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ABSTRACT
Competency questions (CQs) delineate an ontology’s intended
scope and use, yet many published ontologies are released without
CQs, hindering interpretation and reuse. We present CQGen-MAS,
a multi-agent system that automatically generates CQs from an
existing ontology. We evaluate CQGen-MAS on a diverse set of
ontologies and compare it with baseline approaches. Experimen-
tal results show that CQGen-MAS consistently performs favor-
ably across diverse ontologies, indicating improved coverage and
stronger semantic alignment with their conceptual scope.
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1 INTRODUCTION
Competency Questions (CQs) are user-oriented interrogatives that
define an ontology’s intended scope and help engineers select rele-
vant concepts and relations, while also validating whether the ontol-
ogy can answer key information needs [8–10, 12]. However, many
published ontologies are released without associated CQs [2, 7, 14],
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making it difficult for downstream users to assess intended use
cases and, in turn, limiting reuse and interoperability. This moti-
vates the task of deriving CQs directly from an existing ontology,
turning implicit conceptual intent into explicit, testable checks.

Recent work explores using large language models (LLMs) to
generate CQs [1, 3, 4, 11], often with carefully designed prompts,
but two practical limitations remain. First, many methods rely on
coarse-grained inputs such as corpora [3], concept lists [11], or
isolated triples [1], which provide insufficient structural context.
As a result, they struggle to generate complex, multi-hop CQs and
instead produce mostly surface-level, single-hop retrieval ques-
tions, which conflicts with CQ design practice [8]. Second, most
approaches lack executable validation and explicit coverage control,
treating CQ generation as a one-off step rather than an iterative
process that refines questions against the ontology.

To address these gaps, we introduceCQGen-MAS, a multi-agent
system for automatically generating CQs from existing ontologies.
CQGen-MAS targets (i) complex multi-hop CQ generation under
LLM context constraints and (ii) progressive improvements in con-
ceptual coverage via iterative refinement, yielding CQ sets that
better reflect an ontology’s scope.

2 PROBLEM STATEMENT
Given an ontology 𝑂 , formalized as a graph of interconnected
classes and properties representing domain knowledge, our goal
is to automatically generate a set of competency questions CQs
that makes the ontology’s conceptual scope explicit and testable.
We require CQs to satisfy two criteria. (1) Semantic relevance: each
generated question must be conceptually scoped to 𝑂 , i.e.,

∀𝑐𝑞𝑖 ∈ CQs, ∃𝑞𝑖 = 𝜏 (𝑐𝑞𝑖 ) s.t. domain(𝑞𝑖 ) ⊆ D𝑂 , (1)

where D𝑂 denotes the set of concepts (classes/properties) defined
in 𝑂 , 𝜏 (·) maps a natural-language CQ to a formal query (e.g.,
SPARQL), and domain(𝑞𝑖 ) extracts the ontology concepts refer-
enced in 𝑞𝑖 . (2) Conceptual coverage: the question set should cover
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a sufficient portion of 𝑂 ’s conceptual space, i.e.,

Cov(CQs,𝑂) =

����� ⋃
𝑐𝑞𝑖 ∈CQs

domain(𝑞𝑖 )
�����

|D𝑂 |
≥ 𝛼, (2)

where 𝛼 ∈ (0, 1] is a coverage threshold. Overall, the task targets
CQs that are both semantically aligned with 𝑂 and sufficiently
comprehensive to improve interpretability and reuse.

3 APPROACH
CQGen-MAS coordinates three agents—Ontology Segmenter, CQ
Generator, and SPARQL Validator—in a closed loop to produce CQs.

Ontology Segmenter. Feeding a full ontology to an LLM is
often impractical: context limits can cause semantic compression,
washing out structural cues and degrading CQ quality. Yet seg-
menting too finely (e.g., generating from isolated triples) tends to
bias the output toward surface-level, single-hop questions, making
complex multi-hop CQs hard to obtain. The Segmenter therefore
preprocesses the ontology by selecting an appropriate segmenta-
tion granularity and producing semantically coherent subgraphs
{𝐺𝑖 }. For heterogeneous ontologies, it can choose among graph
partitioning methods (e.g., METIS [6], Louvain [5], Leiden [13]) to
adapt the subgraph scale and coherence.

Competency Questions Generator. Given each subgraph 𝐺𝑖 ,
the Generator produces CQs that are semantically grounded in the
ontology and span both simple single-hop and complex multi-hop
requirements. Since CQ style and intent are domain-dependent,
we use few-shot prompting with a small set of high-quality in-
domain CQ exemplars (plus a brief ontology description) to stabilize
phrasing and encourage appropriate complexity.

SPARQL Validator. Generator alone does not guarantee CQ-
set quality, so we introduce a Validator to operationalize the two
requirements in our problem statement: semantic relevance and
conceptual coverage. The Validator translates each CQ into an
executable SPARQL query and executes it against the ontology.
Queries that execute successfully and return non-empty answers
provide evidence of consistencywith the ontology’s structure, while
the referenced classes are used to track conceptual coverage. Un-
covered concepts and validation feedback are then returned to
the Generator to trigger targeted expansion, forming an iterative
generate–validate–expand loop that improves both correctness and
coverage.

Table 1: Recall of Competency Questions: Simple vs. Com-
plex.

Method Type OneM2M SAREF4ENV VGO VicinityCore

Ours Simple 84.2 80.0 88.9 77.8
Complex 77.8 66.7 71.5 47.6

LLM4KE
[11]

Simple 16.7 31.1 55.5 24.5
Complex 13.3 3.8 21.9 21.4

RETROFIT-
CQs [1]

Simple 81.7 74.0 81.4 68.6
Complex 70.4 38.5 38.3 28.6

4 EVALUATION
We compare CQGen-MAS against the following two baseline ap-
proaches: LLM4KE [11] and RETROFIT-CQs [1]. Three methods
are evaluated on a set of heterogeneous ontologies that vary in
domain, size, and CQ complexity, in order to assess whether the
proposed method can reliably generate valid and representative
competency questions. While our primary goal is coverage, we
report Recall here to ensure a fair and direct comparison with base-
line approaches following their evaluation protocols. Additionally,
we stratify this comparison across complexity levels (simple vs.
complex) to highlight performance on complex CQs.

As shown in Table 1, CQGen-MAS achieves higher recall on
expert-authored benchmark CQs across four heterogeneous on-
tologies, with particularly strong performance on complex CQs
that require multi-class and multi-relation reasoning. In addition to
the complexity-level comparison reported here, we also evaluated
different LLM-Method pairs and conducted ablation studies on key
components of CQGen-MAS. Due to extended abstract space con-
straints, these results are omitted. We refer interested readers to
the full paper for the complete experimental results and detailed
analyses.

5 CONCLUSION
In this paper, we introduced CQGen-MAS, the first multi-agent
framework for generating CQs from existing ontologies. Our sys-
tem contributes a new iterative generation–validation paradigm,
and demonstrates how SPARQL-based validation can be effectively
operationalized within a MAS setting.

We evaluated the CQGen-MAS over four diverse ontologies.
Experimental results show that our method outperforms existing
baseline approaches, achieving superior recall and F1 scores in
most cases. In addition, our approach exhibits a clear advantage in
formulating complex questions.

Despite its strong performance, CQGen-MAS has room for im-
provement. We treat expert-authored CQ sets as ground truth in our
evaluation and do not further assess their own conceptual coverage
or semantic alignment with the ontology; in practice, we observed
that some expert CQ sets may not fully match the ontology’s scope.
Future work will explicitly analyze this issue and introduce dedi-
cated experiments and metrics for coverage (and alignment) of CQ
sets. In addition, Ontology Segmentor could benefit from combining
structural and semantic cues to avoid separating related entities.
Furthermore, the development of more reliable benchmarks and
alternative evaluation criteria beyond semantic similarity are es-
sential for a faithful assessment of generation performance.
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