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Abstract—Domain-Specific Languages, apart from the design
and formal definition aspects involved to build, also require
Model-to-Text (M2T) transformations to generate executable
code. Authoring the M2T templates is a manual, labor-intensive
process that often generates frustrating, time consuming er-
rors. And, although Large Language Models have advanced
code and grammar generation, the automated synthesis of
downstream Model-to-Text templates still remains largely un-
addressed. In the context of software engineering and model-
driven development, automating such transformations addresses
a core challenge in modern software toolchain construction.
This paper presents a work-in-progress multi-agent system that
automatically generates production-ready Jinja2 templates from
a textX grammar, natural language requirements and sample
model instances. The architecture decomposes the generation
task into seven stages orchestrated by eleven specialized agents,
employing deterministic runtime introspection to provide ground-
truth structural data. To ensure reliability, the generation process
is coupled with a rigorous three-level deterministic validation
loop that evaluates template syntax, rendering execution and
target-language correctness without relying on self-assessment
by the language models. We demonstrate the pipeline on two
structurally versatile domains, specifically a recursive calculator
and a declarative smart home automation language, illustrating
its ability to produce functional templates, rendered code and
test artifacts across diverse grammar paradigms.

Index Terms—Domain-Specific Languages, Model-to-Text
Transformation, Large Language Models, Multi-Agent Systems,
Automated Code Generation, Model-Driven Engineering

I. INTRODUCTION

Domain-Specific Languages (DSLs) have long been rec-
ognized as powerful instruments for bridging the gap be-
tween domain expertise and software implementation, en-
abling practitioners to express solutions using terminology
and abstractions native to their problem space while hiding
the inherent complexity of the domain behind well-defined
language constructs [1]. A complete DSL toolchain requires
not only a formal grammar and parser, but also Model-to-Text
(M2T) transformations that convert parsed model instances
into correct target General Purpose Language (GPL) code [2].
These transformations are typically authored as templates in
languages such as Acceleo, EGL, Xpand, or Jinja2 and their
correctness depends on knowledge of the grammar’s internal

object model, the target GPL idioms and the runtime attribute
structure of parsed models [2], [3].

In the era of Large Language Models (LLMs), this template-
based code generation paradigm takes on renewed sig-
nificance. While LLM-based code generation is inherently
stochastic, with studies reporting that at least 48% of Al-
generated code snippets contain security vulnerabilities [4],
DSLs combined with M2T transformations offer a funda-
mentally different and complementary approach. In a DSL
workflow, the domain expert or an LLM with knowledge
in the corresponding domain writes a model that expresses
what the system should do using domain-native abstractions.
The M2T templates then deterministically render this model
into executable code that is pre-validated, quality-checked and
safe, because the templates themselves have been verified
once and are then applied reliably to any conforming model
instance [5]. However, building this trustworthy infrastructure
remains prohibitively labor-intensive. M2T template authoring
requires not only language engineering expertise, but also deep
knowledge of the target GPL’s implementation conventions
and deployment patterns, demanding collaboration between
domain experts, language engineers and target-GPL special-
ists [1].

Having that said, it is also a fact that LLMs have demon-
strated remarkable capabilities in automated code genera-
tion [6], [7] and LLM agents can iteratively improve their out-
puts by reflecting on execution feedback [8], [9]. Multi-agent
architectures such as ChatDev [10] and MetaGPT [11] have
shown that role-specialized agents can collaboratively pro-
duce structured software artifacts. These capabilities are now
finding traction to Model-Driven Engineering (MDE) [12],
with LLMs generating DSL-conforming code from grammar
specifications [13], [14] and early prototypes chaining LLM-
based generation with formal model validation [15]. Malamas
et al. [16] demonstrated LLM-based DSL model generation
through prompt engineering, while our prior work [17] in-
dicates that LLM agents can produce syntactically valid and
structurally optimized textX grammars from natural language
requirements.

Whichever the advancements made in this LLM-enabled
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aspect, a critical gap still exists. While grammar generation
and DSL model synthesis have received growing attention,
the downstream task of automatically producing M2T trans-
formations remains entirely unaddressed. Existing surveys
catalog over 70 template-based code generation tools [2],
yet all assume templates are manually authored by language
engineers. No prior work tackles automatic M2T template
generation from a grammar specification, its requirements and
sample model instances.

Despite the promise of this approach, several limitations
should be acknowledged upfront. The current system sup-
ports only textX grammars and Jinja2 as the template lan-
guage, limiting its immediate generalizability. The evaluation
presented in this paper is qualitative and restricted to two
DSL domains, meaning broader applicability across diverse
grammar paradigms has not yet been empirically established.
Additionally, the pipeline’s performance is inherently tied to
the capabilities of the underlying LLLM, and no cross-model
comparison has been conducted.

To this end, this paper presents a work-in-progress multi-
agent system that automates M2T transformation genera-
tion. Given a textX DSL grammar, natural-language require-
ments and valid sample model instances, the system produces
production-ready Jinja2 templates that generate correct, exe-
cutable target-GPL code. The system decomposes the task into
seven stages orchestrated by eleven specialized LLM agents,
with deterministic runtime introspection providing ground-
truth structural information and three-level deterministic val-
idation ensuring correctness at every step. We showcase the
system on two structurally distinct DSL. domains.

The remainder of this paper is organized as follows. Sec-
tion II describes the multi-agent pipeline architecture in detail.
Section III demonstrates the system on two structurally con-
trasting DSL domains. Section IV concludes the paper and
outlines future research directions.

II. MULTI-AGENT M2T GENERATION ARCHITECTURE

The proposed pipeline comprises seven stages (Fig. 1)
orchestrated by eleven specialized LLM agents alongside
deterministic validation components. It requires three types of
input: a) a textX grammar file, b) natural-language transfor-
mation requirements and, ¢) sample DSL model instances. Its
primary output is a set of production-ready Jinja2 templates.
As part of the validation process, it also produces rendered
code for each sample model, unit tests that verify semantic
correctness and Dockerfiles for sandboxed test execution.

Work is organized in six Stages, as follows: Stage 0
(Grammar Parsing & Model Introspection). The grammar
is parsed with textX and structurally analyzed to extract all
rules, attributes, types and hierarchies. Each sample model
is parsed and deeply introspected to produce runtime object
dumps that record every attribute name and its actual value
in the parsed object graph. These dumps provide agents
with ground-truth runtime structure, which is critical since
attribute names in parsed textX objects are not always directly
recoverable from the grammar syntax alone.

Stage 1 (Parallel Semantic Analysis). Three agents an-
alyze the inputs concurrently. The Metamodel Semantician
interprets the DSL’s semantic meaning and rule purposes. The
Requirements Analyst converts free-form requirements into a
structured transformation specification. The Sample Analyzer
identifies usage patterns and edge cases from the sample
models and their object dumps.

Stage 2 (Blueprint Design). The Blueprint Designer syn-
thesizes all Stage 1 outputs into an ordered sequence of
implementation steps, specifying which template files and
macros each step produces and which earlier steps it depends
on. This decomposition ensures foundational structures are
generated before complex logic.

Stage 3 (Synthetic Test Model Generation). The Test
Model Generator produces synthetic DSL instances designed
to exercise every grammar path. Each is validated against the
textX grammar and invalid models are discarded, yielding a
test corpus for Stage 4.

Stage 4 (Incremental Generational Loop). For each
blueprint step, the Step Generator produces Jinja2 templates
and the Template Reviewer inspects them for structural issues.
A three-level deterministic validator then checks Jinja2 syntax,
renders templates against synthetic models and verifies target-
language correctness. If validation fails, an Error Analyst
diagnoses root causes while consulting previous fix attempts
to avoid cycling and a Refiner implements fixes. This loop
repeats with escalation to broader restructuring if targeted fixes
are insufficient. Accumulated templates advance once all steps
complete.

Stage 5 (Final Validation Against Real User Samples).
The final templates are validated against the original user-
provided samples using the same three-level validation and
refinement loop, separating grammar path completeness (tested
in Stage 4) from real-world correctness.

Stage 6 (Test & Deployment Artifact Generation). For
each sample model with rendered output, the system generates
unit tests that assert on observable behavior and Dockerfiles
for containerized execution. These artifacts enable safe, sand-
boxed evaluation where execution results can be collected and
fed back into refinement if needed.

Three design principles underpin the pipeline architecture.
First, validation is never entrusted to the LLM since
all correctness judgments are made by deterministic tools.
Second, generation is incremental and isolated through the
blueprint decomposition. Third, each agent operates at a
temperature calibrated to its role, with analysis agents at
0.2 for precision, generation agents at 0.3-0.4 for balanced
creativity and refinement agents at 0.5-0.6 in escalation mode.

III. SHOWCASE ON Two DSL DOMAINS

To illustrate the pipeline’s applicability across structurally
versatile languages, we apply the proposed methodology on
two contrasting DSL domains and present representative snip-
pets of the inputs and generated outputs. The two domains
were selected to exercise fundamentally different capabilities
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auto-m2t — Multi-Agent M2T Generation Architecture
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Figure 1. The proposed multi-agent pipeline architecture. Purple nodes represent LLM agents, grey nodes deterministic components, cylinders data artifacts,
diamonds decision points and green nodes outputs.
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of the system. The calculator DSL tests recursive expres-
sion traversal, operator dispatch and paired-list normalization,
while the smart home DSL tests polymorphic type switching
across dozens of grammar alternatives, optional attribute han-
dling and complex cross-entity references. In both cases, the
runtime object dumps produced in Stage O are essential for
providing agents with accurate structural information about
the parsed models. The complete description of the domains,
along with the input artifacts and generated outputs for both
domains are publicly available and are omitted due to space
limitations.'

A. Calculator DSL (Recursive, Computational)

The first domain is a calculator DSL with recursive ex-
pression trees, operator dispatch, variable bindings and nested
arithmetic. The grammar defines 13 rules including abstract
alternatives (e.g., Factor can be a Number, Variable,
parenthesized Expression, or UnaryOp), paired-list pat-
terns for operator precedence and recursive nesting. Fig. 2
shows an excerpt from a sample model and Fig. 3 shows
the corresponding rendered Python code produced by the
generated templates.

calc 3.14 = 2

calc —-(10 + 5)

var pi = 3.14159

var radius = 5.0

calc pi * radius * radius

Figure 2. Calculator DSL sample model (excerpt).

variables = {}

print (3.14 % 2.0)

print (-=(10.0 + 5.0))

variables[’'pi’] = 3.14159

variables[’radius’] = 5.0

print (variables[’pi’] * variables|[’radius’]
* variables|[’radius’])

Figure 3. Rendered Python output for the calculator model.

The pipeline generates two template files (main and macros)
totaling 53 lines of Jinja2 code. These templates correctly
handle recursive expression traversal, operator precedence
through paired-list iteration and dispatch of unary operators,
parenthesized sub-expressions and variable references through
macro-based type switching. The pipeline also generated 9 unit
tests that execute the rendered code and assert on computed
values, all executed successfully.

B. Smart Home IoT DSL (Flat, Declarative)

The second domain is a smart home automation DSL with
30+ grammar rules covering metadata declarations, multi-
protocol broker configurations (MQTT, AMQP, Redis) with
authentication, sensor and actuator entity definitions with
typed attributes and value generators and automation rules
with conditions, actions and orchestration dependencies. In

Uhttps://github.com/robotics-4-all/agentic-m2t-results

contrast to the calculator, this grammar has no recursion and
is predominantly declarative, with many optional attributes,
polymorphic alternatives (e.g., six action types, six generator
types, three broker types) and list-based constructs. Fig. 4
shows an excerpt from a sample model.

Entity outdoorTemp
type: sensor
topic: "home/outdoor/temperature"
broker: mgttMain
freqg: 30
attributes:
— outdoor_temp : float ->
gaussian(18.0, 45.0, 4.0)
with noise gaussian(0.0, 0.2)
- outdoor_humidity : float ->
saw (30.0, 95.0, 1.0)
end

Automation climateControl
condition:
indoorClimate.indoor_temp > 25.0
AND outdoorTemp.outdoor_temp > 20.0
actions:
— hvacUnit.hvac_power : true
— hvacUnit.target_temp : 22
enabled: true
continuous: true
end

Figure 4. Smart Home DSL sample model (excerpt).

For this domain, the pipeline generates three template files
(main, macros and helpers) totaling over 700 lines of Jinja2
code. The rendered output for the full sample model exceeds
800 lines of Python, producing a complete simulation frame-
work with polymorphic broker and generator implementations,
entity classes, automation logic and a SmartEnvironment
orchestrator. The pipeline also generated 11 unit tests covering
broker configuration, sensor generation, actuator initialization
and automation orchestration.

IV. CONCLUSIONS AND FUTURE WORK

This paper presented a multi-agentic methodology that
automates the generation of Model-to-Text transformations
for textX DSLs. To the best of our knowledge, this is the
first system to address automated M2T template generation,
a task that has historically required manual authoring by
language engineers. The system decomposes the generation
task across seven stages and eleven specialized agents, grounds
every generation step in three-level deterministic validation
and produces not only Jinja2 templates but also rendered code,
semantic unit tests and containerized test environments. We
demonstrated the system on two structurally contrasting DSL
domains, showing that it produces functional templates for
both recursive computational grammars and flat declarative
grammars.

This work is at an early stage and several limitations remain.
The system has been demonstrated qualitatively on two do-
mains but lacks systematic empirical evaluation across a larger
and more diverse corpus of DSLs. Template quality has not
yet been measured quantitatively in terms of correctness rates,
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refinement iteration counts, or comparison against manually
authored templates.

Several directions for future work follow naturally. First,
we plan a systematic evaluation across DSLs of varying com-
plexity, measuring template generation success rates and re-
finement convergence behavior. Second, we intend to integrate
this methodology with our prior work on automated grammar
generation [17] to create a fully end-to-end pipeline from
natural language requirements to executable code generation
infrastructure. Third, we will evaluate whether the architecture
generalizes across different LLM families. Finally, we aim
to explore incremental template evolution for DSLs whose
grammars change over time.
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