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Abstract5

AI agents can increasingly generate executable tests from code, requirements, and human-written6

natural-language prompts, but the resulting tests often remain difficult to trust. They may compile7

and run, yet remain arbitrary or inconsistent with the intended system behavior. This paper8

proposes using Model-Based Testing (MBT) to check and classify AI-generated tests. We treat these9

generated software artifacts as candidate tests that must be checked against an MBT model. We10

define checks for the model path, guards, inputs, adequacy, and MBT logs. One can then classify11

candidate tests as model-backed, model-extending, or model-inconsistent. The contribution is a12

conceptual framework for making AI-assisted test generation more reviewable and reusable in quality13

assurance.14
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1 Introduction20

AI-assisted testing [6] is changing the cost of producing tests and is increasingly capable of21

generating abstract and executable tests from source code, documentation, requirements, and22

natural-language prompts. Recent studies [11, 15, 1] show that such systems can produce23

tests that achieve high test coverage and fault-detection scores. At the same time, these24

studies show that generated tests still suffer from correctness issues, execution failures, and25

assertion errors. This raises a practical question: if AI can now generate many candidate26

tests, how can Model-Based Testing (MBT) [13] help improve the checking of such tests?27

Instead of using MBT only as another generator, we use it as a checking step for AI-assisted28

software testing. The idea is to treat each generated test as a candidate that must be29

interpreted against an explicit behavioral model. The assumption is that a test is better30

supported by evidence when it follows and is consistent with a valid model, satisfies a31

meaningful adequacy criterion, and is supported by evidence from MBT execution logs.32

We present a conceptual workflow for AI-generated tests, along with an initial classification33

scheme that shows how MBT can accept, reject, or trigger revisions of generated test34

candidates. The idea is to help teams use AI to produce tests without compromising35

consistency with the intended system behavior as understood when creating an MBT model.36

2 Motivation and related work37

We build on the established view of MBT [13] and model testing [2] as a test design and38

execution approach in which models of the system or its environment are used to derive,39
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Test Test AI 
Assistant test cases

Model 
Mapping

Model-backed

Model-extending

Model-inconsistent

MBT 
Model

Figure 1 AI generates candidate tests; MBT checks and classifies them.

Class MBT interpretation Action
Model-backed The test maps to an existing model path, respects guards,

and satisfies an adequacy criterion.
Accept and reuse.

Model-extending The test appears relevant but cannot be mapped to the
current model, suggesting missing behavior.

Review and
evolve.

Model-
inconsistent

The test contradicts the model, e.g., invalid transitions,
violated guards, unsupported outputs, or wrong expected
states.

Reject and revise.

Table 1 Classification of AI-generated tests after MBT checking.

execute, and evaluate tests.40

Recently, Mondal et al. [11] showed that LLMs can support MBT by helping build models41

from natural-language specifications. Recent model-driven approaches [1] have begun using42

LLMs for test scenario generation, demonstrating that models can guide the production of43

AI-generated tests. The growing body of work on LLMs for software testing [14] shows that44

AI-assisted testing is becoming a major research direction, but also motivates the need for45

systematic validation of generated test artifacts. Our work takes a complementary approach,46

using MBT to validate and classify tests generated by AI agents.47

Other prior work shows that LLMs can improve automated test generation. For example,48

CodaMOSA [9] uses LLMs to help search-based testing escape coverage plateaus, while49

empirical work [15] on LLM-based software testing reports that passing generated tests can50

achieve coverage and readability comparable to manually written tests. However, there is51

a gap between generating and trusting the generated tests. Such generated tests can still52

suffer from correctness issues, including execution failures, mostly due to incorrect assertions.53

Recent oracle-generation studies [10] support the claim that LLMs can generate useful oracles.54

Others have proposed a model-driven testing framework to ensure LLM quality [3], in which55

models guide test case generation. These findings suggest a practical view for engineers and56

researchers. AI-generated tests can be treated as test candidates rather than as direct, usable57

assets, and MBT can be used to evaluate them.58

Existing work has predominantly used model analysis to generate, optimize or select tests.59

We propose that a test model becomes an independent checking artifact. This shifts model60

coverage from a primary generation-stopping criterion to one source of evidence about the61

quality of an AI-generated test suite.62
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3 Checking AI-generated tests using MBT63

We propose a workflow applicable to AI-generated candidate tests (as shown in Figure 1).64

The proposed model mapping checks if the test case candidates correspond to a valid path65

in the model. In addition, one would need to check if the chosen inputs respect the model’s66

guards. Also, one would need to check whether the expected result is justified by the model.67

The adequacy check should verify that the test covers some model elements required by the68

model. Finally, an MBT log check should verify that model executions produce evidence69

consistent with the stated test generation goals. MBT execution and model testing are70

especially important because they link this workflow to evidence of how the model executes.71

As a vision paper, we focus on the conceptual workflow rather than a tool implementation or72

empirical evaluation. Earlier work on runtime verification and passive testing [8] shows that73

traces can be meaningfully checked against specifications and models.74

In a graph-based MBT setting [12], for example, the actions and reactions in an AI-generated75

test can be mapped to a sequence of model elements. The test is checked against the model76

to determine if its sequence of actions is possible. This view is related to earlier uses of77

model-based testing and model checking for test generation and analysis [5]. For example,78

a model can be dynamically monitored, and then used to check whether the proposed test79

is behaviorally consistent, incomplete with respect to the model, or inconsistent with the80

modeled behavior.81

The model mapping is relative to the model type and a mapping from test actions, concrete82

inputs and assertions to model elements. Behavioral model mapping starts from a specified83

initial state and input values with the model replay recording the traversed elements. A failed84

or inconsistent mapping should be referred for review. Input validity, behavioral consistency,85

oracle support and test suite adequacy should be recorded since a redundant test case may86

still be backed by a model. On the other hand, a combinatorial model cannot be used directly87

for oracle correctness.88

4 Classifying AI-generated tests89

The outcome of checking is a classification (as shown in Figure 1 and detailed in Table 1).90

A test is model-backed when it maps to an existing model path supported by the MBT91

execution, satisfies a meaningful adequacy criterion, and is consistent with the MBT logs.92

A test is model-extending when it appears valuable but does not fit the current model,93

suggesting that the model may be incomplete. A test is model-inconsistent when it94

contradicts the modeled behavior, for example, by violating guards, expecting outputs outside95

a certain range, or asserting state changes that the model does not allow. Table 1 shows the96

possible outcomes of the MBT checking step and shows how each class of AI-generated test97

is interpreted and acted upon.98

Consider a controller with Locked and Unlocked states and an unlock transition enabled only99

when a signal is valid. Starting from Locked, a candidate that provides a valid signal and100

expects Unlocked is model-backed when its inputs and assertions match this transition. A101

candidate that expects this transition when the signal is invalid is model-inconsistent. When102

another emergency signal that is supported by requirements is absent from the model, the103

test case is model-extending and requires review before acceptance.104
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5 Proposed Tool Support105

For model-based validation of AI-generated test cases, existing generation and execution tools106

can be used. For example. SEAFOX provides a starting point for combinatorial models [4].107

A combinatorial model specifies input parameters, their finite value domains or equivalence108

partitions and constraints on certain combinations. Fifo et al. [7] measured combinatorial109

coverage of manually created industrial tests. Similarly, for AI-generated tests, SEAFOX can110

identify which interactions are covered, which are missing, and which proposed combinations111

fall outside the modeled input space. Different test suites can cover the same interactions, so112

acceptance should depend on the input model and constraints. The inputs selected by the AI113

are mapped to the combinatorial model, checked for valid parameter values and constraints,114

and analyzed to determine which interactions they cover. The resulting coverage information115

can reveal missing combinations, redundant tests and candidates that use unsupported or116

infeasible inputs. In this way, combinatorial modeling provides an adequacy criterion against117

which AI-generated tests can be evaluated.118

Another tool, TIGER, provides behavioral testing for industrial control software and uses119

GraphWalker to generate abstract tests and mapping rules, then concretizes them into120

executable scripts [16]. In our approach, we combine these capabilities to implement the checks121

in Section 3. For this reachability analysis, the implementation builds on the GraphWalker122

and UPPAAL integration already discussed in [12]. The combined process uses requirements123

to guide both model analyses. Requirements are first interpreted to construct an MBT124

model, such as a finite-state model with states, transitions, guards, actions and variables.125

This test model is then transformed into an analysis model that can be checked against126

formalized requirements. This allows one to use the generated test cases to refine the127

original model before proceeding with model-based validation. Test criteria such as model128

coverage or random exploration then guide test case evaluation and repeated model executions129

produce the model mapping. Overall, our approach, implemented with a Graphwalker model,130

integrates requirements, behavioral modeling, formal model analysis, and model refinement,131

and can guide the evaluation of automated test generation within a common workflow.132

Building on the combind model-checking and test-generation approach of Enoiu et al. [5], we133

propose checking externally generated test candidates against a behavioral model. Instead of134

asking the model checker to produce a new test, one would need to map an AI-generated135

candidate onto the behavioral model and check if its sequence of actions is feasible, its inputs136

satisfy guards and constraints and its expected outputs are supported. Model checking137

can additionally verify relevant properties and provide execution traces as evidence for the138

assessment. The resulting evidence can then be used to classify the candidate as model-139

backed, model-extending, or model-inconsistent, while model coverage indicates how much140

useful behavior the accepted AI-generated tests exercise.141

Taken together, prior work on GraphWalker and UPPAAL model analysis [12], model142

checking-based test generation [5], and TIGER test suite analysis [16] provide the building143

blocks needed to apply this approach to different model-based methods.144

6 Proposed Evaluation145

We propose an evaluation that examines if the proposed model-based evaluation approach146

can distinguish effective and efficient AI-generated tests from tests that are unsupported by147

the behavioral model. A suitable experiment would use several representative systems with148
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available requirements, an MBT model and executable implementations. For each system,149

multiple LLMs or prompting configurations would generate candidate test cases from the150

same requirements. Each candidate would then be mapped to the MBT model and checked151

for path feasibility (for a behavioral model), guard satisfaction, input validity, expected152

outputs and model coverage. Initially, human reviewers should verify the classification of each153

test as model-backed, model-extending or model-inconsistent, against which the automated154

classification is compared. The experiment could also compare the complete framework with155

other baselines such as LLM-based reviews.156

In addition, one should evaluate if the tests remain effective as a test suite. For each generated157

test suite, we propose to measure model coverage, requirement coverage, combinatorial input158

coverage, redundancy, execution cost and injected or naturally occurring fault detection159

effectiveness before and after evaluation. Fault detection could be assessed using independently160

seeded faults or mutation analysis, following the general experimental pattern used in earlier161

model-checking-based test-generation studies, where generated suites were executed on162

original and faulty program versions and a fault was considered detected when their observed163

outputs differed. It is particularly important to use repeated LLM generations, as in a real164

testing workflow and to account for variation under a fixed execution and review budget.165

The evaluation should separate classification accuracy from test suite effectiveness. For166

mutation analysis, a fault should be counted as detected only when a test passes the validated167

implementation and its own oracle exposes the fault in the mutant. In addition, it is important168

to report the model construction and mapping costs separately from recurring evaluation169

costs.170

7 Conclusion171

This paper proposes using MBT as a check for AI-generated tests. We treat these as172

candidates that must be mapped to an explicit behavioral model. In a practical setting,173

this means checking whether the candidate tests follow the model execution and contribute174

to an adequacy criterion, and are consistent with MBT execution logs. The result is a175

classification of AI-generated tests as model-backed, model-extending, or model-inconsistent.176

This classification could help engineers decide whether to accept a test, evolve the model,177

or reject the candidate tests. The broader vision is that AI generates many potential tests,178

while MBT determines which are behaviorally meaningful and reusable for quality assurance.179

Since the framework is conceptual, it has not yet been evaluated, and its usefulness depends180

on support from MBT and model-testing tools. In addition, human reasoning is still needed181

to classify tests as model-backed, model-extending, or model-inconsistent, so future work182

should evaluate this through concrete case studies and practitioner feedback.183
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