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ABSTRACT Model transformation languages (MTLs) are domain-specific languages used to transform models conforming to a
given metamodel into other models, including textual models such as source code. Developing correct model transformations in
these languages is challenging and requires both language-specific and domain knowledge, creating a need for automated
assistance and thus motivating the use of large language models (LLMs) for MTL code generation. However, due to the
limited availability of training data and executable examples, LLM-generated MTL code is often not syntactically valid or
semantically usable out of the box. This paper presents LLM4MTLs, an automated workflow for constructing and comparing
prompting strategies for LLM-generated MTL code, together with an evaluation suite and an empirical evaluation. The workflow
systematically explores prompt constructions combining few-shot prompting, grammar prompting, and helper methods inclusion,
and evaluates them using both syntactic and semantic metrics. We construct an evaluation suite spanning four MTLs (ATL,
ETL, QVTo, and the Reactions language) with executable reference scripts and manually written test suites, and evaluate
across three LLMs. We find that few-shot prompting consistently improves syntactic quality across all four MTLs while gains in
semantic correctness are uneven and language-dependent. For ATL, Pass@1 remains unchanged across all strategies and
models, indicating that few-shot prompting improves surface-level syntax more readily than deep transformation semantics.
Grammar prompting stabilizes code generation when combined with few-shot examples, but in isolation, it can be ineffective or
even counterproductive for certain model–language combinations. Furthermore, including helper methods in the prompt as a
complementary amplifier can be beneficial. Finally, LLM Model choice influences syntactic correctness and similarity for certain
MTLs, particularly ETL and QVTo, while its influence on semantic correctness remains limited across all MTLs.
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1. Introduction
Large Language Models (LLMs) have now been firmly

established in generating source code from natural language de-
scriptions (Joel et al. 2025; Amalfitano et al. 2025). While code
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generation is mostly done for general-purpose languages such
as Python or Java, LLMs are also increasingly being explored
in specialized domains, including Model-Driven Software De-
velopment (MDSD). For example, LLMs are used to generate
model instances (Garaccione et al. 2025) and to verify the con-
sistency of models (Eisenberg et al. 2025).

Model Transformations are central to MDSD (Mens &
Van Gorp 2006). In a model transformation, a set of source
models is transformed into a set of target models for purposes
of analysis, simplification, or generation of runnable General
Purpose Language (GPL) code, like Java or C++. Transforma-
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tions consist of a set of transformation rules written in an Model
Transformation Language (MTL) which provides optimized
syntax and language features for definition. Examples of MTL
include the Atlas Transformation Language (ATL) (Jouault et
al. 2008), Epsilon Tranmsformation Language (ETL) (Kolovos
& Garcia-Dominguez 2022), and Acceleo (Brun & Pierantonio
2008). Nevertheless, creating transformations between models
can be a timely and challenging task, requiring knowledge not
only about the MTL, but also about both source and target mod-
els, or even about the domains where those models originate
(Anastasakis et al. 2007).

Given the challenge of manually developing correct trans-
formations, it is natural to investigate whether LLMs can assist
in generating MTL code. However, applying LLMs to this
task presents unique challenges. Firstly, MTLs are Domain
Specific Languages (DSLs) that have limited representation in
the training data of LLMs, which implies that LLMs typically
lacks knowledge of MTL-specific syntax and idioms (Joel et
al. 2024). Secondly, MTLs and model transformations depend
on metamodel semantics concerning the source and the target
metamodel, which are the rules and definitions of how concrete
model instances can be defined. Although metamodels offer the
necessary context, they also introduce specialized semantic con-
straints that require domain-specific reasoning, which remains
challenging for LLM (Joel et al. 2024).

Out-of-the-box prompting frequently leads to the genera-
tion of transformation code with syntactic or semantic errors,
even when metamodel information is provided. The state of
the art shows LLM-generated transformations succeed only in
simple scenarios, but fail in more complex tasks (Buchmann
2024). In practice, finding effective prompts becomes a manual
trial-and-error process (Ye et al. 2023; Pryzant et al. 2023). This
leaves two research gaps. Firstly, there is no systematic and re-
producible approach for optimizing and evaluating LLM-based
MTL code generation. Secondly, there is a lack of publicly
available evaluation suites with reference transformations and
executable test suites across multiple MTLs (Zhang, Jiang, Fu,
Cheng, et al. 2026; Burgueño et al. 2025). This paper addresses
both gaps by investigating the following Research Question:
How can we systematically construct and evaluate prompt-
ing strategies for LLM-based MTL code generation, and
to what extent do such strategies improve syntactic and
semantic quality across different MTLs?

We introduce LLM4MTLs, an automated, metric-driven
workflow that standardizes prompt construction, code genera-
tion, and evaluation for MTL code generation. The workflow
targets measurable syntactic and semantic outcomes and pro-
vides a reproducible means of exploring and comparing different
prompt configurations. We further construct an evaluation suite
of transformation examples spanning four MTLs: ATL (Foun-
dation 2018), ETL (Kolovos & Garcia-Dominguez 2022), QVT-
Operational Language (QVTo) (OMG 2016), and the Reactions
language of the Vitruvius framework (Klare et al. 2021). The
evaluation suite includes reference transformation scripts, meta-
models, and manually written test suites for both syntactic and
semantic validation. Using this workflow and evaluation suite,
we conduct an empirical evaluation of generated MTL code

combining prompting strategies, including few-shot prompting,
grammar prompting, and Xtext-based language-specific helper
method inclusion across three LLMs: GPT-5.1 (2025), Gemini
2.5 Pro (2025), and Claude Sonnet 4.5 (2025). The workflow
is realized using n8n workflow automation (N8n.Io - AI Work-
flow Automation Tool 2025); all components are containerized,
and all artifacts are provided in a replication package (Jiang et
al. 2026). In summary, this paper makes the following three
contributions:

– An evaluation suite of 47 transformation examples across
four MTLs, consisting of executable reference scripts,
metamodels, and test suites for automated validation.

– An automated workflow for prompt generation, MTL code
generation, and metric-driven evaluation.

– An empirical evaluation of our workflow across four MTLs
and three LLMs, offering systematic evidence on how dif-
ferent prompting strategies and LLMs choices affect the
syntactic quality and semantic correctness of generated
MTLs code.
The rest of this paper is structured as follows. In section 2,

we provide background on MTLs as our application domain.
In section 3, we survey related work with regards to using
LLMs for generating code for MTLs, and other low-resource
languages, such as other DSLs. In section 4, we provide an
overview of our optimization workflow and describe the imple-
mentation. We present our evaluation suite and the results of
our evaluation afterwards in section 5. We discuss the findings,
limitations, and threats to validity in section 6, and finally, we
conclude the paper in section 7.

2. Background

2.1. Model-Driven Software Development
MDSD is the definition and use of software models, such

as Unified Modeling Language (UML) class or sequence dia-
grams, to create runnable software systems. It advances the
concept of Model-Based Engineering (MBE) further. There,
the same models are used for design and communication, but
developers do not generate runnable program code from these
models (Brambilla et al. 2017).

In the context of MDSD, the term "model" usually does
not refer to machine learning models, such as LLMs. Instead,
models conform to structures similar to those in Object-Oriented
Programming (OOP). To be more exact, a model must conform
to a metamodel, which is another model that defines a set of
valid models or instances (Brambilla et al. 2017). Metamodels
consist of an abstract syntax that describes the structure of
models, at least one concrete syntax to express models with
(such as grammars for textual models), and the semantics for
models (Brambilla et al. 2017). Commonly used standards
for metamodelling include the Meta Object Facility (MOF) to
define the abstract syntax (Meta Object Facility 2019), and
the Object Constraint Language (OCL) to describe additional
restrictions on models through their semantics (OMG 2014).
One of the main purposes of MDSD is to automate software
development. This can be done either by interpreting the models
directly, or to generate code from them by applying model
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transformations on them (Brambilla et al. 2017, Sect. 3.1).

2.2. Model Transformations
Model transformations automatically convert a set of

source models into a set of target models. They require a defini-
tion that describes how this conversion occurs. Such a definition
is a set of transformation rules. Each rule describes how to trans-
late constructs of the source- into constructs of the target meta-
model (Kleppe et al. 2003). Since MDSD treats code as models,
model transformations can also take code as source and target
models. In fact, generating running code from models is a main
purpose of model transformations (Mens & Van Gorp 2006).
Following Brambilla et al., we call model transformations with
code as source model Text-to-Model (T2M) transformations,
transformations with code as target model Model-to-Text (M2T)
transformations, and transformations only with non-code mod-
els Model-to-Model (M2M) transformations.

Model transformations are usually written with their own
DSLs, such as the Atlas Transformation Language (Jouault et al.
2008), or the Query/View/Transformation (QVT) family (OMG
2016) of transformation languages. Of course, transformations
can also be written in a GPL such as Java. However, users
of MTLs find that these specialized languages offer numerous
features that increase their comprehensibility and productivity,
among other quality attributes (Höppner et al. 2022).

2.3. View-based Modeling – The VSUM approach
View-Based Modeling (Atkinson et al. 2010) is an ap-

proach in which views are tailored to the needs of individual
stakeholders, thereby reducing the perceived complexity of the
overall system under investigation. At its core lie Virtual Single
Underlying Models (VSUMs) (Klare et al. 2021), which consol-
idate all essential model information and expose views that con-
tain only relevant aspects while omitting extraneous details. The
Vitruvius framework implements the VSUM approach and pro-
vides the Reactions Language (Klare 2021), a domain-specific
language for specifying consistency preservation rules. Each
rule reacts to a designated change in one view and propagates
the resulting modifications throughout the system, ensuring that
all constituent models remain mutually consistent at all times.

3. Related Work

3.1. Applying LLMs for model transformations
LLMs is finding widespread application for model trans-

formation tasks. They are used both to generate model transfor-
mation rules and to do the actual transformation themselves (?).
Therefore, we present works from both research areas here.

Buchmann prompted M2M transformations in Java with
ChatGPT for the Families-to-Persons example (Anjorin et al.
2017), a commonly used case study in the field of model trans-
formations (Buchmann 2024). The generated model transforma-
tions worked well in the batch case, i.e., converting one source
model to a target model. However, prompting for incremen-
tal transformations, which only transform the changed part of
a model, failed with either compilation errors or failing tests.
Pontes Miranda et al. evaluated the prompting of view defini-

tions in the ViewPoint Definition Language (VPDL) of the EMF
Views framework (Pontes Miranda et al. 2024). View defini-
tions transform interrelated models with different metamodels
into another model, or view, that combines the information of
the underlying models. The authors include view descriptions
and metamodels converted to PlantUML for the prompt, and
use chain-of-thought prompting. They ensure the syntactical
correctness of the output by parsing and reprompting the LLM.
The performance of LLMs is limited at best, however, since the
generated view definitions capture only a subset of the relations
between models and their views (Precision ∈ [0, 0.58]).

In (Cibrián et al. 2025), the authors proposed an agent-
based LLM pipeline that transforms Modelica models to the
SysML v2 representation. Their approach delivered promising
results with a mean precision of 89.05%. The usage of LLMs
also caused some problems; it introduced inconsistencies in the
required validation loops to correct the mistakes made by the
LLM. Their evaluation also lacked the semantic verification
and was based only on structure.

3.2. LLMs in other MDSD areas
In (Cámara et al. 2023), the authors investigated the gener-

ation of UML diagrams via prompts to ChatGPT. The diagrams
created or assisted by this method were generally correct, but
contained syntactical errors. Some modeling concepts that UML
supports, such as multiple inheritance or integrity constraints,
are not covered by ChatGPT. PlantUML seems to work best
notation-wise than other modeling notations/languages to create
UML diagrams, e.g., USE (the UML-based Specification En-
vironment). Rather than avoiding the LLM assisted modeling,
the authors recommend improving the quality and quantity of
publicly available modeling artifacts so that LLMs have more
data to train on.

Generating OCL constraints with the help of LLMs is the
focus of (Abukhalaf et al. 2024) and works reasonably well.
PathOCL, the name of the presented method, combines prompt-
ing techniques with simple path coverage that subsets the UML
class diagram to only relevant portions of the model. The results
are promising and need further investigation and optimization
to be used reliably. This work also saw better and more publicly
available MDSD artifacts as the limiting factor to better per-
formance of LLMs in this task. Beyond model and constraint
generation, LLMs have also been applied to instance generation
in the context of language evolution. Zhang et al. (Zhang et
al. 2025; Zhang, Jiang, Fu, Koziolek, et al. 2026) explored us-
ing LLMs to support grammar-instance co-evolution for Xtext-
based textual DSLs, exploring the potential of LLMs to preserve
auxiliary information such as comments and formatting. Hagel
et al. (Hagel et al. 2024) analyzed how LLMs can be applied to
generate models using a textual DSL in a model-based low-code
tool. Results show that the LLM was capable of generating a
proprietary, to the LLM unknown DSL, and a user study showed
that task completion time could be reduced. While those studies
apply LLMs to DSL-related code generation, their work focuses
on instance evolution, whereas ours addresses MTL generation
from natural language. In Eisenberg et al. (Eisenberg et al. 2025)
the authors apply LLMs to detect conflicts in versioned models
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Figure 1 Overview of the LLM4MTLs Approach.
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Figure 2 Detailed workflow of Prompt Generation.

and automatically resolve them using LLMs. In (Hagel et al.
2025) the authors discuss the usage of LLMs for explicit model
consistency based on natural language or formal consistency
rules. Our study addresses MTL generation, including the gen-
eration of the Reactions language for automated consistency
maintenance, rather than applying LLMs to resolve inconsis-
tencies directly. Besides, LLMs have also been explored for
adjacent domain-specific and formal modelling tasks, including
self-adaptive systems (Li et al. 2024b,a) and discrete controller
synthesis (Ishimizu et al. 2025).

4. LLM4MTLs - An Automated Workflow
We present LLM4MTLs, an automated workflow for im-

proving the reliability of LLM-generated MTL code through
systematic prompt composition and metric-driven evaluation.
The workflow targets measurable syntactic and semantic out-
comes and provides a reproducible means of exploring and
comparing different prompt configurations. An overview is
depicted in Figure 1, where the three main stages are distin-
guished by color. In the Prompt Generation stage (yellow),
task prompts are automatically derived from existing MTL ref-
erence implementations to address the lack of structured evalua-
tion datasets (subsection 4.1). In the Code Generation stage
(blue), a range of prompting strategies and their combinations
are applied to generate MTL code from these task prompts
(subsection 4.2). In the Empirical Evaluation stage (green),
the generated code is assessed against the reference implemen-
tations using syntactic similarity, syntactic correctness, and
semantic correctness metrics (section 5). Here, Grammar Files
refer to extended Backus–Naur form (EBNF) grammars of the
target MTL; Model Files refer to metamodel artifacts for both
Prompt Generation and Code Generation. Test suite additionally
loads concrete model instances.

Our workflow emphasizes automation and thus supports ef-
ficient repetition and fast feedback cycles when searching for an
optimal prompting strategy configuration. Strategies and the as-
sociated resources can be adjusted to accommodate different tar-
get MTLs. To ensure reproducibility, all required components—
including the workflow definition, model files (metamodel arti-
facts), MTL grammars, and code snippets—are bundled within
containers. Our workflow is implemented using n8n (N8n.Io
- AI Workflow Automation Tool 2025), a self-hosted low-code
tool that enables LLM workflows to be visually constructed
and edited. To support traceability and systematic comparison
across prompt configurations, all prompts and LLM-generated
artifacts are persisted. The complete implementation, including
workflow definitions and evaluation artifacts, is made available
as a replication package (Jiang et al. 2026).
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4.1. Prompt Generation
We enable an automated dataset construction across MTLs

by employing an LLM to reverse-engineer task prompts from
existing reference code snippets, formulated in a developer-to-
AI voice. The snippets provided enable the LLM to capture
context and intent even when it is unfamiliar with a given MTL
and is, consequently, incapable of generating high-quality code
directly. Minor imperfections in the generated task prompts
are acceptable, because human-authored prompts are rarely per-
fect too. Crucially, by encoding additional contextual details
directly in the prompt, our automated generation approach fa-
cilitates adaptation to further languages and broader example
sets. The generated task prompt, together with the associated
model files (metamodel artifacts), serves, in the end, as input
for baseline code generation.

Figure 2 illustrates the prompt generation workflow. Upon
execution, the workflow reads the reference code snippets from
a specified directory and iterates over each file. To enrich the
contextual information available to the LLM, it optionally loads
the corresponding model files (metamodel artifacts) and gram-
mar definitions. The name of each reference file is preserved to
maintain the association between the generated prompt and its
source. To ensure stylistic consistency, every query is prefixed
with the system prompt shown in Listing 1, which instructs the
LLM to produce concise prompts that capture only the trans-
formation intent and the relevant method names. Although this
system prompt is formulated for the Reactions language, it can
be straightforwardly adapted to other MTLs.

System Prompt

1 You are acting as a senior developer who knows the
Model Transformation Language: **Reactions Language**
inside out. Your task is to reconstruct the NATURAL-
LANGUAGE request that could have produced the code
shown in the next message, as if a developer were
asking an AI assistant to generate that code.

2 Rules
3 1. You MUST explicitly state the reaction and routine

names.
4 2. You MUST describe the intent on a high abstraction

level.
5 3. DO NOT say 'model::component', 'component' is enough

for the context.
6 DO NOT say 'in the update block...', rather describe

generally what happens in the routine and reaction.
7 Do NOT mention 'snippet', 'reverse-engineer', or any

analysis meta language.
8 4. When there are parts not included in the grammar,

provide the method names.
9 5. Write in the *developer-to-AI* voice, e.g. 'Create

a transformation [...] that...'.
10 6. Keep the request under **100 words**.

Listing 1 System Prompt for Prompt Generation (Reactions)
The workflow pairs the system prompt with a user prompt that
supplies the additional context required to generate correct trans-
formation definitions. Specifically, the user prompt contains the
reference code, along with the extracted and summarized con-
tent of the associated model and grammar files. A representative
example—the PERSONTOFAMILY transformation for the Reac-
tions language—is presented in Listings 2 and 3, illustrating how
the intent of the original code is clearly conveyed in the gener-
ated prompt. The prompt generation workflow thereby expands
the dataset with consistent, semantically aligned prompt–code

pairs. To ensure prompt quality, all generated prompts were
manually reviewed for semantic correctness and fidelity to the
intent of the original code. This verification step is critical,
as all subsequent strategy evaluations are predicated on these
prompts.

Reactions Language

1 [...]
2 reactions: familiesToPersons
3 in reaction to changes in families
4 execute actions in persons
5 reaction DeletedMember {
6 after element families::Member deleted
7 call deletePerson(affectedEObject)
8 }
9 routine deletePerson(families::Member member) {

10 match {
11 val person = retrieve persons::Person corresponding

to member
12 val family = retrieve families::Family

corresponding to person
13 }
14 update {
15 removeObject(person)
16 removeCorrespondenceBetween(member, person)
17 removeCorrespondenceBetween(family, person)
18 }
19 }

Listing 2 PersonToFamily.reactions Example
Prompt

1 Create a transformation in the **Reactions Language**
that synchronizes the *families* and *persons* models.

2 Define a reaction named **DeletedMember** that triggers
whenever a `Member` is deleted in the families model.
This reaction should call a routine named **
deletePerson**, which retrieves the corresponding `
Person` and its `Family`, then removes the `Person`
object and deletes all correspondences between the
deleted `Member`, the `Person`, and the `Family`.

Listing 3 Generated Task Prompt

4.2. Code Generation
Compared to the prompt generation stage, the code generation
workflow illustrated in Figure 3 incorporates additional steps
for optimization and execution. The workflow first reads the
task prompt files produced by the prompt generation stage, and
extracts the task prompt text, the associated model files (meta-
model artifacts), and the name of the corresponding reference
code snippet. It then applies the prompting strategies selected
by the user.
Three strategies are currently supported: (i) few-shot prompting
(k=3), which augments the prompt with three representative
reference examples of the target MTL; (ii) grammar prompting,
which appends an EBNF grammar excerpt of the target MTL to
impose explicit syntactic constraints and guide the LLM toward
syntactically valid outputs (Wang et al. 2023); and (iii) helper
method inclusion, which supplies predefined utility functions to
the LLM’s context. The third strategy can be used for MTLs that
express key transformation constructs outside of their syntax.
This is the case for the Reactions language, where managing
consistency happens within Java-defined methods, that need to
be called within reactions. The n8n workflow is designed to
accommodate additional strategies through the straightforward
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Figure 3 Detailed workflow of LLM-based MTL Code Generation

inclusion of further files or resources in the prompt.
System Prompt

1 You are an expert developer for the **Reactions
language** (model transformation DSL). Your job is to
translate the user's natural-language specification
into a complete, syntactically valid .reactions file.

2 Rules
3 1. Follow the DSL grammar exactly (imports,

transformation block, reactions, routines, guards,
create/update sections, persistence paths,
correspondence links, etc.).

4 2. Use the transformation / reaction / routine names
provided by the user whenever they are specified.

5 3. If a name is missing, invent a concise, CamelCase
name that matches the intent.

6 4. Use as much Reactions language as possible and use
Xtend only when necessary

7 5. Do **not** wrap it in Markdown fences, and do **not

** add commentary, explanations, or blank lines beyond
what the language requires.

Listing 4 System Prompt for Code Generation (Reactions)
Based on the selected strategy options, the content of the corre-
sponding files is loaded from a specified directory and incorpo-
rated into the final user prompt. This aggregated prompt is then
submitted to a user-selected LLM, which generates the corre-
sponding code and writes the output to the designated location.
This process is repeated for each queued task prompt. As with
prompt generation, the prompt is divided into a system prompt
and a user prompt.
Listing 4 shows the system prompt used for code generation
in the Reactions language as a representative example. The
instructions embedded in the system prompt enforce adherence

to the target MTL grammar and are designed to minimize hallu-
cination.

4.3. Adaptation to other Model Transformation Lan-
guages

Adapting this workflow to another MTL requires that the con-
figuration of input and output files be set up appropriately. This
includes the specification of the location of the new MTL’s refer-
ences, additional files required for e.g., few-shot prompting, and
the desired save destination for the workflow’s output. Whether
the step of loading the model files (metamodel artifacts) needs
to be updated depends on whether the generated code is to
be applied to the same model files. These configurations can
be performed directly within the respective workflow nodes.
Regarding adaptation steps that go beyond reconfiguring the
locations of the input and output paths, the system prompt of
the workflow must be adjusted to reflect the characteristics and
capabilities of the desired MTL. For instance, when applying
the workflow to ATL, ETL, and QVTo, the system prompts
from the Reactions language, see Listings 1 and 4, had to be
updated. Furthermore, the improvement strategies, which are
applicable for an MTL, can vary and not all may be applicable.
The Reactions language, for instance, included an additional
improvement strategy for Xtext-based MTL: including helper
methods into prompt. Depending on the MTL’s characteristics,
further strategies could also be included. To ensure that the
semantics of the generated MTL code are validated appropri-
ately, tests should be included. When applying the workflow
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to a new MTL, the manual effort required depends on whether
pre-existing tests are used, must be written manually, or can
be generated automatically. This also includes setting up the
respective testing frameworks, which were different for the
languages we investigated.

5. Results and Evaluation
We evaluate which prompting strategies improve LLM-
generated MTL code, considering the raw output of the LLM
using only a task prompt and model files (metamodel artifacts)
without any additional context as the baseline. The goal is to
systematically evaluate LLM-based code generation for MTLs
across two dimensions: syntactic quality and semantic correct-
ness. We frame the evaluation around three evaluation questions
(EQs) which operationalize the overarching Research Question
posed in section 1:

EQ1 To what extent do the prompting strategies improve the
syntactic quality of LLM-generated MTL code in terms
of syntactic similarity and correctness compared to the
baseline?

EQ2 To what extent do the prompting strategies improve the
semantic correctness of LLM-generated MTL code com-
pared to the baseline?

EQ3 To what extent does the choice of LLM model affect the
quality of the generated model transformation code across
different MTLs?

5.1. Evaluation Metrics
Syntactic Similarity To assess how closely the generated trans-
formation code resembles the reference implementation, we em-
ploy the Character n-gram F-score (ChrF) metric (Popović
2015), which measures character-level F-score between gen-
erated and reference code. Unlike token-level metrics such
as BLEU (Papineni et al. 2001), ROUGE (Lin 2004), or ME-
TEOR (Banerjee & Lavie 2005), ChrF operates at the character
level, making it more appropriate for programming languages
where single characters such as semicolons or brackets carry
syntactic significance. Although ChrF is not a reliable indicator
of functional correctness, it provides a meaningful signal of how
structurally divergent two code snippets are.

Syntactic Correctness LLMs may hallucinate invalid syntax
or unknown tokens, yielding code that cannot be parsed. The
Unparsed Rate (Bassamzadeh & Methani 2024) quantifies
the proportion of generated snippets that fail parsing due to
syntactic errors; lower values indicate that a larger share of the
output is at least syntactically valid. To obtain a finer-grained
view of syntactic quality, we additionally report the average
number of parser-reported problems per line of code (PPLs)
for each generated snippet s. This metric complements the
Unparsed Rate by distinguishing between snippets that fail to
parse entirely and those that contain only minor, Localized
errors. We compute PPLs by dividing the total number of
parser-reported problems for snippet s by its non-empty, non-
comment Lines of Code (LoC). The parser infrastructure differs
across MTLs to leverage the most accurate tooling available:
for the Reactions language and QVTo, we use ANTLR-based

parsers constructed from the respective grammars, for ATL, we
use the Eclipse ATL parser and for ETL, we use the Eclipse
Epsilon parser.
One limitation of PPLs is that reported problem counts depend
on the error recovery mechanisms of the parsers that we use. In
particular, the ANTLR error-recovery mechanism may suppress
subsequent errors once an earlier error triggers a recovery action.
Accordingly, the values we provide for PPLs are lower bounds.

Semantic Correctness To evaluate semantic correctness, we
execute each generated snippet against concrete model instances
and inspect the resulting output models. We measure semantic
quality using the Pass@1 metric (Paul et al. 2024), defined as
the proportion of parsable snippets for which the first gener-
ated candidate passes all associated test cases. This metric is
widely used in program synthesis and code-generation bench-
marks (Paul et al. 2024).
For the Reactions language, test cases operate on a VSUM:
some changes are applied to its constituent models, and the re-
actions file to preserve consistency. For ATL, ETL, and QVTo,
separate test suites transform concrete source model instances.
In any case, we assert that the resulting target models are equal
to the reference All test suites were manually written to en-
sure that the semantic validation correctly reflects the intended
transformation behavior.

5.2. Experiment Setup
We evaluate our approach on three LLMs: GPT-5.1 (2025),
Gemini 2.5 Pro (2025), and Claude Sonnet 4.5 (2025). All
models are treated as black-box generators, and no model pa-
rameters, weights, or training data are modified.
For each MTL in the evaluation suite, every combination
of prompting strategy and LLM is executed on all available
transformation scripts. The prompting strategies evaluated
are: (i) Baseline: the task prompt together with the associ-
ated model files (metamodel artifacts) only; (ii) Few-shots
Prompting: the baseline augmented with three representative
few-shot examples; (iii) Grammar Prompting: the baseline
augmented with the EBNF grammar of the target MTL; (iv)
Few-shots + Grammar Prompting: the combination of few-
shot and grammar prompting; and (v) Few-shots + Grammar
Prompting + Helper Methods Inclusion—the combination
further augmented the prompt with predefined helper methods
in the prompt (applicable only to the Reactions language, where
Xtext-based utility functions are required).

5.3. Evaluation Suite
To ensure a transparent and reproducible empirical evaluation
across multiple MTLs, we construct an evaluation suite com-
prising executable transformation artifacts from four represen-
tative languages: Reactions, ATL, ETL, and QVTo. For each
language, the evaluation suite includes: (i) executable transfor-
mation scripts serving as reference implementations, (ii) the cor-
responding input and output metamodels and model instances,
(iii) manually written test suites that verify semantic correct-
ness by executing the transformation and comparing the output
against expected results, and (iv) parser-based syntactic valida-
tion that counts parser-reported problems per snippet.
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Table 1 Evaluation Suite statistics across the evaluated MTLs.

LoC Complexity (avg)

Language # Min Max Avg #R/H MC #MM/M

Reactions 12 17 98 31.0 1.0 / 1.7 3.4 6/0
ATL 15 15 277 96.3 5.5 / 2.2 14.2 27/15
ETL 10 6 97 29.3 3.3 / 0.5 4.7 7/7
QVTo 10 13 25 18.5 3.7 / 0.0 3.8 1/0
1 # = number of transformation scripts.
2 LoC = non-empty, non-comment lines of code. Min./Max. = LoC range.
3 #R/H = Avg. number of transformation rules / helpers per script
4 MC = Avg. McCabe complexity per script.
5 #MM/M = number of associated metamodel/model artifacts.

We draw artifacts from publicly available and official repos-
itories (Vitruv-CaseStudies 2026; ATL Zoo Benchmark 2026;
Eclipse Epsilon 2026; org.eclipse.qvto 2026), prioritizing diver-
sity in transformation intent (e.g., creation, update, mapping,
refactoring) and selecting only executable, end-to-end exam-
ples. Natural diversity in script complexity is preserved: ATL
examples tend to involve larger scripts and a higher number of
associated model artifacts, whereas QVTo and ETL examples
are more compact. Furthermore, the Reactions language is de-
fined for a specific transformation tasks, which is consistency
preservation across multiple models (Klare et al. 2021). In con-
trast, ATL, ETL and QVTo are general-purpose transformation
languages, and more commonly used. Thus, these languages are
likely to be reflected in LLM training data, whereas Reactions
are unlikely to occur in such training data.
Table 1 summarizes the evaluation suite scale. We report the
number of transformation scripts and code-size statistics in LoC,
measured as non-empty, non-comment lines. We further report
three complexity indicators, averaged per script, to characterize
the transformation complexity of each task inspired by Götz
et al. (2021): the number of transformation rules, the number
of helpers, and the McCabe cyclomatic complexity calculated
over all rules and helpers. We additionally report the number of
associated metamodels and model artifacts, which also influence
execution complexity and evaluation cost.

5.4. Results and Findings
To assess the statistical significance of the observed improve-
ments, we employ a two-level testing procedure. The ANOVA
statistic is defined in Howell (1992).

Overall significance across LLMs To evaluate whether differ-
ent LLMs exhibit significantly different performance within a
given prompting strategy, we used non-parametric tests appro-
priate for the metric type. For continuous metrics, including
ChrF similarity (see Table 2) and PPLs (see Table 4), we applied
the Friedman test across LLMs. For binary outcomes, includ-
ing parsability (see Table 3) and the combined event parsable
and tests passed, we used Cochran’s Q test across LLMs. If
one of the LLMs within a selected strategy (e.g., Few-Shot)
produced significantly different results (p < 0.05), the triple is
gray-shaded.

Pairwise comparisons against baseline Individual compar-
isons against the baseline are conducted per LLM, pairing each
transformation script across strategies. For binary outcomes
(parsability and test passed & unpassed), we apply McNemar’s
exact test. For continuous metrics (ChrF scores and PPLs),
we apply the Wilcoxon signed-rank test. Results significantly
better than the baseline (p < 0.05) are marked with ∗.
For clarity, the abbreviations used in the tables are as follows:
FS represents few-shot prompting; GR represents grammar
prompting; HM represents inputting some defined helper meth-
ods as prompt.

5.4.1. Syntactic Evaluation (EQ1) To answer EQ1, we
evaluate syntactic quality using three complementary met-
rics: ChrF for character-level similarity, the Unparsed Rate
for parsability, and PPLs for fine-grained error density.

ChrF Table 2 reports the mean ChrF scores across all four
MTLs. For the Reactions language, baseline values of GPT and
Gemini are comparatively low, scoring 0.62 and 0.60, whereas
Claude already achieves 0.78. One plausible explanation is
that Claude’s training data contains structurally similar code,
although this cannot be verified directly. Across the remain-
ing three MTLs, baseline scores vary: ATL and ETL exhibit
moderate baselines (from 0.57 to 0.59 and from 0.61 to 0.64),
while QVTo shows stronger initial values (from 0.69 to 0.79),
suggesting differing degrees of prior model exposure to these
languages.
Few-shot prompting consistently yields the largest ChrF gains
across all four languages, with particularly pronounced effects
for ETL and Reactions (significantly better than the baseline
for three LLMs).) Grammar prompting alone provides smaller
but consistent improvements, likely because it enforces correct
syntactic constructs without conveying typical language idioms
or usage patterns. The FS + GR combination stabilizes per-
formance at high levels across all models for ETL, QVTo, and
Reactions. For the Reactions language, adding helper methods
(FS + GR + HM) results in only marginal changes in ChrF.
The Friedman test confirms statistically significant differences
among three LLMs for QVTo (p < 0.05), whereas differences
for ETL do not reach significance.

Finding 1

Few-shot prompting is the primary driver of syntactic sim-
ilarity across all four MTLs. Grammar prompting alone
provides moderate but consistent gains, and its combination
with few-shot prompting (FS + GR) consistently achieves
the highest ChrF scores.

Unparsed Rate Table 3 reports the average unparsed rate of
generated snippets. For the Reactions language, the base-
line unparsed rate is 1.00 across all three models, meaning
that no baseline output is syntactically valid. For QVTo, the
baseline is uniformly poor (from 0.90 to 1.00). These results un-
derscore the difficulty that LLMs face with low- or no-resource
MTLs. In contrast, ATL, as a widely used MTL with more
public resources, exhibits a substantially lower baseline (from
0.20 to 0.27), consistent with its greater prevalence in publicly
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Reactions ATL ETL QVTo

Strategy GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude

Baseline 0.62 0.60 0.78 0.59 0.57 0.58 0.64 0.61 0.61 0.69 0.73 0.79
Few-shot (FS) 0.87∗ 0.85∗ 0.88∗ 0.64∗ 0.58 0.59 0.74∗ 0.71∗ 0.75∗ 0.80∗ 0.80∗ 0.81
Grammar (GR) 0.80∗ 0.78∗ 0.85∗ 0.59 0.57 0.58 0.63 0.63 0.62 0.64 0.70 0.80
FS + GR 0.86∗ 0.88∗ 0.87∗ 0.63∗ 0.57 0.59 0.75∗ 0.71∗ 0.74∗ 0.80∗ 0.80∗ 0.83
FS + GR + HM 0.86∗ 0.87∗ 0.87∗ – – – – – – – – –

Table 2 Mean ChrF scores (Results significantly better than the baseline (p < 0.05) are marked with ∗. Higher is better). Gray-
shaded triples within one strategy show significantly different results of the three LLMs.

Reactions ATL ETL QVTo

Strategy GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude

Baseline 1.00 1.00 1.00 0.27 0.27 0.20 0.30 1.00 0.10 1.00 0.90 1.00
Few-shot (FS) 0.58 0.75 0.33∗ 0.20 0.27 0.20 0.10 0.60 0.10 0.20∗ 0.10∗ 0.00∗

Grammar (GR) 0.92 0.17∗ 0.33∗ 0.60 0.27 0.13 0.30 0.90 0.20 0.40∗ 0.60 0.90
FS + GR 0.25∗ 0.42∗ 0.17∗ 0.13 0.13 0.13 0.20 0.80 0.20 0.00∗ 0.00∗ 0.20∗

FS + GR + HM 0.17∗ 0.5∗ 0.08∗ – – – – – – – – –

Table 3 Average unparsed rate (Results significantly better than the baseline (p < 0.05) are marked with ∗. Lower is better). Gray-
shaded triples within one strategy show significantly different results of the three LLMs.

available code. ETL shows heterogeneous baseline behavior:
Gemini produces no parsable output (1.00), whereas Claude
achieves a rate of only 0.10.
Few-shot prompting substantially reduces the unparsed rate,
particularly for QVTo, where it drops to 0.00–0.20 across all
models. Grammar prompting alone has a limited effect for
the Reactions language for GPT, likely because many critical
constructs, such as Xtext XExpressions, are not explicitly cap-
tured by the grammar. The FS + GR combination achieves the
strongest reductions overall, bringing QVTo to 0.00 for both
GPT and Gemini. For the Reactions language, the addition
of helper methods (FS + GR + HM) yields further improve-
ments, reducing the unparsed rate to 0.08–0.50 depending on
the model.
The Cochran’s Q test confirms statistically significant differ-
ences among three LLMs for ETL (p < 0.05).

Finding 2

For low-resource MTLs such as the Reactions language
and QVTo, few-shot prompting, grammar prompting, and
helper method inclusion provide the most significant gains.
For more widely known languages such as ATL and ETL,
few-shot prompting alone is generally good to reduce the
unparsed rate, even for the more complex transformations
present in ATL.

Average Number of Parser-reported Problems per Line of
Code (PPLs) Table 4 reports the average number of parser-
reported problems per line of code. For Reactions, the baseline
error density ranges between 0.0396 and 0.0562. Few-shot
prompting reduces the average number of errors for Gemini

and Claude. Grammar prompting alone shows mixed effects:
while Gemini benefits substantially (0.0083), GPT error den-
sity increases (0.0769). The combined FS + GR strategy sta-
bilizes performance across models and significantly reduces
errors for Claude (0.0159). Finally, the addition of helper meth-
ods (FS + GR + HM) yields the lowest error density for GPT
(0.0145) and remains consistently low for Claude. For ATL, the
baseline error density is already low (from 0.0092 to 0.0351),
indicating that the models generate largely well-formed ATL
code even without optimization. Few-shot prompting and the
FS + GR combination further reduce this to near-zero levels. A
notable outlier is grammar prompting alone for GPT on ATL
(0.2757), which significantly increases the error rate compared
to the baseline; this suggests that providing the grammar with-
out accompanying examples may mislead certain models into
producing syntactically aberrant constructs. For ETL, the base-
line varies across models (0.0085 for Claude to 0.0667 for
GPT). Few-shot prompting substantially reduces GPT’s error
rate to 0.0008, while the effect on Gemini and Claude is less
pronounced. QVTo exhibits the highest baseline error density
(from 0.1119 to 0.3057), consistent with the high unparsed rates
observed in Table 3. Both few-shot prompting and the FS + GR
combination yield significant reductions, with FS + GR bringing
GPT and Gemini to 0.0000 errors per line.
The Friedman test confirms statistically significant differences
among three LLMs for ETL (p < 0.05) generation with few-
shot prompting and for Reactions and ATL with grammar
prompting, and for Reactions with the combination of few-shot
and grammar prompting with heper method inclusion, whereas
the differences for QVTo do not reach significance.
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Reactions ATL ETL QVTo

Strategy GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude

Baseline 0.0396 0.0562 0.0427 0.0092 0.0351 0.0138 0.0667 0.0644 0.0085 0.3057 0.1674 0.1119
Few-shot (FS) 0.0652 0.0335 0.0289 0.0024 0.0050 0.0072 0.0008 0.0354 0.0085 0.0159∗ 0.0100∗ 0.0000∗

Grammar (GR) 0.0769 0.0083∗ 0.0360 0.2757∗ 0.0204 0.0005 0.0412 0.0401 0.0122 0.1242 0.0784 0.0598
FS + GR 0.0342 0.0437 0.0159∗ 0.0019 0.0007 0.0007 0.0209 0.0324 0.0105 0.0000∗ 0.0000∗ 0.0099∗

FS + GR + HM 0.0145∗ 0.0546 0.0160∗ – – – – – – – – –

Table 4 Average number of syntax errors per line of code (LoC) (Results significantly better than the baseline (p < 0.05) are
marked with ∗. Lower is better). Gray-shaded triples within one strategy show significantly different results of the three LLMs.

Finding 3

The combination of few-shot, grammar prompting, and
helper method inclusion (for Reactions only) consistently
achieves the lowest syntax error density across MTLs. Gram-
mar prompting alone can be counterproductive for certain
LLM models and language combinations.

5.4.2. Semantic Evaluation (EQ2) To answer EQ2, we
now turn to semantic correctness, evaluating whether the
parsable snippets produce functionally correct transformations.

Pass@1 Table 5 reports the Pass@1 rate, computed ex-
clusively on syntactically parsable snippets. For Reactions,
the baseline Pass@1 is 0.00 because the unparsed rate is 1.
Few-shot prompting yields improvements, increasing Pass@1
to 0.25–0.50, with statistically significant improvements for
Claude. Grammar prompting alone does not improve semantic
correctness. The combined FS + GR strategy further improves
performance for Gemini and GPT. The addition of helper meth-
ods (FS + GR + HM) provides the highest Pass@1 rate for GPT
(0.58). However, this improvement is not consistent across all
LLM models, as Gemini and Claude do not show additional
gains and even decrease. The reason for the marginal contri-
bution of helper method inclusion might be that the few-shot
examples serve to show how the helper methods work without
having to explicitly include them. However, the primary chal-
lenge lies in semantics and reasoning about the transformation
rules rather than predefined helper methods.
For ATL, the Pass@1 rate remains at 0.67 across all strategies
and models. This result stands in contrast to ATL’s strong syn-
tactic performance (cf. Table 2 and Table 4), suggesting that
while LLMs are capable of producing syntactically well-formed
ATL code, they struggle with the semantic complexity of the
underlying transformation logic. As shown in Table 1, ATL
scripts in the evaluation suite are considerably longer and more
complex than those of other languages (average 96 LoC vs. 18–
31 LoC, average 14.2 McCabe complexity vs. 3.4–3.8 McCabe
complexity), involving more intricate rule mappings and inter-
rule dependencies. The LLMs appears to handle the surface-
level syntax of these longer scripts adequately, but fails to cap-
ture the deeper semantic intent. For ETL, the baseline Pass@1
is low (from 0.00 to 0.20), and few-shot prompting yields the
most substantial improvement, raising Pass@1 to 0.30–0.60

depending on the model. The FS + GR combination achieves
comparable results (from 0.10 to 0.50), with GPT and Claude
benefiting most. QVTo exhibits the most significant improve-
ment: from a near-zero baseline (0.00–0.10) to 0.60–0.70 with
few-shot prompting and 0.50–0.70 with FS + GR. Grammar
prompting alone yields negligible improvement, consistent with
the pattern observed across all other metrics.
The Cochran’s Q test does not reach statistically significant
differences among three LLMs.

Finding 4

Few-shot prompting consistently provides the greatest im-
provements in Pass@1, while combining it with grammar
prompting can further semantic correctness in some cases.
Notably, syntactic proficiency does not imply semantic
correctness: for ATL, the LLMs produce well-formed code
but fail to capture the semantic complexity inherent in longer
and more complex transformation scripts. For QVTo, few-
shot prompting transforms the generated code from almost
entirely non-functional to majority-correct.

5.4.3. Influence of LLM Choice (EQ3) This evaluation
question explores whether the choice of LLM influences the
quality of generated model transformation code across MTLs.
The results show that the influence of LLM choice is highly
variable across MTLs and evaluation metrics. For QVTo, the
ChrF scores are significantly different between LLMs for all
prompting strategies, reflecting constant differences in syntactic
similarity (see gray shades in Table 2). Likewise, ETL exhibits
a constant and statistically significant difference between LLMs
from parsability and PPLs across multiple strategies (see gray
shades in Tables 3 and 4), reflecting that syntactic correctness is
sensitive to the LLM used for generation. The Reactions Lan-
guage shows statistically significant LLM differences mainly
in parsability and PPLs for several strategies, reflecting a mod-
erate sensitivity. In contrast, ATL exhibits only isolated or no
significant differences between LLMs across most strategies
and metrics.
Despite these syntactic corrections and similarity differences,
the Pass@1 rate does not show consistent statistically significant
variation between LLMs across any MTL (see gray shades in
Table 5), indicating that semantic correction is less dependent
on the choice of LLMs.
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Reactions ATL ETL QVTo

Strategy GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude GPT Gemini Claude

Baseline 0.00 0.00 0.00 0.67 0.67 0.67 0.20 0.00 0.10 0.00 0.10 0.00
Few-shot (FS) 0.42 0.25 0.50∗ 0.67 0.67 0.67 0.60 0.30 0.60 0.60∗ 0.60 0.70∗

Grammar (GR) 0.00 0.00 0.00 0.67 0.67 0.67 0.10 0.00 0.00 0.00 0.20 0.10
FS + GR 0.50∗ 0.42 0.50∗ 0.67 0.67 0.67 0.50 0.10 0.50 0.50 0.70∗ 0.60∗

FS + GR + HM 0.58∗ 0.42 0.42 – – – – – – – – –

Table 5 Pass@1 rate on syntactically parsable outputs (Results significantly better than the baseline (p < 0.05) are marked with ∗.
Higher is better). Gray-shaded triples within one strategy show significantly different results of the three LLMs.

Finding 5

LLM Model choice influences syntactic correctness and sim-
ilarity, particularly for ETL and QVTo respectively, while
its influence on semantic correction remains limited.

6. Discussion

6.1. Limitations
This study is limited in language and model scope: four MTLs
(Reactions language, ATL, ETL and QVTo) are evaluated across
three LLMs (GPT-5.1, Gemini 2.5-Pro, Claude Sonnet 4.5),
which constrains generalizability, in particular for other low-
resource languages. The strategy portfolio focuses on few-shot,
grammar prompting, and helper method inclusion; more ad-
vanced techniques, such as Retrieval-augmented generation
(RAG) or fine-tuning were not explored due to time and data
constraints. The metric set is also constrained: ChrF is surface-
based and pass@1 captures only the first attempt. Additionally,
nondeterminism remains an inherent risk despite fixed param-
eters. The workflow is best characterized as structured and
extensible rather than fully automated end-to-end, i.e., adap-
tation to a new MTL still requires language-specific manual
effort, including system prompt redesign, resource curation,
and test suite development. The current evaluation setup based
on reverse-engineered prompts is systematic and reproducible,
but may not fully represent real user prompt distributions, and
whether the workflow performs equally well on underspeci-
fied or messy/misleading natural-language requests remains an
open question. A further limitation concerns potential training
data contamination, as publicly available resources such as ATL
Zoo Benchmark (2026) may have been included in the training
corpora of the LLMs.

6.2. Threats to Validity
Internal Validity. LLM non-determinism can shift results, and
technical configuration (prompts, metamodel setup) influences
all metrics. However, variations in prompt formulation or model
temperature settings could still affect reproducibility across
different experimental runs.

External Validity. This study was evaluated on only four MTLs
with limited dataset sizes, which restricts the generalizability of
the results. The results may not represent the characteristics of

all MTLs. Furthermore, we tested only three commercial LLMs,
and the performance of open-source models or future models
may differ. Future work needs to validate the effectiveness of
the workflow on more MTLs and larger-scale datasets.

Construct Validity. The metrics we adopted (ChrF, Unparsed
Rate, Pass@1, etc.) may not fully capture all dimensions of code
quality. For example, ChrF focuses on character-level similarity
and may assign lower scores to functionally equivalent code
with different structures. Pass@1 only evaluates the correctness
of the first generation, without considering the potential for
iterative refinement. Additionally, the coverage of test cases may
affect the assessment of semantic correctness. We mitigate this
by combining syntactic and semantic metrics for comprehensive
evaluation, but a more complete quality assessment workflow
remains to be explored.

Conclusion Validity. Statistical significance testing (ANOVA)
confirmed differences among strategies, but the extremely poor
baseline performance of the Reactions language (Unparsed
Rate of 1.00) inflates the relative improvement of the strate-
gies, though the absolute performance remains moderate (e.g.,
Pass@1 up to 0.33). For ATL, improvements from certain
strategies did not reach statistical significance or even showed
no improvement (e.g., Pass@1), indicating that result stability
varies across different MTLs. These findings suggest that the
effectiveness of the workflow may depend on the characteristics
of the target language. More broadly, the findings highlight a
disconnect between syntactic and semantic improvement: Al-
though prompt engineering can improve syntax correctness,
especially for low-resource MTLs, it is inconsistent when it
comes to the improvement of semantic correctness for more
complex transformations. This is consistent with the bottleneck
situations across different MTLs. For low-resource MTLs such
as the Reactions language, the primary bottleneck lies in the
LLM’s insufficient syntax knowledge of the MTL, which can
be largely mitigated through few-shot prompting; whereas for
more widely used languages such as ATL, the bottleneck shifts
to semantic and domain grounding, which current prompting
strategies have yet to fully address.

6.3. Workflow Generalizability and Extensibility
The workflow’s modular design facilitates adaptation to new
MTLs. As demonstrated in subsection 4.3, extending to other
MTLs primarily required adjusting system prompts and curat-
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ing language-specific resources (grammar files, examples, test
suites), while the core pipeline remained unchanged. This sug-
gests that similar adaptations could apply to other MTLs, though
the effectiveness may vary depending on language character-
istics and available training data. Beyond the current prompt-
ing strategies, the workflow can accommodate more advanced
techniques. RAG could augment prompts with dynamically re-
trieved domain knowledge, addressing the challenge of limited
MTL training data. Fine-tuning, while resource-intensive, may
become viable as more high-quality MTL datasets emerge. Ad-
ditionally, automating parser creation and test execution would
further reduce manual effort, making the workflow accessible
to a broader range of MTL practitioners.

7. Conclusion and Future Work
This paper presented LLM4MTLs, an automated and re-
producible workflow for improving the reliability of LLM-
generated MTL code and systematically evaluating its quality,
together with an evaluation suite spanning four MTLs and an
empirical evaluation on that suite. Rather than modifying or
fine-tuning LLMs, the workflow treats each LLM as a black-box
code generator and focuses exclusively on prompt construction
as the lever for improvement. It provides an automated pipeline
that standardizes prompt generation, code generation, and eval-
uation across MTLs. Using this workflow, we conducted an
empirical evaluation on an evaluation suite spanning the Reac-
tions language, ATL, ETL, and QVTo, with different prompting
strategy combinations across three LLMs, assessing both syn-
tactic quality and semantic correctness. The few-shot prompting
is the primary driver of syntactic improvement, though its abil-
ity to improve semantic correctness diminishes for complex
transformations, such as ATL. Grammar prompting stabilizes
generation when combined with few-shot examples, but can
be counterproductive in isolation. Finally, LLM Model choice
influences syntactic correctness and similarity, particularly for
ETL and QVTo respectively, while its influence on semantic
correctness remains limited across all MTLs.

Future Work Several directions emerge from this work. First,
we plan to explore the use of agentic AI approaches that incorpo-
rate iterative refinement loops, where the LLM receives parser
or test results feedback and refines its output autonomously.
Second, RAG could dynamically select the most relevant ex-
amples and grammar fragments for a given task. Additionally,
grammar-constrained decoding offers a promising direction
for eliminating parse errors. Another direction avenue to pur-
sue includes qualitative analysis of semantic errors. While the
present approach evaluates the generated transformation to see
if the output models match the correct semantics, there is no
investigation as to why these output models fail, for instance,
whether model elements are missing or structurally misplaced.
By conducting such an analysis, more actionable feedback for
targeted prompt refinement could be gained.
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