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Abstract

We present NeOn-ACE (Alignment and Coverage Evaluation), a NeOn-GPT extension that integrates LLMs
into ontology engineering for regulation-driven application profiles. NeOn-ACE extends the base NeOn-GPT
pipeline with two novel steps: (i) LLM-assisted semantic alignment to reference ontologies and (ii) iterative
LLM-based coverage evaluation against regulatory competency questions. We demonstrate the methodology
using the EU AI Act Annex IV as one example regulatory context, with prototypical results and tools available at
https://w3id.org/aidoc-ap/.
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1. Introduction

Recent regulatory developments such as the EU Al Act [1] impose detailed technical documentation
obligations on high-risk Al systems. Current documentation practices remain largely unstructured and
text-based, hindering automated compliance and cross-system comparison. We present NeOn-ACE,
an extended methodology for regulation-driven ontology engineering that adapts NeOn-GPT [2], an
LLM-powered framework, with two key extensions: (i) LLM-assisted semantic alignment to reference
ontologies and (ii) iterative LLM-based coverage evaluation against regulatory competency questions
(CQ). In this paper, the EU AI Act is used as a motivating example; the methodology itself is designed
for regulatory texts in general.

2. Background and Related Work

Large language models have been integrated into several stages of the ontology engineering lifecycle.
NeOn-GPT [2] operationalises competency-question-driven development by automating terminology
extraction, definition generation, taxonomy construction, and axiomatisation, with reasoning and
human review in the loop. A separate strand targets ontology matching: LLMs4OM applies LLMs for
zero-shot alignment across ontologies [3], prompt-based frameworks address more complex alignment
tasks [4], and multi-agent dialogue has been explored as a means of negotiating mappings [5]. A third
strand uses LLMs to generate or critique competency questions, e.g., to detect semantic modelling
pitfalls [6].

These strands remain disjoint. NeOn-GPT and related pipelines build ontologies bottom-up from
source texts but provide no systematic way to (i) reuse existing vocabularies through alignment or (ii)
measure how well the evolving ontology covers an externally fixed set of requirements. Conversely,
LLM-based matchers operate on finished ontologies and do not feed back into iterative refinement.
As a result, when an ontology is driven by an external requirement source — a standard, a regulation,
or a domain reference — engineers must manually orchestrate vocabulary reuse and completeness
tracking across iterations. NeOn-ACE closes this loop: to our knowledge it is the first methodology to
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Figure 1: Extended NeOn-GPT pipeline. Numbers refer to steps described in Section 3.

integrate LLM-assisted alignment and LLM-based coverage estimation into a single iterative ontology
engineering workflow.

We instantiate NeOn-ACE in a regulation-driven setting where this gap is particularly acute. Annex
IV of the EU Al Act [1] specifies the technical documentation that providers of high-risk Al systems
must maintain — covering system purpose and setup, development and testing, data and design choices,
risk and oversight, lifecycle updates, conformity, and post-market monitoring. Current documentation
practices (e.g., model cards [7], datasheets [8]) are largely unstructured. Existing Al-focused ontologies
such as AIRO [9], VAIR [10], and MLSchema [11] cover related concepts but none are grounded in
Annex IV, so building a compliant ontology requires both reusing what these vocabularies provide and
demonstrating coverage against the regulation — exactly the two-sided problem NeOn-ACE addresses.

Concurrent work has explored open knowledge graphs for mapping EU Al Act requirements to
harmonised international standards [12]; this is complementary to our methodology, which targets the
construction of regulation-grounded ontologies rather than cross-standard concept mapping.

3. NeOn-ACE: Extended NeOn-GPT Pipeline

NeOn-ACE builds on NeOn-GPT [2] and adapts it to a regulation-driven workflow. We retain the 5
NeOn-GPT steps but tailor terminology extraction and the subsequent modelling activities to regulatory
source texts and competency questions (see subsection 3.1). We then add 2 novel expansion steps
(see Sections 3.2 and 3.3), as depicted in Figure 1. Together, these additions help us integrate existing
vocabularies and track how well the ontology supports regulation-derived requirements.

Human validation is performed at explicit checkpoints throughout this workflow. First, after Steps 1,
2, and 3, ontology engineers manually curate LLM outputs (candidate terms and definitions, proposed
subclass relations, and proposed OWL axioms) into a refined ontology draft, grounded in the target
regulation and domain knowledge. Subsequently, after each iteration, experts review and confirm or
revise the outputs of Step 4 (HermiT inferences and detected inconsistencies), Step 5 (OOPS! pitfall
reports), Step 6 (suggested alignment relations and confidence scores), and Step 7 (coverage scores,
matched terms, and explanations) before changes are incorporated into the next ontology revision.

3.1. Steps 1-5: Based on NeOn-GPT Pipeline

(1) Terminology Extraction and Definition Generation. We start by collecting candidate terms from the
target regulation and complementary domain documentation resources (e.g., ontologies and datasheets).
For each candidate, an LLM produces an initial definition together with synonyms and related concepts
that may indicate overlaps or missing distinctions. These outputs are treated as drafting support rather



than final modelling decisions. The ontology authors review, revise, and consolidate the terminology to
keep it faithful to the regulatory source text and consistent with domain usage.

(2) Taxonomy Construction. Using the refined vocabulary, we prompt the LLM to suggest subclass rela-
tions and broader category placements. For instance, it may propose that documentation about training
datasets should be treated as a more specific type of dataset documentation. We manually validate these
subsumptions and reject overly broad or ambiguous links. The taxonomy is iteratively adjusted until it
supports intended competency-question patterns and produces a coherent class hierarchy.

(3) Axiomatisation. We then prompt the LLM to propose OWL axioms that operationalise the
conceptual model, including domain and range restrictions. For example, a relation such as “uses
training data” can be constrained so it only links training activities to dataset entities. Proposed axioms
are examined by ontology engineers for logical soundness and modelling utility, and only accepted
axioms are integrated into the OWL ontology.

(4) Automated Reasoning & (5) Pitfall Detection. After each modelling iteration, we run the HermiT
reasoner to detect logical issues (unsatisfiable classes, conflicting constraints, unintended inferences)
and periodically run OOPS! for common ontology pitfalls such as incomplete annotations or ambiguous
naming. In the current implementation, reasoning is performed only over the generated ontology and
does not include imported or aligned external ontologies. This reflects the workflow order: reasoning is
used as quality control already before the dedicated alignment step establishes cross-ontology mappings.
Detected issues are manually reviewed and resolved through axiom or hierarchy updates, providing a
quality-control loop for each modelling cycle.

3.2. Step 6: LLM-assisted Alignment to Reference Ontologies

To ensure interoperability with other vocabularies, we systematically align the resulting ontology to
reference ontologies such as those reviewed in section 2. As manual alignment is time-consuming
and error-prone, we introduce an LLM-assisted alignment step. We applied this step to the ontology
described in section 4, and the resulting alignments are available online.’

We chose this custom alignment procedure over a standalone alignment system because our objective
was an LLM-based method with lightweight integration into the iterative NeOn-GPT workflow, reusing
the same prompt-driven engineering setup across modelling and evaluation steps. We therefore perform
alignment after the initial ontology draft is constructed (Steps 1-3), to prioritise regulation-grounded
concept elicitation, reduce early anchoring to external ontology design choices, and keep prompt
context manageable when multiple reference ontologies are considered. Comparative evaluation against
established ontology alignment systems is planned as future work.

We first generate candidate pairs using lexical similarity (normalised Levenshtein distance and token
overlap) over labels and comments. We chose this lexical filter as it provides a practical, language-
independent baseline before semantic matching with the LLM. For each pair, we present the LLM with
the labels, definitions and usage contexts of both terms, and ask it to classify the relationship and assign
a confidence score. Only correspondences with scores above 0.75 are retained. Alignments are manually
reviewed by domain experts, who can accept, reject or refine the suggested relation.

Example alignment prompt (simplified):

Role: “You are an experienced knowledge engineer”

Inputs: a pair of ontology terms with labels and definitions, e.g., aidoc: ATDeployer (“Al Deployer”
— “...where the Al system is used in the course of a personal non-professional activity”) and
airo:AIDeployer (same label and definition).

Task: classify the relationship as owl:equivalentClass, skos:closeMatch, skos:broader,

skos:narrower, or n/a; assign a confidence score in [0, 1]; return a JSON object with fields
relation, confidence, explanation.2

"https://certain-project.github.io/aidoc-ap/alignments.html
*The full prompt is available in the project repository.
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Example resulting LLM output:

{ "relation":"owl:equivalentClass",
"confidence":0.99,
"explanation":"The labels and descriptions are identical. The airo concept provides a URI,
< indicating it’s formally defined; however, the descriptive semantics are the same. Therefore,
— they are equivalent.",
"source":"aidoc:AIDeployer",
"target":"https://w3id.org/airo#AIDeployer" }

3.3. Step 7: LLM-based Iterative Coverage Evaluation

A key challenge in building a regulation-driven ontology is ensuring that it adequately covers all legal
requirements. We operationalise this notion of “coverage” through CQs: for each requirement in the
target regulation, we define a set of CQs that a knowledge graph must be able to answer. We then use
an LLM-based evaluator to estimate how well the current ontology supports these CQs (in our example,
these are Annex IV requirements). We applied this step to the ontology described in section 4, and the
resulting coverage results are available online.’

Coverage evaluation as an iterative process. The evaluator runs after major revisions; scores are
compared across iterations to track progress and reveal gaps, guiding refinements such as adding
missing classes, properties, or axioms.

Input and output schema. The evaluator receives plain-text requirements with CQs and candi-
date ontology entities, returning a JSON object with fields: "id" (requirement id), "score" (c;),
"matched_terms", and "explanation".

Metric interpretation. The coverage score ¢, is an LLM-estimated indicator, not a validated metric. It
is a subjective estimate of how well the ontology supports the requirement’s CQs; we limit ¢, to the
unit interval and require justification with concrete classes or properties. Although unvalidated, the
definition is stable across runs and versions, making it useful for comparative refinement. It should be
treated as decision support, not a compliance guarantee.

Example coverage evaluator prompt (simplified):

Role: “You are an experienced knowledge engineer and expert on the EU Al Act”

Inputs: a requirement (e.g., “A general description of the Al system including...name of the
provider...”) with its CQs (e.g., “What is the intended purpose?”, “What is the provider name?”...);
ontology terms as label-description pairs (aidoc:AISystem, aidoc:AIProvider,...).

Task: pick at most 10 terms, assign an overall coverage score in [0, 1], justify in 3-5 sentences;

return a JSON object with fields id, score, matched_terms, explanation.
Example resulting LLM output:
{ "id":"aiact:reql",
"score":0.85,
"matched_terms":["aidoc:AIProvider", "aidoc:AISystem", "aidoc:isProvidedBy"],
"explanation":"The ontology directly addresses the requirement through 'AI System' as the core
— entity, 'AI Provider' which captures the provider's identity, and 'is provided by' establishing
the link between the system and provider. While the requirement asks for a 'version' and
'relation to previous versions', this isn't explicitly modeled, though it could be derived with

more complex provenance tracking of AI Artifacts or through a dedicated versioning property. The

N
<
[N
< ‘'intended purpose' is implicitly captured within the definition of 'AI System' itself." }

*https://certain-project.github.io/aidoc-ap/coverage.html
*The full prompt is available in the project repository.
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4. Implementation and Use Case Application

The NeOn-ACE methodology is currently being applied and validated within the framework of the
Horizon Europe project CERTAIN.” In this project, we apply the methodology to the development of a
formal EU Al Act Annex IV ontology and a supporting knowledge graph populated with data from
several pilot use cases. This implementation serves as a practical testbed for the iterative coverage
evaluation (Step 7), allowing us to observe how the ontology evolves to meet the specific documentation
requirements of high-risk Al systems. The prototypical implementation includes a first ontology model
AIDOC-AP [13], the results of the LLM-based coverage analysis step, and the semantic alignment
mappings to reference vocabularies; the public web interface is available at https://w3id.org/aidoc-ap/.

5. Conclusion and Future Work

We present NeOn-ACE, an extended NeOn-GPT methodology for regulation-driven ontology engineer-
ing. By combining LLM-assisted semantic alignment and iterative coverage evaluation, we systematize
the integration of LLMs into complex ontology projects. The methodology balances scalability (LLM
automation of candidate generation) with quality (domain expert curation). Future work includes
empirical validation of coverage indicators, automation of knowledge graph construction, extension
to additional regulatory contexts, evaluation of other alignment strategies that reuse established sys-
tems such as AgreementMakerLight [14] and OntoAligner [15], and post-alignment reasoning that
includes imported/aligned ontologies to assess cross-ontology consistency. The current EU Al Act
Annex IV implementation within the Horizon Europe project CERTAIN is one example application of
this approach.
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