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ABSTRACT In Model-Driven Engineering (MDE), metamodeling is a crucial activity and is often the starting point of a full MDE
pipeline. A central aspect of this task is extracting domain knowledge from textual documentation and establishing the necessary
classes, relationships, and constraints that will be later used to formalize the metamodel. This early stage is known to be
demanding, error-prone, and influenced by individual modelers’ expertise and bias. Recent advancements in the use of Large
Language Models (LLMs), have stimulated research on interpreting textual information to generate models and metamodels.
However, there is still limited work exploring the potential of LLM-powered agents, particularly LLM-powered Multi-Agent
Systems (LLM-MAS), to support the metamodeling process in a structured manner. In this paper, we present an approach that
leverages an LLM-MAS to assist in documentation-driven metamodeling. The proposed approach decomposes the task into
multiple specialized agents responsible for activities such as domain analysis, terminology identification, normalization and
deduplication, and textual serialization into a PlantUML class diagram. The system operates without human intervention and
produces intermediate artifacts that support traceability and inspection. We report on the development of this LLM-MAS and
its application in a case study involving the extraction of a draft metamodel from a set of agent framework documentations.
We provide an exploratory qualitative evaluation focusing on the feasibility, stability, and structural plausibility of the generated
artifacts. The results indicate that LLM-MAS can consistently produce structurally plausible model-like artifacts that may assist
modelers in the early stages of metamodel creation. Rather than targeting full automation, the approach positions LLM-MAS as
a modeling aid that supports early abstraction and helps modelers initiate metamodel development more systematically.
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domain concepts and constraints at a higher abstraction level

1. Introduction (e. g., (Bork 2018; Levendovszky et al. 2009)).

Metamodeling is a central activity in Model-Driven Engineer- In practice, modeling often relies on extensive textual docu-

ing (MDE) (Brambilla et al. 2012), providing the conceptual mentation, such as specifications, textual requirements, frame-

foundations for Domain Specific Languages (DSLs) (Fowler work manuals, and API descriptions, which must be interpreted

2010), tool development (Saraiva & Silva 2008), and analyses and structured into efficient abstractions. This process is known

of software systems (Bjgrner 2023). Systematic domain mod- to be time-consuming, error-prone, and highly dependent on

eling is commonly realized via metamodeling, which captures individual modelers’ expertise and bias (Roy Chaudhuri et al.
2019; Montrieux et al. 2013).
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models (Babaalla et al. 2025), and inferring constraints (Pan et
al. 2024) to general modeling aid with LLMs (Brandolini et al.
2024; Hachm et al. 2025). While these solutions rely mostly on
different Prompt Engineering (PE) strategies and single-agent
setups, Multi-Agent Systems (MAS) re-emerged as a promising
paradigm for structuring complex LLM-powered workflows (Li
et al. 2024; Cheng et al. 2024). Despite this potential, the appli-
cation of LLM-powered MAS (LLM-MAS) to metamodeling
remains underexplored and with few structured analyses. An
exception are examples of multi-agent architectures that dis-
tribute modeling subtasks among specialized agents to support
the generation of UML (Unified Modeling Language ((OMG)
2024)) class diagrams (Giannouris & Ananiadou 2025).

This paper presents a modeling-centric report on the de-
sign, instantiation, and empirical exploration of an LLM-MAS
pipeline to investigate whether it can systematically help with
documentation-driven metamodeling. Rather than aiming for
fully autonomous modeling, we explore using a MAS as a mod-
eling aid that produces draft class diagrams that can be further
refined by human engineers.

Concretely, we report on the development and evaluation of
an automated MAS pipeline that transforms software documen-
tation into a UML class diagram. The pipeline decomposes the
process into documentation ingestion, terminology extraction,
terminology consolidation, and structural modeling, with each
stage handled by a dedicated agent implemented with a specific
agentic framework, aiming to demonstrate that our work is ag-
nostic to framework choice and ready to accommodate current
and upcoming frameworks. This allows us to investigate both
the feasibility of automated documentation-driven modeling
and the role of framework heterogeneity in such pipelines. The
system produces intermediate artifacts that support traceability
and inspection. As a running example and reference artifact,
the work builds on a previously developed metamodel (Miranda
et al. 2026) for representing commercial code-centric LLM-
powered multi-agent frameworks.

The contributions of this paper are threefold:

1. A LLM-MAS pipeline for documentation-driven metamod-
eling, composed of heterogeneous agents with specialized
roles.

2. An exploratory and qualitative evaluation of the generated
modeling artifacts, focusing on feasibility, stability, and
structural plausibility.

3. An empirical exploration of lessons learned and limitations
of LLM-MAS as modeling aids in MDE.

The remainder of the paper is organized as follows. Section 2 in-
troduces the necessary background on metamodeling and LLM-
MAS. Section 3 presents a manual baseline used throughout the
paper. Section 4 describes the proposed LLM-MAS modeling
pipeline, followed by a qualitative evaluation in Section 5. Sec-
tion 6 discusses lessons learned, and in Section 7 we compare
and contrast the literature with our work. Section 8 concludes
the paper and outlines our future work. All the collected and
generated data is provided in a companion repository via GitHub
for transparency and verification.

380 James Pontes Miranda et al.

2. Background

This section provides an overview of the two research dimen-
sions of this work: Metamodeling in the MDE context and
LLM-MAS. The goal is to situate our contributions within es-
tablished modeling principles and emerging agentic Artificial
Intelligence (AI) paradigms, rather than to survey these areas
exhaustively.

2.1. Metamodeling in MDE

In the MDE context, a metamodel specifies the abstract syntax of
a modeling language by formally defining domain concepts, re-
lationships, and constraints. This enables structured abstraction,
consistency verification, and a range of automated processes
(e. g., validation, transformation, and code generation) that are
central to MDE practices (Brambilla et al. 2012).

Given that, metamodeling is a well-known and crucial activ-
ity across different approaches. Metamodels enable the opera-
tionalization of domain modeling by defining and structuring
domain-specific abstractions (de Lara et al. 2015). In this sense,
metamodeling involves eliciting, structuring, and organizing
domain concepts into a coherent conceptual schema that serves
as the basis for subsequent modeling work.

Models and metamodels can be formalized using various
languages (e. g. MOF-compliant languages). This paper uses
PlantUML (Roques 2009), a Markdown-based UML language
widely adopted for textual model serialization, due to its com-
patibility with LLM-powered solutions (Camara et al. 2023;
Petrovic et al. 2025).

2.2. LLM-Powered MAS

MAS are computational systems composed of multiple inter-
acting agents, each capable of independent behavior, commu-
nication, and decision-making. In the classical Al literature,
agents may be software components, autonomous processes,
or goal-directed entities within distributed environments (Rus-
sell & Norvig 2020). With increasing interest in foundation
models, primarily based on LLMs, the research and industrial
communities have begun exploring how these models can serve
as the primary reasoning mechanism for agents (Li et al. 2024),
characterizing what we call LLM-MAS. Integrating LLMs into
MAS is an active research area (Cheng et al. 2024; Jin et al.
2024).

LLM-MAS exploit LLMs’ natural language reasoning, plan-
ning, and knowledge retrieval to enable collaborative problem-
solving beyond isolated LLM capabilities. LLM-MAS often or-
chestrate the inner agents through explicitly designed workflows
or communication protocols (e. g. Agent-to-Agent (A2A)"). By
distributing subtasks among specialized agents, LLM-MAS can
support complex workflows and mirror modular human pro-
cesses in problem-solving and reasoning (Tran et al. 2025). In
general, LLM-MAS exhibit advantages over monolithic single-
agent approaches (Yan et al. 2025).

Despite this promise, the design and evaluation of LLM-
MAS pose significant challenges, including issues of agent
coordination and interpretability of intermediate reasoning
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steps (Tran et al. 2025). These considerations directly influ-
ence how such systems can be applied to structured tasks, such
as metamodel generation.

2.3. Documentation-Driven Modeling

From an MDE perspective, textual documents (e. g., software
documentation, informal requirements, etc.) is the primary input
for early modeling (text-to-model, T2M) (Lucassen et al. 2017;
Burgueiio et al. 2025), though its informality, variability, and
scale complicate automation (Mornie et al. 2023). As documen-
tation evolves, keeping metamodels and derived models aligned
requires repeated, ad-hoc extraction and refactoring steps that
do not scale across large or heterogeneous document collections.

Despite these problems, natural-language requirements and
technical documents remain the dominant means of capturing
domain knowledge and system behavior in the MDE context,
both in research and industry (Arora et al. 2016). Less strict
models (e.g., a light collection of classes, attributes, and re-
lations) can be systematically derived from requirements sen-
tences using grammatical dependencies and extraction rules,
confirming that textual documentation encodes the structural
concepts later captured in more specific metamodels. This
happens since textual documentation underpins higher-level ab-
stractions such as patterns and semi-formal requirement repre-
sentations, which may provide reusable templates for recurring
behaviors and services in a domain (Kudo et al. 2023; Neubauer
et al. 2019). Figure | provides a simplified overview of a pro-
cess that goes from textual documentation to a metamodel, then
to the domain models, and finally to the actual software system.
This paper is focused on the first part of this process (i. e., the
T2M).

Different Natural Language Processing (NLP) techniques
were applied to handle T2M problems, cf. Bozyigit et al. for
an overview and tool comparison (Bozyigit et al. 2024). Re-
cent advances in NLP with LLMs have opened opportunities
to handle the full pipeline from textual specifications to soft-
ware models (Babaalla et al. 2025; Arulmohan et al. 2023).
LLM-based metamodeling approaches highlight that iterative,
pipeline-oriented automation can systematically refine meta-
models from textual sources, but they also expose open chal-
lenges in robustness, traceability, and integration into existing
MDE workflows (Petrovic et al. 2025). Our motivation is pre-
cisely to contribute to solving these challenges, which drive
research on pipeline automation for metamodeling using LLM-
MAS.

3. Manual Baseline

To illustrate the behavior and expected output of the proposed
LLM-MAS metamodeling aid, we consider a running example
drawn from the documentation of a set of frameworks designed
for the development of LLM-powered agentic systems (e. g.,
LangChain, Llamalndex, etc.). The goal of this section is to
provide a concrete description of the input corpus, the manual
baseline construction process, and the expected output artifacts,
aligning them with established documentation-driven metamod-
eling practices.

Defining a common architecture for this kind of agentic
framework is a demanding task, and we found efforts from dif-
ferent perspectives aimed at addressing it. These efforts range
from less formal taxonomies (Di Sipio et al. 2025) and architec-
tural references (L. Wang et al. 2024; Derouiche et al. 2025), to
more formal and MDE approaches (Miranda et al. 2026; Has-
souna et al. 2024). We adopt our previous work (Miranda et
al. 2026), which is strongly aligned with an MDE mindset, as
a manual baseline for evaluation. In that work, we conducted
a systematic analysis of agentic frameworks and developed an
Ecore” metamodel through a manual inspection process. Here,
we reproduce a simplified version of that process using the same
documentation corpus adopted for our automated pipeline.

As input, we considered the online documentation of 26
code-first LLM-powered agentic frameworks widely used across
projects and referenced in technical media and industry-driven
reports (ThoughtWorks 2025; Gartner, Inc. 2025). These docu-
ments are typically provided as heterogeneous web pages com-
bining textual and non-textual information. For this paper, we
restricted our analysis to textual content extracted directly from
the documentation pages’. For each framework, the front page
of the documentation was used as the entry point, and inter-
nal pages explicitly identified as API references (e. g., Github
pages, Swagger documentation, etc.) were also incorporated.
Each framework received an identifier, and its full textual docu-
mentation (main page + API references) composed the corpus
for manual analysis. Table 1 presents an excerpt of the selected
frameworks.

ID ‘ Name ‘ Initial URL (front-page)

1 Agno https://docs.agno.com/

2 Atomic Agents | https://github.com/BrainBlend-Al/atomic-agents
3 AutoChain https://autochain.forethought.ai/

4 BeeAl https://framework.beeai.dev/

5 BESSER https://besser-agentic-framework.readthedocs.io
6 CAMEL https://www.camel-ai.org/

7 CrewAl https://www.crewai.com/open-source

8 Eclipse LMOS | https://eclipse.dev/Imos/

Table 1 Excerpt of selected frameworks (Full table: 26 lines).

Following the manual process from our previous work, do-
main concepts were identified by constructing a terminology of
recurring terms across the corpus. Relationships were extracted
by inspection, and both concepts and relations were encoded
into a textual PlantUML class diagram.

The resulting artifact reflects modeling decisions regarding
which terms should be elevated to classes, how associations
should be structured, and which abstractions best capture the
domain across heterogeneous documentation sources. It is im-
portant to emphasize that this manual baseline is not treated as
an absolute ground truth, but rather as a domain-expert inter-

2 https://eclipse.dev/emf/
3 All pages were visited in February 2026.
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Figure 1 High-level overview of a classical MDE process from documentation to the final system implementation. This paper

focuses on the T2M phase (highlighted)

pretation used as a reference artifact for comparison with the
outputs produced by our automated approach.

Throughout the manual execution, we produced intermediate
artifacts equivalent to those generated by the automated pipeline,
enabling comparisons in Section 5. These include a list of
extracted terminology with frequency indicators, as well as a
consolidated set of candidate concepts aligned with domain
semantics. Such artifacts are consistent with prior conceptual
modeling workflows that rely on linguistic signals and structural
cues to infer modeling elements from text (Arulmohan et al.
2023; Velardi et al. 2001).

The final artifact of this process is a textual PlantUML class
diagram that can be converted into a visual representation. Fig-
ure 2 shows an excerpt of the generated diagram*, illustrating
how extracted concepts were mapped into classes and relation-
ships.

The produced diagram reflects a draft metamodel derived
solely from the documentation corpus. It includes both core
domain concepts and structural relationships inferred during
manual inspection. A simple analysis shows the centrality of
the “Agent” concept as well as important concepts for agent en-
gineering, such as “Tool” and “Memory”, which are all essential
during the conception of MAS. As such, it should be understood
as a modeling starting point for further refinement, consistent
with exploratory approaches to model generation from textual
sources (Arulmohan et al. 2023).

4. LLM-Powered Multi-Agent Metamodeling
Pipeline

This section presents the LLM-MAS developed to support the
documentation-driven metamodeling. The goal is to act as
a modeling aid by operationalizing a systematic process that
transforms heterogeneous textual documentation into draft class
diagrams. The pipeline is fully automated and produces in-
spectable intermediate artifacts that engineers can analyze and
refine.

4 Full PUML file and high-quality images are available in the compan-
ion repository: https://github.com/jameswpm/DATA_LLM-Powered_Multi
-Agent_Systems_Exploring_Documentation-Driven_Metamodeling. This is
valid for all excerpts from now on.
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The system was designed as an MAS pipeline, where each
agent is responsible for a well-scoped modeling task. This de-
sign aligns with traditional metamodeling and recent LLM agent
practices, favoring task decomposition and artifact communica-
tion over monolithic prompts.

4.1. Pipeline Overview

Figure 3 illustrates the overall architecture of the proposed MAS.
The pipeline follows a staged process, starting with raw docu-
mentation and ending with a textual PlantUML class diagram.
For the scope of this paper, we do not detail how to collect
the data, treating the input as a list of URLs pointing to the
home pages of a set of agentic frameworks, as in the example
proposed in Section 3.
At a high level, the pipeline consists of four main stages:

1. Documentation ingestion and preprocessing.
2. Terminology extraction and normalization.
3. Terminology scoring and consolidation.

4. Structural model generation.

Each stage is implemented by a dedicated agent, and commu-
nication between agents is mediated through explicit artifacts
stored on disk (e. g., CSV files). This design enables traceabil-
ity across the pipeline and allows intermediate results to be
inspected independently of the final output.

The pipeline operates without necessary human intervention
once initiated. Given a set of URLs as input, the system executes
all stages sequentially and produces a draft class diagram as
output. Although LLM-powered agents are inherently non-
deterministic, their behavior is bounded within a structured
workflow that enforces fixed stages, tool mediation, and explicit
intermediate artifacts.

For each agent’s prompt, we followed a prompt engineering
approach based on the few-shot learning paradigm (Schulhoff et
al. 2024), which defines a role for the agent, a detailed instruc-
tion for the task it should carry out, and a set of input/output
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Figure 3 Illustrated full pipeline for the automated process of metamodeling creation (T2M phase)
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examples. The companion repository” includes the input data,
the generated artifacts and the agents’ main prompts.

In the sequence, we describe each agent in terms of its mod-
eling responsibility and the artifacts it consumes and produces.

4.1.1. Analyst Agent The Analyst agent is responsible for
ingesting and preprocessing documentation. Given a list of
URLs, the agent retrieves the corresponding pages and stores
their content in a Retrieval Augmented Generation (RAG)-ready
persistent storage mechanism to support downstream process-
ing.

From a modeling perspective, the Analyst agent establishes
the raw knowledge base from which domain concepts may
later be extracted. It does not perform any interpretation or
modeling decisions beyond basic preprocessing. The process
treats each given URL as the main source of truth for each
evaluated framework, together with potential inner pages as
helpers. To evaluate each page as a potential API-like page (i. e.,
containing domain knowledge), we use an LLM-powered step
that classifies pages based on their textual content, as shown in
the flowchart in Figure 4.

For each URL
Fetch Web Page
Content

Classify Page with
LLM

Text
+
Outbound Links

Is API-like
page?

No

|

[Collect inner pages]

RAG Storage

[ Store in Persistent ]

Figure 4 Flowchart for Analyst Agent data collection step

We decided to implement this agent using the Lanchain/Lang-
Graph® framework for LLM-powered agents. This decision
takes into consideration the ability enabled by the framework to
define a fixed execution path (i. e., in the form of a graph/state-
machine) with explicit LLM-powered nodes (e. g., the LLM
page classifier). To improve the control and increase the agent’s
abilities, we implemented a set of simple web scraping tools
based on HTML structure (e. g., collect text tags, collect link
tags, etc.). For implementation, we choose ChromaDB’ as the
vector database.

4.1.2. Documentation Expert Agent The Documentation
Expert agent focuses on terminology extraction. Using the

3 https://github.com/jameswpm/DATA_LLM-Powered_Multi-Agent_Systems
_Exploring_Documentation-Driven_Metamodeling

6 https://www.langchain.com/

7 https://www.trychroma.com/
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textual content collected by the Analyst agent, it identifies can-
didate terms that may correspond to domain concepts relevant
for metamodeling.

The output of this agent is a preliminary terminology list,
which may still contain redundant, ambiguous, or overlapping
terms. At this stage, no attempt is made to assess the modeling
relevance of the extracted terms, since its objective is coverage
rather than precision.

This agent reflects a common early step in manual domain
modeling, where engineers list candidate concepts before refin-
ing them.

Table 2 shows an excerpt of its output. The table is stored
for later inspection and contains the term extracted from the
documentation, a simple definition generated by the LLM, and
the number of times it appears.

Regarding implementation details, we decided to use the
Agno framework®, which is intended for multi-agent systems
and provides an easy-to-change set of tools, particularly well
suited for this step, where we can provide a good set of textual
tools to verify the LLM response and fix various syntactic errors.

# of mentions
Term Definition in documentation
Agent A component that provides|...]. 48
Service | A component that provides [...]. 38
APIL Application Programming]...]. 36

Table 2 An example output from Documentation Expert
Agent step (Full table: about 302 rows).

4.1.3. Terminology Expert Agent The Terminology Ex-
pert agent is responsible for evaluating and consolidating the
extracted terminology. It assigns scores to candidate terms
based on criteria such as frequency of occurrence, contextual
relevance, and apparent semantic importance within the docu-
mentation.

In addition, the agent performs synonym consolidation,
grouping together terms that appear to refer to the same under-
lying concept. The result is a reduced, structured terminology
set intended to better reflect modeling-level abstractions.

Similarly to the previous step, the scoring process is explicit
and materialized as an intermediate artifact (cf. 4.2), which can
be inspected to understand why specific terms were retained
or discarded, as well as to identify potential errors for future
iterations.

Table 3 shows an excerpt of the agent output. It includes,
again, the definition of each term and its count, along with a list
of synonyms to identify which terms were considered duplicates
by the LLM, allowing inspection and verification. The following
columns are a sequence of scores as follows: Frequency Degree
of cross-framework term agreement. Relevance Importance
of the term for the target metamodel. Consistency Level of
terminological uniformity across frameworks. Finally, Score is
the simple sum of the previous rates. Except for the Relevance

8 https://www.agno.com/
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Term Definition ‘ Count ‘ Synonyms Frequency | Relevance | Consistency | Score
Agent [...] 6 [’Sub-Agent’] 1 2 1 4
Triggers | [...] 2 ["Trigger’] 1 3 1 5
Logger [...] 1 [1 1 2 2 5

Table 3 An example output from Terminology Expert Agent step (Full table: about 60 rows).

score, which is subjective and so depends on the training data of
the LLM (i. e., subject to hallucinations and misalignments), all
other scores are enabled to be verified by a human-in-the-loop
strategy in future implementations.

It was implemented using the SemanticKernel” agentic
framework, mainly due to its modular architecture, which sim-
plified its integration with tools. We also used textual tools
for this step to fix various syntactic issues in the LLM output,
including structured output, e. g., misalignments in the JSON
formatting.

4.1.4. Modeler Agent The Modeler Agent is responsible
for generating the structural model. Using the consolidated
terminology as input, it produces a PlantUML class diagram.

At this stage, the agent makes decisions regarding: which
terms should be represented as classes, whose relationships
should be introduce, and how attributes are assigned when ap-
plicable. To perform this inference, the main agent’s prompt
includes instructions and examples to guide its decisions. To
support the production of syntactically valid artifacts, the agent
uses UML tools for validation and can retry its operations when
it produces invalid metamodels.

The output is a textual representation of a class diagram that
can be rendered visually or further transformed into a concrete
metamodel using standard MDE tooling. It captures structural
hypotheses derived from documentation, but does not claim
semantic completeness or correctness. Although syntactic val-
idation is not claimed as well, the representation is intended
to remain compatible with common modeling conventions, en-
abling subsequent refinement, validation, and integration within
MDE workflows.

For the Modeler Agent, we implemented with Llamaln-
dex Workflows'", which combines LLM-powered and code-
generation steps, primarily used for syntax verification of the
generated PlantUML.

4.2. Intermediate Modeling Artifacts

A key characteristic of the proposed pipeline is the explicit
handling of intermediate artifacts. Each agent produces out-
puts that are persisted and passed to subsequent stages, rather
than communicating exclusively through implicit prompts or
internal states. These artifacts include raw extracted documen-
tation content (stored as vector embeddings), lists of candidate
terms, a scored and consolidated terminology table, and the final
PlantUML class diagram.

This artifact-centered design supports traceability across the
modeling process and enables engineers to analyze how spe-
cific modeling decisions emerge from the documentation. It
also distinguishes the proposed approach from single-prompt or
black-box LLM-powered modeling solutions, where intermedi-
ate reasoning steps are not explicitly accessible.

4.3. Implementation Details

Although the communication between agents is explicit and
invoked in a pipeline, we also enabled an internal (optional)
communication using the A2A protocol. This alternative aims
to provide a future-proof implementation and easy coupling of
our developed agents with different MAS architectures, consis-
tently contributing to a collection of LLM-powered tooling in
the MDE domain (cf. Section 8). In the same vein, the tool is
ready for use in Dockerized environments and for deployment
to Kubernetes instances for proper scalability. Finally, we de-
cided to provide observability of the whole process, registering
all the input-output pairs from the LLM as traces initially us-
ing Langsmisth'', but always using OpenTelemetry'” as the
standard trace format, which enables it to be agnostic on the
observability provider.

5. Evaluation

This section reports on our exploratory evaluation of the pro-
posed LLM-MAS metamodeling pipeline. The objective is
not to benchmark agent frameworks in isolation, nor to assess
whether the generated metamodels are of better quality than
human-created ones. Instead, we investigate whether the ap-
proach consistently produces model-like artifacts that can serve
as a starting point for metamodeling activities. Given that, the
choice of quantitative metrics used aims to enable the actual
qualitative evaluation of the artifacts, excluding non-comparable
artifacts (e. g. incomplete class-diagram, etc.).

In line with the tool’s positioning as a modeling aid, the
evaluation focuses primarily on structural characteristics and
observable modeling behavior from a modeler’s perspective, as-
sessing the viability of LLM-powered agents for bootstrapping
the metamodeling process.

5.1. Evaluation Objectives

The evaluation is guided by the high-level objectives shown in
Table 4, assessing feasibility, stability, structural plausibility,
and framework agnosticism (O1-04). Although the evaluation

9 https://learn.microsoft.com/en-us/semantic-kernel/overview/
10 hitps://www.llamaindex.ai/workflows

I hitps://smith.langchain.com/
12 https://opentelemetry.io/
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is mainly qualitative, we complement it with a concise quantita-
tive comparison against the manual baseline (cf. Section 3) and
simpler prompting strategies.

To operationalize this evaluation, the automated pipeline
described in Section 4 was executed across 26 distinct LLM-
powered frameworks (i. e., the same dataset used for the manual
baseline). The pipeline used a Local Ollama provider (for pri-
vacy preservation), with the 11ama3.1:1latest 13 model, a tem-
perature of 0 in all calls (hardcoded), and a CSV file containing
a list of URLs as input (cf. Table 1). A total of 5 independent ex-
ecutions were performed, each producing intermediate artifacts
(Section 4.2) and a final PlantUML class diagram.

ID  Objective

O1  Assess the feasibility of the proposed pipeline in generating
renderable and syntactically valid class diagrams from docu-
mentation without human intervention during its execution.

02  Observe the stability of the generated artifacts across multi-
ple executions of the pipeline.

03 Analyze the structural plausibility of the generated diagrams
with respect to common metamodeling practices (e. g., pres-
ence of core abstractions, relationships, and hierarchies).

04 Investigate whether the use of multiple LLM-powered agent
frameworks influences the overall modeling outcomes in
observable ways.

Table 4 Evaluation objectives

5.2. Quantitative Analysis

To support the qualitative observations with numerical clues, we
compared four approaches: (i) manual baseline, (ii)) LLM-MAS
pipeline, (iii) prompt chaining without agent orchestration, (iv)
a single direct prompt.

The manual baseline (i) serves as a domain-expert reference
artifact. The purpose of the quantitative analysis is not to de-
termine correctness, but to estimate structural alignment with
this reference. To complement the evaluation, the prompt chain-
ing (iii) is a simpler implementation of our proposal without
the use of any agentic framework or agent orchestration (i.e.
implemented as a single Python script using the same prompts
executed in order). The input for (i), (ii), and (iii) is the same
list of URLSs (cf. Table 1). The purpose of this comparison is
to assess the influence of agentic structural decisions on the
artifacts produced. The execution we called single prompt (iv)
is a simple prompt that receives no extra input to produce a
metamodel for a given domain (e. g. agentic frameworks in our
use case). This comparison aims to verify the influence of the
input on the LLM’s internal knowledge (i.e. the knowledge
from its training) to ensure that the injection of documentation
affects the final result.

The outputs of the 4 approaches are a textual representation
of a class diagram (i.e. PlantUML), ready for later transfor-
mation into a metamodel. Artifacts were normalized before
strict lexical matching. While semantic synonym alignment
could increase recall, it would introduce additional subjective

13 https://ollama.com/library/llama3. 1, January 2026 version
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judgment into the evaluation process. Normalization included
lowercasing identifiers, removing whitespace and special char-
acters, and canonicalizing naming conventions (e. g., camelCase
and snake_case).

Table 5 provides descriptive structural metrics. The LLM-
MAS output exhibits greater structural richness (classes, rela-
tionships, attributes) than simpler prompting strategies, suggest-
ing increased modeling capacity rather than mere verbosity.

. . MAS | Prompt .| Single .
Artifact Baseline Output | Chaining | Prompt
Classes 43 56 35.4 21.6
Relationships 72 89 68.8 18.2
Attributes 37 68 53.8 63.6

* Average of 5 runs.

Table 5 Numerical information about models used in the
comparison

Matching was performed independently for classes, relation-
ships, and attributes using normalized identifiers. We computed
precision, recall, and F1-score relative to the reference artifact.
These metrics quantify element-level overlap only and do not
measure abstraction quality. Such aspects are addressed in the
qualitative evaluation.

Table 6 summarizes the evaluation results'*.

The LLM-MAS pipeline consistently achieves higher F1
Scores across all element types than prompt chaining and single
prompting. While recall remains moderate, the improvement
in structural overlap supports the claim that agent orchestra-
tion contributes to more aligned and coherent artifacts. These
numerical results should be interpreted as supportive indica-
tors of structural plausibility rather than definitive performance
benchmarks.

. . MAS | Prompt .| Single -
Artifact Metric Output | Chaining | Prompt
Precision 0.667 0.537 0.298
Classes Recall 0.837 0.372 0.130
F1 0.720 0.371 0.174
Precision 0.560 0.295 0.011
Relationships | Recall 0.675 0.147 0.002
F1 0.588 0.118 0.004
Precision 0.487 0.209 0.044
Attributes Recall 0.876 0.189 0.054
F1 0.612 0.149 0.042

* Average of 5 runs.

Table 6 Comparison of generated PlantUML artifacts against
the manual baseline

Quantitative metrics are reported across five independent

14 The companion repository includes scripts to automate this comparison and
reproduce the results
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executions in order to account for the stochastic nature of LLM-
powered systems.

Performance of the LLM-MAS approach varies across runs,
with a mean overall F1-score of 0.7697. This variability reflects
the LLM’s sensitivity to prompts and workflow organization, an
aspect further discussed in Section 6.6.

5.2.1. Intermediate Artifacts We additionally compared
intermediate artifacts using the same normalization protocol.
The single-prompt approach is excluded because it produces no
intermediate artifacts. Table 7 shows an overview of the number
of collected terms.

Metric MAS Output® | Prompt Chaining”
Terms extracted from documents 245.8 206
Terms after consolidation 34.6 100.2

* Average of 5 runs.

Table 7 Numerical information about intermediate artifacts
used in the comparison

Although terminology extraction shows limited lexical over-
lap, the consolidation stage exhibits improved alignment in
the LLM-MAS pipeline compared to prompt chaining. This
suggests that the agent-based workflow contributes more signifi-
cantly during abstraction and refinement phases than during raw
term extraction. Table 8 summarizes our findings on this aspect.

Metric MAS Output” | Prompt Chaining”
F1 (Terminology Extraction) 0.104 0.123
F1 (Consolidated Concepts) 0.176 0.173

* Average of 5 runs.

Table 8 Comparison of intermediate artifacts against the
manual baseline

5.3. Evaluation Criteria

For the actual qualitative evaluation, we adopt a structural crite-
ria that focus on observable properties of the generated artifacts
to verify our evaluation objectives O1 to O4.

The criteria considered include:

Diagram renderability: whether the pipeline produces a
non-empty, renderable PlantUML class diagram.

Concept coverage: the extent to which recurrent documen-
tation concepts appear in the generated diagram.

— Redundancy and overlap: presence of duplicated or overly
similar classes.

Structural diversity: use of association, aggregation, or
generalizations when applicable.

Consistency across runs: degree of overlap between gener-
ated diagrams obtained from different executions.

These criteria are all accessed manually. Automation of this
analysis using LLLM judgment is expected for future iterations.

5.4. Comparative Observations

Based on manual inspection of five independent runs, the
pipeline produced syntactically valid and renderable class dia-
grams in each case (O1).

We observed that certain core abstractions recur across runs,
although variations in naming and organization are present (O2).
These recurring elements suggest some degree of regularity in
the generated structures, but no formal measure of stability is
provided.

The generated diagrams also exhibit a range of structural con-
structs, including associations and inheritance relations, which
appear generally consistent with common metamodeling prac-
tices (O3). This observation is qualitative and based on manual
inspection rather than systematic measurement.

Finally, while differences exist between runs, the overall
structural organization of the diagrams appears broadly similar
at a high level (04).

Overall, these observations should be interpreted as prelimi-
nary and qualitative. A more rigorous assessment of structural
stability, diversity, and similarity would require dedicated quan-
titative metrics, which are left for future work.

5.5. Threats to Validity

First, the evaluation is limited to documentation-driven meta-
modeling and does not generalize to other modeling contexts.
This limitation is increased by our use of a single case-study,
making difficult to ensure a domain generalization and to the
use of our own previous constructed metamodel as the baseline
for initial comparisons, which also reduce potential general-
izations. Second, reliance on LLM-MAS introduces inherent
nondeterminism (even at temperature 0), which may affect re-
producibility. We did not analyze how output metrics would
change with better models (e. g., Google Pro 3 or Anthropic
Opus) due to privacy constraints.

Finally, the evaluation does not aim to compare the proposed
approach against human modeling efforts or existing metamod-
eling tools, as such comparisons would require a different ex-
perimental design.

These limitations are consistent with our exploratory and
reporting-oriented scope. However, we propose some mitigation
strategies in Section 8.

6. Discussion

This section discusses the main lessons learned from the design,
implementation, and evaluation of the proposed LLM-MAS
metamodeling pipeline. Our objective is to reflect on observed
tendencies, identify design trade-offs, and outline implications
for future work at the intersection of LLM-MAS and MDE, with
particular focus on metamodeling.

6.1. LLM-Powered MAS as Modeling Aid

While the pipeline produces renderable class diagrams without
human intervention during execution, the generated artifacts
should be interpreted as drafts that support, rather than replace,
human modeling activities. We expect the potential user to run
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the pipeline multiple times and use the outcomes to support
them in metamodeling activities.

By treating the output as a starting point for refinement,
the system can tolerate partial inaccuracies, redundancy, or
structural ambiguity, which is a phenomenon also common in
early manual modeling phases. The generated intermediate
artifacts (cf. Section 4.2) are intended to support refinement,
including potential additional LLM-powered steps.

This observation reinforces the idea that LLM-powered sys-
tems can effectively assist in front-loading modeling effort,
particularly in documentation-heavy contexts. A central lesson
emerging from this is that LLM-MAS are better positioned as
modeling aids rather than autonomous modeling solutions. This
is complemented by scalability issues when dealing with large,
more complex documentation, which potentially affect the per-
formance of the outlined pipeline due to the LLMs’ limited
context window. While it felt out of the scope for the current
project, we also pointed it out as a potential improvement for
our future works (cf. Section 8)

6.2. Explicit Multi-Agent Decomposition

The decomposition of the metamodeling process into distinct
agents provided several practical benefits. First, it enabled a
clearer mapping between modeling activities and system com-
ponents, making the pipeline easier to reason about and debug.

Additionally, the use of explicit intermediate artifacts im-
proved traceability. Modeling decisions can be inspected rather
than being embedded in opaque prompt chains.

Finally, the MAS architecture enabled the integration of
multiple LLM-powered frameworks within a single system.
This supports experimentation with heterogeneous agent im-
plementations while maintaining a stable overall process, in
a plug-and-play manner. The loosely coupled architecture of
the MAS, open to extension through tools, also enables it to
incorporate better tooling, targeting improvements at each step
of the process.

6.3. Framework Heterogeinity

One of our design goals was to remain framework-agnostic at
the architectural level. The use of four distinct LLM-powered
frameworks across agents demonstrates that heterogeneous tech-
nologies can be composed into a coherent MAS for MDE, pro-
vided that agent responsibilities and artifacts are clearly defined.

Our experimentations suggest that framework-level differ-
ences may influence specific modeling outcomes. These dif-
ferences, however, do not prevent the pipeline from producing
structurally comparable artifacts. This indicates that the frame-
work choice should be treated as a configuration parameter
rather than a defining characteristic of the modeling approach.
The quantitative comparison further suggests noticeable differ-
ences when no framework orchestration is used, raising research
questions about how internal framework mechanisms affect final
modeling results.

Similarly, the use of open standards for observability (e. g.,
OpenTelemetry) and communication (e. g., A2A) helped avoid
lock-in to proprietary solutions. This proved important not

388 James Pontes Miranda et al.

only for enabling framework heterogeneity but also as a general
design consideration when implementing agentic systems.

6.4. Limitations of Documentation-Driven Metamodeling

The proposed approach relies exclusively on textual documenta-
tion as input. While this makes the pipeline broadly applicable,
it also introduces inherent limitations. Documentation may be
incomplete, inconsistent, or written for purposes other than
modeling, directly affecting the extracted concepts.

As a consequence, the generated metamodel tends to reflect
explicitly stated documentation rather than implicit domain
assumptions that human modelers often introduce based on
experience. This further supports interpreting the output as a
modeling aid and emphasizes the need for human validation and
refinement.

A possible extension would be to couple the system with
modeling and software repositories (e. g., Modelset'”) or other
curated knowledge sources (e. g., Wikidata'®) to support disam-
biguation and enrichment.

6.5. Implications for MDE and Agentic Modeling Tools

From an MDE perspective, this work suggests that LLM-
powered MAS can play a complementary role in early modeling
phases, particularly in large or evolving ecosystems where doc-
umentation is abundant but underexploited. This is especially
relevant in contexts similar to our running example (cf. Section
3), where heterogeneous agent frameworks often reflect opin-
ionated or organization-specific design decisions rather than a
shared standard.

Rather than embedding intelligence directly into modeling
tools, the pipeline operates externally and produces standard
modeling artifacts. This separation may ease integration with
existing MDE toolchains and workflows, as well as with LLM-
powered agents in broader ecosystems (e. g., A2A-based mar-
ketplaces).

More broadly, the work highlights the importance of process
transparency and artifact-centered design when applying agentic
systems to modeling tasks.

Based on the quantitative metrics, the MAS approach pro-
duced larger metamodels despite fewer consolidated terms (cf.
Tables 6 and 8), likely because it can infer additional relation-
ships and structural elements during the modeling phase. This
behavior could inspire future research into this trade-off.

6.6. Importance of Agent Engineering Aspects

Although not formally evaluated due to our scope, modern LLM-
powered Agent Engineering (Huyen 2025) is highly relevant
to the development of LLM-MAS. Prompt engineering quality
and agent configuration can influence outcomes as much as
architectural decomposition. While prior work has investigated
the impact of LLM hyperparameters and model selection on
modeling activities (e. g., (Kebaili et al. 2024)), future research
should also examine these factors within structured multi-agent
orchestration settings.

15 hitps://modelset.github.io/
16 https://www.wikidata.org/wiki/Wikidata:Main_Page
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7. Related Work

This section positions our work with respect to (i) pre-LLM ap-
proaches for model extraction from text, (ii) the use of LLMs for
generating modeling artifacts, and (iii) agent-based approaches
applied to modeling tasks.

Before the emergence of LLMs, several works investigated
transforming textual artifacts into modeling representations us-
ing rule-based, NLP-driven, or heuristic approaches. Early
studies focused on transforming user stories into UML arti-
facts through predefined linguistic patterns and syntactic anal-
ysis (Elallaoui et al. 2018). Subsequent work combined NLP
with heuristics to generate UML models from textual require-
ments (Abdelnabi et al. 2020). Other approaches proposed
systematic mappings from user stories to structural models us-
ing template-based extraction strategies (Kochbati et al. 2021).
These works demonstrate that documentation-driven modeling
is not new, but they are often coupled with handcrafted rules and
domain-specific heuristics, which limit scalability and adapt-
ability across heterogeneous documentation sources.

With the increasing interest in LLMs, research has explored
their use for generating modeling artifacts directly from textual
input and prompt engineering. Given that LLMs usually operate
as text-in/text-out systems, they naturally lend themselves to in-
terpreting requirements and producing textual representations of
models. Recent works explore the generation of UML diagrams
from natural language, e. g. NOMAD (Giannouris & Ananiadou
2025) aligns well with our proposal with a multi-agent architec-
ture for generating UML class diagrams from structured require-
ments. Other studies investigate the use of LLMs as assistants
for UML modeling tasks (B. Wang et al. 2024) or for generating
sequence diagrams from requirements specifications (Ferrari et
al. 2024). There are also proposals exploring the use of LLMs
for domain-specific language construction (Alaoui Mdaghri et al.
2025). These works are complemented by streams investigating
augmented approaches to overcome intrinsic LLM limitations,
including human-in-the-loop (Silva et al. 2026) and automatic
repair through self-refinement (Chen et al. 2026), for example.

While these approaches demonstrate the feasibility of LLM-
driven (meta)model generation, most rely on single-agent or
monolithic prompting strategies. Even when relying on MAS
(e.g., NOMAD) or augmenting them with strategies to mit-
igate LLM errors, our work differs in explicitly structuring
documentation-driven metamodeling as a workflow with inter-
mediate artifacts that support traceability. Specifically, com-
pared with NOMAD, which focuses on generating high-quality
artifacts from structured requirements, our approach processes
semi-structured and unstructured documentation and empha-
sizes the quality of intermediate artifacts (term extraction and
classification) intended to support human modelers.

Finally, agent-based systems have long been studied in soft-
ware engineering, including applications to modeling. In soft-
ware engineering, recent work has begun investigating LLM-
powered agents for structured development workflows. For
example, approaches have been proposed for low-code or au-
tomated development pipelines leveraging coordinated LLM
agents (Malamas et al. 2025). In a different context, MAS

have been applied to digital twin environments, although not
explicitly relying on LLMs (Pretel et al. 2025).

Specifically for modeling, the BESSER framework (Alfonso
et al. 2024) provides an extensible modeling environment that
could potentially serve as an integration point for intelligent
assistants within MDE toolchains. Yang et al. also employ a
strategy similar to ours. However, they rely on task decompo-
sition and do not explicitly use an LLM-powered MAS. Such
environments highlight the relevance of connecting agent-based
reasoning with established modeling ecosystems.

In contrast to these works, our contribution focuses specifi-
cally on documentation-driven metamodeling and on the decom-
position of this task into specialized LLM-powered agents. The
emphasis is not on general software generation or development
automation, but on supporting early-phase domain abstraction
within MDE.

Agent engineering is relevant to industry and commerce
outside academic environments as well. It is worth noting that
recent industrial and open-source initiatives have introduced
agent toolkits and orchestration environments (e. g., GitHub
agent kits'” and similar ecosystems) to structure LLM-powered
workflows. Although not directly included on this paper, such
tools are important for enhancing reproducibility, control, and
lifecycle management of LLM-based pipelines and warrant
future research.

8. Conclusions and Future Work

This paper proposes and evaluates an LLM-MAS for
documentation-driven metamodeling, presenting a pipeline that
systematically transforms heterogeneous textual documentation
into draft class diagrams to support metamodeling. Our three-
fold contribution demonstrates the feasibility of agent-based
modeling and its engineering challenges, as detailed in the fol-
lowing:

1. Pipeline Design: We compose LLM-powered agents into
a fully automated pipeline generating renderable, struc-
turally plausible class diagrams (preliminary drafts for
refinement) compatible with MDE practices. The sys-
tem’s explicit modeling roles and intermediate artifacts
ensure traceability, inspectability, and human-in-the-loop
participation. Unlike related work focusing on prompt opti-
mization, we prioritize problem decomposition and system
design, while still leveraging prompt engineering.

2. Evaluation: We conduct a controlled quantitative evalua-
tion comparing the LLM-MAS output to a reference arti-
fact and simpler prompting baselines using element-level
overlap metrics, which indicate structural convergence
(rather than absolute correctness). The main exploratory
qualitative analysis highlights the current state of maturity
of LLM-agentic modeling and the lack of benchmarks for
documentation-driven metamodeling.

3. Lessons Learned on Agent Engineering for MDE: Our
multi-agent architecture integrates agents from diverse

17 https://github.com/inngest/agent-kit

LLM-Powered Multi-Agent Systems: Exploring Documentation-Driven Metamodeling 389


https://github.com/inngest/agent-kit

LLM frameworks, proving that heterogeneous technolo-
gies can coexist in a modeling pipeline. This suggests
framework choice is a configurable parameter, not a hard
constraint for MDE practices.

Overall, this work delivers empirical and methodological in-
sights into LLM-MAS as modeling aids for MDE, balancing the
potential of textual documentation with its limitations. Broadly,
it opens directions for richer semantics, human validation, and
large-scale empirical studies.

From an MDE perspective, future work includes larger em-
pirical studies comparing the proposed pipeline with manual
metamodeling in terms of time, quality, and completeness.
To address generalizability, we plan to evaluate additional
documentation-driven scenarios with similar input sparsity and
modeling objectives, and study methods enabling domain gen-
eralization of the proposed tool across different documentation
types rather than only API-like ones.

From an agent engineering perspective, improvements are
needed to enhance reliability, reproducibility, and interoperabil-
ity with workflow automation tools (e. g., n8n, Zapier, IFTTT)
and other third-party agents. Given the absence of established
benchmarks, we also aim to contribute evaluation artifacts by
leveraging labeled public models and adapting existing work-
flow benchmarks (e. g., the one provided by the n8n team'®).
Still relevant for agent engineering, future work may address
scalability issues posed by larger, more complex documentation,
including non-API-like sources such as requirements.

Finally, at the tooling level, we plan to explore additional
output formats (e. g., Ecore XML and Mermaid'”) and tighter
integration with modeling environments, including our tool

under active development, Papyrus Web?".
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