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Abstract
Ontology development remains a complex and labor-intensive task that often requires substantial expertise to
ensure competency question coverage, logical consistency, and adherence to modeling best practices. In this
paper, we present MASEO, a multi-agent framework for automated ontology generation from a set of competency
questions. Inspired by approaches like NeOn-GPT, MASEO is organized in four stages to produce valid OWL
ontologies: an Ontology Generation Agent for initial ontology construction, a Syntax Repair Agent leveraging
RDFLib for structural error correction, a Logical Consistency Agent integrating the HermiT reasoner, and an
Ontology Pitfall Agent addressing modeling issues identified by the OOPS! scanner. A novel feature of our
approach is a provenance tracking mechanism embedded in the resultant ontology, capturing the rationale behind
the addition of each term and axiom. This makes the ontology development process more transparent and
traceable, addressing an important limitation of existing ontology generation pipelines. We demonstrate MASEO
through three ontology engineering case studies of varying requirement scale and language: an Infrastructure
Ontology, a Vehicle Census Ontology, and a Video Game Ontology. Across these cases, CQ coverage reaches 100%,
60.7%, and 54.4%. We further report concept label matching results under exact, lexical, and semantic strategies,
showing that even when exact label matches are limited, lexical and semantic methods recover a substantial
proportion of conceptual overlap.
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1. Introduction
Ontology development is a core component of ontology engineering. Established methodologies
such as LOT [1], NeOn [2] and the “Ontology Development 101” guide [3] provide guidance for
ontology engineers, covering activities that span from requirements specification [4, 5, 6] to ontology
implementation [7, 8], publication [9, 10], and evaluation [11, 12, 13]. However, methodology adoption
often requires substantial expertise and time [1], which limits scalability in dynamic and knowledge-
intensive domains.

Furthermore, manual organization and verification of ontology elements remain laborious and error-
prone tasks [14]. Ensuring syntactic correctness, logical consistency, and modeling quality typically
requires iterative human intervention and the coordinated use of multiple validation tools [15, 16]. These
challenges motivate the need for automation mechanisms within ontology development workflows.
Recent advances in Large Language Models (LLMs) have demonstrated strong capabilities in knowledge
extraction and structured reasoning from natural language inputs [17, 18, 19, 20]. Initial efforts in this
area reported promising results on using generative AI for foundational tasks, such as the automated
creation of competency questions (CQs) [21, 22, 23] and initial conceptual modeling [24, 25, 26], sparking
growing interest in the application of LLMs to broader ontology engineering tasks.
Among these efforts, systems have emerged that combine LLM generation with external validation

tools to support more automated ontology workflows. For instance, NeOn-GPT [27] demonstrated the
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feasibility of manually combining LLM reasoning with ontology validation tools to detect and repair
syntax errors and modeling issues. However, two important limitations remain. First, existing pipelines
operate as linear prompt sequences without dedicated agents for individual repair tasks: none of the
existing approaches provides a fully integrated end-to-end pipeline spanning generation, validation,
and automated repair within a single coherent framework. Second, and more critically, current systems
produce OWL ontology files without documenting the rationale behind individual modeling decisions,
as no record is kept of which competency question (CQ) [28] motivated the introduction of a concept or
property, or which validation feedback triggered a corrective change. As a result, ontology engineers
cannot trace why specific terms were introduced or modified during the development process. To
address these limitations, this work proposes MASEO, a fully automated ontology generation and
refinement pipeline inspired by the NeOn-GPT framework [27]. Our approach generates ontologies
directly from CQs and refines them through a multi-agent validation workflow integrating external tools,
including an RDFlib syntax validator, the HermiT1 reasoner [29], and the OOPS!2 pitfall scanner [30].
In MASEO, each agent records its actions directly within each ontology term as annotations, generating
a human readable provenance trace embedded in the final ontology. The complete framework, system
prompts, and experimental datasets are available on GitHub3 and archived on Zenodo [31].
The main contributions of this work include:

• MASEO, a fully automated end-to-end pipeline based on a multi-agent architecture that co-
ordinates four role-based agents to transform CQs directly into formal OWL ontologies. The
framework is designed to accommodate additional agents for other ontology engineering tasks,
such as ontology reuse.

• A provenance reporting mechanism that automatically produces a structured record linking each
ontology term and axiom to the CQ or validation feedback that motivated its introduction, making
the history of each entity transparent and traceable. This mechanism allows ontology engineers
to understand the rationale behind each modeling decision, making it easier to review, adapt, and
maintain the final ontology.

• Three case studies of varying scale (5, 28, and 68 CQs) and two languages (English and Spanish),
covering the domains of infrastructure management, vehicle registration, and video games. Two
of the ontologies were developed by ontology engineers from scratch, while the third one (video
games) is part of the CORAL [32] corpus.

The remainder of this paper is structured as follows. Section 2 reviews related work on LLM-based
ontology engineering. Section 3 presents our multi-agent MASEO framework. Section 4 describes the
experimental setup and reports the evaluation results for our three case studies. Section 5 discusses
the findings and limitations of our study, and Section 6 concludes the paper. Appendix A provides
additional details on the datasets and prompting templates used in our experiments.

2. Related Work
The integration of Large Language Models (LLMs) into ontology engineering has evolved from support-
ing isolated tasks to enabling more integrated workflows, as highlighted in recent surveys [33, 34].

Early research primarily positioned LLMs as assistants for individual engineering activities. Studies
in this category investigated the extraction of concepts and axioms from natural language inputs
for ontology conceptualization and encoding [35, 36, 37, 38]. Other work explored tasks such as
CQ specification and SPARQL query construction to support ontology evaluation and knowledge
access [25, 39]. Furthermore, several studies investigate the use of LLMs for ontology validation
and error detection. For instance, Tsaneva et al. [11] employ GPT-4 to perform ontology restriction
1https://www.hermit-reasoner.com/
2https://oops.linkeddata.es/
3https://github.com/oeg-upm/maseo
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verification, while other approaches focus on detecting modeling pitfalls and taxonomic errors [12, 25].
While these methods demonstrate the generative and analytical capabilities of LLMs, they typically
address isolated stages rather than supporting a cohesive engineering lifecycle.

Building on these developments, recent research investigates workflow-oriented designs that integrate
LLM capabilities into ontology engineering pipelines. Val-Calvo et al. [40] with OntoGenix, Lippolis et
al. [41] with Ontogenia, and Zhang et al. [13] with OntoChat exemplify this generation and validation
paradigm. In specialized domains, Ouédraogo et al. [42] demonstrate a Text-to-OWL approach for
constructing ontologies to improve medical recommendations. A notable example in this category is
NeOn-GPT [27], which combines LLM-based generation with formal validation tools such as RDFLib,
HermiT, and OOPS!. However, as an application integrated into the Metaphactory platform [43], it
remains semi-automated: transitions between stages must be manually triggered by engineers, and no
mechanism is provided to document the rationale behind individual modeling decisions. Moving toward
more structured agentic behavior, Ivanova [44] proposes an architecture for step-by-step ontology
learning with explicit role decomposition within the workflow.

Despite these advances, two important limitations remain. First, existing approaches typically focus
on specific stages of ontology engineering and rarely provide a fully automated end-to-end workflow for
ontology generation, validation, and repair [33]. Second, andmore critically, these frameworks generally
do not document the rationale for specific modeling decisions, which is critical for transparency and
maintenance [45, 46]. Addressing these gaps requires unified approaches that preserve both automation
and transparency throughout the refinement process.

3. MASEO: Multi Agent System for Explainable Ontology Generation
In this section, we introduce our framework. We first present the structured ontology representation
that serves as the shared state across all agent stages. Next, we describe each pre-defined agent in
detail, explaining how they read and modify this shared representation. Finally, we show a complete
step-by-step example to illustrate how provenance information is transparently recorded at each stage
of the framework.

3.1. Ontology Representation

Table 1 shows an overview of the shared representation for agent state exchange in our framework.
Whenever an agent introduces or modifies an ontology entity, the corresponding changes are first
recorded in the entity’s structured fields and subsequently serialized into RDF/XML. In this way, the
evolution of the ontology remains tightly coupled with the provenance information describing how
and why each modeling decision was made. Most of the fields of this structured record correspond
directly to standard OWL/RDF constructs. The rdf:type field specifies whether the entity represents
a class, object property, or datatype property. The rdfs:label and rdfs:comment fields provide the
human-readable name and description of the entity. For properties, the rdfs:domain and rdfs:range
fields capture the domain and value constraints of a given property. For classes, the rdfs:subClassOf
field records superclass relations or class restrictions that are explicitly materialized in the generated
ontology (Ontogen).
In addition to these structural fields, the representation incorporates dedicated provenance fields.

The vaem:rationale field maintains an append-only, agent-attributed log of the justifications behind
each modification applied during successive refinement iterations. This property is adopted from
the Vocabulary for Attaching Essential Metadata (VAEM),4 as it provides a semantically appropriate
mechanism for capturing the rationale behind ontology modeling decisions. The dc:source field
records the CQs, detected pitfalls, or reasoner feedback that motivated each entity creation or revision
step. This property is adopted from the Dublin Core Metadata Initiative (DCMI)5, which is widely used

4https://linkedmodel.org/doc/vaem/1.2/
5https://www.dublincore.org/
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to attribute resources to their originating sources.
Finally, logical axioms associated with an entity are also preserved. In the current implementa-

tion, complex axioms beyond rdfs:subClassOf and owl:disjointWith (e.g., universal, existential
or cardinality constraints) are not materialized as formal OWL statements but are instead recorded
as annotations within the entity representation. This design choice allows the framework to retain
the modeling decisions suggested during the generation and validation stages while avoiding the
introduction of additional logical constraints that may affect ontology consistency during intermediate
refinement steps.
Together, the structural and provenance fields embedded in this representation ensure that every

ontology term in the generated OWL file carries a complete record of its origin. This record links each
term directly to the agent action and input evidence (e.g., CQs or validation feedback) that motivated
its introduction or modification.

Table 1
Structured representation of ontology entities used across the multi-agent pipeline, including the main
fields, their definitions, and example values derived from competency questions such as “What is the
username of a player in a Game?”

Field Definition Example value
Type
(rdf:type)

Indicates whether the entity is an
owl:Class, owl:ObjectProperty,
or owl:DatatypeProperty.

:Player rdf:type owl:Class;
:hasUsername rdf:type
owl:DatatypeProperty

Label
(rdfs:label)

Provides a human-readable name
for the entity.

"Player"; "has username"

Comment
(rdfs:comment)

Provides a textual description of
the meaning of the entity.

"A person who plays games.";
"Relates a player to the player's
username."

Rationale
(vaem:rationale)

Records the justification for entity
creation or modification across re-
finement iterations.

"Derived from CQ [number] about the
username of a player."

Source
(dc:Source)

Records the CQ or validation feed-
back from which the entity or re-
vision was derived.

"What is the username of the player in
this game?"

Subclass of
(rdfs:subClassOf)

(Classes only) Records subclass re-
lations or logical restrictions in-
volving the class.

(derived from the CQ set, not from the sam-
ple CQ)
:Player rdfs:SubClassOf :Human

Domain
(rdfs:domain)

(Properties only) Specifies the
class to which a property applies.

:hasUsername rdfs:domain :Player

Range
(rdfs:range)

(Properties only) Specifies the
value type or class associated with
a property.

:hasUsername rdfs:range xsd:string

Disjointness
(owl:disjointWith)

(Classes only) Declares that two
classes are mutually exclusive,
meaning that no individual can be-
long to both classes at the same
time.

(derived from the CQ set, not from the sam-
ple CQ)
:Player owl:disjointWith :Game

Other Axioms Captures logical constraints as
structured XML comments to pre-
serve modeling intent.

<!-- Axiom: Player has exactly 1
username -->
(captured as comments)

3.2. Multi-Agent Explainable Ontology Generation Framework

The framework consists of four sequential stages, as illustrated in Figure 1: (1) ontology generation, (2)
syntax repair, (3) logical consistency checking, and (4) pitfall resolution. Each stage is supported by a
dedicated agent defined at creation time by a stage-specific natural language instruction. Appendix A
provides a summary of the agents, their roles, and the prompt information they received (see Table 5
for a summary) and representative instruction examples.



Stage 1: Ontology Generation Stage

Competency
Questions

Ontology Generation Agent

Automated Ontology Generation Based
on the given CQs and selected LLMs

Initial Ontology

Stage 2: Syntax Repair Stage

Syntax Repair Agent

Ensures Well-formed RDF/XML and
Syntactic Correctness

error

Attempt Repaired
Ontology

generate

input

Syntax Validated
Ontology

passed

input

Logical Consistency Agent

Checks for inferences and logical
contradictions using Hermit reasoner

Attempt Correct
Ontology

generate

HermiT report

Logical Consistent
Ontology

input

passed

Stage 3: Logical Consistency Stage

OOPS Pitfall Scanner

input

input

Ontology Pitfall Agent

Auto-correct validated ontology based
on the suggested pitfalls

pitfalls

Attempt Pitfall Correct
Ontology

generate

input

Pitfall Resolved
Ontology

passed

Stage 4: Pitfall Resolution Stage

HermiT Reasoner

Syntax Error Checker

Validated Ontology / 
Input Requirements (CQs)  LLM-based Specialized Agent

Automated Check /
 Decision Point

Unvalidated /
Intermediate Ontology

Figure 1: The MASEO framework consists of four specialized LLM agents (Generation, Syntax Repair,
Logical Consistency, and Pitfall Resolution) through iterative validation loops. Solid borders denote
validated data states and final outputs, while dashed borders represent intermediate, non-validated
candidate ontologies generated during the repair process.

Stage 1: Ontology Generation. The first stage transforms the input CQs into an initial OWL
ontology. The Ontology Generation Agent is defined as an experienced knowledge engineer modeling a
specific domain. During execution, it receives the complete set of CQs as input and generates an initial
ontology in RDF/XML. For each entity introduced, the agent populates the fields Type, Label, Comment,
and Source. The agent also identifies taxonomic relationships and defines the rdfs:subClassOf
hierarchy for relevant classes. For properties, the agent additionally specifies Domain and Range. The
creation rationale for each term, indicating which specific CQ motivated its inclusion, is recorded in
vaem:rationale.

Stage 2: Syntax Repair. After generation, the ontology is validated using a syntax checker. If syntax
errors are detected, the predefined Syntax Repair Agent is invoked with the incorrect ontology and
the corresponding RDFLib error message as input. The agent repairs only structural or serialization
errors in the RDF/XML representation and does not modify provenance fields such as dc:source or
vaem:rationale. This process iterates until the syntax checker reports no errors.

Stage 3: Logical Consistency. Once syntactically valid, the framework invokes the HermiT OWL
reasoner to perform logical consistency checking and subsumption reasoning. If inconsistencies are
detected, the predefined Logical Consistency Agent is invoked with the ontology and the HermiT error



report as input. For each modification, the agent appends a new entry to vaem:rationale and updates
dc:source. Any revision triggers a backtracking loop to Stage 2 for syntax re-validation before the
reasoner is re-run to confirm consistency.
Stage 4: Pitfall Resolution. In the final stage, the ontology is analyzed using the OOPS! scanner

against a taxonomy of 41 common design pitfalls. The resulting XML report is distilled into a textual
summary of the form Pitfall Name ∶ Pitfall Description, which serves as contextual feedback for the
agent. The predefined Ontology Pitfall Agent treats the OOPS! report as a set of debugging suggestions
rather than strict errors, allowing for ontological judgment when deciding whether a flagged pitfall
requires structural modification. For each new or modified entity, the agent records the corresponding
pitfall identifier and description in the vaem:rationale field and updates dc:source.

Following each pitfall-repair iteration, the revised ontology undergoes a comprehensive re-validation
waterfall (re-running Stage 2 and Stage 3) to ensure it remains syntactically and logically sound. The
workflow finishes when OOPS! reports no remaining pitfalls and the ontology passes the final syntax
and consistency checks. To avoid infinite loops, a maximum of five tries are attempted for each step.

3.3. Provenance Tracking: A Step-by-Step Example

To illustrate how the structured representation is populated and updated across all four agent stages in
the MASEO framework, we trace the entity Player through an example drawn from the Video Game
Ontology domain. Note also that at each stage, if the validator reports no issues, the corresponding
agent is not invoked, and the pipeline proceeds to the next stage without modifying any entity record.
In this example, the relevant CQs are shown below:

Listing 1: Competency questions grounding the example
CQ2: Who are the friends of the player?
CQ6: Who does the player play with?
CQ25: What games has the player played?

Stage 1: Generation. The Ontology Generation Agent creates the class Player from CQ2, CQ6, and
CQ25, and also introduces the object property playsGame. From CQ25, the agent further infers that
Player and Game are fundamentally distinct entity types, a player plays games, and therefore cannot
itself be a game, and correctly asserts an owl:disjointWith axiom between the two classes. However,
the agent also erroneously introduces an rdfs:subClassOf axiom asserting Player as a subclass of
Game, a hallucination unsupported by any CQs. This contradiction renders Player unsatisfiable. At
this stage, the corresponding structured records are initialized with provenance metadata through
dc:source and vaem:rationale.

Listing 2: Stage 1: RDF snippet with the initial generation containing a semantic contradiction
<owl:Class rdf:about="http://www.semanticweb.org/myontology#Player">
<rdfs:label>Player</rdfs:label>
<rdfs:subClassOf rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<owl:disjointWith rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<dc:source>CQ2, CQ6, CQ25</dc:source>
<vaem:rationale>
[Ontology Generation Agent] Created class Player from competency questions.

</vaem:rationale>
<!-- Axiom: Player has exactly 1 username -->

</owl:Class>

<owl:ObjectProperty rdf:about="http://www.semanticweb.org/myontology#playsGame">
<rdfs:label>plays game</rdfs:label>
<rdfs:domain rdf:resource="http://www.semanticweb.org/myontology#Player"/>
<rdfs:range rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<dc:source>CQ25</dc:source>
<vaem:rationale>



[Ontology Generation Agent] Created property playsGame from competency questions.
</vaem:rationale>

</owl:ObjectProperty>

Stage 2: Syntax Repair. RDFLib confirms that the Stage 1 output is well-formed RDF/XML, so no
syntax repair is required, and the records remain unchanged.

Stage 3: Logical Consistency. HermiT identifies Player as unsatisfiable because the Stage 1 output
conflict asserts rdfs:subClassOf Game and owl:disjointWith Game. The Logical Consistency Agent
resolves this conflict by removing the rdfs:subClassOf axiom, which lacks grounding in any CQ,
while preserving the owl:disjointWith axiom, which is semantically motivated by CQ25.

Listing 3: Stage 3: Consistency repair of Player
<owl:Class rdf:about="http://www.semanticweb.org/myontology#Player">
<rdfs:label>Player</rdfs:label>
<owl:disjointWith rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<dc:source>CQ2, CQ6, CQ25; HermiT: unsatisfiable class</dc:source>
<vaem:rationale>
[Ontology Generation Agent] Created class Player from competency questions.
[Logical Consistency Agent] Removed rdfs:subClassOf axiom to restore satisfiability.

</vaem:rationale>
</owl:Class>

Stage 4: Pitfall Resolution. OOPS! then detects that the object property playsGame is missing
inverseOf axioms (P13). The Ontology Pitfall Agent addresses this by creating isPlayedBy and asserting
the corresponding owl:inverseOf axioms. The provenance annotations are updated to record this
pitfall-driven refinement, after which the ontology is re-validated through Stages 2 and 3 to ensure that
no new syntax or consistency errors have been introduced.
As shown in Listing 4, the final RDF/XML record reflects contributions from all four stages: initial

class and property creation at Stage 1, silent passage through Stage 2, a consistency fix of the Player
class at Stage 3 through the drop of the conflict rdfs:subClassOf axiom while preserving the CQ-
motivated owl:disjointWith axiom, and a pitfall-driven enrichment of the relation model at Stage
4 through the addition of an explicit inverse property. Because these records are embedded directly
within the generated OWL file as dc:source and vaem:rationale annotations, ontology engineers
can inspect each term and trace both the originating requirement and the validation feedback that
subsequently refined it.

Listing 4: Final integrated RDF/XML snippet with provenance (Game class omitted for simplicity)
<owl:Class rdf:about="http://www.semanticweb.org/myontology#Player">
<rdfs:label>Player</rdfs:label>
<owl:disjointWith rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<dc:source>CQ2, CQ6, CQ25; HermiT: unsatisfiable class</dc:source>
<vaem:rationale>
[Ontology Generation Agent] Created class Player from CQ2, CQ6, CQ25.
Asserted owl:disjointWith Game based on CQ25.
[Logical Consistency Agent] Removed rdfs:subClassOf axiom to restore satisfiability.

</vaem:rationale>
<!-- Axiom: Player has exactly 1 username -->

</owl:Class>

<owl:ObjectProperty rdf:about="http://www.semanticweb.org/myontology#playsGame">
<rdfs:label>plays game</rdfs:label>
<rdfs:domain rdf:resource="http://www.semanticweb.org/myontology#Player"/>
<rdfs:range rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<owl:inverseOf rdf:resource="http://www.semanticweb.org/myontology#isPlayedBy"/>
<dc:source>CQ25; OOPS!: missing inverse relation</dc:source>
<vaem:rationale>
[Ontology Generation Agent] Created property playsGame from CQ25.



Table 2
Overview of the CQ sets used in the evaluation, including their source ontology, scale, number of
Competency Questions (CQs), application domains, and languages.

CQ Set Source Size #CQs Application Domain Language
Infrastructure Ontology Small 5 Infrastructure Management Spanish
Vehicle Census Ontology Medium 28 Vehicle Registration Data Spanish
Video Game Ontology Large 68 Videogames and analytics English

[Ontology Pitfall Agent] Missing inverse relationship for playsGame.
</vaem:rationale>

</owl:ObjectProperty>

<owl:ObjectProperty rdf:about="http://www.semanticweb.org/myontology#isPlayedBy">
<rdfs:label>is played by</rdfs:label>
<rdfs:domain rdf:resource="http://www.semanticweb.org/myontology#Game"/>
<rdfs:range rdf:resource="http://www.semanticweb.org/myontology#Player"/>
<owl:inverseOf rdf:resource="http://www.semanticweb.org/myontology#playsGame"/>
<dc:source>OOPS!: This pitfall appears when any relationship does not have an inverse

relationship for playsGame</dc:source>
<vaem:rationale>
[Ontology Pitfall Agent] Created inverse property isPlayedBy for playsGame.

</vaem:rationale>
</owl:ObjectProperty>

4. Evaluation
We evaluate the MASEO framework through three case studies, each driven by a CQ set of different size
and domain. The goal is to analyze how the pipeline develops ontologies from CQs and how they align
with the corresponding gold-standard ontologies (Ontosgold). We first describe the experimental setup
and the CQ sets used in the evaluation. We then analyze MASEO-generated ontologies (Ontosgen) from
two complementary perspectives: structural characteristics and CQ coverage derived from provenance
records, and concept label matching with Ontosgold.

4.1. Experimental Setup

4.1.1. Datasets

Table 2 summarizes the main characteristics of each CQ set used in our evaluation, all developed by
knowledge engineers. The first CQ set is defined for the Infrastructure Ontology,6 which focuses on
infrastructure assets and their management. It includes 5 CQs, originally developed as part of the
ontology design process by domain experts, and written in Spanish. The second CQ set is defined
for the Vehicle Census Ontology (VCO).7 It contains 28 CQs related to vehicle registration and census
data, also provided in Spanish. These questions were used to guide the development of the original
ontology and reflect domain-specific requirements. The third CQ set is associated with the Video Game
Ontology (VGO),8 which consists of 68 CQs covering core video game entities, gameplay interactions,
and monetization aspects. These questions are expressed in English and originate from the CORAL
corpus [47].

6https://github.com/telefonicasc/edint-ontologia-infraestructura
7https://github.com/telefonicasc/edint-ontologia-censovehiculos
8https://vocab.linkeddata.es/vgo/
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4.1.2. Evaluation Metrics

We combine quantitative and qualitative analysis to examine the ontologies generated by MASEO.
First, we analyze the structural characteristics of the generated ontologies ( Ontosgen). Quantitatively,
structural metrics such as the number of classes, properties, and other ontology elements are extracted
from the RDF/XML ontologies using the owl2diagram9 tool and compared with those of the Ontosgold.
Qualitatively, ontology experts inspect the provenance records to explain observed structural differences
and identify which CQs or repair steps led to the introduction or revision of specific concepts, properties,
or axioms. Based on this analysis, we also report CQ coverage, defined as

CQCoverage =
|𝑄covered|
|𝑄input|

, (1)

where 𝑄input denotes the set of input CQs and 𝑄covered denotes the subset that can be traced to at least
one ontology element in the Ontosgen through expert inspection of the provenance records.
In the second evaluation step, we assess concept label matching between the Ontosgen and the

Ontosgold. Precision, recall, and F1-score are computed over concept matches obtained using three
strategies, namely Exact match, lexical match, and semantic match:

𝑃 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, 𝑅 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, 𝐹1 = 2𝑃𝑅
𝑃 + 𝑅

. (2)

Here, 𝑇𝑃, 𝐹𝑃, and 𝐹𝑁 denote true positives, false positives, and false negatives. Exact match identifies
concept labels that are character-for-character identical, providing a strict baseline that reflects exact
terminological agreement. Lexical match is computed using SequenceMatcher [48], which measures
character-level overlap and is well-suited for detecting near-identical labels that differ only in minor sur-
face variations such as spacing or punctuation. Semantic similarity is computed using embedding-based
cosine similarity with embeddinggemma [49], an open-weights model optimized for high-dimensional
semantic search. This approach captures conceptual equivalence between labels that are lexically
distinct but semantically related (e.g., ”Authorization” and ”Permit”).
Together, these three strategies form a spectrum from exact to approximate matching, allowing a

more comprehensive assessment of concept label alignment between the Ontosgen and Ontosgold.
We also report on concept coverage under the three matching strategies:

ConceptCoverage𝑚 =
|𝐶𝑚match|
|𝐶gold|

, 𝑚 ∈ {exact, lex, sem}. (3)

Here, 𝐶gold is the set of classes in the Ontogold, and 𝐶𝑚match is the set of concepts matched under strategy
𝑚.

4.1.3. Reproducibility

To facilitate reproducibility, we integrate several open-source ontology engineering tools together with
DeepSeek-V3.210 [50] for ontology generation and refinement. Syntax validation is implemented using
RDFLib (v7.2.1).11 Logical consistency checking is performed by the HermiT OWL reasoner (v1.3.8),12
and pitfall detection is conducted via official API calls to the OOPS! 2 pitfall scanner. For the evaluation
phase, ontology structural diagrams are generated using owl2diagram (v0.1.2). For lexical matching,
character-level similarity is computed using SequenceMatcher from the difflib library.13 For semantic
matching, embedding-based cosine similarity is computed using embeddinggemma,14 hosted locally via
9https://github.com/jatoledo/owl2diagram
10https://huggingface.co/deepseek-ai/DeepSeek-V3.2
11https://rdflib.readthedocs.io/en/7.1.2/
12http://www.hermit-reasoner.com/
13https://docs.python.org/3.8/library/difflib.html
14https://ollama.com/library/embeddinggemma
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Figure 2: Structural comparison of the Vehicle Census Ontology (VCO). The generated version (b)
effectively identifies the core domain in (Vehicle, Owner) while exhibiting characteristic taxonomic
flattening and increased property density derived from the CQs.

the Ollama runtime environment15 to ensure deterministic inference. All experiments are conducted
under a unified configuration across the three CQ sets to ensure comparability of results.

4.2. Results

This section presents the evaluation results of the three case studies obtained by applying MASEO. We
first analyze the structural characteristics and CQ coverage derived from the provenance records.16
This analysis is followed by an assessment of their alignment with expert-designed gold standards.

4.2.1. Structural Analysis and Competency Question Coverage

Across all CQ sets, the Ontosgen consistently identified the core domain entities. As illustrated in
Figure 2, we use the VCO as a representative example, as its compact structure makes the comparison
most interpretable; the remaining ontology diagrams are provided in Appendix B. Central entities such
as Vehicle and Owner appear in both the Ontosgen and Ontosgold, confirming that MASEO reliably
captures the core concepts expressed in the CQs.
More broadly, Table 3 reveals consistent structural patterns across all three datasets. A recurring

difference is hierarchy depth: Ontosgen tend to remain taxonomically shallow, strictly reflecting the
concepts explicitly required by the CQs, whereas Ontosgold introduce richer subclass hierarchies to
support broader extensibility and reusability. This contrast is most pronounced in the VGO dataset,
where VGOgen contains no subclass relations, while VGOgold defines a 24 relation hierarchy (e.g.,
14 subclasses of Achievement). This taxonomic divergence suggests that Ontosgold are designed as
expansive reference models, incorporating a wider domain context that extends beyond the defined
functional requirements of the CQs. The Ontosgen also frequently exhibit higher property density, as in
the VCO case where MASEO produced 18 object properties against the 4 in gold, whereas experts tend
toward more concise structures (e.g., using ManagementRole in Infrastructuregold) to support broader

15https://ollama.com/
16The input CQs and the generated RDF/XML ontologies with traceable provenance records are available at https://github.
com/oeg-upm/maseo/tree/main/dataset
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Table 3
Comparison of structural metrics between the generated and gold-standard ontologies across three CQ-
driven case studies: Infrastructure (left), Vehicle Census (middle), and Video Game (right).

Infrastructure Ontology Vehicle Census Ontology Video Game Ontology

Element Gold Gen Gold Gen Gold Gen

Classes 37 14 7 15 37 13
Object Properties 13 12 4 18 32 33
Datatype Properties 0 5 4 2 6 9
Subclass Relations 15 7 1 4 24 0
InverseOf Axioms 0 6 0 9 0 15

Linked CQs 5 5 28 17 68 37
CQ Coverage 100.0% 60.7% 54.4%

extensibility. The generated ontologies also excel at capturing data attributes explicitly requested in the
CQs: in the Infrastructure case, Infrastructuregen produced datatype properties such as isAvailable
and zoneName that are absent from the Infrastructuregold, precisely because these were directly specified
in the CQs.

Next, we examine each result in detail. The Infrastructure Ontology, comprising 5 CQs, yielded a
focused, operational model. While Infrastructuregold with 37 classes is significantly larger due to its
municipal scope and reuse of external vocabularies (e.g., GeoSPARQL, SOSA), Infrastructuregen contains
14 classes and provides a precise model directly grounded in the input requirements. Provenance records
confirm 100% CQ coverage: all core classes (e.g., ParkingLot, Rate, Permit) are directly traceable to
the input CQs, while the 6 inverse object properties were introduced exclusively by the Ontology Pitfall
Agent to resolve missing inverse relationship pitfalls (P19) detected by OOPS!.

The Vehicle Census Ontology (28 CQs) demonstrates the ability of MASEO to handle complex
relational requirements, achieving 60.7% CQ coverage. Provenance records confirm that every core
entity, including specific subclasses such as LowEmissionZone and RoadSegment, was directly trig-
gered by input CQs. The remaining divergence is due to those attributes present in VCOgold (e.g.,
licensePlateNumber, activationDate) that were not mentioned in any of the provided CQs, and
therefore fell outside the scope of MASEO. Similarly, nine inverse object properties were added by the
Ontology Pitfall Agent in response to the same pitfall (P19).

The Video Game Ontology is the most complex case, spanning 68 CQs, with coverage decreasing to
54.4% as only 37 CQs are linked to generated ontology elements. This is not a failure of alignment but
rather a consequence of semantic saturation: in larger CQ sets, multiple requirements often converge on
the same underlying concept (e.g., various gameplay actions and player interactions mapped to a single
Player or ActionEvent class), and the provenance records confirm that MASEO avoids redundancy by
linking multiple CQs to a single, well-defined ontology element rather than generating duplicate classes.
Fifteen inverse object property pairs follow the same pattern (added due to OOPS! pitfall reports).
Across all three datasets, the Ontosgen closely reflect the core logic of their expert-designed gold

standards, but differ in granularity and the abstraction level. A major advantage of MASEO is full
auditability, as each modeling decision is documented via provenance records which allow ontology
engineers edit or adapt the produced ontology.

4.2.2. Concept Label Matching

To further quantify the conceptual overlap between Ontosgen and Ontosgold beyond structural metrics,
we next assess their alignment by matching the concept labels.

Table 4 presents the concept label matching results across the three datasets, evaluated under three
distinct matching strategies. The Ontosgen comprising 14, 15 and 13 classes derived from the CQs for
the Infrastructure, Vehicle Census, and Video Game domains are compared against their correspond-
ing Ontosgold, which contain 40, 10, and 37 classes. Concept labels are extracted by prioritizing the



Table 4
Concept label matching results across the three ontologies, comparing Ontogen against Ontogold under
three matching strategies: exact, lexical, and semantic. For each strategy, concept coverage (Cov.),
precision (P), recall (R), and F1-score (F1) are reported.

Infrastructure Ontology Vehicle Census Ontology Video Game Ontology

Strategy Cov. P R F1 Cov. P R F1 Cov. P R F1

Generated classes 14 15 13
Gold-standard classes 40 10 37

Exact match 0.025 0.071 0.025 0.037 0.400 0.267 0.444 0.333 0.135 0.385 0.135 0.200
Sequence Match 0.491 0.771 0.491 0.600 0.783 0.609 0.783 0.685 0.591 0.895 0.591 0.712
Semantic match 0.605 0.844 0.605 0.705 0.846 0.711 0.846 0.772 0.712 0.924 0.712 0.804

xml:lang="en" attribute. In cases where no English label is available, the URI local name serves as a
fallback. For the Spanish-based datasets, this mechanism retains the original Spanish identifiers for
specific gold-standard classes, such as “estacionbicicleta” (bike station) in the Infrastructure Ontology
and “tramo” (road segment) in the VCO.

Under Exact match, performance is consistently low across all three datasets, with F1 scores of 0.037,
0.333, and 0.200 and class coverage of 0.025, 0.400, and 0.135. Beyond the Spanish fallback identifiers,
gold-standard concept labels often include externally imported identifiers (e.g., “gsp:Feature”) that do
not match the shorter, CQ-derived labels. VCO attains the highest Exact match coverage with 0.400, as
several core concepts such as “Organization”, “Owner”, “Person”, and “Vehicle, are generic enough that
both MASEO and the Ontosgold independently selected identical English labels.
SequenceMatcher yields intermediate results of F1 = 0.600, 0.685, and 0.712 by capturing shared

substrings effectively. For instance, in the VGO, it successfully identifies the relationship between
“AchievementType” and “Achievement” with similarity = 0.815, and “VehicleType” to “Vehicle” with
similarity = 0.737 in the VCO. However, its purely lexical nature limits its ability to handle more
significant terminological shifts.

Semantic matching achieves the highest overall performance across all three datasets, with F1 scores
of 0.705, 0.772, and 0.804, and coverage reaching 0.605, 0.846, and 0.712. This superiority reflects the
ability to bridge the terminological gap. For example, in the Infrastructure dataset, this metric correctly
aligns “ResidentPermit” and “LoadingAndUnloadingPermit” to the gold-standard class “Permit” (similarity
= 0.846 and 0.771 respectively). In contrast, lexical methods struggle with the string length disparity.
VGO achieves the highest semantic precision in 0.924, successfully aligning generated concepts like “In
app purchase” to the gold-standard “In app purchase event” (similarity = 0.878), indicating that nearly all
concepts generated by MASEO are semantically valid within the target domain, even when they employ
different nomenclature from the gold standard. All reported alignments were additionally reviewed by
hand to confirm their quality.

Overall, the transition from exact to semantic matching consistently recovers a substantial proportion
of conceptual overlap, with coverage reaching up to 0.846 in the VCO. As anticipated in our struc-
tural analysis in Section 4.2.1, the remaining coverage gap is primarily explained by the presence of
gold-standard concepts representing domain knowledge beyond the scope of the input CQ set, an
inconsistency already reported in prior literature [51]. This confirms that MASEO effectively main-
tains a ”requirement-focused” modeling boundary, avoiding the inclusion of auxiliary terms found in
expert-built models.

We note that this evaluation approach remains valid even when the concepts generated by MASEO
diverge from those explicitly mentioned in the CQs, as semantic matching captures meaningful equiva-
lences that lexical methods would miss.



5. Discussion
This section interprets the empirical findings and discusses the implications for multi-agent, CQ-driven
ontology generation. The analysis focuses on the performance of MASEO framework, the granularity
of requirements, and the challenges inherent in benchmarking against expert models.

5.1. Effectiveness of MASEO

The results demonstrate that the multi-agent architecture provides a first step towards automating
the complex task of ontology development. The sequential validation stages ensure that Ontosgen are
semantically relevant and technically sound, as evidenced by the precision of 0.92 (semantic) in the
VGO case.

The strict adherence to the RDF/XML serialization was a deliberate design choice required by the
OOPS! API and HermiT reasoner to achieve full pipeline automation. While this ensures a seamless
end-to-end workflow, it introduces certain trade-offs in terms of output readability. Currently, MASEO
only supports RDF/XML, a constraint to be addressed by integrating other RDF-based serializations
like Turtle, which are easier to digest by humans.

At the moment, the scope of logical validation is defined by the OWL 2 DL profile supported by the
HermiT reasoner (e.g., validating disjointness axioms). However, more complex axioms are recorded
using comments, limiting consistency checking to basic structures. In future work, we plan to support
formal OWL representations for complex axioms, enabling more comprehensive logical validation. In
addition, we have observed that the Logical Consistency Agent may apply shallow repair strategies, for
example, by removing a semantically valid disjointness axioms, particularly when CQ grounding is
implicit or ambiguous. Addressing this limitation may require revisiting CQ coverage to provide the
agent with stronger provenance-based grounding for its repair decisions.
As for provenance, we intend to enhance the provenance tracking mechanism from simple string

annotation literals to established standards such as PROV-O [52]. This will enable the construction of
structured provenance graphs, allowing the tracing of how specific CQs or agent interactions influenced
the final ontology.
Finally, we acknowledge that the automated adoption of OOPS! recommendations may sometimes

lead to conceptually redundant additions, such as large numbers of inverse object properties. This
may be improved by considering the criticality associated with each pitfall and incorporating human
preferences, allowing domain experts to evaluate the semantic necessity of suggested modifications,
particularly when multiple modeling alternatives exist.

5.2. Reproducibility and Architectural Constraints

The fixed agent sequence included in this version of MASEO ensures reproducibility but introduces a
single-pass execution model without iterative feedback. Once a stage is completed, MASEO does not
revisit earlier outputs or re-evaluate unlinked CQs, and therefore lacks dynamic re-entry. In particular,
if a core class is removed during logical consistency repair, the competency question that motivated
it may become silently unlinked, with no mechanism to detect or recover this loss. While this is a
deliberate trade-off to ensure computational efficiency and prevent infinite agent loops, it represents a
limitation in handling the coverage of complex modeling scenarios.
In future work, we plan to explore the integration of human-in-the-loop mechanisms within an

iterative refinement process, enabling the system to revise earlier modeling decisions based on human
feedback and the original CQ set. This may support more robust handling of complex modeling choices
and help ensure that critical competency questions are not lost during automated refinement.

Output quality also remains sensitive to model choice and prompt design. The selected open-source
model (DeepSeek-V3.2) requires significant computational infrastructure to run, and minor variations
in the framing of pitfall reports may lead to different structural adjustments, underscoring the challenge
of achieving fully deterministic automated modeling [17, 53].



5.3. Influence of CQ Set Scale and Quality

Our experiments reveal a trade-off between CQ set scale and ontology richness. The Infrastructure
CQ set, comprising 5 CQs, achieved 100% CQ coverage but showed the lowest structural similarity
to Ontogold, reflecting a sparse but requirement-faithful model where every CQ is explicitly mapped
to a concept. In contrast, the VGO CQ set, spanning 68 CQs, yielded a richer ontology but lower CQ
coverage of 54.4%, as semantic overlap across requirements allows a small number of core elements to
resolve multiple CQs, resulting in a more condensed conceptual model.
CQ quality also affects modeling accuracy. CQs containing examples led MASEO to interpret

instance-level data as named subclasses rather than individuals. This schema–instance conflation is a
systematic limitation rather than an isolated edge case; without a principled mechanism to separate
TBox concepts from ABox instances during input processing, the generation agent struggles to reliably
distinguish conceptual structure from exemplary data. In future work, we plan to investigate the impact
of incorporating a semantic interpretation step that structures CQ inputs prior to generation.

5.4. Rethinking Benchmarks for CQ-Driven Ontology Generation

The comparison between Ontosgen and Ontosgold reveals a fundamental divergence in design philosophy.
As noted in Section 4.2.1, Ontosgold often function as expansive reference models that incorporate
external vocabularies such as SOSA and GeoSPARQL, which extend well beyond the scope of the input
CQs. The observed gaps in semantic coverage therefore, reflect the relative over-completeness of expert
models with respect to the input requirements, rather than a deficiency in the MASEO generation
process. This discrepancy suggests that when Ontosgold encodes knowledge not present in the input
CQs, absolute structural alignment becomes a misleading metric for pipeline quality. This motivates
the need for dedicated benchmarks where gold-standard references are derived strictly from the same
CQ sets. Such a framework would enable a fair assessment based on requirement fit, distinguishing
between a failure to capture stated requirements and the intentional omission of out-of-scope domain
knowledge.
Beyond structural metrics, future work should also explore more advanced evaluation strategies

that go beyond label matching. In particular, we aim to consider not only concept labels but also the
relationships and properties between them, enabling a more faithful assessment of the semantic validity
of generated ontologies.

6. Conclusion
This paper presents MASEO, a fully automated end-to-end multi-agent framework for ontology gen-
eration from Competency Questions. By decomposing the ontology engineering workflow into four
specialized stages, MASEO generates OWL ontologies directly from CQs and incrementally refines
them through syntax repair, logical consistency verification, and pitfall resolution. A key contribution
of MASEO is a provenance tracking mechanism, which links each ontology term and axiom to the
specific CQ or validation feedback that motivated its introduction or revision. An evaluation across
three case studies shows that the proposed framework provides a first step towards operationalizing
input requirements. The results further indicate that CQ coverage and structural alignment with expert-
designed ontologies represent complementary dimensions of evaluation. Overall, MASEO improves the
transparency, traceability, and practical usefulness of automated ontology generation.
More broadly, MASEO is designed to support knowledge engineers. Instead of producing final

ontologies, it provides a transparent and traceable starting point that can be refined and validated by
human experts after each iteration. The provenance tracking mechanism is central to this approach, as it
makes each automated decision visible and traceable, allowing engineers to understand, challenge, and
revise modeling choices. In this way, generative models act as assistants rather than decision-makers in
the construction of shared conceptualizations.



As for future work, we plan to extend MASEO to better support additional stages of the ontology
development lifecycle [1] (e.g., ontology reuse). Given the flexibility of our framework in defining new
tasks and agents, we intend to explore alternative agentic configurations that enable CQ coverage vali-
dation and human‑in‑the‑loop refinement after each iteration (i.e., after going through the full pipeline).
We will also investigate methods for generating complex OWL axioms and for separating schema‑level
concepts from instance‑level data through CQ pre‑processing. To further enhance transparency, we
will align our provenance graphs with the PROV‑O standard, producing structured, queryable traces of
how each axiom and term was derived from specific competency questions or validation feedback.
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Table 5
Summary of the specialized agents, defined roles, and input sources for each stage of the pipeline.

Pipeline Stage Assigned Role Primary Input Source

Ontology Generation Expert Knowledge Engineer Competency Questions
Syntax Repair Technical Knowledge Engineer OWL Ontology and RDFLib Error Logs
Logical Consistency Expert Ontology Engineer OWL Ontology and HermiT Reports
Pitfall Resolution Expert Ontology Engineer OWL Ontology and OOPS! Evaluation

Syntax Repair Agent Instruction:
“You are a technical knowledge engineer. Your task is to identify and resolve syntax errors in the provided
RDF/XML source code to ensure the file is parsable by standard RDF libraries.”

Logical Consistency Agent Instruction:
“You are an expert ontology engineer. You are provided with a debugging report from the HermiT reasoner
for a specific ontology. Your objective is to analyze the identified inconsistencies or subsumption errors,
refine the ontology source code accordingly, and output a logically sound version.”

Ontology Pitfall Agent Instruction:
“You are an expert ontology engineer. You are provided with a diagnostic report from OOPS! (Ontology
Pitfall Scanner). Your task is to evaluate the identified modeling pitfalls, implement necessary architectural
repairs when appropriate, and generate an optimized version of the ontology.”

B. Ontology Structural Diagrams
To complement the quantitative structural analysis presented in Section 4.2, this section provides visual
comparisons between the expert-built gold standards and the ontologies generated by MASEO. These
diagrams illustrate the hierarchical depth and conceptual coverage discussed in the main text.
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Figure 3: Structural comparison of the Infrastructure Ontology. Infrastructuregold incorporates a broader
municipal scope with external vocabulary reuse, while Infrastructuregen provides a focused model grounded
in the five input CQs.
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Figure 4: Structural comparison of the Video Game Ontology (VGO). VGOgold defines a rich hierarchy
with 24 relational subclasses, whereas VGOgen remains taxonomically flat with higher property density
derived from the 68 input CQs.
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