturate the mutant population. In
the visible case (aurora), the suites also differ (Jaccard ≈ 0.35–0.39),
but now the inferred suite kills a strict subset of the mutants killed
by the reference suite: 1,596 (W) or 1,632 (HSI/Wp) mutants are
killed only by the reference and none only by the inferred suite,
which produces gap > 0. The prospective block A2 exhibits the
same pattern as the invisible case: for the seven unfaithful models,
the inferred and reference suites have nearly equal sizes (W 183/183;
Wp 109/110; HSI 91/92) and, although they differ (W Jaccard≈ 0.50),
they kill exactly the same 2,411 mutants, with gap= 0.

5.4 Sensitivity of the Gap to Mutation Operators
Because both suites kill all 2,411 tidewell mutants, zero gap nec-
essarily persists for any subset of this population. We nevertheless
report the operator breakdown, recomputed from the recorded per-
operator reports (script operator_sensitivity.py), to document
that the decisive counterexamples do not rely on the inclusion of
partial mutants. Table 5 also examines the non-saturated aurora
case, where removing transition_removal still leaves the gap
positive.

Excluding transition_removal reduces the tidewell popula-
tion from 2,411 to 2,351 mutants and the aurora population from
3,149 to 3,041 (Table 5). For R29/R30, the gap is also zero within each
operator class (detailed results in operator_sensitivity.csv). In
aurora, it remains positive (0.509 in W; 0.520 in HSI/Wp). Thus,
excluding partial mutants does not change either regime, although
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Table 4: Suite-by-suite comparison, recomputed from the versioned machines. |𝑆ref | and |𝑆inf | are numbers of distinct input
sequences; “ref. only” and “inf. only” are mutants killed exclusively by one of the suites. R29 and R30 produce the same values
(same defect).

Case Method |𝑆ref | |𝑆inf | Jaccard ref. only inf. only gap

R29/R30 / tidewell W 183 270 0.369 0 0 0.0
Wp 109 133 0.603 0 0 0.0
HSI 91 111 0.698 0 0 0.0

R02 / aurora W 436 268 0.386 1596 0 0.507
Wp 218 172 0.388 1632 0 0.518
HSI 192 152 0.349 1632 0 0.518

it does not eliminate the ceiling effect. The seven prospective A2
cases likewise retain zero gap in each operator class.

5.5 Inventory, Consistency, and Pilot (B, C, and
RQ3)

The descriptive blocks play no part in the prospective replication
and are reported compactly. In inventory B (104 real pipeline runs;
not a quality rate), 77 models were faithful, 1 correct but redundant,
6 fidelity errors, and 20 invalid, with the invalid ones concentrated
in two configurations (14 and 6) and none in the high-capacity
one. In set C, of the 207 models associated with a reference (103
reference-mirror positive controls and 104 real runs), 187 are valid
and the structural and behavioral verdicts agree in all 187 valid
cases. This is an implementation-consistency check, expected by
construction and complemented by the exhaustive-enumeration
cross-check (Section 4.5); it does not constitute a formal proof. As
an exploratory analysis (RQ3), on the three fictional systems, the
high-capacity configuration produced 7/9 faithful models and 8/9
equivalent models, whereas the compact configuration produced
0/15 faithful models; these results come from small, confounded
samples, do not constitute a ranking of LLMs, and enter neither the
contributions nor the decisive evidence.

6 Discussion
Answer to RQ1: formal validity does not certify fidelity. In
A1, the 30/30 valid final models include 2 non-equivalent ones; in
A2, the 7 unfaithful models are valid, minimal, and the same size as
the reference. Formal validity enables suite generation, but it does
not certify that the behavior is correct.

Answer to RQ2: the score is not sufficient as a proxy for
fidelity. Block A2, under a fixed snapshot and a protocol frozen be-
fore collection, reproduced the invisible regime: 7/50 non-equivalent
models with gap= 0 in W, Wp, and HSI. A1 and A2 produced differ-
ent error modes: in A1, running/run_low, with a counterexample
of length 7 and 12/14 states; in A2, priming/running, with a coun-
terexample of length 4 and 12/12 states. The two blocks reproduce
the same metric-level phenomenon, but not the same defect. We
performed no inferential comparison between the blocks’ rates; the
intervals are descriptive. The 7/50 result does not represent a gen-
eral failure rate of gpt-5, and A2 does not estimate the prevalence
of the phenomenon.

When the score is informative. Since the kill oracle is the refer-
ence, the metric measures the effectiveness of the suite’s sequences,
not the correctness of the outputs prescribed by the inferred model.
The score therefore answers a different question: how effective
the sequences are against the mutant population, not whether the
inferred model is equivalent to the reference. In R29/R30, this yields
gap= 0 despite the non-equivalence, whereas in aurora the loss of
effectiveness makes the difference observable (gap > 0).

Ceiling effect and the conceptual limitation.On the tidewell
mutant population, both the reference suite and the R29/R30 suites
reached the upper bound of the score. This joint saturation pre-
vents the metric from distinguishing them on that population, even
though their sequences differ. Note that bms(𝑆ref ) = 1 does not
force bms(𝑆inf ) = 1: as in aurora, the inferred suite could score
lower and produce gap > 0; what happened in R29/R30 is that both
suites, although different, killed the entire mutant population. The
sensitivity analysis (Section 5.4) shows that the result does not
depend exclusively on the transition_removal operator, but it
does not eliminate the ceiling effect in the remaining mutant sub-
populations. Beyond the ceiling effect, the conceptual limitation
remains: the score does not directly check the outputs predicted by
the inferred model, because the reference remains the kill oracle. An
error can become visible when it changes the generated sequences,
as in aurora; but this occasional visibility does not turn gap= 0 into
a certificate of equivalence.

A two-layer evaluation. The results suggest evaluating the
inference first by formal eligibility and behavioral equivalence, and
then by the effectiveness of the generated suites. The second layer
complements the first, but it cannot replace it. When no reference
model is available, the gap defined in this study cannot be com-
puted. Structure-oriented criteria and execution-based output as-
sessment have been used to evaluate LLM-generated state machines
[1, 15, 22], while mutation-based measures can assess the effective-
ness of generated tests [9, 14]. Such measures may help identify
weak or suspicious results, but they assess observable properties
or test effectiveness rather than certify behavioral fidelity with re-
spect to an unavailable reference. A positive gap indicates reduced
sequence effectiveness against the adopted mutant population; it is
a diagnostic signal, not a fidelity verdict.

Answer to RQ3 and relation to the literature. The inventory
suggests variation across systems and configurations, but the small,
confounded samples support neither a ranking of LLMs nor causal
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Table 5: Sensitivity of the gap to the mutation operators. Each row is a subpopulation with its own denominator 𝑛; the gaps
check the persistence of the regime and are not comparable across rows. “Without transition_removal” coincides with the
operators that preserve completeness.

Case Mutant population W gap Wp gap HSI gap 𝑛

R29/R30 / tidewell all operators 0.0 0.0 0.0 2411
without transition_removal 0.0 0.0 0.0 2351

R02 / aurora all operators 0.507 0.518 0.518 3149
without transition_removal 0.509 0.520 0.520 3041

comparison. Prior work evaluates LLM-inferred FSMs by struc-
ture, output matching, or use in test generation [1, 15, 22], while
other work employs mutation to guide or evaluate LLM-generated
tests [9, 14]. Our result connects these threads: the effectiveness
of the sequences, even when measured against the reference as
the oracle, does not replace direct verification of the intermediate
model. Evaluating only the suite can therefore leave fidelity errors
undetected.

7 Threats to Validity
Construct Validity. Behavioral mutation is not the same as code-

level mutation testing, and mutants are not real faults; the mutant
population may not represent all relevant defects. We do not per-
form a dedicated equivalent-mutant analysis. In general, equivalent
mutants would affect the denominator and therefore the interpre-
tation of absolute mutation scores. In the decisive tidewell cases,
however, every generated mutant was killed by both suites; under
the adopted execution semantics, a behaviorally equivalent mutant
could not be killed. Equivalent mutants therefore do not explain the
observed zero-gap counterexamples. The mutation score measures
the effectiveness of the sequences against this population and does
not directly check the inferred model’s outputs; joint saturation of
the suites can prevent the distinction even when they differ. The
gap depends on the population and is not invariant to the choice
of operators; it requires a reference model, since the mutants, the
suite, and the kill oracle derive from it. The transition_removal
operator produces partial machines, outside the completeness hy-
potheses of W, Wp, and HSI. The reference model used as the oracle
is itself human-constructed.

Internal validity. The differences between model configura-
tions confound capacity with architecture, data, scale, generation
strategy, and provider; there is no causal design. In A1, R02 and R28
went through the repair cycle; in A2, A2-R013 and A2-R029 also
required one additional request. The final models of both blocks
thus combine responses that were valid on the first attempt and
repaired responses. We treat repair as part of the evaluated pipeline.
The decisive non-equivalent models in A1 and A2, however, were
obtained on the first attempt, so the phenomenon was not an ar-
tifact of feedback-based repair. Different numbers of runs across
systems prevent direct comparisons of raw counts.

External validity. There are few independent systems (six re-
modeled canonical ones and three fictional ones). The decisive
evidence comes from the gpt-5 × tidewell cell; repetitions on the
same system are not independent systems (pseudoreplication), and
the Wilson intervals are used descriptively. The fictional systems

mitigate direct item contamination but do not eliminate memoriza-
tion. The prospective block A2 mitigates retrospective selection and
uses a fixed snapshot, but it still covers only one model snapshot; its
seven unfaithful models exhibited the same behavior and represent
repeated occurrences of one error mode, not seven independent
types of infidelity. Nor do the 50 runs correspond to 50 independent
systems. There is no prevalence estimate; generalization to other
systems, prompts, LLMs, and operators requires new studies.

Conclusion validity. The insufficiency claim is established
by counterexample: a single non-equivalent model with gap= 0
suffices, and the study provides such cases for the adopted gap
definition and mutant population. There is a risk of implementa-
tion error; some checks share components, so the consistency of
set C is expected by construction. We mitigate part of this risk
with the exhaustive-enumeration cross-check (Section 4.5), which
agreed with the main checker on 305/305 pairs, but which is also
implementation evidence, not formal proof.

Reproducibility. In the retrospective block A1, the runs against
proprietary APIs were recorded by the model alias, without the ver-
sioned snapshot. The response envelope was discarded at the source,
so response.model, request identifiers, usage, and token counts
were not retained in the artifacts; the SDK version was not frozen
and the exact payload was not saved. The rendered prompts are re-
constructible (templates, requirements, and code version), but they
were not originally persisted. In contrast, the textual content of the
responses, the final models, the scripts, and the additional analyses
are persisted and re-executable over the versioned artifacts, with-
out new API calls. These limitations affect the retrospective block
A1; the prospective block A2 froze the protocol and the analysis
pipeline before collection, fixed the snapshot gpt-5-2025-08-07,
and preserved the arguments sent to the SDK, the response en-
velopes, the identifiers, and the tokens, reducing the threats of an
unknown snapshot and missing metadata.

8 Conclusion
We studied how to evaluate LLM-inferred Mealy machines for
model-based testing. The results support three main conclusions:

(1) Formal validity, minimality, and size do not guarantee be-
havioral equivalence: in A1, the 30 final models were valid
and minimal, but two were not equivalent; in A2, the seven
unfaithful models were valid, minimal, and the same size as
the reference.
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(2) The retrospective finding was replicated prospectively: in
block A2, under a frozen protocol, seven runs produced non-
equivalent models with gap= 0 in W, Wp, and HSI. These
seven models share the same error mode, which differs from
the one observed in A1. This zero gap does not stem from
identical suites and persists even when the partial mutants
are excluded. In the aurora_array case, the change in the
selected sequences produced gap > 0, showing that the
metric can reveal losses in effectiveness. Nevertheless, gap =

0 does not certify fidelity.
(3) The evaluation of inferred models should separate three

properties: formal validity, behavioral equivalence, and suite
effectiveness. Fidelity should be the primary criterion, and
the reference-oracled input-sequence mutation score a comple-
mentary measure.

A1 and A2 are separate collections of the same cell and do not
estimate the general prevalence of the phenomenon. We also make
no claims about the superiority of any LLM or the inadequacy of W,
Wp, or HSI. The contribution is to show that sequence effectiveness
cannot replace checking the fidelity of the model that generated
those sequences.

Artifact Availability
The artifact package contains the data, models, prompts, scripts,
and results needed to inspect and re-execute the reported analyses
offline. It is publicly available at https://github.com/alecsmatos1/
fidelity-is-not-effectiveness-artifact.
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