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Abstract
Model transformation is a core mechanism in Model-Driven Engi-
neering (MDE), but its use requires expertise in metamodels, trans-
formation languages, execution engines, runtime configuration,
and diagnostics. Although LLMs can generate and revise transfor-
mation artifacts, direct prompt-to-output generation does not by
itself provide an executable MDE workflow grounded in metamodel
conformance and transformation rules execution.

This paper proposes agentic model transformation: a service-
mediated workflow in which an LLM agent generates candidate
transformation specifications and coordinates MDE services for
metamodel access, example retrieval, checking, execution, diagnos-
tics, and repair. Model Context Protocol is used to expose these
services to the agent. When execution succeeds, target artifacts
are produced through the configured transformation infrastructure,
serialized by the target modeling environment, and loadable against
the registered target metamodel.

Early results from adopting the proposed framework for the
UML-to-Java and SysMLv2-to-AAS cases show that constructing
and repairing executable transformations is possible. The results
also show that executable success and metamodel conformance are
only first checks; structural completeness, mapping coverage, and
semantic adequacy require additional MDE services. The frame-
work, therefore, shifts LLM support for model transformation from
one-off artifact generation towards service-supported transforma-
tion development, where specifications, diagnostics, and execution
traces can be inspected, reused, and extended.

Keywords
Agentic Model Transformation, Service-Mediated Orchestration,
Large Language Models, Execution Diagnostics

1 Introduction
Model transformations are a core mechanism in Model-Driven
Engineering (MDE), supporting derivation, synchronization, mi-
gration, and generation across modeling languages and technical
spaces [7, 22]. However, using transformations effectively requires
expertise in metamodels, transformation languages, execution en-
gines, runtime configuration, serialization, and diagnostics [16].
This dependence remains an adoption barrier for domain experts
and engineers who need to define, adapt, or understand transfor-
mations without specialized MDE expertise [18].

Large Language Models (LLMs) can support transformation de-
velopment by interpreting modeling artifacts, generating transfor-
mation specifications, explaining diagnostics, and revising outputs
based on feedback [9, 19? , 20]. However, direct prompt-to-output
generation does not by itself provide an executable MDE workflow.

Generated artifacts may appear plausible but fail to execute, or they
may execute while only partially realizing the intended source-
to-target mappings [8]. Retrieval augmentation and fine-tuning
may improve generation quality, but they do not by themselves
connect LLMs to the metamodels, transformation engines, run-
time configuration, and diagnostics required for transformation
development [15, 17].

This paper envisions addressing this gap through agentic model
transformation: a service-mediated workflow in which an LLM
agent coordinates MDE services rather than replacing transforma-
tion languages or execution engines. The agent retrieves metamodel
and example information, generates candidate Model Transforma-
tion Language (MTL) specifications, invokes checking and exe-
cution services, inspects diagnostics, and revises failed attempts.
Transformation operations remain delegated to MDE infrastruc-
ture, including metamodel access, runtime preparation, execution,
serialization, and loading in the selected language workbench.

The workflow treats LLM-generated transformations as candi-
date specifications that must pass through the configured transfor-
mation infrastructure. Target artifacts are produced by the trans-
formation engine rather than by direct LLM text generation. Thus,
successful execution produces artifacts serialized by the target mod-
eling infrastructure and loadable against the registered target meta-
model. This provides an operational basis for metamodel confor-
mance in the configured environment, while structural complete-
ness, mapping coverage, and semantic adequacy can be assessed
separately.

We implement the workflow through a framework prototype us-
ing the Model Context Protocol (MCP) as an integration mechanism
for exposing model-aware capabilities as structured services [13].
The prototype provides services for metamodel inspection, exam-
ple retrieval, runtime support, checking, compilation, execution,
and diagnostic feedback. It also keeps generated transformations,
service calls, diagnostics, and repair steps inspectable outside the
LLM interaction, so transformation specifications and diagnostic
traces can be retained, reused, and extended.

We examine the framework in two transformation cases: UML-to-
Java and SysMLv2-to-AAS. The assessment uses the Eclipse Model-
ing Framework (EMF) language workbench, ATL, and QVTo model
transformation languages with GPT-5, DeepSeek R1, and Sonnet 4,
resulting in 120 runs. The focus is on executable success, diagnostic-
supported repair, and structural similarity to ground-truth artifacts.
The assessment is used to study whether transformation develop-
ment can be organized as explicit MDE service coordination, not to
rank LLMs or transformation languages.

As an outcome, this paper contributes an agentic framework for
LLM-assisted model transformation development and preliminary
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evidence that such a workflow can support executable transfor-
mation generation, diagnostic-based repair, and inspection of ad-
equacy limits. The results also show that executable success and
metamodel conformance are not sufficient to ensure structural com-
pleteness or semantic adequacy. The framework, therefore, shifts
LLM support for model transformation and related MDE tasks from
one-off artifact generation toward repeatable transformation de-
velopment, where specifications, diagnostics, and execution traces
can be retained, inspected, reused, and extended through the use
of service-mediated approach.

2 Background and Related Work
This section positions the proposed framework with respect to
model transformation environments and recent LLM-based support
for MDE. The main distinction is architectural: the LLM agents do
not directly produce the target artifact; instead, they coordinate
existing MDE infrastructure through explicit services.

2.1 Model transformation
Model transformations automate derivation, synchronization, mi-
gration, and generation across modeling languages, abstraction
levels, and technical spaces. Their use depends on metamodels,
transformation specifications, execution engines, runtime config-
uration, serialization conventions, and diagnostics [7, 22]. This
dependence makes transformation development difficult for users
without dedicated MDE expertise [16].

In this paper, this dependence is not bypassed but exposed
through services. A transformation result is not treated as a textual
artifact that only resembles the target language. It must be pro-
duced through the configured transformation infrastructure and
loaded against the registered target metamodel. This keeps meta-
model conformance, execution, and serialization within the MDE
workflow.

2.2 LLM support for MDE
LLMs have recently been applied to MDE tasks involving natural-
language requirements, metamodel fragments, serialized models,
examples, generated artifacts, and diagnostic messages. Arulmo-
han et al. [1] use LLMs to extract domain models from textual
requirements. Chen et al. [5] compare LLMs for automated domain
modeling. Clarisó and Cabot [6] propose model-driven prompt en-
gineering for structuring prompts in modeling tasks. These works
show how LLMs can support model construction and modeling
assistance.

Other work connects LLMs with Model-Driven Architecture
(MDA)-style and reverse-engineering pipelines. Babaalla et al. [2]
generate UML class diagrams and Python code from textual specifi-
cations using an intermediate DSL for validation, editing, and trace-
ability. Siala and Lano [23] study model-driven reverse engineering
with LLM4Models, extracting UML class diagram representations
from Java programs through abstraction rules, fine-tuning, and
pre- and post-processing. These works connect LLMs with model
extraction and generation, but they do not address the development
of model transformation specifications through the transformation
workflow itself.

Hachm et al. [14] are closest to the agentic setting. They expose
existing ATL transformations as tools through an MCP-based ATL
server and use tool filtering to help an agent select an appropriate
transformation. Our work addresses a different activity: the agent
generates and repairs the transformation specification itself, while
MDE services provide the tool support needed to check, execute,
and diagnose candidate specifications.

Existing work mainly studies LLMs as generators of modeling
artifacts, components in MDA-style pipelines, reverse-engineering
aids, or agents for selecting existing transformations. This paper
instead focuses on transformation development itself. The LLM
proposes candidate MTL specifications, while checking, execution,
serialization, loading, and diagnostics remain delegated to MDE
infrastructure.

2.3 Why generation support is not enough
The difference can be seen in a typical transformation request: a
user may ask for a Java model from a UML class model, or an
AAS model from a SysMLv2 model. In a direct prompt-to-output
setting, the LLM generates the target artifact directly, for example,
as XMI or another serialized representation. The result may contain
plausible Java or AAS elements, but still include invalid references,
wrong containment structures, unsupported target elements, or
serialization details that prevent loading against the registered
target metamodel. In this setting, metamodel conformance and
loadability to the selected language workbench (e.g., EMF) are not
ensured during artifact production.

Retrieval augmentation and fine-tuning can improve generation
by adding examples, documentation, or adaptation to a target syn-
tax [15, 17]. However, they do not by themselves change where
the target artifact is produced. As shown in Figure 1, the final arti-
fact may still be generated outside the configured transformation
infrastructure.

User request
source model + goal

Optional support
RAG / fine-

tuning / examples
LLM generation

Direct target artifact
(e.g., XMI / text)

Unchecked at production time:
– EMF loadability
– target metamodel conformance
– tool executability
– transformation adequacy

Figure 1: Direct prompt-to-output generation.

The envisioned workflow changes this path. The LLM proposes
a transformation specification in the selected model transformation
language, while the configured MDE infrastructure performs check-
ing, execution, and serialization. As shown in Figure 2, the agent
accesses MDE capabilities as explicit services. The produced target
artifact is generated by the transformation engine and checked
through EMF loading against the registered target metamodel. In
this sense, the proposed idea is worked out as an executable work-
flow: candidate specifications are generated, checked, executed,
diagnosed, and revised through explicit service calls.

This distinction separates tool-supported execution from trans-
formation adequacy. Execution and EMF loading show that the
candidate specification can run in the configured environment and
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MDE backend services

Metamodel
inspection

Example
retrieval

Check
validity

Transformation
execution

LLM agent
candidate MTL

User request
source model + goal

Produced target artifact

Checked by MDE infrastructure:
✓ executable transformation run
✓ EMF-loadable produced artifact
✓ conformance to registered target
metamodel
⊲ adequacy still evaluated separately

service
calls

diagnostics / repair

Figure 2: Service-mediated agentic transformation.

produce a loadable target artifact. They do not, by themselves,
show that the transformation captures all intended source-to-target
mappings. Adequacy must therefore be evaluated with additional
checks, as discussed in the results and future work.

2.4 Paper positioning
We position this work between direct LLM generation and tradi-
tional model transformation environments. Direct generation can
lower the entry barrier, but may leave artifacts outside metamodel
checking and execution [9? ]. Traditional environments provide
transformation languages, engines, conformance checks, execution
support, and diagnostics, but require users to coordinate these steps
manually.

To the best of our knowledge, as of June 2026, the MDE litera-
ture has not focused on transformation development as a service-
mediated workflow in which LLM-generated MTL specifications
are checked, executed, diagnosed, and repaired throughMDE infras-
tructure. The contribution is therefore not a new transformation
language or execution engine. It is a framework that organizes
transformation development as service operations around existing
MDE infrastructure. MCP is used only as the integrationmechanism
for exposing these services to the agent.

The agent does not replace metamodels, transformation lan-
guages, execution engines, or transformation tooling. It coordinates
them while supporting task interpretation, candidate transforma-
tion generation, diagnostic interpretation, and repair. This gives the
LLM access to the model transformation workflowwhile preserving
inspectability and tool support expected in MDE [4, 13, 21]. It also
points beyond one-off generation: generated specifications, service
calls, diagnostics, and repair steps can be retained and reused in
later transformation tasks.

3 Research Approach
This study follows an iterative engineering research process to
design and preliminarily assess the framework [3]. The objective is
not to make definitive claims about individual LLMs or MTLs, but
to examine whether transformation operations can be externalized
as services that LLM agents can coordinate. The process focuses on
making transformation operations explicit: metamodel inspection,
checking, execution, diagnostics, and repair are delegated to MDE
services rather than left to implicit LLM behavior.

We designed and refined the framework through successive
iterations. The assessment examines whether an LLM agent can
coordinate explicit MDE services to generate executable ATL and

QVTo specifications, use diagnostics to revise failed attempts, and
produce target artifacts that are EMF-loadable against the registered
target metamodel. It therefore provides feasibility evidence and
initial insight into the relation between executable success and
structural completeness.

Initial
hypothesis

Design candidate
framework

Implement
and exercise

Analyze
behavior

Refine
framework

next iteration

Figure 3: Iterative engineering research process.

Figure 3 summarizes the process. Across the iterations, the frame-
work was refined around four concerns: separating LLM coordina-
tion from transformation execution, making artifacts and diagnos-
tics inspectable, supporting diagnostic-based repair, and clarifying
service boundaries between the agent, transformation services, and
execution support.

The framework evolved through four iterations. The first estab-
lished feasibility with a centralized prototype in which orchestra-
tion, transformation handling, and execution support were placed
in one component. The second introduced service interfaces for
transformation concerns, artifacts, and diagnostics. The third sepa-
rated runtime support from transformation services, clarifying the
boundary between orchestration, transformation functionality, and
execution. The fourth revised the client environment to support
multiple API-based LLMs, reducing dependence on a single LLM
interface.

The preliminary assessment uses the final framework iteration.
It considers executable success, first-attempt success, retries to suc-
cess, recovery after failed initial attempts, and structural similarity
to ground-truth artifacts. These measures characterize executable
transformation generation, diagnostic-based repair, and structural
output quality. Repeated runs for stochastic variation are left for
future work.

4 Agentic Model Transformation Framework
This section defines the framework and the allocation of responsi-
bilities between LLM-based coordination and MDE services. The
LLM interprets the user request, invokes services, generates candi-
date MTL specifications, and revises them using diagnostics. MDE
services provide metamodel access, examples, runtime preparation,
checking, execution, and diagnostic feedback. Thus, model transfor-
mation is exposed as an inspectable workflow while transformation
operations remain delegated to MDE infrastructure.

The design follows three principles.

• First, operations that affect transformation validity are del-
egated to explicit MDE services.

• Second, generated transformations, service calls, diagnos-
tics, and repair steps remain inspectable.

• Third, the framework should not be tied to one client, LLM
backend, or transformation language implementation.

3
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The goal is to keep transformation validity checkable through MDE
serviceswhile the LLM supports coordination, candidate generation,
diagnostic interpretation, and repair.

4.1 System Framework
The framework’s architecture is organized into four layers, shown
in Figure 4: orchestration, MCP, backend services, and infrastruc-
ture.

MongoDB
state

LibreChat
client

API-based
LLMs

Orchestration

MTL-mcp examples-mcp metamodel-mcp runtime-mcp

MCP layer

MTL-service examples-service metamodel-service runtime-service

Backend services

Mounted metamodels Shared runtime
workdir

Infrastructure

RUNTIME_URL

Legend

Client MCP server

Backend service Infrastructure
Primary invocation Configuration / dependency

Figure 4: Final system framework

The orchestration layer contains the LLM-enabled client, API-
based LLMs, and client state. It supports user interaction and work-
flow coordination, but does not execute transformations. The LLM
obtains context, generates candidate specifications, and revises
them through service calls.

The MCP layer exposes model-aware capabilities as callable
services for MTL support, examples, metamodels, and runtime sup-
port. The MTL MCP provides interfaces for checking, execution,
and diagnostic feedback. In the prototype, these interfaces are real-
ized through ATL- and QVTo-specific operations. The MCP layer,
therefore, defines the protocol boundary through which the agent
invokes the MDE services.

The backend layer implements theMDE services. The metamodel-service
provides source and targetmetamodel access, the examples-service
retrieves source-target examples, the MTL-service checks and ex-
ecutes generated transformations, and the runtime-service pre-
pares inputs and shared resources. The infrastructure layer provides
mounted metamodels and a shared runtime working directory. To-
gether, these layers expose MDE infrastructure through services
while preserving existing transformation engines and EMF-based
resources.

User request
via LibreChat

LLM interprets
request and plans workflow

Need metamodel /
example context?

Metamodel MCP
retrieve / describe

Examples MCP
find matching examples

Context established
select execution route

yes yes

no

ATL or QVT?

ATL MCP
check / compile ATL

QVT MCP
check / compile QVT

ATL QVT

Runtime layer
prepare execution inputs

ATL backend
execute transformation

QVT backend
run transformation

Execution
successful?

Return artifact
and diagnostics

Receive explicit
service diagnostics

yes no

LLM revises plan:
inspect, retry, correct,

or switch route

retry / switch route

Legend

Orchestration Deterministic services
Execution / runtime services Decision

Figure 5: Workflow in the final setup.

4.2 Workflow
Figure 5 shows the transformation workflow. A session starts with
a user request in the LLM-enabled client. The LLM interprets the
request, plans the next step, and invokes metamodel or example
services when additional context is needed. After context is es-
tablished, the LLM selects the ATL or QVTo path and generates a
candidate transformation specification in the selected MTL. The
corresponding service checks or compiles the candidate transfor-
mation, the runtime service prepares inputs and resources, and the
backend executes the transformation.

A run is counted as an executable success only when the back-
end reports successful execution, and the produced artifact can be
serialized and loaded as an EMF resource against the registered
target metamodel. This provides an operational check for syntactic
well-formedness and metamodel conformance in the configured
environment. If checking, execution, serialization, loading, or meta-
model conformance fails, the service returns diagnostics that the
LLM can use to revise the transformation, request more context,
retry execution, or switch between MTLs when allowed by the task
setting.

The workflow defines the scope of the framework: the LLM
coordinates transformation development, while metamodels, trans-
formation languages, engines, runtime resources, and EMF loading
remain part of the MDE infrastructure. This reduces manual coor-
dination while preserving inspectable tool-supported execution.

5 Emerging Results
This section reports emerging results used to assess the feasibility
and limits of the proposed workflow in two transformation scenar-
ios. The assessment examines whether generated transformation

4
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specifications can be executed, whether service diagnostics support
repair, and how closely produced target artifacts match correspond-
ing ground-truth artifacts. The goal is to study workflow behavior
across tasks, MTLs, and LLMs, not to benchmark them.

5.1 Assessment Setup
The assessment uses two tasks: UML-to-Java as a model-to-text
setting, and SysMLv2-to-AAS as a model-to-model setting with
a domain-specific target structure. For UML-to-Java, we selected
10 UML class diagram models from the Lindholmen dataset and
generated Java ground-truth artifacts using Modelio1. For SysMLv2-
to-AAS, we selected 10 SysMLv2 models and corresponding AAS
ground-truth models from the SysMLv2-to-AAS integration work
by Ferko et al. [12].

We used three LLMs: GPT-5, DeepSeek R1, and Sonnet 4. Each
input model was used with ATL and QVTo, resulting in 120 runs:
two tasks, two transformation languages, three LLMs, and 10 input
models per task. Each run had a fixed task, input model, LLM, and
transformation language; ATL runs did not switch to QVTo, and
QVTo runs did not switch to ATL.

During a run, the LLM could inspect metamodels, retrieve ex-
amples, generate a candidate transformation, invoke checking or
compilation, execute the transformation, and revise it using re-
turned diagnostics. A run ended when execution succeeded, the
retry budget was exhausted, or no new candidate was produced.
The retry budget was five repair attempts after the first failed ex-
ecution. All runs used the same task template, tool descriptions,
and service interfaces. Parameters were fixed to temperature = 0,
maximum output tokens = 64000, and top-p = 1, when supported.

We report three measures. Executable success counts runs in
which the generated ATL or QVTo transformation passed the back-
end workflow and the service returned ok. It does not imply struc-
tural completeness, mapping coverage, or semantic adequacy. Recov-
ery counts initially failed runs that later reached executable success
after diagnostic-based repair. Structural F1 compares normalized
element sets extracted from executable outputs and ground-truth
artifacts. For UML-to-Java, these include Java classes, enums, fields,
and enum literals. For SysMLv2-to-AAS, they include AAS-level
node and attribute signatures. Formatting, generated identifiers,
namespace prefixes, schema locations, and ordering are ignored.
Failed runs are excluded because they do not produce executable
target artifacts. Structural F1 is therefore an approximation of struc-
tural overlap, not a measure of transformation-script quality, main-
tainability, behavioral preservation, or full semantic correctness.

5.2 Initial Findings
Table 1 shows three observations. First, ATL led to more executable
runs thanQVTo in this setup. Across all configurations, ATL reached
54/60 executable successes, while QVTo reached 27/60. This sug-
gests that service-mediated repair is sensitive to the diagnostics
and execution conventions of the selected MTL.

Second, the task influenced structural quality. UML-to-Java pro-
duced higher Structural F1 values than SysMLv2-to-AAS. The UML-
to-Java configurations mostly fall between 0.53 and 0.78 on average,
while SysMLv2-to-AAS remains below 0.22. This indicates that
1http://models-db.com/

executable and metamodel-conformant transformations can still
omit important domain structures, especially for a domain-specific
target structure such as AAS.

Third, diagnostics supported repair in several configurations,
but not uniformly. GPT-5 and Sonnet often required repair before
executable success, while DeepSeek often succeeded on the first
attempt for ATL. Sonnet recovered 9/9 initially failed UML-to-Java
QVTo runs and 9/10 SysMLv2-to-AAS ATL runs, but did not re-
cover SysMLv2-to-AAS QVTo runs. Repair is therefore not only an
LLM capability; it is an interaction between the generated specifi-
cation, the transformation language, the execution engine, and the
diagnostic information exposed by services.

Overall, the assessment supports the feasibility of exposing trans-
formation development as MDE services for LLM-based coordina-
tion. It also shows why this workflow must go beyond executability
and metamodel conformance. Future services need to assess struc-
tural completeness, mapping coverage, and semantic adequacy.

6 Discussion: Promise, Limits, and Questions
The findings suggest that LLM support for model transformation
should be connected to the executable MDE workflow. In this set-
ting, metamodels, examples, transformation engines, diagnostics,
and adequacy checks are not passive prompt context; they are ser-
vices that the agent can invoke during transformation development.
This differs from approaches that mainly improve generation, such
as retrieval augmentation or fine-tuning, because the LLM can use
feedback from transformation tools while checking and execution
remain part of the MDE infrastructure.

The results separate executable success from transformation ad-
equacy. Successful execution shows that a transformation can run
and produce an EMF-loadable, metamodel-conformant target arti-
fact. It does not show that the transformation captures all intended
source-to-target mappings. This was visible in SysMLv2-to-AAS,
where several executable runs produced low-F1 outputs containing
mainly top-level AAS structures while omitting expected submod-
els, properties, or domain-specific correspondences.

The current assessment is output-oriented. Structural F1 is com-
puted on produced target artifacts, not on the generated ATL or
QVTo specifications. It estimates structural overlap with the ground
truth, but does not assess the transformation specification itself.
Work on model transformation testing and debugging treats the
transformation as the system under test, using input models, ex-
pected outputs, oracles, traces, coverage criteria, mutation, and fault
localization [24]. Future versions should therefore connect agentic
repair with model transformation testing services, including rule
coverage, metamodel coverage, oracle satisfaction, traces, mutation,
and regression-oriented checks.

The findings also indicate that service-mediated repair depends
on both the selected MTL and the task. ATL and QVTo expose
different diagnostics, runtime failures, and execution conventions,
which affect repair behavior in this setup. The task also matters:
UML-to-Java reached moderate structural overlap in several con-
figurations, whereas SysMLv2-to-AAS remained structurally weak
despite executable success. Future services should therefore assess
mapping coverage and detect trivial or incomplete target models
rather than only checking executability.
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LLM Task Transformation
Languages

Exec. success First-attempt
success

Avg. retries to
succeed

Recovery Avg. F1 Highest F1 Lowest F1

GPT-5 UML→Java ATL 9/10 6/10 1 3/4 0.530 1.000 0.000
QVTo 6/10 0/10 1 6/10 0.775 1.000 0.421

SysMLv2→AAS ATL 8/10 0/10 2 8/10 0.161 0.424 0.046
QVTo 6/10 0/10 2 6/10 0.144 0.333 0.083

DeepSeek UML→Java ATL 10/10 10/10 0 0/0 0.698 1.000 0.000
QVTo 1/10 1/10 0 0/9 0.727 0.727 0.727

SysMLv2→AAS ATL 8/10 8/10 0 0/2 0.172 0.447 0.032
QVTo 4/10 4/10 0 0/6 0.213 0.667 0.043

Sonnet UML→Java ATL 10/10 7/10 1 3/3 0.763 1.000 0.500
QVTo 10/10 1/10 2 9/9 0.653 1.000 0.000

SysMLv2→AAS ATL 9/10 0/10 5 9/10 0.215 0.350 0.065
QVTo 0/10 0/10 0 0/10 0.000 0.000 0.000

Table 1: Summary of preliminary experiment results. Executable success and recovery are measured at the transformation-run
level; Structural F1 is computed only on produced target artifacts from executable runs.

A further implication is reusability. Generated specifications,
service calls, diagnostics, and repair steps can be retained as in-
spectable MDE artifacts. For related metamodels, later tasks should
reuse existing transformations and extend them when new meta-
model elements, mappings, or examples are introduced. This paper
does not yet implement incremental coverage over metamodel ele-
ments, but the framework allows such checks to be introduced as
services. In this direction, transformation development becomes a
reusable and incrementally improved process rather than repeated
prompt-to-output generation.

These findings raise five questions for the next stage of the work:

• How should diagnostics be structured so that they support
repair rather than only report failure?

• What adequacy checks are needed beyond execution and
EMF loading to assess mapping completeness?

• How can model transformation testing services be inte-
grated to assess generated transformation specifications?

• How should transformation services be exposed across dif-
ferent MTLs, given the differences between ATL and QVTo?

• How should theworkflow support engineer validationwhen
an executable and EMF-loadable transformation remains
structurally incomplete or semantically ambiguous?

Limitations of the Preliminary Assessment
The assessment has several limitations. The dataset is small, with 10
input models per task, and each input was executed once per con-
figuration; repeated runs are needed to study variation and stability.
Executable success depends on the implemented services, runtime
configuration, metamodel registrations, and serialization conven-
tions. Structural F1 captures normalized structural overlap, but not
full semantic correctness, behavioral preservation, transformation
maintainability, or all domain-specific mapping constraints. The
prototype also does not yet assess incremental metamodel cover-
age or reuse generated transformation specifications across related
tasks. Finally, the assessment is limited to two MTLs and two tasks;
future work should examine additional languages, metamodels, and
more complex transformation scenarios as bidirectional [11] and
round-trip [10] transformations.

7 Conclusion and Future Plans
This paper introduced agentic model transformation as a service-
mediated workflow for LLM-assisted model transformation devel-
opment. The workflow does not replace transformation languages,
execution engines, or EMF tooling. It exposes them as services
so that generated MTL specifications can be checked, executed,
diagnosed, and repaired within the configured MDE infrastructure.

The emerging results on UML-to-Java and SysMLv2-to-AAS
show that agents can obtain executable ATL and QVTo transforma-
tions and recover from some failures through service diagnostics.
Successful runs produced EMF-loadable target artifacts conforming
to the registered target metamodel. However, executable success
did not guarantee structural completeness, especially in SysMLv2-
to-AAS. Execution, EMF loading, and metamodel conformance are
therefore useful first checks, but not sufficient evidence of structural
completeness, mapping coverage, or semantic adequacy.

Future work will address the questions raised above in four di-
rections. First, we will improve diagnostics by relating failures to
metamodel elements, transformation rules, source locations, run-
time traces, and produced target fragments. Second, we will extend
adequacy checks beyond execution and EMF loading, including
structural coverage, mapping completeness, domain-specific con-
straints, and detection of trivial but executable target models. Third,
we will integrate model transformation testing services to assess
generated specifications through rule coverage, metamodel cover-
age, oracle satisfaction, traces, mutation, and regression-oriented
checks. Fourth, we will study how transformation services should
be exposed across MTLs, and how the workflow should support
engineer validation when executable transformations remain struc-
turally incomplete or semantically ambiguous.

The full study will also repeat configurations with fixed inputs,
prompts, tool descriptions, model parameters, and retry budgets to
analyze variation, service calls, repair steps, and failure categories.
It will broaden the assessment with more scenarios, larger model
sets, additional metamodels, and further MTL implementations. Fi-
nally, we will investigate how generated specifications, diagnostics,
and service traces can be retained, assessed, reused, and extended
across related transformation tasks, rather than regenerated from
scratch. The same service-mediated principle may also support
other MDE tasks that depend on explicit tool feedback, including
model validation, model repair, model comparison, consistency
checking, and code generation. An anonymized replication package
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will include models, metamodels, prompts, tool descriptions, gen-
erated transformations, service-call logs, scripts, and normalized
comparison outputs.

8 Data Availability
We have made a public replication package available at the follow-
ing repository: https://zenodo.org/records/20095491
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