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Abstract
Model transformation is a core model-driven engineering (MDE)
operation in which reproducibility is expected: under fixed meta-
models, source model, and transformation rules, a deterministic
engine should produce a stable target model. Large Language Mod-
els (LLMs) are increasingly explored for MDE tasks, but evaluations
often focus on whether an acceptable artifact can be produced once.
For deterministic and quasi-deterministic MDE workflows, this
single-run correctness view is necessary but insufficient.

This paper introduces nondeterminism-aware evaluation for LLM-
based MDE. Using model-to-model transformation as a stress case,
we compare LLM-generated target models against deterministic
ATL references and across repeated executions. Our exploratory
evaluation covers five ATL Zoo transformation scenarios, four
prompt configurations, three LLMs, and ten executions per trans-
formation -scenario–configuration–LLM combination. We analyze
reference deviation, inter-run variation, and morphological differ-
ences.

The results show that transformation explicitness does not guar-
antee convergence. Even when the complete ATL transformation
is provided, 13 out of 15 transformation-scenario–LLM combina-
tions show non-zero mean and median deviation from the ATL
reference, and 10 out of 15 exhibit non-zero inter-run variation.
We further observe stable but not ATL-equivalent behavior and
cases where a single exact match coexists with non-zero median
deviation. These findings suggest that LLM-based MDE evaluation
should treat correctness, reproducibility, and variation meaning as
distinct dimensions.

ACM Reference Format:
Riccardo Rubei, Alessio Bucaioni, and Amleto di Salle. 2026. Beyond single-
run correctness: nondeterminism-aware evaluation of LLM-based model
transformations. In . ACM, New York, NY, USA, 7 pages. https://doi.org/10.
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1 Introduction
Model transformation is a core operation in model-driven engineer-
ing (MDE) [26]. Given the same source model, source metamodel,
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target metamodel, and transformation rules, a transformation en-
gine is expected to produce a stable target model. This expectation
underpins automation, traceability, conformance checking, code
generation, model analysis, and other downstream activities that
rely on models as structured artifacts [23].

Large Language Models (LLMs) are increasingly shaping soft-
ware engineering research and practice [20]. Their adoption is often
framed tactically, in terms of task-level capabilities such as generat-
ing artifacts or assisting engineers [20]. Following Babur et al. [4],
we argue that the strategic question is broader: how should MDE
processes, tools, and evaluation practices change when generative
AI becomes part of engineering workflows?

This paper addresses that question for MDE workflows that
traditionally rely on deterministic behavior. Existing LLM-for-MDE
evaluations mainly ask whether an LLM can produce a correct or
acceptable artifact with respect to a reference, constraint, oracle,
or ground truth [10–12, 21, 24]. This single-run correctness view is
necessary, but insufficient. In deterministic or quasi-deterministic
MDE workflows, practical trust also depends on reproducibility,
conformance, semantic stability, and interpretable variation across
repeated executions. Model-to-model transformation makes this
limitation explicit. An LLM may match a deterministic reference
once but vary in later executions, or it may be reproducible while
remaining consistently different from the reference. In both cases,
single-run correctness can overestimate the suitability of the LLM-
based operation. Correctness in one execution is therefore not
enough evidence of trust in LLM-based MDE.

This paper introduces nondeterminism-aware evaluation for LLM-
based MDE. We do not aim to eliminate LLM nondeterminism,
enforce deterministic outputs, or rank LLMs as transformation en-
gines. Instead, we use model-to-model transformation as a precise
stress case for studying how nondeterminism manifests, how it
can be measured, and how its effects can be interpreted in MDE
terms. The evaluation question shifts from whether an LLM can
perform a modeling task once to what evidence is needed before an
LLM-based model operation can be trusted in deterministic work-
flows. Using ATL transformations as deterministic references, our
exploratory evaluation covers five ATL Zoo transformation scenar-
ios 1, four prompt configurations with increasing transformation
explicitness, three LLMs belonging to different families, and ten re-
peated executions per transformation-scenario–configuration–LLM
combination. We analyze generated target models along three com-
plementary dimensions: reference deviation from the ATL output,
inter-run variation across repeated executions, and the morphology
of differences, i.e., whether variation appears through namespace,
attribute, node, structural, or other model-relevant changes.

1https://eclipse.dev/atl/atltransformations/
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Table 1: Structural metrics of the considered transformations.
Transformation

Name Bindings Bindings
Obj Res

Input
Patterns

Ouput
Patterns

Matched
Rules

Rules With
Using Helpers Attribute

Helpers
Attribute
Helper Ctx

Operational
Helpers LoC

Book2Publication 3 0 1 1 1 0 3 0 0 3 50
Families2Persons 2 0 2 2 2 0 2 1 0 1 49
IEEE1471_2_MoDAF 54 18 14 14 13 0 1 1 1 0 229
Make2Ant 16 4 5 6 5 0 0 0 0 0 88
Table2SpreadsheetMLSimplified 12 6 3 9 3 2 1 0 0 1 117

The results show that transformation explicitness does not guar-
antee convergence. Even in the most explicit prompt configuration,
where the complete ATL transformation is provided, 13 out of 15
transformation-scenario–LLM combinations show non-zero mean
and median deviation from the ATL reference, while 10 out of 15
exhibit non-zero inter-run variation. We also observe stable but
not ATL-equivalent behavior and cases where a single exact match
coexists with non-zero median deviation across repeated execu-
tions. Detailed differences further show that variation is not a single
scalar phenomenon: the same numerical distance can correspond
to changes with different implications for syntax, analyzability,
conformance, traceability, and semantic preservation.

2 Background and Related Work
This section positions our work with respect to determinism in
model transformation and nondeterminism in LLM-based genera-
tion.

Model transformation and determinism. A model-to-model
transformation converts a source model into a target model accord-
ing to source and target metamodels and transformation rules [9]. In
MDE, such transformations are expected to be reproducible: given
the same inputs and rules, a transformation engine should produce
a stable target model for downstream analysis, code generation,
conformance checking, traceability, and synchronization. Deter-
minism has therefore been studied through graph transformation
theory, execution semantics, and language-level constraints [9].
In graph-transformation accounts, it is commonly related to ter-
mination and confluence [2, 5, 13, 19, 22, 25], while other work
shows how nondeterminism may arise from rule scheduling, loca-
tion determination, under-specified execution semantics, or parallel
updates to shared model graphs [6, 15, 18, 25, 28]. Seminal work
further links determinism to consistency checking and repeated
tool execution in bidirectional transformations [14, 27], as well as
to validation through termination and confluence [22]. This paper
does not study nondeterminism in ATL engines; instead, it uses ATL
transformations as deterministic reference points for evaluating
LLM-generated target models.

LLM nondeterminism and evaluation. LLM outputs are not
generally reproducible in the same sense as deterministic model
transformations. Even with fixed prompts, generated artifacts may
vary because of sampling, numerical precision, batching, or provider-
side inference optimizations. Recent work has investigated sources
andmitigation of LLMnondeterminism, including scheduling-based
approaches [16], numerical-precision effects [29], quantization strate-
gies [30], and repeated-execution studies across prompting strate-
gies and tasks [3]. These studies show that LLM nondeterminism
is an active concern, but they do not address how it should be
evaluated in MDE workflows where reproducibility is part of the

expected behavior of model operations. Existing LLM-for-MDE
evaluations mainly ask whether an LLM can generate a correct
or acceptable artifact for a given task [12]. We complement this
view by studying repeated executions of model-to-model transfor-
mation and by reporting reference deviation, inter-run variation,
executability, and the modeling meaning of observed differences as
separate evaluation dimensions.

3 Experimental procedure
We designed an exploratory evaluation to make LLM nondetermin-
ism observable in model-to-model transformation. The goal is not
to benchmark LLMs as replacements for transformation engines,
nor to enforce deterministic outputs. Instead, we use model trans-
formation as a controlled MDE setting in which reproducibility is
expected: under fixed source and target metamodels, source model,
and transformation rules, a deterministic engine should produce a
stable target model. Figure 1 summarizes the procedure. We first

ATL Transformation
Zoo

Prompt Constructor DeepSeek - V4
Flash

Gemini - 3.1 Flash
Lite

GPT - 5.4 Nano

Generative AI Pool

Prompts

Target Models

Transformation
Artifacts

1 2 3 4

Figure 1: Visualization of the experimental workflow.
select ATL transformations from the ATL Zoo 1 , then construct
prompts according to four configurations with increasing transfor-
mation explicitness 2 . Each configuration is executed with three
cost-efficient LLMs available at the time of the study (i.e., April–
June 2026) 3 , and the generated target models are collected 4 .
We call each transformation-scenario–configuration–LLM tuple an
evaluation cell. Each cell was executed ten times, yielding 60 evalu-
ation cells and 600 requested generations. Of these, 595 returned
artifacts were available for exception analysis and subsequent com-
parison.

Transformation dataset. We use the ATL Zoo as the source
of transformations, metamodels, source models, and ATL rules,
as it was widely employed as a benchmarking dataset in several
studies [7, 8, 17]. The five selected transformation scenarios vary
in provenance and structural complexity, from small didactic cases
to larger transformations involving multiple rules, bindings, and
helpers. This diversity supports an exploratory analysis of whether
variation appears only in underspecified prompts or also when
richer transformation artifacts are available. Table 1 reports the
structural characteristics of the selected transformations.

Prompt configuration. The prompt configuration determines
which transformation artifacts are provided to the LLM.We use four
configurations to observe whether increasing transformation explic-
itness reduces reference deviation and inter-run variation. In𝐶1, the

2
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LLM receives the source model in XMI format and a concise textual
description of the target metamodel. This is the most implicit con-
figuration: the LLM must infer both the transformation intent and
the target structure. Listing 1 shows the Persons target-metamodel
description used for Families2Persons. These descriptions were gen-
erated with LLM support and manually checked by the authors.
In 𝐶2, the LLM receives the source metamodel, source model, and
target metamodel, but no transformation rules. In 𝐶3, the same
artifacts are complemented with a concise natural-language de-
scription extracted from the original ATL rules; Listing 2 shows an
example.

Listing 1: Excerpt of the metamodels descriptions
1

2 - ** Target Model Description :**
3 {model_description}
4 In this system , everyone is a Person , and every

Person must have a full name. However , a
person cannot just be a generic human; they
must be explicitly classified as either a Male
or a Female.

In𝐶4, the LLM receives the complete transformation context: source
metamodel, source model, target metamodel, and ATL transforma-
tion file. Listing 3 shows the most explicit prompt configuration,
𝐶4. The prompts were minimally adapted across configurations to
reflect the available inputs. For example, in 𝐶3 the prompt states
that the transformation rules are expressed in natural language,
whereas in 𝐶4 it asks the LLM to analyze and execute the provided
ATL rules.

Listing 2: Excerpt of the ATL transformation rules descrip-
tions

5

6 - **ATL Rules :**
7 {textual_atl}
8 assess family name , understand is female , from

Member to Male , from Member to Female

Model generation. For each evaluation cell, we queriedDeepSeek-
V4 Flash, GPT 5.4 Nano, and Gemini-3.1 Flash Lite ten times using
the same input artifacts and prompt configuration. Repeated ex-
ecutions allow us to observe whether equivalent transformation
conditions lead to stable target models or to variation across gener-
ated outputs. Table 2 summarizes the evaluation settings.

Analysis. We analyze the generated target models along three
complementary dimensions: reference deviation, inter-run varia-
tion, and difference morphology. Reference deviation compares each
generated target model with the deterministic ATL reference output
for the same transformation scenario. It captures how far an LLM-
generated model is from the expected ATL-based result. Inter-run
variation compares generated models within the same evaluation
cell. With ten executions per cell, this yields 10(10−1)

2 = 45 non-
repeated pairwise comparisons per cell. It captures whether the
LLM produces stable outputs under equivalent conditions. We com-
pute differences with XMLDiff 3.0 2. The resulting counts provide

2https://xmldiff.readthedocs.io/en/stable/api.html

an XMI-level approximation of model variation, not a proof of se-
mantic difference. To avoid inflating the main distance measure
with ordering effects, we exclude moved nodes from the main count
because XML ordering changes do not necessarily correspond to
model-level changes. Moved-node counts are retained separately
in the replication package. For each reference and inter-run com-
parison, we report summary statistics including mean, median,
standard deviation, minimum, and maximum difference counts. We
also record exact matches, stable but not ATL-equivalent cases, and
cases where a single exact match coexists with non-zero median de-
viation across repeated executions. To interpret what the numerical
differences mean for MDE, we classify the observed XMLDiff opera-
tions into difference categories: namespace changes, attribute-level
changes, node-level or structural changes, moved nodes, and tex-
t/comment changes. This procedure represents our morphological
analysis.

Listing 3: Prompt employed for LLMs inference
9

10### CONTEXT
11You will be provided with four essential

components:
121. ** Source Metamodel (.ecore):...
132. ** Source Model (.xmi):...
143. ** Target Metamodel (.ecore):...
154. **ATL Transformation Rules (.atl):...
16

17### INPUT DATA
18- ** Source Metamodel :**
19{mm_in}
20

21- ** Source Model (XMI):**
22{m_in}
23

24- ** Target Metamodel :**
25{mm_out}
26

27- **ATL Rules :**
28{atl}
29

30### TASK & CONSTRAINTS
31- Strictly analyze the ATL rules and apply

them to the elements of the Source Model.
32- Ensure the resulting output adheres to the

constraints and definitions of the Target
Metamodel.

33- ** REQUIRED OUTPUT :** Provide ONLY the
resulting XML/XMI code for the target
model.

34- ** STRICT PROHIBITION :** Do not include any
explanations , introductory text , or
closing remarks.

35

36### OUTPUT
37[Generate the resulting XMI file here]]

We also record parsing, comparison, and conformance-checking
failures. When minor namespace inconsistencies prevent otherwise
analyzable models from being compared, we apply minimal trans-
parent normalization, such as replacing xmlns="http://Persons"

3
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with xmlns="Persons". Normalizedmodels are reported separately.
This classification is needed because the same numerical distance
may correspond to different modeling consequences, ranging from
serialization-level variation to changes affecting conformance, trace-
ability, or semantic preservation.

Table 2: Summary of the experimental settings.

LLMs DeepSeek V4 Flash, GPT 5.4 Nano
Gemini-3.1 Flash Lite

Transformations
Book2Publication, Families2Persons,
IEEE1471_2_MoDAF, Make2Ant,
Table2SpreadsheetMLSimplified (𝑇1,𝑇2,𝑇3,𝑇4,𝑇5)

Configurations 4 (𝐶1, 𝐶2, 𝐶3, 𝐶4)
Runs 10
Elements
Analysed Models Differences, Exceptions

Metrics Mean Diff, Median Diff, Standard Deviation, Skewness
Temperature 0 for every run.

4 Results
This section reports the results in terms of: deviation from determin-
istic ATL outputs, inter-run variation across repeated executions,
and morphology of observed differences. Detailed per-run data, gen-
erated models, scripts, and supplementary analyses are available in
the replication package (Section 8).

Reference deviation from ATL outputs. Figure 2 reports the
XMLDiff-based deviation between generated target models and de-
terministic ATL reference outputs. Deviations occur across transfor-
mations, prompt configurations, and LLMs. The smallest deviations
appear for Families2Persons and Book2Publication, while structurally
richer transformations generally lead to larger deviations. Across
configurations,𝐶1 and𝐶2 generally produce higher deviation counts
than the more explicit configurations. 𝐶4, where the complete ATL
transformation is provided, reduces deviations in several cases but
does not eliminate them: 13 out of 15 transformation-scenario–
LLM combinations still show non-zero mean and median deviation
from the ATL reference. Table 3 reports parsing, comparison, and

Table 3: Details of encountered exceptions.
Criterion Runs Exceptions Nsuri Exc Rate%
GPT 200 56 31 28.0
DeepSeek 200 48 23 24.0
Gemini 195 96 40 49.8
𝑇1 119 31 25 26.1
𝑇2 120 28 24 23.3
𝑇3 116 46 9 39.7
𝑇4 120 51 22 34.2
𝑇5 120 54 14 45.0
𝐶1 150 61 38 40.7
𝐶2 145 51 14 35.2
𝐶3 150 71 36 47.3
𝐶4 150 17 6 11.3

conformance-related exceptions. These exceptions are important
for interpreting the distance results, because reference deviation
and inter-run variation can only be computed for comparable out-
puts. Exception rates vary across LLMs and configurations: Gemini
has the highest exception rate, with 96 exceptions over 195 runs

(49.8%), while GPT and DeepSeek have rates of 28.0% and 24.0%,
respectively. Across configurations, 𝐶4 has the lowest exception
rate (11.3%), whereas 𝐶1, 𝐶2, and 𝐶3 have rates of 40.7%, 35.2%, and
47.3%.

Inter-run variation across repeated executions. Figure 3 re-
ports pairwise differences among generatedmodels producedwithin
the same transformation scenario, prompt configuration, and LLM.
Inter-run differences are generally lower than deviations from the
ATL reference, but variation remains present across configurations.
In 𝐶4, 10 out of 15 transformation-scenario–LLM combinations
show non-zero mean inter-run variation, and 9 out of 15 show non-
zero median inter-run variation. The remaining five combinations
produce identical outputs across repeated executions. These results
show that repeated executions can produce stable outputs, variable
outputs, and occasional large deviations under otherwise equivalent
transformation conditions. Low inter-run variation should there-
fore not be interpreted in isolation: it must be considered together
with reference deviation and with the exception rates reported in
Table 3, since non-comparable outputs are excluded from distance
computations.

Difference morphology. Table 4 shows XMLDiff operations
grouped into five categories: attribute-level changes, node-level or
structural changes, moved nodes, namespace changes, and text/com-
ment changes. The table reports aggregate distributions for both
comparison types: generated models against ATL references, and
generatedmodels against each other within the same evaluation cell.
For both comparison types, most differences concern attributes and
node-level or structural elements. Attribute-level changes account
for 55.8% of ATL-reference differences and 61.6% of inter-run differ-
ences, while node-level or structural changes account for 34.6% and
29.1%, respectively. At the operation level, InsertAttrib is the most
frequent difference, with 19,315 occurrences in the ATL-reference
comparison and 38,370 in the inter-run comparison. This confirms
that variation is not only a matter of serialization or namespace han-
dling; many differences affect model content that may be relevant
for conformance, traceability, and semantic preservation.

5 Implications for Nondeterminism-Aware
MDE Evaluation

The results in Section 4 suggest that LLM-based model operations
should be evaluated as repeated operations, not only as isolated
generated artifacts. For deterministic and quasi-deterministic MDE
workflows, nondeterminism-aware evaluation should make five
dimensions explicit.

(1) Executability is the entry condition. Reference deviation and
inter-run variation can be measured only for generated
models that are parseable, comparable, and analyzable. As
Table 3 shows, this condition cannot be assumed. Evalu-
ations should therefore report exceptions, normalization
steps, and comparable outputs separately from distance-
based metrics.

4
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(a) Diff analysis for GPT-5.4 Nano. (b) Diff analysis for DeepSeek-V4 Flash. (c) Diff analysis for Gemini-3.1 Flash Lite.

Figure 2: Comparison of Diff between generated elements and the original.

(a) Diff analysis for GPT-5.4 Nano. (b) Diff analysis for DeepSeek-V4 Flash. (c) Diff analysis for Gemini-3.1 Flash Lite.

Figure 3: Comparison of Diff among the generated elements.
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Table 4: Details of the differences of the generated models against ATL references, and against each other.
Generated models against ATL references Generated models against each other

Diff Total GPT Gemini DeepSeek 𝑻1 𝑻2 𝑻3 𝑻4 𝑻5 𝑪1 𝑪2 𝑪3 𝑪4 Total GPT Gemini DeepSeek 𝑻1 𝑻2 𝑻3 𝑻4 𝑻5 𝑪1 𝑪2 𝑪3 𝑪4
DeleteAttrib 1826 54.5 25.6 19.9 0.0 0.0 20.6 36.6 42.8 22.3 12.7 22.7 42.3 15697 55.6 0.6 43.9 0.2 1.1 20.1 17.7 60.9 26.0 18.4 26.8 28.8
DeleteNamespace 260 46.9 3.8 49.2 14.2 18.5 13.5 25.8 28.1 13.1 23.1 29.2 34.6 509 4.5 0.0 95.5 19.6 26.1 17.1 12.0 25.1 26.9 21.0 27.3 24.8
DeleteNode 2281 61.9 7.9 30.2 0.7 0.0 19.7 18.8 60.8 35.8 35.0 16.5 12.7 15981 76.5 0.2 23.4 0.4 0.1 7.8 15.6 76.0 11.1 59.5 14.0 15.4
InsertAttrib 19315 65.1 11.2 23.7 1.7 0.4 14.9 24.2 58.9 11.7 38.5 19.6 30.2 38370 71.2 0.4 28.4 0.8 0.9 11.8 31.8 54.7 16.9 45.1 18.4 19.7
InsertComment 17 0.0 0.0 100.0 0.0 0.0 5.9 5.9 88.2 35.3 0.0 35.3 29.4 65 0.0 0.0 100.0 0.0 0.0 6.2 9.2 84.6 47.7 0.0 44.6 7.7
InsertNamespace 328 59.8 0.0 40.2 22.0 25.9 17.4 17.4 17.4 7.6 29.6 29.6 33.2 546 10.8 0.0 89.2 20.7 27.1 15.4 12.3 24.5 26.7 22.5 24.7 26.0
InsertNode 5438 70.1 4.5 25.4 2.1 0.4 16.2 24.0 57.4 20.1 49.1 13.0 17.8 9222 69.8 0.6 29.6 1.3 0.2 12.7 30.3 55.6 13.7 46.5 17.0 22.8
RenameAttrib 131 29.8 15.3 55.0 0.0 6.9 27.5 62.6 3.1 50.4 14.5 10.7 24.4 3485 91.0 0.3 8.7 0.0 2.3 3.9 5.8 88.0 13.1 2.1 37.2 47.6
RenameNode 6738 41.0 17.1 42.0 0.8 6.8 13.2 13.5 65.6 8.7 16.0 27.0 48.4 13608 46.4 1.4 52.3 1.3 4.2 22.5 16.1 55.9 37.4 12.8 22.1 27.7
UpdateAttrib 2028 25.4 17.1 57.5 12.3 0.1 26.4 27.2 34.1 11.9 28.9 21.9 37.2 24637 60.4 0.9 38.8 1.4 0.2 18.3 9.6 70.5 26.3 22.6 23.9 27.2
UpdateTextIn 644 99.2 0.0 0.8 0.5 0.0 0.2 0.5 98.9 0.0 91.5 8.4 0.2 931 97.2 0.0 2.8 1.6 0.0 0.6 1.9 95.8 0.0 94.6 4.9 0.4

(2) Correctness and reproducibility must be separated. Figures 2
and 3 capture different properties: agreement with the de-
terministic ATL output and stability across repeated exe-
cutions. Exact or near-exact outputs can coexist with devi-
ations in other runs, while stable outputs can still deviate
from the ATL reference. Single-run correctness, reference
deviation, and inter-run variation should therefore not be
collapsed into one score.

(3) Transformation explicitness improves evaluability, not trust.
Providing the full ATL transformation in 𝐶4 reduces excep-
tions, suggesting improved parsability and comparability.
However,𝐶4 still exhibits reference deviation and inter-run
variation. Prompt explicitness improves the conditions for
evaluation but does not make LLM behavior equivalent to
the execution of deterministic transformations.

(4) Reliability requires distributions, not only averages.Mean dif-
ferences can hide large deviations, exact matches coexisting
with non-zero medians, and failures excluded from distance
computations. Evaluations should therefore report medians,
exact matches, exception rates, and per-cell distributions,
not only aggregate averages.

(5) Variation needsmodel-aware interpretation.As Table 4 shows,
most differences affect attributes and node-level or struc-
tural elements, while namespace, move, and text/comment
changes are less frequent. Raw XMLDiff counts make vari-
ation observable, but they should be complemented by
model-aware, conformance-aware, and semantic-aware in-
terpretation. LLM-based MDE evaluation should therefore
report variation profiles, not only success rates or aggregate
distances.

Together, these implications define nondeterminism-aware evalua-
tion as a practical basis for assessing LLM-based model operations
before they are integrated into deterministic MDE workflows. Gen-
erated model operations should be assessed through executability,
correctness, reproducibility, distributional reliability, and the mod-
eling meaning of variation before they are integrated into deter-
ministic workflows.

6 Threats to validity
This study provides exploratory evidence on nondeterminism-aware
evaluation, not a definitive assessment of LLM suitability for model
transformation. The main construct threat concerns the use of
XMLDiff. XML-level differences make variation observable, but
they do not establish semantic equivalence or semantic difference.
Namespace changes or moved nodes may be harmless, while small

attribute or reference changes may affect model meaning. We mit-
igate this by reporting difference morphology separately and ex-
cluding moved nodes from the main distance measure. Future work
should add model-aware, conformance-aware, and semantic-aware
comparison. A related threat is the use of ATL outputs as determin-
istic references: our results measure deviation from ATL reference
outputs, not full semantic correctness. Results may be affected
by prompt construction, generated outputs, comparison scripts,
or exception handling. We reduce this risk by applying the same
procedure across transformations, configurations, and LLMs, and
by providing prompts, artifacts, scripts, exceptions, normalization
steps, and detailed results in the replication package. Possible data
leakage cannot be ruled out because ATL Zoo artifacts may have
appeared in public training data. However, the study focuses on
repeated-execution behavior, deviation, exceptions, and difference
morphology rather than absolute performance or LLM ranking.
The evaluation covers five ATL Zoo transformation scenarios, four
prompt configurations, three cost-efficient LLMs, and ten execu-
tions per evaluation cell. This is sufficient for an exploratory NIER
study, but it does not support broad generalization across all MDE
tasks, transformation languages, modeling notations, or LLM fami-
lies. Larger models, fine-tuned models, agentic workflows, or spe-
cialized MDE tools may behave differently. Exact replication may
be affected by provider-side model updates, unavailable model ver-
sions, or hidden decoding settings. We mitigate this by document-
ing the evaluated models, prompts, generated artifacts, comparison
scripts, and detailed results in the replication package.

7 Conclusion and future plans
This paper introduced nondeterminism-aware evaluation for LLM-
based MDE. The main message is that correctness in one execution
is not enough: generated model operations must also be evalu-
ated for executability, reproducibility, reference deviation, and the
modeling meaning of variation.

Our future plans will move from observing nondeterminism to
engineering workflows that make it measurable and controllable.
First, we will define evaluation contracts for LLM-based model oper-
ations, specifying evidence such as parseability, metamodel confor-
mance, constraint satisfaction, exception rates, deviation distribu-
tions, and inter-run variation. Second, we will develop model-aware
differencing and adequacy checks that relate observed changes to
metamodel elements, references, containment structures, traceabil-
ity links, and semantic constraints. Third, wewill investigate agentic
model transformation, in which LLMs generate and revise candi-
date transformations, while deterministic MDE services provide
metamodel access, checking, execution, diagnostics, comparison,

6



697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

717

718

719

720

721

722

723

724

725

726

727

728

729

730

731

732

733

734

735

736

737

738

739

740

741

742

743

744

745

746

747

748

749

750

751

752

753

754

Beyond single-run correctness: nondeterminism-aware evaluation of LLM-based model transformations Conference’17, July 2017, Washington, DC, USA

755

756

757

758

759

760

761

762

763

764

765

766

767

768

769

770

771

772

773

774

775

776

777

778

779

780

781

782

783

784

785

786

787

788

789

790

791

792

793

794

795

796

797

798

799

800

801

802

803

804

805

806

807

808

809

810

811

812

and repair. The longer-term goal is to provide the MDE community
with reusable evidence standards and service-based infrastructure
for LLM-assisted MDE, so that generated artifacts are not treated
as isolated successes but as outputs of inspectable, repeatable, and
controllable modeling workflows.

8 Data availability
The replication package, including prompts, input artifacts, gener-
ated models, comparison scripts, detailed results, and supplemen-
tary analyses, is available at [1].
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