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ABSTRACT In model-driven engineering, metamodel evolution leads to the need to adapt corresponding grammars to maintain
consistency, which typically requires tedious manual work. Existing rule-based methods can achieve partial automation but
have limitations when handling complex grammar scenarios. This paper proposes a Large Language Model-based approach
that automatically applies adaptations to new grammars after evolution by learning grammar adaptations from previous versions.
We evaluated this approach on six real-world Xtext domain-specific languages, using four DSLs as a training set to develop
prompting strategies, two DSLs as a test set for validation, and conducting a longitudinal case study on QVTo. The evaluation
used three Large Language Models (Claude Sonnet 4.5, ChatGPT 5.1, Gemini 3) and measured grammar adaptation quality
from three dimensions: grammar rule-level adaptation consistency, output similarity, and metamodel conformance. Results
show that on the test set, all three LLMs achieved 100% adaptation consistency and output similarity, while the rule-based
approach achieved only 84.21% on DOT and 62.50% on Xcore. In the QVTo longitudinal study, the LLM-based approach
successfully reused learned adaptations across all three evolution steps without manual grammar editing, while the rule-based
approach required manual adjustments in two of three transitions. However, on large-scale grammars (EAST-ADL, 297 rules),
LLMs’ adaptation consistency was far below 90%. This study demonstrates the advantages of LLM-based approaches in
handling complex grammar scenarios, while revealing their limitations in large-scale grammar adaptation.
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with existing work mainly focusing on co-evolution between
1. Introduction models and metamodels (Kessentini et al. 2019; Cicchetti et

al. 2008b,a), as well as co-evolution between model transfor-
In model-driven engineering (MDE), evolution is a long- mations and metamodels (Garcia et al. 2012; Kessentini et
standing core challenge (Paige et al. 2016). When a metamodel al. 2018). However, in the development and maintenance of
changes, various software artifacts that depend on it—including domain-specific languages (DSLs), there exists another type
model instances, model transformation rules, constraint defini- of co-evolution scenario: when the abstract syntax (usually
tions, etc.—need to be adapted accordingly to maintain consis- represented as a metamodel) evolves, the grammar definition
tency (Meyers & Vangheluwe 2011; Hebig et al. 2016). This that specifies the concrete syntax also needs to evolve accord-
multi-artifact co-evolution problem has been widely studied, ingly (Réth et al. 2010; Tolvanen et al. 2025). This metamodel-
driven approach is particularly common in scenarios where
the metamodel is the central development artifact in a larger
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the metamodel-driven approach, it is necessary to support co-
evolution between metamodels and grammar definitions.

One widely used language framework, Xtext (Eclipse Foun-
dation 2025; Erdweg et al. 2013), supports this metamodel-
centric DSL development. In Xtext, the metamodel defines the
abstract syntax of the language, while the grammar defines the
concrete syntax, and the two adhere to each other. When the
metamodel exists first, we can generate grammar from it (Bet-
tini 2016). The generated grammar usually has to be manually
adapted, since it may include verbose formatting, e.g, redundant
parantheses and keywords, leading to the modification of Gq
to derive Gi in Figure 1(a)) (Bettini 2016). However, when
the metamodel evolves (from Mj to M), language engineers
need to adapt G{ according to the changes in the metamodel (as
shown in G] to G} in Figure 1(a)). This adaptation is particu-
larly laborious and error-prone, since the language engineers
manually have to create new rules for newly added elements,
based on their understanding of the metamodel changes, an
involved task especially in case of complex changes. Xtext
provides another alternative scenario (i.e., scenario (b) in Fig-
ure 1), where, after the metamodel evolves, language engineers
directly generate grammar G; from the evolved metamodel M,
and perform the adaptation on G, that occurred in Gy to Gj.
However, this introduces repetitive work and is equally prone to
errors.

To address these challenges in scenario (b), previous research
proposed the GrammarTransformer tool (Zhang et al. 2024),
which contains 60 predefined grammar adaptation rules that
enable automated grammar adaptation through configuration.
This approach reduces the complexity of manual modification to
some extent; however, when adaptation requirements vary sig-
nificantly across grammar rules, the configuration process can
still become cumbersome. Subsequent work further attempted
to automatically extract adaptation configurations by comparing
the generated grammar with the target grammar, but its adapta-
tion accuracy still needs improvement (Zhang, Hebig, Striiber,
& Steghofer 2023).

To propose an improved solution to the above challenges,
this study explores using Large Language Models (LLMs) to
automate the grammar adaptation process. LLMs have demon-
strated strong capabilities in code understanding (Wang et al.
2023) and transformation tasks (Cummins et al. 2024), sug-
gesting potential for learning adaptations from examples. A
recent systematic mapping of LLM applications in MDE con-
firms broad interest in this intersection, while also revealing
that tasks such as DSL Engineering remain marginal, with only
three of 86 surveyed studies addressing them (Zhang, Jiang, Fu,
Cheng, et al. 2026). Unlike rule-based methods, our approach
does not rely on predefined adaptation rules, but instead investi-
gates whether LLMs can automatically adapt new grammars by
learning from historical adaptations. Specifically, we provide
the LLM with the grammar generated from the original meta-
model (G7) and its manually adapted version (G{), as well as
the new grammar generated from the evolved metamodel (Gy),
to evaluate whether the LLM can identify the adaptations from
G to G and apply the same adaptations to G; to generate G}.
The generated G/, needs to both maintain consistency with the
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evolved metamodel and reproduce the manual adaptations from
the previous version.

To evaluate the LLM-based approaches, we propose the fol-
lowing research questions:

RQ1: To what extent can LLMs learn and apply grammar adap-
tations from a prior-version grammar pair (G1, G’1)?

RQ2: To what extent can LLM-based approaches reuse learned
adaptations across consecutive evolution steps with minimal
human intervention?

RQ3: What are the strengths and limitations of LLM-based
approaches compared to rule-based methods for grammar adap-
tation?

We systematically evaluated the proposed approach on six
real-world DSLs from prior work (Zhang, Hebig, Striiber, &
Steghofer 2023), using a training set (EAST-ADL (EAST-ADL
Association 2022), BibTeX (Paperpile 2022), Xenia (Misha
Rodchenkov 2019), SML (Greenyer 2018)) to develop prompt-
ing strategies and validating on a test set (DOT (Eclipse Foun-
dation AISBL 2020), Xcore (Eclipse Foundation 2018)). Addi-
tionally, we conducted a longitudinal case study on QVTo span-
ning four official versions. We used three representative current
LLMs (Claude Sonnet 4.5 (Anthropic 2025), ChatGPT 5.1 (Ope-
nAl 2025), Gemini 3 (Studio 2025)) in the evaluation. Results
show that on the test set DSLs, all three LLMs outperformed
the rule-based approach in adaptation consistency and output
similarity. In the QVTo longitudinal study, the LLM-based ap-
proach successfully reused learned adaptations across all three
evolution steps without manual grammar editing, while the rule-
based approach required configuration adjustments in two of
the three transitions. However, on large-scale grammars such as
EAST-ADL with 297 rules, LLMs encountered challenges, ex-
hibiting systematic omission of identified adaptation operations.
This study demonstrates that LLM-based approaches can reduce
language engineers’ workload, particularly in handling complex
grammar scenarios that are difficult for rule-based methods to
address (such as syntactic predicates, predicated assignments,
and order-insensitive attribute combinations), while also reveal-
ing the limitations of current LLMs in large-scale grammar
adaptation tasks, pointing out directions that require further
exploration in the field of metamodel-grammar co-evolution.

2. Background

2.1. Metamodel-Driven Development and Grammar adap-
tation

Xtext is a widely-used language development framework (Erd-
weg et al. 2013) that supports both grammar-driven and
metamodel-driven development workflows (Bettini 2016; Paige
et al. 2014). In the grammar-driven development workflow,
language engineers primarily define the concrete syntax by edit-
ing the grammar, from which the corresponding metamodel is
automatically generated. In contrast, in the metamodel-driven
development workflow, language engineers first create a meta-
model to represent domain knowledge and capture the abstract
syntax of the language. From this metamodel, the grammar can
be automatically generated.

As mentioned in Section 1, the generated grammar contains
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Figure 1 Challenges in metamodel-grammar co-evolution: (a) Direct evolution scenario where language engineers manually prop-
agate metamodel changes from M; to M into the grammar evolution from G{ to Gé after metamodel evolution; (b) Regeneration
scenario where G, is generated from M and the adaptations from G; to G} need to be reapplied to obtain Gj.

multiple grammar rules and attributes that correspond one-to-
one with the metaclasses and properties in the metamodel, shar-
ing the same names (Bettini 2016). The grammar rules of
generated grammar always begin with the same name as the
metaclass and often contain a keyword with the same name as
the metaclass, while attributes are enclosed in curly braces (Bet-
tini 2016). Similarly, attribute keywords and names are the same
as the corresponding properties defined in the metamodel.
Mission returns Mission:
"Mission’
4 { 4
’shortName’ shortName=Identifier
(" category’ category=Identifier)?
("uuid’ uuid=String0)?
("name’ name=String0) ?
(" ownedComment’ ’ {’ ownedComment+=Comment ( ","
ownedComment+=Comment) * "}’ )?
4 }I,.

Listing 1 A grammar rule Mission before adaptation.

Mission returns Mission:
"Mission’
shortName=Identifier
(r{’
(’category’ category=Identifier ’;’)?
("uuid’ uwuid=UUID ’';’)?
("name’ name=Identifier ’;’)?
( ownedComment+=Comment ( ownedComment+=
Comment) « )?
"y 2

Listing 2 The grammar rule Mission after adaptation.

Grammar adaptation refers to the structured textual modi-
fication of a grammar to adjust, refine, or improve its concrete
syntactic form. In the literature, this process is also known as
grammar transformation (Zhang et al. 2024) or grammar opti-
mization (Zhang, Hebig, Striiber, & Steghofer 2023). Grammar
adaptation operates at multiple syntactic levels, including entire
grammar rules, attributes, keywords, symbols (e.g., braces or
parentheses), multiplicities, optionality, and other concrete ele-
ments.—and consists of adding, removing, or changing these
textual elements to obtain a desired concrete syntax style or
behavior (Zhang et al. 2024). For example, Listing | displays a
grammar rule Mission containing an attribute ownedComment,
whose keyword is identical to the attribute name. Through adap-
tation, the keyword in the attribute is removed (see Listing 2).

While grammar adaptation primarily concerns concrete-syntax
refinements, it may intentionally alter the abstract syntax tree
structure derived from the grammar when the adaptation in-
volves modifying assignments, types, multiplicities, or rule
structure. In Xtext, such structural elements—rather than key-
words or other concrete tokens—determine the resulting EMF-
based abstract syntax tree (Bettini 2016).

2.2. Rule-based Grammar Adaptation in the Context of
Language Evolution

The rule-based grammar adaptation approach automatically
transforms grammars generated from metamodels into target
grammars that conform to specific styles and requirements
through predefined transformation rules and configuration mech-
anisms. The core of this approach consists of two tools:
GrammarTransformer (Zhang et al. 2024) and ConfigGener-
ator (Zhang, Hebig, Striiber, & Steghofer 2023).

GrammarTransformer contains 60 predefined grammar trans-
formation rules that operate on different elements of the gram-
mar, including keywords, braces, optionality, multiplicity, gram-
mar rule calls, etc. The transformation rules are divided into
three types of operations: add, remove, and change. Each rule
is associated with a well-defined scope that can be applied at
different levels of granularity, such as the entire grammar, a spe-
cific grammar rule, or a specific attribute. Applying Grammar-
Transformer requires language engineers to manually configure
the application of transformation rules. Taking the transforma-
tion from Listing | to Listing 2 as an example, the following
rules need to be configured: (1) removeBraces removes all
curly braces in the Mission rule; (2) removeKeyword removes
all keywords such as ‘Mission’, ‘ownedComment’, etc.; (3)
removeOptionality removes the optionality markers of at-
tributes; (4) removeComma removes the comma in the attribute
ownedComment; and etc.

ConfigGenerator aims to automate the configuration of gram-
mar transformation rules. It automatically extracts the required
transformation rule configurations by comparing the generated
grammar G with the target grammar Gj. It automatically ex-
tracts transformation rule configurations by comparing G with

i, which can then be reused for G,. The extracted config-
urations can be persisted and reused for the newly generated
grammar G in subsequent evolution steps, thereby automati-
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cally generating G} (as shown in Figure 1(b)). This approach
achieved fully automated adaptation for languages such as
EAST-ADL, BibTeX, and Xenia, but some grammar rules in
DOT, Xcore, and SML still could not be fully automatically
adapted.

3. Approach

3.1. Overview

Our approach addresses the regeneration scenario illustrated in
Figure 1(b). It operates on four grammars: (i) G1, the grammar
generated from the original metamodel; (ii) G{, the grammar
adapted from Gp; (iii) Gy, the grammar generated from the
evolved metamodel; and (iv) G}, the target adapted grammar.
The approach takes G, G/, and G, as inputs and outputs G.

The approach proceeds in two steps. First, the LLM com-
pares and analyzes G; and Gj to identify and learn the adap-
tations applied from G; to G}. Then, the LLM reuses these
learned adaptations on G to obtain G}. The expected G} is
intended to continue conforming to the evolved metamodel. We
treat the internal processing of the LLM as a black box and
evaluate only whether the resulting G} conforms to the evolved
metamodel and whether the adaptations from G, to G} are
consistent with or similar to those from Gy to Gi.

3.2. Experimental Setup and Prompting Strategy

We evaluated our approach using three state-of-the-art LLMs:
Claude Sonnet 4.5, Gemini 3, and ChatGPT 5.1, and conducted
the experiments on six DSLs adopted from prior work (Zhang,
Hebig, Striiber, & Steghofer 2023): EAST-ADL, BibTeX, Xe-
nia, DOT, Xcore, and SML. Each included a grammar generated
from its metamodel and a target grammar, representing diverse
language characteristics, e.g., sizes, complexities, and domains.
To develop a generalizable prompting strategy while mitigating
the risk of overfitting, we split these into a training set (EAST-
ADL, BibTeX, Xenia, SML) and a test set (DOT, Xcore). The
training set was designed to cover diverse scenarios: small-scale
(BibTeX with 43 grammar rules, Xenia with 15 rules), medium-
scale (SML with 96 rules), and large-scale (EAST-ADL with
297 rules).

For prompt design, we followed a manual, expert-in-the-loop
development protocol in which prompts were designed and val-
idated on the training set, then frozen before final evaluation.
The decision to accept or revise a prompt was guided by evalu-
ating the model’s output quality based on the metamodel confor-
mance and the adaptation consistency using metrics defined in
Section 3.3. This follows the human-guided refinement process
described by Shah (Shah 2024) and rooted in “prompt program-
ming” principles (i.e., stepwise manual prompt improvement)
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introduced by Reynolds et al. (Reynolds & McDonell 2021).

A single reference LLM, Claude Sonnet 4.5, was selected for
prompt development due to its demonstrated reliability in code-
related tasks and strong performance in prior benchmarks (Mar-
tinez 2025). The core design remained consistent: the LLM
received three grammar files (G, Gi, G»), compared Gy and
Gi to identify adaptations, and applied similar adaptations to G;
to produce G}. We developed prompts starting from the small-
to-medium scale DSLs (BibTeX, Xenia, SML), then validated
their applicability on the large-scale case (EAST-ADL). The
prompts focused on clearly communicating the two-stage task
structure—first identifying adaptations from G; to G/, then ap-
plying them to G,— while relying on the prior-version grammar
pair to guide the adaptation, rather than encoding task-specific
heuristics in the prompt itself. For this exploratory phase, we
used the web-based interface of Claude Sonnet 4.5. For the
cross-model evaluation, all three LLLMs were evaluated man-
ually through their respective web-based interfaces, with no
additional automation. We focused on this setup rather than
few-shot prompting, as example-based prompting can steer out-
puts toward the specific examples provided; by keeping the
prompt decoupled from any particular DSL examples, we aimed
to strengthen external validity and reduce overfitting to specific
language characteristics. Further details on the experiment exe-
cution procedure are available in our replication package (Zhang
2025).

Importantly, each DSL was processed in an independent
LLM conversation session. Within each session, the LLM re-
ceived only the three grammar files (Gq, G}, Gp) of that specific
DSL; no information from other DSLs was carried over be-
tween sessions. The “training set” designation therefore refers
to the DSLs used by the researchers to develop and validate
the prompting strategy, not to any form of cross-DSL learning
by the LLM. The training-test split follows standard evaluation
practice to mitigate the risk of overfitting: prompts developed
on the training DSLs might only work well on those specific
languages, and the test set verifies that the finalized prompts
generalize to unseen cases. The finalized prompts were eval-
uated across all three LLMs to assess cross-model robustness
(Zhuo et al. (Zhuo et al. 2024)).

On the test set, we applied the finalized prompts without
modification. Each generated grammar G} was evaluated along
two dimensions: metamodel conformance (i.e., whether Gé con-
formed to the evolved metamodel) and adaptation consistency
(i.e., whether the adaptations from Gy to Gi were performed on
Gy). If syntactic or structural issues arose, we provided up to
three targeted follow-up prompts (e.g., “Add semicolons after
attributes”) to assess whether targeted refinement could resolve
the problems.

Beyond the cross-sectional evaluation on test set DSLs, we
conducted a longitudinal case study on QVTo to provide a more
rigorous assessment of the LLM-based approach for support-
ing language evolution over multiple versions. QVTo offers a
particularly relevant opportunity as it represents a real-world
DSL with four official versions (1.0 through 1.3) documented
by OMG (The Object Management Group 2016). This enables
us to evaluate whether adaptations that LLM-based approaches



learned from one version can be successfully reused across
subsequent evolution transitions—a critical aspect of practical
language evolution support. Specifically, we applied the final-
ized prompting strategy to each evolution transition (1.0 to 1.1,
1.1 to 1.2, 1.2 to 1.3) and compared the results against rule-
based baselines from prior work, using Claude Sonnet 4.5 as
the reference model.

3.3. Evaluation Metrics for Grammar Adaptation Quality

To evaluate whether Gé reproduces the adaptations from Gy to
Gi, we define the following evaluation metrics.

Grammar Rule-level Adaptation Consistency (RAC) RAC
quantifies the proportion of grammar rules in Gé that success-
fully reproduce the adaptations observed in G}, calculated as
RAC=Ncorrect/Niotal: Neorrect denotes the count of grammar
rules that were correctly adapted according to the previously
learned adaptations, and N, represents the total count of
grammar rules that required adaptation.

Grammar Rule-level Output Similarity To quantify how
closely adapted grammars match the target grammar, we adopt
the evaluation framework from prior work (Zhang, Hebig,
Striiber, & Steghofer 2023), i.e., for each DSL, we perform
a rule-by-rule comparison between the adapted grammar and
the target grammar, reporting the following measures: Same:
Number of grammar rules that are identical between the adapted
grammar and the target grammar; Diff: Number of grammar
rules that differ between the two grammars; Percent: Percentage
of identical grammar rules (Same / Total x 100%). For the
LLM-based approach, we present both initial results (general-
ized prompts only) and refined results (after targeted follow-ups
when needed). For the rule-based approach, we present the orig-
inal results from (Zhang, Hebig, Striiber, & Steghofer 2023).

Metamodel Conformance In addition to adaptation consis-
tency, we verify whether each adapted grammar G} conforms to
the metamodel M. This validation is necessary for the LLM-
based approach, as the black-box nature of LLMs may produce
grammars that are syntactically valid but semantically incompat-
ible with the metamodel. We validate metamodel conformance
by: 1) loading G} in the Eclipse Modeling Framework with
Xtext; 2) checking for metamodel conformance violations; and
3) recording any violations such as undefined primitive types,
missing or renamed attributes, etc. We report conformance re-
sults as binary (YES/NO) for each DSL, with detailed violation
descriptions for non-conforming cases.

4. Evaluation

This section presents the experimental evaluation of our ap-
proach, covering prompt finalization, results on test set DSLs,
longitudinal evolution support, and a comparative analysis of
LLM-based and rule-based methods.

4.1. Prompt Finalization and Experimental Environment
The decision to finalize a prompt was strictly governed by meet-
ing a set of objective quality thresholds on the training set. For
a prompt to be accepted and frozen for final evaluation, the

LLM output on the training set had to satisfy three criteria: the
adapted target grammar G} must conform to the metamodel M,
(i.e., the grammar can be fully resolved), and both the RAC
value and the grammar rule-level output similarity (Percent)
value exceed 90%. Metamodel conformance of the generated
adapted grammars was validated employing the Eclipse Mod-
eling Tools without enforcing strict version requirements. The
authors used the March 2024 release, Java 17, and Xtext 2.36.0.
All experimental data are available in our replication package
at (Zhang 2025).

4.2. Grammar Adaptation Results (RQ1)

On BibTeX, Xenia, and SML, general-purpose two-step
prompts met all three quality thresholds without requiring refine-
ment. We then applied the same prompts to the large-scale case
(i.e., EAST-ADL with 297 grammar rules) and conducted five it-
erations with progressively more specific instructions; however,
RAC remained far below 90% (see the analysis in Section 4.4.2).
Based on these results, we took the general-purpose two-step
prompts that had met all quality thresholds on the three small-to-
medium scale DSLs as the finalized prompts. Prompt 1, used
when providing G; and Gj, and instructs the LLM to identify
and extract adaptation rules by comparing the two grammars.
Prompt 2, used when providing Gp, instructs the LLM to apply
the previously learned adaptations to produce the adapted gram-
mar G}. For completeness and transparency, we also applied the
finalized prompts to EAST-ADL as a large-scale case, following
the same evaluation procedure used for the test set DSLs (i.e.,
allowing up to three follow-up prompts). The results reported
in Tables 1-3 for EAST-ADL are drawn from this evaluation,
and reflect the scalability limitations of current LLMs, rather
than prompt design, that prevented achieving acceptable quality
at this scale of grammar (see Section 4.4.2).

e N

Prompt 1: The attachment contains two Xtext grammars
for the same language: the grammar generated from the
metamodel and the target grammar. Please identify the
adaptations required to transform the generated grammar
into the target grammar.

Prompt 2: Now, I’m sending you the grammar generated
from the evolved metamodel. Please adapt it using the
adaptations you learned previously and output the adapted
grammar to me.

\. J

To address RQ1, Tables 1-3 present evaluation results across
all six DSLs in terms of RAC, output similarity, and metamodel
conformance. We focus our analysis primarily on the test set
DSLs (DOT and Xcore), as these results—obtained by applying
finalized prompts to unseen languages—demonstrate general-
ization capability. Training set results are included in Tables 1-3
for completeness but are not the focus of analysis, as prompt
development inherently used these DSLs.

Table 1 presents a comparison of grammar rule-level adap-
tation correctness between three LLM-based methods and the
rule-based method on the test set DSLs (DOT and Xcore). In
DOT, 19 grammar rules need to be adapted from the generated
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Table 1 Grammar Rule-Level Adaptation Correctness: LLM-based vs. Rule-based Approaches on Test Set DSLs

DSL required Claude-Sonnet-4.5-Based Approach ~ ChatGPT-5.1-based Approach Gemini-3-based Approach Rule-based Approach
adaptations' L, . . .

correct adaptations RAC correct adaptations RAC correct adaptations RAC correct adaptations ~ RAC
EAST-ADL 234 37 15.81% 1 0.43% 139 59.4% 234 100%
Xenia 15 15 100% 15 100% 15 100% 43 100%
SML 96 96 100% 96 100% 96 100% 94 97.91%
BibTeX 43 43 100% 43 100% 43 100% 43 100%
DOT 19 19 100% 19 100% 19 100% 16 84.21%
Xcore 32 32 100% 32 100% 32 100% 20 62.50%

! The metric “required adaptations” refers to the count of grammar rules that need to be adapted from the generated grammar to the target grammar.
2 The metric “correct adaptations™ refers to the count of grammar rules that the approach correctly adapted.

Table 2 Grammar Rule-level Similarity Comparison between LLM-based/Rule-based Adapted Gram-

mars and Target Grammars on Test Set DSLs

Claude-Sonnet-4.5-based Approach

ChatGPT-5.1-based Approach

Gemini-3-based Approach Rule-based Approach

DSL

Same'  Diff Percent? Same Diff Percent Same Diff Percent Same Diff  Percent
EAST-ADL 100 197 33.67% 1 296 0.34% 202 95 68.01% 297 0 100%
Xenia 15 0 100% 15 0 100% 15 0 100% 15 0 100%
SML 75 0 100% 75 0 100% 75 0 100% 51 24 68.0%
BibTeX 43 0 100% 43 0 100% 43 0 100% 43 0 100%
DOT 24 0 100% 24 0 100% 24 0 100% 21 3 87.50%
Xcore 40 0 100% 40 0 100% 40 0 100% 28 12 70.00%

! The metric “Same” refers to the count of grammar rules in the adapted grammar that are identical to those in the target grammar. The metric “Diff”

is the same principle.

2 The metric “Percent” refers to the proportion of the count of identical grammar rules in the adapted grammar and the target grammar to the total

count of grammar rules in the target grammar.

grammar to the target grammar, while in Xcore, 32 grammar
rules require adaptation. From the RAC metric perspective, all
three LLM-based methods achieved 100% adaptation correct-
ness on both test set DSLs. In contrast, the rule-based method
achieved an RAC value of 84.21% on DOT (16 out of 19 rules
correctly adapted) and only 62.50% on Xcore (20 out of 32
rules correctly adapted). These results indicate that on the test
set DSLs, the LLM-based methods demonstrate superior perfor-
mance in identifying and applying adaptations learned from the
training set compared to the rule-based method. On the training
set, LLM-based approaches achieved high RAC (100%) on Bib-
TeX, Xenia, and SML, while the rule-based approach achieved
100% on EAST-ADL, Xenia, and BibTeX but 97.91% on SML.
EAST-ADL posed challenges for LLM-based approaches (see
Section 4.4.2 for in-depth analysis).

Table 2 further presents the similarity comparison results
between the adapted grammars and the target grammars. The
results show that all three LLM-based methods achieved 100%
similarity on both test set DSLs, meaning that the grammars
adapted by the LLM-based methods are identical to the target
grammars in all grammar rules. This result perfectly echoes
the RAC values in Table 1. In contrast, the rule-based method
achieved 87.50% similarity on DOT, with 21 identical rules
and 3 differing rules compared to the target grammar, and only
70.00% on Xcore (28 identical rules and 12 differing rules).
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These differences primarily stem from the rule-based method’s
inability to handle certain complex adaptations, such as the pred-
icated assignment structures in DOT and the order-insensitive
boolean attribute combinations in Xcore (see Section 4.4 for
details). On the training set, LLM-based approaches achieved
100% similarity on BibTeX, Xenia, and SML, while still, faced
challenges in EAST-ADL. The rule-based approach achieved
100% on EAST-ADL, Xenia, and BibTeX but only 68.0% on
SML.

Table 3 presents the metamodel conformance validation re-
sults of the adapted grammars. On the test set, all three LLM-
based methods passed metamodel conformance validation on
both DOT and Xcore, while the rule-based method failed val-
idation on Xcore. On the training set, LLM-based methods
passed validation on BibTeX, Xenia, and SML, but encoun-
tered challenges on EAST-ADL; the rule-based method failed
validation on SML, though it succeeded on EAST-ADL and
BibTeX. These results indicate that on the test set DSLs, the
adapted grammars generated by the LLM-based methods are
not only consistent with the target grammars at the textual level,
but also satisfy all constraints of the metamodel at the semantic
level, demonstrating practical usability. However, the failure of
LLM-based methods on EAST-ADL suggests potential limita-
tions when handling large-scale grammars (see Section 4.4.2 for
in-depth analysis). To verify the stability of the results, we re-



Table 3 Metamodel Conformance Validation of Adapted
Grammars on Test Set DSLs

DSL Claude-based ChatGPT-based Gemini-based Rule-based
EAST-ADL NO NO NO YES
Xenia YES YES YES YES
SML YES YES YES NO
BibTeX YES YES YES YES
DOT YES YES YES YES
Xcore YES YES YES NO

peated the experiments three times for each LLM-based method
on the test set DSLs, and all runs yielded consistent results.

Answer to RQ1: On the test set of small-to-medium scale
DSLs, all three LLMs achieved 100% RAC and output simi-
larity, demonstrating that LLLMs can learn and apply gram-
mar adaptations from historical versions; however, on large
grammars (EAST-ADL, 297 rules), adaptation consistency
was far below 90%, revealing the limitations of current
LLMs in scaling.

\. J

4.3. Language Evolution Support: A Longitudinal Study
on QVTo (RQ2)

To address RQ2, Table 4 presents the comparative results of
LLM-based and rule-based approaches across QVTo’s evolu-
tion sequence. This study was conducted using Claude Sonnet
4.5 (the reference model for prompt development), as its fo-
cus is cross-version reusability rather than cross-model robust-
ness—the latter being evaluated in Section 4.2. Both approaches
achieved 100% RAC across all three evolution steps, demon-
strating their capability to successfully maintain grammar adap-
tations during language evolution driven by metamodel changes.
The key distinction lies in required human effort: the LLM-
based approach required no manual grammar editing across
all evolution steps, whereas the rule-based approach necessi-
tated configuration adjustments in two out of three transitions
(two changes for V1.0— V1.1 and one change for V1.2—V1.3).
This suggests that for DSLs of moderate scale like QVTo, LLM-
based adaptation can potentially achieve high reusability across
evolution steps once a suitable prompting strategy is established.
All adapted grammars passed metamodel conformance valida-
tion across all three evolution steps.

Answer to RQ2: Across three evolution steps in QVTo, the
LLM-based approach successfully reused learned adapta-
tions across all consecutive evolution steps without manual
grammar editing, demonstrating its capability to reuse adap-
tation strategies across multiple evolution steps.

4.4. Comparative Analysis: Strengths and Limitations
(RQ3)

To address RQ3, we perform a comparative analysis to identify

in which adaptation scenarios LLM-based approaches outper-

form rule-based methods, and in which scenarios they encounter
challenges.

4.4.1. Advantages of the LLM-based Approach: Adapt-
ing Complex Grammar Scenarios As shown in Sections
4.2-4.3, the LLM-based approach achieved 100% RAC and out-
put similarity on both test set DSLs while passing metamodel
conformance validation, outperforming the rule-based approach
(84.21% on DOT, 62.50% on Xcore, conformance failure on
Xcore). In QVTo, it achieved fully automated adaptation across
all three evolution steps, while the rule-based approach required
manual adjustments in two.

In-depth analysis of the failure cases of the rule-based ap-
proach on the test set reveals its fundamental limitation: it relies
on predefined rules for matching based on surface features and
cannot understand the contextual intent and semantic relation-
ships of grammar structures. In DOT, the rule-based approach
fails in three types of scenarios: when encountering the syntactic
predicate =>, it cannot recognize its role in backtracking parsing
— in the Port rule shown in Listing 3, => instructs the parser to
perform backtracking among multiple choice branches, but the
rule-based approach cannot understand how to adapt this special
construct; when facing multiple optionality (such as the nested
inner and outer optionality in (’subgraph’ (name=ID)?7)7?),
it cannot coordinate the hierarchical relationships; when han-
dling multi-symbol “or” combinations, it cannot determine the
overall optionality.

Port returns Port:
{Port}

.7
(=> compass_pt=COMPASS_PT |
name=ID |

name=ID ":" compass_pt=COMPASS_PT);

Listing 3 Port rule in DOT grammar containing syntactic
predicate.

In Xcore, the rule-based approach similarly fails in four types
of situations: it cannot recognize the structural intent of mutu-
ally exclusive alternatives, cannot handle attribute movement
across same-named keywords, and although it can identify in-
dividual operations in a combination, it cannot determine the
correct execution order—as shown in Listing 4, the bounds
attribute requires multiple operations such as removing curly
braces, renaming keywords, and changing delimiters; while the
rule-based approach can identify these independent operations,
it cannot determine their correct execution order, leading to
adaptation failure. Additionally, when cross-reference types
are missing, the rule-based approach is also disrupted and un-
able to adapt—in Listing 5, the type attribute in the generated
grammar is missing one cross-reference type, which prevents
the rule-based approach’s adaptation.

// Generated grammar
XTypeParameter returns XTypeParameter:
{XTypeParameter}
"XTypeParameter’
name=EString
!{I
("annotations’

non
’

"{’ annotations+=XAnnotation (
annotations+=XAnnotation)x "}’ )?
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Table 4 Evolution Step Analysis on QVTo (LLM-based: Claude Sonnet 4.5)

QVTo Evolution Context

Claude-based Approach ~ Rule-based Approach

Versions ~ Grammar Rules  Evolution Step ~ Metamodel Changes RAC Follow-ups RAC #cORA
V1.0 1026 - - - - - -
V1.1 992 V1.0 — V1.1 29 differences 100% 0 100% 2
V1.2 992 V1.l - V1.2 0 differences (QVTo part)* 100% 0 100% O
V13 991 V12— V13 1 difference 100% O 100% 1

4 Version 1.2 introduced three metamodel changes, but all were in the excluded OCL part.

("bounds’ ' {’ bounds+=XGenericType
+=XGenericType)* "}’ )?

7\ g

("," bounds

// Target grammar

> XTypeParameter returns XTypeParameter:

{XTypeParameter}
(annotations+=XAnnotation) *
name=ID
("extends’ bounds+=XGenericType (
bounds+=XGenericType)*x )?

nen

Listing 4 Example of combination operation ordering failure
in Xcore.

// Generated grammar - cross-reference type missing

> XGenericType returns XGenericType:

8
9
10
11
12
13

14

{XGenericType}
" XGenericType’
v

("type’ type=[|EString])?

TR g

// Target grammar — complete cross-reference type
XGenericType returns XGenericType:
{XGenericType}

type=[genmodel: :GenBase|XQualifiedName]
Listing 5 Example of adaptation failure due to missing cross-
reference type in Xcore.

These failures reveal a common problem: correct adaptation
requires not only identifying ‘“what grammar elements exist” but
also understanding “what intent these elements express in this
context”. For example, the symmetric choice structure in Xcore
shown in Listing 6 is not a regular mutually exclusive choice,
but rather expresses order insensitivity; multiple optionality in
DOT is not simple stacking, but rather hierarchical structural re-
lationships. The 60 predefined rules of the rule-based approach
are based on surface features of grammar elements and cannot
capture these deep design intents.

(unordered?='unordered’ unique?="unique’?|
unique?=’'unique’ unordered?=’unordered’?)?

Listing 6 Example of order-insensitive boolean attribute
combination.
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In contrast, the LLM-based approach learns context-relevant
handling strategies from examples by analyzing the complete
adaptation process from Gy to Gi. LLMs do not need to explic-
itly understand the semantic definitions of syntactic predicates
or multiple optionality, but rather observe “when a certain struc-
ture appears in historical adaptations, how it was handled”,
thereby implicitly learning strategies such as preserving special
constructs, coordinating hierarchical relationships, and main-
taining structural intent. This ability to learn from complete
adaptation examples not only enables LLMs to handle complex
scenarios that the predefined rules of the rule-based approach
cannot cover, but also demonstrates better generalization capa-
bility—as the QVTo longitudinal study shows, once an LLM
learns adaptations from one evolution step, it can automatically
reuse these adaptations in subsequent evolutions without manual
grammar editing.

Furthermore, the LLM-based approach is more reliable in
ensuring metamodel conformance. Although the rule-based
approach achieved 70% textual similarity on Xcore, the gen-
erated grammar does not conform to the metamodel. This is
because transformations based on surface patterns may break
the mapping relationship between grammar and metamodel. In
contrast, by learning the complete adaptation process G1—>G{
that conforms to the metamodel, LLMs implicitly learn the con-
straints for maintaining conformance, resulting in grammars
that are both textually correct and semantically compliant with
the metamodel.

4.4.2. Limitations of the LLM-based Approach: Chal-
lenges with Large-Scale Grammars Although the LLM-
based approach performed well on the test set DSLs, it encoun-
tered difficulties on the EAST-ADL language in the training
set. The RAC values of the three LLM-based approaches on
EAST-ADL were all far below 90%, and acceptable adaptation
quality could not be achieved even after multiple iterations of
prompt optimization (as we mentioned in Section 4.1, the re-
sults presented in Tables 1-3 for EAST-ADL represent the fifth
iteration of our prompt refinement). EAST-ADL is the largest
among all evaluated DSLs, containing 291 metaclasses, 297
grammar rules, and approximately 3000 lines of grammar text.
We found that grammar scale may be a key factor affecting the
performance of the LLM-based approach: on large-scale gram-
mars like EAST-ADL, LLMs omit a large number of identified
adaptation operations during the application phase.



Table 5 Adaptation-type-level analysis on EAST-ADL.: cor-
rectness of each adaptation type across LLMs.

Claude Sonnet 4.5 Gemini3  ChatGPT 5.1
Adaptation Type? Occ.” Cor Incd Cor. Imc. Cor. Inc.
Brace/optionality removal 194 78 116 193 1 2 192
Keyword removal 194 190 4 191 3 3 191
shortName promotion 188 188 0 134 54 2 186
Separator modification 225 47 178 180 45 5 220
Type system adaptation 202 151 51 201 1 5 197
2 Adaptation types are derived from the grammar transformation rules identified in (Zhang et al. 2024).
b Occ.: number of grammar rules requiring this adaptation type.

¢ Cor.: number of grammar rules where the adaptation was correctly applied.
94 Inc.: number of grammar rules where the adaptation was not correctly applied.

In the third iteration, Claude successfully identified approxi-
mately 1500 semantic adaptations, including moving the short-
Name attribute from inside curly braces to outside, adding semi-
colons after attributes with multiplicity “0-1”, removing comma
separators from collection attributes, and other key adaptations.
This suggests that, for Claude, the primary bottleneck was not in
the identification stage—where the LLM analyzes G; and Gj to
recognize adaptation operations—but rather in the application
stage, where identified adaptations must be consistently exe-
cuted across all grammar rules. Indeed, when Claude was asked
to apply these identified adaptations to the evolved grammar
Gy, the generated adapted grammar systematically omitted a
large number of identified adaptations, especially the addition
of semicolons. The three grammar files of EAST-ADL (Gy, G,
G») produced a total of approximately 12,000 tokens, which is
far below Claude Sonnet 4.5’s context window limit of 200,000
tokens, but when adaptations need to be applied to G, contain-
ing hundreds of grammar rules, LLMs seem to have difficulty
maintaining consistency in detail conventions across the entire
grammar scope.

It is worth noting that this limitation is unrelated to grammar
complexity—EAST-ADL’s adaptations are relatively system-
atic (e.g., applying the same shortName promotion and curly
brace optionalization to all entity rules), and should theoreti-
cally be easier to learn than the complex adaptations involving
special constructs in DOT and Xcore. The real challenge lies
in scale: the six evaluated DSLs exhibit an inverse relation-
ship between grammar scale and adaptation complexity: DOT
and Xcore are small-to-medium in scale but involve complex,
context-dependent adaptations (syntactic predicates, predicated
assignments, order-insensitive attribute combinations), whereas
EAST-ADL is large in scale but requires repetitive, uniform
adaptations across rules (Table 5). This distinction helps ex-
plain why LLMs succeeded on the former but struggled with the
latter—the challenge is scale-dependent rather than complexity-
dependent.

Gemini 3’s failure on EAST-ADL exhibited different prob-
lem characteristics: in addition to the same systematic omission
of adaptations, Gemini also performed erroneous destructive op-
erations, including deleting the shortName attribute that should
not be deleted, modifying attribute names without reason caus-
ing attributes to be unparseable, and adding semicolons where

semicolons should not be added. These errors resulted in the
generated grammar not only having an RAC value below 90%,
but also failing metamodel conformance validation. Multiple
targeted follow-up prompts (such as explicitly requesting "do
not delete attributes that should not be deleted") also failed to
resolve these issues.

ChatGPT 5.1 encountered additional challenges on EAST-
ADL.: its input was truncated to approximately 1,200 of 3,000
lines, preventing it from receiving the complete grammar. This
means that in the first step of identifying required adaptations,
ChatGPT had already missed most of the grammar content,
making accurate adaptation impossible.

To quantify these observations, we grouped the adaptation
operations required to transform the generated grammar into the
target grammar of EAST-ADL into five adaptation types based
on their operation characteristics, and analyzed correctness by
adaptation type (Table 5). Results show that Claude’s difficul-
ties lie in consistently applying operations: keyword removal
achieved high correctness (190 out of 194 occurrences), but sep-
arator modification succeeded in only 47 out of 225 cases. Gem-
ini achieved high correctness on most types but struggled with
shortName promotion (134 out of 188) and separator modifica-
tion (180 out of 225), with some failures involving deletion of
attributes that should have been preserved, causing metamodel
conformance failures. ChatGPT’s performance was limited by
input truncation as discussed earlier. These results confirm that
the bottleneck lies in the application stage rather than in identi-
fication: Claude and Gemini were able to describe the required
adaptation types in their intermediate outputs, yet failed to exe-
cute them completely across all grammar rules; ChatGPT, by
contrast, could not complete the identification stage itself due to
input truncation. Despite refinement attempts through follow-up
instructions, the systematic omission persisted, suggesting that
this limitation reflects the capability boundaries of the LLMs
evaluated in this study, rather than a prompt engineering issue
that could be resolved through further refinement.

The rule-based approach achieved 100% adaptation correct-
ness (RAC) on EAST-ADL. This is because once adaptation
rules are determined, the rule-based approach can systematically
apply the rules to all grammar rules in a programmatic manner,
unaffected by grammar scale. This contrast indicates that when
handling large-scale grammar adaptation tasks with high repe-
tition of identical operations, the reliability and scalability of
the rule-based approach are superior to the current LLM-based
approach.

e D

Answer to RQ3: LLM-based approaches demonstrate ad-
vantages in handling complex grammar scenarios that are
difficult for rule-based methods to address, such as syntactic
predicates, predicated assignments, and order-insensitive
attribute combinations, successfully learning and apply-
ing adaptations in these cases. However, LLM-based ap-
proaches encountered challenges on large-scale grammars,
whereas rule-based approaches demonstrate better reliability
and scalability in adapting large languages.
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5. Discussion

5.1. Practical Guidelines

Based on our evaluation, we provide the following guidelines
for selecting adaptation approaches:

For grammars with fewer than 100 rules, LLM-based ap-
proaches are recommended when adaptations involve syntactic
predicates, predicated assignments, or order-insensitive attribute
combinations—constructs that require extensive manual config-
uration in rule-based methods. For grammars exceeding 200
rules, rule-based approaches are more reliable, as our EAST-
ADL evaluation (297 rules, Table 5) demonstrates LLMs’ sys-
tematic omission issues at this scale.

The choice between approaches should consider both gram-
mar scale and adaptation characteristics. Systematic and repeti-
tive adaptations favor rule-based methods for their deterministic
execution, while context-dependent adaptations that vary across
rules benefit from LLM-based approaches’ reduced configura-
tion effort. For grammars between 100-200 rules, practitioners
should evaluate whether adaptation complexity outweighs the
risks of systematic omission, potentially testing both approaches
on representative subsets.

5.2. Threats to Validity

Internal Validity:  Several factors in our study may affect the
validity of causal inferences. First, we used only Claude Sonnet
4.5 for prompt strategy development, then applied the finalized
prompts to ChatGPT 5.1 and Gemini 3 for cross-model valida-
tion; while this approach evaluates the cross-model consistency
of prompts, using a different reference model for prompt devel-
opment might yield different prompt strategies and performance
characteristics. Second, the decision criteria for prompt final-
ization (>90% RAC threshold) were chosen empirically; under
different training sets or DSL characteristics, different thresh-
olds might lead to different prompt strategies, thereby affecting
performance on the test set. Third, the finalized prompts met all
quality thresholds on the small-to-medium scale training DSLs
without iterative refinement.

Construct Validity: Our evaluation metrics—RAC, Output
Similarity, and Metamodel Conformance—while providing ob-
jective and quantifiable measurements, may not fully capture
the multidimensional nature of “high-quality grammar adap-
tation”. RAC measures the consistency of adaptations, i.e.,
whether adaptations are correctly reused, but does not evaluate
the reasonableness or desirability of the adaptations themselves.
For example, if the target grammar (Gi) itself contains design
flaws or does not conform to best practices, the LLM’s perfect
replication of these adaptations would still achieve 100% RAC,
yet the quality of the resulting grammar may not be ideal. Fur-
thermore, our metrics also focus on metamodel conformance
and grammar rule similarity, but they do not evaluate other qual-
ity properties that grammar engineers might care about, e.g.,
grammar readability, maintainability, consistent naming con-
ventions, or adherence to team coding style guidelines (Dubey
2006). Therefore, while our metrics can effectively validate
whether LLMs learn and apply historical adaptations, they may
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not be sufficient to comprehensively assess the overall quality
of adapted grammars in practical software engineering practice.

External Validity: =~ Although we evaluated our approach on six
DSLs from different domains, the sample size remains limited,
making it difficult to draw universally applicable conclusions.
Furthermore, in the evaluation of these six DSLs, the G and
Gy we used are actually the same generated grammar. However,
in actual language evolution scenarios, metamodel changes
may lead to differences between the generated grammar G,
and Gy, e.g., adding or deleting grammar rules. Our longitu-
dinal evaluation on QVTo mitigates this threat to some extent,
as QVTo’s four official versions did undergo real metamodel
evolution, with actual differences in the generated grammars
between versions. However, the changes between QVTo ver-
sions are relatively small as shown in Table 4, which may not
capture the full complexity of real evolution scenarios. Second,
our approach is specifically designed for Xtext-based DSLs,
where grammars can be generated from metamodels and the
generated grammars follow Xtext’s conventions and patterns.
The applicability of this approach to DSLs developed with other
frameworks (such as JetBrains MPS (JetBrains 2025)) remains
unclear. Third, we intentionally focused on a setup decoupled
from specific DSL examples rather than few-shot prompting, as
example-based prompting can steer outputs toward the provided
examples and limit generalizability; comparison against alter-
native strategies such as chain-of-thought prompting remains a
direction for future work. Furthermore, our approach encoun-
tered significant challenges on the large-scale grammar (i.e., the
grammar of EAST-ADL), forcing us to exclude EAST-ADL
from the prompt finalization process. This indicates that gram-
mar scale may be a critical factor affecting the effectiveness of
LLM-based approaches, and the small-to-medium scale DSLs
on which our final evaluation is based may not represent the ac-
tual challenges of large-scale industrial DSLs. Future research
needs to explore strategies specifically designed for large-scale
grammars, such as segmented processing, incremental adap-
tation, etc., to overcome the systematic omission problems of
current LLMs when handling hundreds of grammar rules.

5.3. The Role of LLMs in Model-Driven Engineering

This study explores the potential of LLMs in automating gram-
mar adaptation tasks, contributing empirical evidence to the
intersection of Al and MBE. This intersection manifests in two
complementary directions: using LLMs to support MDE tasks
(LLM4MDE), and using MDE techniques to facilitate the adop-
tion of LLMs (MDE4LLM) (Di Rocco et al. 2025).

LLMs as Components of the MBE Toolchain. LLMs as Com-
ponents of the MBE Toolchain. Unlike traditional rule-based
MBDE tools, LLMs introduce probabilistic and non-deterministic
characteristics (Astekin et al. 2024; Sawadogo et al. 2025;
Ouyang et al. 2025), posing challenges for MDE toolchains
that traditionally rely on deterministic transformations to ensure
model consistency and traceability (Lucas et al. 2009; Buc-
chiarone et al. 2020). However, the “black box” nature of LLMs
means we cannot fully predict or explain how their generated
outputs are produced. In our study, this characteristic is partially



mitigated through mandatory metamodel conformance valida-
tion—any grammar generated by LLMs must pass validation
through the Eclipse Modeling Framework, ensuring its semantic
correctness. This pattern of combining probabilistic Al methods
with formal verification may represent a viable architecture for
future Al-enhanced MDE tools.

Specificity of Prompt Engineering in MDE Contexts. Our
prompt development process reveals the unique requirements
of prompt engineering in the MDE domain. Unlike general
LLM applications, MDE tasks have clear correctness crite-
ria—generated grammars must conform to metamodel specifica-
tions. This enables us to adopt more stringent quality thresholds
than traditional prompt engineering: prompts are finalized only
when LLMs achieve (RAC>90%), and output (similarity>90%),
and pass metamodel conformance validation on the training
set. Notably, these metrics can be computed directly against
pre-existing target grammars without manual annotation, and
metamodel conformance validation provides a formal correct-
ness guarantee, ensuring the semantic validity of generated
grammars. Furthermore, our training-test separation methodol-
ogy—using four DSLs for prompt development and two DSLs
for testing—reflects scientific rigor aimed at avoiding prompt
overfitting to specific cases.

From Tool Development to Methodological Exploration. The
value of this study lies not only in demonstrating that LLMs
can perform grammar adaptation tasks, but more importantly
in systematically characterizing the capability boundaries of
this approach. Through evaluation on DSLs of different scales
and complexities, we identified the applicable domain of LLM
methods (small-to-medium scale, complex adaptations requir-
ing context-dependent understanding) and the limitation do-
main (large-scale, requiring systematic application of hundreds
of operations). It also suggests a concrete hybrid architecture:
since the identification stage was not the primary bottleneck
for Claude and Gemini on EAST-ADL while the application
stage exhibited systematic omissions, one direction would be
to use LLMs exclusively for identifying adaptation operations
from G and Gi, and then delegate execution to a determinis-
tic rule-based engine such as GrammarTransformer. However,
realizing this architecture faces a challenge: LLMs produce
informal natural language adaptation descriptions (e.g., “move
shortName outside curly braces”) rather than formal, executable
rule specifications, requiring either constrained output formats
or a translation layer to the 60 predefined transformation rules.
Moreover, some adaptations that LLMs successfully handle
(such as syntactic predicates and order-insensitive attribute com-
binations) fall outside the coverage of current predefined rules,
meaning that the rule-based execution engine would also need to
be extended. In this sense, our study provides systematic empir-
ical analysis of “the role of Al methods in grammar adaptation
as a specific MDE task,” complementing existing literature’s
exploration of LLMs in other MDE tasks (such as model gener-
ation and model completion (Arulmohan et al. 2023; K. Chen
et al. 2023)).

Enhancing Metamodel-Driven Development Viability. Prior
large-scale study (Zhang & Struber 2024; Zhang, Striiber,
& Hebig 2026) revealed that Xtext-based DSL development
predominantly follows the grammar-driven scenario, with
metamodel-driven approaches being less common. A reason for
this preference is the manual workload: In scenario (b), after
metamodel evolution, developers regenerate G, and reapply all
previous adaptations, whereas scenario (a) requires only local-
ized adjustments to Gi based on metamodel changes. our study
demonstrates that for small-to-medium scale DSLs, LLM-based
approaches can further automate the learning and reapplication
of historical adaptations, reducing this workload and making
scenario (b) more attractive relative to scenario (a).

5.4. LLM-based Approach for Grammar Style Customiza-
tion

Beyond supporting metamodel-grammar co-evolution, our
LLM-based approach opens new possibilities for auto-
mated grammar style customization. Previous work demon-
strated a semi-automated approach for transforming Xtext-
generated grammars into specific styles, such as Python-style
DSLs (Zhang, Hebig, Steghofer, & Holtmann 2023), requiring
manual keyword refinement decisions and predefined transfor-
mation scripts for operations like brace removal and whitespace-
awareness introduction.

Many of the adaptation operations that LLMs successfully
handled in this study—such as removing braces, refining key-
words, and adjusting attribute positions—are similar in nature
to those in prior style customization work.

6. Related Work

6.1. Metamodel-Grammar Co-evolution in MDE

The evolution of DSLs is a challenge in MDE. As detailed by
Meyers et al.(Meyers & Vangheluwe 2011), the "coupled evo-
lution" problem arises when changes in a metamodel (abstract
syntax) necessitate the propagation of updates to related arti-
facts, such as models, transformations, and grammars (concrete
syntax). Traditionally, this process has been handled through
manual adaptation or rule-based automation. For instance, in the
context of Xtext,changes to the Ecore metamodel often break
the mapping to the Xtext grammar.

Zhang et al.(Zhang et al. 2024) addressed this by propos-
ing GrammarTransformer, an approach that utilizes predefined
transformation rules to semi-automate the synchronization be-
tween evolved metamodels and grammars.

Similarly, Kusel et al.(Kusel et al. 2015) provided a sys-
tematic classification of co-evolution approaches, highlighting
that while operator-based and inference-based methods exist,
they often require significant manual configuration or rigorous
formal definitions that are difficult to maintain in rapid develop-
ment cycles. Our work differs from these traditional approaches
by replacing rigid transformation rules with the probabilistic
reasoning capabilities of LLMs, aiming to learn adaptations
implicitly from history rather than requiring explicit rule defini-
tion.
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6.2. Large Language Models in Software Engineering

The emergence of Large Language Models (LLMs) has signifi-
cantly impacted numerous domains within Software Engineer-
ing (SE). Many recent studies have explored applying LLMs to
various SE tasks (Hou et al. 2024). LLMs have demonstrated
state-of-the-art performance in code generation, completion,
and translation (M. Chen et al. 2021).

In the specific domain of MDE, the integration of LLMs is
gaining traction (Di Rocco et al. 2025). Chaaben et al. (Chaaben
et al. 2023) pioneered the use of few-shot prompting for
model completion, demonstrating that GPT-3 can complete
UML models when provided with examples from the Mod-
elSet dataset. Studies have explored using LLMs to generate
OCL constraints (Pan et al. 2024), reverse engineer models
from code (Pearce et al. 2022), and assist in creating DSL in-
stances (Netz et al. 2024). For example, LLMs can effectively
parse natural language requirements into formal model spec-
ifications, reducing the barrier to entry for DSL users. How-
ever, these applications generally focus on generation (creating
new artifacts) rather than evolution (maintaining consistency
between existing, changing artifacts), which requires a deeper
understanding of the structural dependencies inherent in DSLs.

6.3. LLM-based Artifact Co-evolution

Most relevant to our study is the emerging body of work apply-
ing LLMs specifically to the co-evolution and migration of soft-
ware artifacts. Jiang et al.(Jiang et al. 2025) introduced Codedi-
tor, an LLM-based tool designed to migrate code changes across
programming languages (e.g., Java to C#), demonstrating that
LLMs can learn edit patterns more effectively than traditional
transpilers. Closer to the MDE context, Kebaili et al. (Kebaili
et al. 2024) conducted an empirical study using ChatGPT to
co-evolve source code in response to metamodel changes. Their
results showed that while LLMs can successfully repair most
broken code (achieving up to 88.7% correctness in specific sce-
narios), specifically target generated code repair. In contrast, our
work targets the adaptation of the grammar definition itself—a
more upstream challenge in the language infrastructure. Further-
more, recent investigations by Zhang et al. (Zhang et al. 2025;
Zhang, Jiang, Fu, Koziolek, et al. 2026) have begun to explore
the co-evolution of textual DSL instances using LLMs, evaluat-
ing how models can migrate user scripts when the underlying
grammar changes. Our work complements and extends these ef-
forts by shifting the focus upstream: instead of fixing instances
or generated code. By evaluating LLMs’ ability to adapt Xtext
grammars directly from metamodel changes—demonstrated
across real-world DSLs like QVTo.

7. Conclusion

This paper explores the potential of large language models in
automating metamodel-grammar co-evolution. We proposed
an LLM-based approach that learns grammar adaptations from
historical versions and applies them to new grammars after meta-
model evolution. Evaluation on six real-world DSLs demon-
strates that LLMs outperform the rule-based approach on com-
plex grammar scenarios and successfully reuse adaptations
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across consecutive evolution steps without manual grammar
editing; however, systematic omission of adaptation operations
on large-scale grammars reveals the current limitations of LLMs
at scale.

Future work includes three directions: improving LLM reli-
ability on large-scale grammars, extending to co-evolution of
other language artifacts (such as model transformation rules and
OCL constraints with metamodels), and exploring the potential
of LLMs in supporting co-evolution of modeling artifacts at
different abstraction levels.
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