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Abstract

While emerging regulations mandate strict transparency for Al systems, modern Machine Learning Operations
(MLOps) pipelines remain primarily sub-symbolic, managing opaque neural artifacts, raw data, and numerical
metrics. This presents a challenge for automated regulatory oversight. In this paper, we present an implementation
of a Semantic MLOps Engine that establishes a neuro-symbolic lifecycle for Al development. By dynamically
tracking sub-symbolic ML processes and instantiating them into a formal Knowledge Graph based on the AIDOC-
AP ontology, we bridge the gap between model execution and symbolic governance. Furthermore, we demonstrate
a Completeness Dashboard that evaluates the instantiated graph through ontology-mediated SPARQL competency
queries to compute documentation completeness. Using a real-world energy forecasting scenario, we illustrate
how our approach automates the acquisition and validation of documentation evidence, and makes the residual
human-provided items explicit, without disrupting the developer workflow.
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1. Introduction

With the EU AT Act [1], transparency has become a legally binding property of Al systems. Article 11
requires providers of high-risk Al systems to draw up technical documentation before a system is placed
on the market and to keep it up to date thereafter; Annex IV enumerates the minimum contents of this
documentation, ranging from the general logic and architecture of the system, over the provenance
and preparation of training, validation and testing data, to performance metrics, risk management
and post-market monitoring. Documentation under the AI Act is thus not a one-off deliverable, but a
continuous obligation that spans the entire lifecycle of a system.

This obligation stands in contrast to how Al systems are actually built and operated today. Modern
development is organised around Machine Learning Operations (MLOps) toolchains (experiment
trackers, model registries, automated training and deployment pipelines) whose artifacts are inherently
sub-symbolic ': model weights, serialised datasets, numerical metrics and hyperparameters. The
notions regulators care about, such as intended purpose, data provenance and human oversight, are
not first-class citizens of an MLOps platform. In practice, technical documentation is therefore written
manually and retrospectively, e.g., in the form of model cards [2] and datasheets [3], and inevitably
drifts away from the system it is supposed to describe. What is missing is a machine-interpretable,
symbolic representation of the ML lifecycle that can be queried, validated and kept in sync with the
running system.
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We argue that closing this gap is a neuro-symbolic integration problem at the systems level [4, 5]:
rather than injecting symbols into model internals, we couple the sub-symbolic lifecycle with a symbolic
layer that reasons over its operational footprint. The sub-symbolic layer, i.e., training, evaluating and
serving machine-learned models, remains the executing substrate of the Al system, while its footprint
is continuously lifted into a knowledge graph whose nodes and edges are typed by a formal ontology
of Al documentation. Over this auxiliary symbolic structure, established Semantic Web techniques
become applicable to the certification and auditing of the AI system: ontology-mediated SPARQL
queries, rewritten by Ontop with respect to the AIDOC-AP axioms, answer competency questions
derived from legal requirements, and this validation determines whether the documentation of a system
is complete. Crucially, the two layers form a closed loop rather than a one-way reporting channel:
every sub-symbolic lifecycle event (a training run, a model registration, a dataset update) is reflected
as symbolic statements; the symbolic layer identifies which evidence is still missing; and this gap
report steers the sub-symbolic process (what is logged, evaluated and changed next), which is in turn
re-instantiated into the graph. Two scoping remarks are in order. First, the integration operates at the
systems level: the symbolic layer represents and queries the operational footprint of the ML lifecycle,
not the internal representations or learning dynamics of the models themselves. Second, the loop is
deliberately closed through a human in the loop: the gap report informs an engineer who reconfigures
the pipeline, rather than the symbolic layer acting on the sub-symbolic component directly. In terms of
the boxology of hybrid learning and reasoning systems [6], our architecture is thus a compositional
design pattern in which the observable behaviour of a neural component feeds a symbolic component
whose output, mediated by a human, governs the further development of that component.

In this paper, we present an implementation of this neuro-symbolic lifecycle, developed in the Horizon
Europe project CERTAIN.? A companion position paper [7] outlines the methodological steps envisaged
for the CERTAIN framework: semantic MLOps for structured lifecycle management, ontology-driven
lineage tracking, and regulatory operations (RegOps) workflows. The present paper realises the first
two of these as running software and evaluates them on a production pilot. Our contributions are:

« a Semantic MLOps Engine that tracks the sub-symbolic ML lifecycle of an MLflow-based [8]
pipeline and dynamically instantiates its artifacts into a knowledge graph conforming to the
AIDOC-AP application profile, without requiring a separate documentation workflow;

« a Completeness Dashboard that evaluates the instantiated knowledge graph against the formalised
documentation requirements of Al Act Annex IV and reports documentation completeness as a
coverage score with actionable gaps; and

+ a demonstration of the end-to-end approach on a real-world energy demand forecasting system
from one of the CERTAIN pilots.

The AIDOC-AP ontology itself, including its engineering methodology, alignments to reference on-
tologies and evaluation, is presented in a separate resource paper [9]; here, it plays the role of the
documentation schema that the engine writes and the dashboard reads.

The remainder of this paper is structured as follows: Section 2 gives an overview of the system
architecture and introduces AIDOC-AP as its documentation artifact. Section 3 describes the dynamic
ontology instantiation via the Semantic MLOps Engine, including the energy forecasting running
example, and Section 4 presents the coverage report and dashboard. Section 5 concludes with an
outlook on the integration with further CERTAIN pilots.

2. System Architecture

Figure 1 illustrates the proposed architecture, which realises the neuro-symbolic lifecycle outlined
above by extending a conventional MLOps workflow with a symbolic layer for automated transparency
reporting.

*https://certain-project.eu/
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Figure 1: System architecture for automated Al transparency. (1) The AI/MLOps lifecycle comprises data
preparation, model training, and deployment stages. (2) MLflow [8] instruments this lifecycle and captures
the metadata produced at each stage. (3) The Semantic MLOps Engine automatically collects this metadata
across all lifecycle stages and (4) stores the resulting artifacts under version control. (5) The AIDOC-AP ontology
[9] provides the conceptual schema for (6) R2ZRML [10] mappings, which expose the structured metadata as
a virtual knowledge graph via Ontop [11]. (7) The Completeness Dashboard queries the knowledge graph to
assess compliance readiness, and (8) a human in the loop reviews the results and reconfigures the pipeline to
achieve compliance.

The sub-symbolic substrate is an MLflow-based [8] pipeline that tracks experiments, models and
metrics across the Al lifecycle. At the core of the architecture, the Semantic MLOps Engine intercepts
the metadata that MLflow records at every lifecycle stage and persists it, together with the associated
artifacts, in a versioned and queryable form.

The lifting into the symbolic layer follows an ontology-based data access (OBDA) approach: rather
than materialising the metadata into a separate triple store, declarative RZRML [10] mappings > expose it
as a virtual knowledge graph through Ontop [11], so that the symbolic view remains synchronised with
the running system at all times and documentation drift is prevented by construction. The Completeness
Dashboard queries this knowledge graph and quantifies to what extent the required documentation
evidence is present with respect to the formalised requirements of Article 11 and Annex IV of the EU
AT Act, reporting coverage together with the concrete evidence that is still missing.

This gap report closes the loop: guided by the dashboard, the user reconfigures the learning pipeline,
and the resulting lifecycle events are in turn re-instantiated into the graph. The semantic backbone
of the architecture is the AIDOC-AP application profile [9], which types all collected metadata and is
introduced in Section 2.1.

2.1. AIDOC-AP as Documentation Artifact

AIDOC-AP* is an application profile for the technical documentation of Al systems, grounded in the
documentation obligation of Article 11 and Annex IV of the EU Al Act. It is implemented as an OWL
ontology that reuses and aligns with established vocabularies, including AIRO [12] and VAIR [13] for
Al risk concepts, PROV-O [14] for provenance, ML Schema [15] for machine learning experiments,
DCAT [16] and DQV [17] for datasets and data quality, and DPV [18] for privacy and Al Act concepts.
The engineering methodology behind the profile, its alignments and its evaluation are described in
the accompanying resource paper [9]; in the following, we focus on the role the profile plays within

Shttps://github.com/CERTAIN-Project/Semantic_ MLOps_engine/blob/main/ontop/input/aidoc-ap_r2rml.tt]
*https://w3id.org/aidoc-ap


https://github.com/CERTAIN-Project/Semantic_MLOps_engine/blob/main/ontop/input/aidoc-ap_r2rml.ttl
https://w3id.org/aidoc-ap

our architecture: it is the schema that the Semantic MLOps Engine writes and that the Completeness
Dashboard reads.
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Figure 2: AIDOC-AP as the symbolic target schema: sub-symbolic MLOps artifacts are dynamically instantiated
as typed knowledge graph resources (Section 3), which are then evaluated against the formalised Annex IV
requirements and their competency questions (Section 4).

For this data flow, three groups of terms matter. First, the core entities: an aidoc:AISystemacts as the
documentation anchor and is linked to its software and hardware components, interfaces, capabilities
and intended purpose, as well as to the aidoc:AIModels it employs and the aidoc:Datasets these
were built from. Second, the lifecycle activities: the profile models the data pipeline (acquisition,
wrangling, cleaning and labeling procedures, and the training, validation and testing of data), the ML
pipeline (model engineering, evaluation with associated aidoc:PerformanceMetrics, packaging and
versioning) and the deployment and monitoring phases. Third, the documentation artifacts and agents
required by Annex IV: datasheets, logs, change records, transparency measures and human oversight
mechanisms, connected to the responsible agents such as provider, deployer and auditor. Each of these
classes deliberately corresponds to something an MLOps platform already manages: a registered model
becomes an aidoc:AIModel, a logged dataset an aidoc:Dataset, a training run a lifecycle activity, and
a logged evaluation result an aidoc:PerformanceMetric (Figure 2). Instantiating the profile is thus
largely a typing exercise over existing operational metadata rather than an additional authoring task;
this observation is what the Semantic MLOps Engine in Section 3 operationalises.

Finally, AIDOC-AP also formalises the requirements it is meant to satisfy: a companion module
represents the documentation items of Annex IV as 22 aiact:Requirement individuals, each traceably
linked to the underlying legal text and to more than 50 competency questions that express what a
compliant documentation graph must be able to answer. These requirements serve as the normative
yardstick of the framework: the coverage report in Section 4 evaluates the instantiated knowledge graph
against them. From the perspective of the overall system, AIDOC-AP is therefore less a vocabulary than
a contract: the engine guarantees that documentation is produced in this shape, and the dashboard
measures how much of the contract is already fulfilled.

3. Dynamic Ontology Instantiation via Semantic MLOps

The Semantic MLOps Engine extends a conventional MLOps infrastructure with an automated and
continuous acquisition of sub-symbolic lifecycle artifacts. It captures the operational footprint generated
throughout the machine-learning lifecycle, including data collection and annotation, experimentation,
training, evaluation, model registration, deployment, and post-deployment adaptation.

3.1. Automated Lifecycle Tracking

Conventional MLOps platforms support experiment tracking, model management, and deployment,
but they generally preserve only the information generated by the platform or explicitly logged by



developers. As a result, the lifecycle metadata required to document and assess an ML system (dataset
characteristics, data-processing steps, evaluation procedures, runtime conditions, model lineage, de-
ployment history, sustainability indicators, and governance decisions) remains distributed across
heterogeneous tools, files and repositories. Especially for high-risk Al systems, organizations must
identify the required evidence, build pipelines to collect and store it, reconstruct relationships among
the resulting records, and largely manually analyze the system state before producing documentation
or compliance reports, a costly and error-prone process.

The Semantic MLOps Engine ° extends, rather than replaces, an existing MLOps infrastructure and
automates this metadata collection. The core innovation is that the acquisition process is ontology-
driven: the target ontologies determine not only how collected metadata is normalized and semantically
represented, but also which lifecycle metadata must be captured, computed, or explicitly supplied. These
specifications are operationalized through tracking and metadata-management functions that extend
conventional tools such as MLflow [8] and can be embedded directly into existing machine-learning
pipelines, as illustrated in Listing 1. A FastAPI-based data-transfer service [19] then transforms the
collected metadata into a normalized representation in relational storage, while the semantic mappings
are developed manually offline (Section 3.2).

During ordinary machine-learning cycles, the engine captures metadata about datasets, annotation
and preprocessing activities, experiments, training runs, parameters, performance measurements, model
registration, deployments, runtime events, source-code versions, execution environments, resource
consumption, and responsible actors. Specialized components cover what existing tools do not provide
directly, such as dataset profiling through WhyLogs [20] (log_whylogs_profile in Listing 1) and
resource and sustainability measurements through CodeCarbon [21] (start_tracker/stop_tracker).
Information that cannot be automatically retrieved, such as intended use, contextual limitations, risk-
management decisions, or organizational approvals, is obtained through explicit developer or stake-
holder interactions via dedicated metadata-management functions of the engine and the data-transfer
service’s API, which validate the supplied items against the expected AIDOC-AP terms and store them
alongside the automatically captured metadata. The engine therefore integrates automatically cap-
tured, computationally derived, and human-provided lifecycle metadata within a common processing
framework.

Synchronisation is event-driven: completion of a tracked activity (e.g. a training run or deployment)
triggers the data-transfer service, which retrieves the MLflow run and its artifacts and normalizes
them into the relational schema; the stored records are exposed as a virtual knowledge graph typed
by the AIDOC-AP [9] ontology via the mappings described in Section 3.2, so that new records are
visible on the next query without any re-materialisation. Operational artifacts such as datasets, training
executions, Al models, evaluation results, deployments, and provenance records become ontology
instances with stable identifiers, minted from primary keys via the shared IRI templates of the R2RML
mappings (cf. Listing 2), and explicit semantic relations, so that heterogeneous records from different
tools are accessible through the same conceptual vocabulary, independently of their original schemas,
file formats, or storage systems.

The resulting knowledge graph is not a static semantic export: every completed run can introduce
new entities, update lifecycle states, and establish additional relations. A metric is represented not
merely as a numeric value, but in relation to the model it evaluates, the run that produced that model,
and the datasets used during training or testing. This semantic context enables SPARQL-based lifecycle
queries and ontology-based compliance assessment, and reduces repeated manual status reconstruction,
since the graph reflects the evidence already generated by the operational system.

3.2. R2RML Mappings and the Virtual Knowledge Graph

The connection between the ontology and the knowledge graph is established through declarative
R2RML [10] mappings. R2ZRML, a W3C Recommendation for expressing customised mappings from

*https://github.com/CERTAIN-Project/Semantic_ MLOps_engine
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from semantic_mlops import tracker

tracker.set_experiment (experiment name="Energy Prediction", tags=experiment_ tags)
with tracker.start_run(run_name="rf regressor", tags=run_tags) as run:
# CodeCarbon and WhyLogs
tracker.log_git_metadata()
tracker.start_tracker(output_file_name="emissions_data'")
tracker.save_dataset_manifest(data)
tracker.log_data_techniques(techniques_dict)
tracker.log_dataset(data)
tracker.log_whylogs_profile(data)
tracker.stop_tracker()

# per search iteration:
tracker.log_search_space(search_space_dict)
model.fit(X_train, y_train)
tracker.log_params(params_dict)

tracker.log metrics(metrics_dict, step=step)
tracker.log_resources(resources_dict, step=step)
tracker.log_model_signature(model)

Listing 1: Automated lifecycle tracking with the Semantic MLOps Engine: the tracking calls are
embedded in the pipeline’s training script and executed on the target system (in this case, the energy
pilot) on every training run.

relational databases to RDF, organises a mapping as a set of triples maps: each triples map pairs a logical
table (a base table, view or SQL query over the normalised metadata schema) with a subject map that
mints stable IRIs from primary keys via IRI templates and assigns the corresponding AIDOC-AP class,
and with predicate-object maps that translate columns and foreign-key references, embedded in shared
IRI templates, into ontology properties. The correspondences sketched in Section 2.1 are realised exactly
here, as illustrated in Listing 2: a registered-model record yields an aidoc:AIModel individual, the
evaluation rows attached to a run yield its aidoc:PerformanceMetrics, and the foreign keys between
them yield the lifecycle relations that connect these individuals in the graph. The AIDOC-AP ontology
therefore acts as the global schema of an OBDA setting: Ontop [11] interprets the mappings at query
time and rewrites SPARQL queries over the AIDOC-AP vocabulary into SQL over the underlying records,
so that no triples are materialised and every change in the relational layer is immediately visible in
the symbolic layer. Adapting the documentation schema (e.g., when a new Annex IV item requires
additional evidence) amounts to extending the ontology and the affected triples maps, leaving the
acquisition pipeline untouched.

<#ModelTriplesMap> a rr:TriplesMap ;
rr:logicalTable [ rr:tableName "model architecture" ] ;
rr:subjectMap [
rr:template "https://w3id.org/aidoc-ap/models/{run_id}/{model id}" ;
rr:class aidoc:AIModel ; rr:class mls:Model ] ;
rr:predicateObjectMap [
rr:predicate aidoc:usesAIMethod ;
rr:objectMap [
rr:template "https://w3id.org/aidoc-ap/methods/{architecture_name}" ;
rr:termIype rr:IRI ] ] ;
# link to the producing training run via foreign key
rr:predicateObjectMap [
rr:predicate prov:wasGeneratedBy ;
rr:objectMap [
rr:template "https://w3id.org/aidoc-ap/runs/{run_id}" ;
rr:termIype rr:IRI ] ]

Listing 2: Condensed excerpt of the R2RML mappings: model records are lifted into aidoc:AIModel
individuals; the foreign-key column run_id appears in a shared IRI template, so the relational reference
materialises as the linking triple (prov:wasGeneratedBy) that connects the model to its producing
training run in the graph.



@prefix aidoc: <https://w3id.org/aidoc-ap#>

@prefix airo: <https://w3id.org/airo#> .
@prefix dpv: <https://w3id.org/dpv#> .
a@prefix dqv: <http://www.w3.org/ns/dqv#> .

:Training_Activity a aidoc:DataTraining ;
aidoc:hasFrequency freq:daily ;
aidoc:usesTrainingData

:Combined_Energy_and_Weather_Data .

:Combine_Datasets_Activity a aidoc:DataProcessing ;
aidoc:hasSourceDataset :Energy Data, :Weather_Data ;
aidoc:producesDataset

:Combined_Energy_and_Weather_Data .

:Energy_Data a aidoc:Dataset ;

dcterms:description """readings of metering points,
where each reading has a corresponding
quality flag""" ;

dpv:hasDataSource :EEGFaktura ;

dqv:hasQualityMeasurement
:Accuracy, :Completeness, :Consistency,
:Timeliness .

:Encom_AI_Model a aidoc:AIModel ;
aidoc:usesAIMethod :XGBoost ;
airo:hasComponent :Hyperparameters .

:XGBoost a aidoc:AIMethod ;
rdfs:label "Extreme Gradient Boosting" ;
airo:producesOutput :Predictions .

Listing 3: Excerpt of the instantiated Encom knowledge graph: a daily training event is lifted
into an aidoc:DataTraining activity whose training data is traceable through the combining
aidoc:DataProcessing step to the source datasets, their external data sources and attached qual-
ity measurements, and connected to the aidoc:AIModel it produces.

3.3. Running Example: Encom Energy Forecasting System

We demonstrate the dynamic instantiation on Encom, an energy demand and generation forecasting
system operated within the CERTAIN energy pilot. Encom provides short-term forecasts of energy
consumption and generation for renewable energy communities [22] in Austria, both for single metering
points and for semantic groups of metering points [23], and additionally predicts optimal schedules of
participation factors. Operationally, the system is a containerised multi-service deployment: Apache
Airflow [24] orchestrates the data and training pipelines, MLflow [8] tracks experiments and model
versions, a TimescaleDB instance stores the time-series data, and a MinIO object store holds datasets,
predictions and log backups. The forecasting models are gradient-boosted tree ensembles (XGBoost) [25]
whose hyperparameters are re-optimised on a monthly basis via Bayesian optimisation [26], while the
models themselves are retrained daily on the most recent data.

From a documentation perspective, two artifact groups are central. On the data side, the Energy Dataset
contains metering-point readings ingested from an external energy-community billing service, where
each reading carries a quality flag assigned by the grid operator; only quality-confirmed data points enter
the training process, a cleaning procedure the profile captures as an aidoc:DataCleaningProcedure.
The energy data is joined with weather observations from GeoSphere Austria ® and day-ahead exchange
prices from the EPEX spot market retrieved from the ENTSO-E Transparency Platform ’ into a combined
training dataset, and the associated data-quality dimensions (accuracy, completeness, consistency,
timeliness, among others) are attached as dqv:QualityMeasurements [17]. On the model side, the
Forecasting Model is represented as an aidoc:AIModel that uses XGBoost as its aidoc:AIMethod and
produces the prediction dataset served to the energy communities; its versioning is handled by MLflow



and reflected as an aidoc:ModelVersioning activity within the development lifecycle stage.

Listing 3 shows the symbolic footprint of a single daily training event as it materialises in the
knowledge graph. None of these triples are authored manually: the tracking calls of Listing 1 run as part
of the Airflow pipeline, the Semantic MLOps Engine captures the resulting MLflow run together with the
logged input datasets, and the R2RML mappings of Section 3.2 expose the normalised records as typed
AIDOC-AP resources. The training run surfaces as an aidoc:DataTraining activity with a declared
daily frequency; the datasets it consumes are linked back through an aidoc:DataProcessing step to
their source datasets and ultimately to the external data sources, yielding an end-to-end provenance
chain from the trained model to the originating metering-point readings, as required by the data-related
items of Annex IV.

Beyond the training pipeline, the instantiated graph anchors these artifacts in the wider system
documentation introduced in Section 2.1: the aidoc:AISystem individual links the model and its
implementation to thirteen software components across four servers, three formalised intended purposes,
lifecycle stages from development to operation, and change records such as dependency updates. Risk-
related individuals (e.g., data poisoning as a risk source and user training as a mitigating control) are
included to exercise the corresponding parts of the profile; as they do not stem from the operational
pipeline, they are marked as fictional via a dedicated annotation property. The resulting graph comprises
roughly 70 individuals and forms the input to the coverage evaluation in Section 4.

4. AIDOC-AP Coverage Report

Compliance assessment is operationalised as a graph-validation task: rather than treating Annex IV
conformity as a narrative checklist, we execute a suite of 50 SPARQL queries, each aligned with one
competency question from Section 2.1, and test whether the required statements are present in the
instantiated AIDOC-AP graph. The result is a completeness score that distinguishes available from
missing documentation evidence and turns compliance assessment into a repeatable, machine-supported
validation step.

The Completeness Dashboard makes this workflow usable in engineering practice: it evaluates the
instantiated graph against the formalised Annex IV requirement model in AIDOC-AP, executing the
competency-query set server-side via Comunica [27], and is implemented as a SvelteKit application
with TypeScript and a Flowbite/Tailwind interface.® It provides a traffic-light summary of passed, failed
and partially fulfilled checks, an overall coverage percentage, and query-level inspection with filtering
and detailed result feedback, thereby serving not only as a reporting interface but as a remediation
instrument that translates missing evidence into concrete follow-up actions. The dashboard itself invokes
no ontology reasoner: it relies on SPARQL execution over the instantiated triples, with ontology-level
inference confined to Ontop’s query rewriting over the AIDOC-AP axioms.

Listing 4 illustrates how an individual competency question is operationalised at query level. The
query retrieves security measures linked either directly to the documented Al system or via related
risk-control assertions, together with optional labels, descriptions and affected risk concepts. If no
matching bindings are returned, the corresponding requirement is flagged as insufficiently evidenced
and contributes to the remaining coverage gap.

4.1. Dashboard Demonstration

We demonstrate the practical applicability of the Completeness Dashboard using the Encom example
instantiation of the AIDOC-AP ontology, as detailed in Section 3.3, following the same workflow an
engineer would use in practice: the SPARQL endpoint of the instantiated knowledge graph is configured
for the dashboard, and the analysis is started, triggering the execution of the competency-question
query suite against the endpoint.

Shttps://data.hub.geosphere.at/en/
"https://www.entsoe.eu/data/transparency-platform/
8https://svelte.dev/docs/kit/introduction, https://flowbite-svelte.com/
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PREFIX aidoc: <https://w3id.org/aidoc-ap#>

PREFIX airo: <https://w3id.org/airo#>

PREFIX vair: <https://w3id.org/vair#>

PREFIX dcterms: <http://purl.org/dc/terms/>

PREFIX rdfs: <http://www.w3.0rg/2000/01/rdf-schema#>

SELECT ?system ?systemLabel ?securityMeasure ?measureLabel ?measureDescription ?mitigatesRisk
WHERE {
?system a aidoc:AISystem .
OPTIONAL { ?system rdfs:label ?systemLabel . }
{
?securityMeasure a vair:SecurityMeasure .
OPTIONAL { ?securityMeasure rdfs:label ?measureLabel . }
OPTIONAL { ?securityMeasure dcterms:description ?measureDescription . }
OPTIONAL { ?securityMeasure airo:modifiesRiskConcept “mitigatesRisk . }

} UNION {

?system airo:hasRiskControl ?securityMeasure .

OPTIONAL { ?securityMeasure rdfs:label ?measureLabel . }

OPTIONAL { ?securityMeasure dcterms:description ?measureDescription . }
}

Listing 4: Example competency query (CQ15.1) used in the AIDOC-AP Coverage Report: the SPARQL
pattern checks whether the documentation graph contains evidence for Requirement 15 on cybersecurity
measures.

Coverage results

Review the latest competency-query analysis and inspect evidence for each query.

Overview Details

OVERALL STATUS Red
88% covered
88%

44 of 50 competency queries are fully covered

COVERED PARTIAL NOT COVERED ERRORS

44 0] 6 0

Figure 3: The Overview tab of the Completeness Dashboard shows the overall coverage percentage and the
number of competency questions that are covered, partially covered, not covered, or returned errors.

After execution, the Overview view provides the aggregate compliance status, including the overall
coverage percentage and the number of competency questions that are covered, partially covered, not
covered, or returned errors, as shown in Figure 3. The Detail view exposes the per-question evidence
trail: for each competency question, it reports the status (covered, partial, not covered, or error), the
evidence as the number of query result bindings, the associated Annex IV requirement, the SPARQL
query file that was executed, and the returned result set. Figure 4 shows the detail view for a specific
competency question that is not covered by the instantiated knowledge graph, allowing users to move
directly from aggregate coverage values to concrete remediation actions. Each report reflects the state of
the virtual graph for the latest run, in which model and dataset versions are first-class individuals (e.g.,
aidoc:ModelvVersioning); a dedicated property stamping the report with a specific pipeline release is
not yet implemented and is part of the longitudinal tracking outlined in Section 5.

For the Encom instantiation, the dashboard reports 88% coverage: 44 of the 50 competency queries
are answered by the captured evidence, while six remain uncovered (Figure 4), concerning training
datasheets, labelling procedures, human oversight measures, technical measures facilitating output
interpretation, validation and testing data characteristics, and adopted harmonised standards. Of the
covered questions, the risk-related ones (including CQ15.1, Listing 4) are answered by the fictional



Coverage results

Review the latest competency-query analysis and inspect evidence for each query.

Overview Details

Focus on the status groups that need attention

QUERY STATUS EVIDENCE GROUP

REQUIREMENT 12 Not covered

What are the datasheets describing the training What human oversight measures are

methodologies and techniques Not 0 Requirement 11 needed

QM covered

what_are_the_datasheets_describing_the_training_methodologies_and_technique: No matching evidence was found for "What human oversight measures are
needed".

What are the labelling procedures Not 0 Requirement 11

q11_4-what_are_the_labelling_procedures covered EVIDENCE COUNT QUERY ASSET
0 src/lib/server/coverage/query-set/a
What human oversight measures are needed Not 0 Requirement 12 ssets/cq12_1-what_human_oversight

cq12_1-what_human_oversight_measures_are_needed covered _measures_are_needed.sparql

What technical measures are needed to facilitate output

X . Not i
interpretation b 0 Requirement 12
cqi12_2-what_technical_measures_are_needed._to_facilitate_output_interpretation

What are the validation and testing data used and their

. Not i

characteristics e 0 Requirement 14
cql4_2-what_are_the_validation_and_testing_data_used_and._their_characteristics

If no harmonised standards what solutions are adopted Not 0 Requirement 20

€q20_2-if_no_harmonised_standards_what_solutions_are_adopted covered

Figure 4: The Details tab of the Completeness Dashboard shows the competency questions that are not covered
by the instantiated knowledge graph among others. The user can inspect the evidence trail for each question
and identify the missing symbolic links required by the application profile.

risk individuals of Section 3.3 and thus demonstrate the capability of the profile and query suite rather
than operationally sourced risk documentation. Notably, these gaps correspond almost entirely to the
human-provided acquisition mode identified in Section 3, rather than to artifacts the engine failed to
track: they are documentation items that no pipeline can generate on its own. The gap report thus does
more than quantify incompleteness: it separates the evidence that automation already delivers from the
residual items stakeholders still have to supply, and it points the engineer to the tracking and metadata-
management functions through which this evidence enters the graph in the next synchronisation
cycle.

5. Conclusion and Future Work

This paper presented an end-to-end implementation of a neuro-symbolic lifecycle for automated
Al transparency, developed in the Horizon Europe project CERTAIN. The Semantic MLOps Engine
continuously lifts the footprint of an MLflow-based pipeline (runs, datasets, models, metrics and their
provenance) into a virtual knowledge graph typed by the AIDOC-AP application profile, and the
Completeness Dashboard evaluates this graph against the formalised documentation requirements of
AT Act Annex IV. Applied to an energy forecasting pilot, the approach yields technical documentation
whose completeness is computed rather than asserted: 44 of 50 competency queries are answered
by evidence captured during ordinary pipeline operation, and the remaining gaps are pinpointed as
concrete documentation tasks. The demonstration supports the central design hypothesis of this
work: much of the evidence Annex IV asks for already exists as operational metadata and can be
documented automatically; where it cannot, the symbolic layer makes the residual human effort explicit
and actionable.

Limitations. Our evaluation demonstrates functionality on a single pilot; runtime and storage
overhead, OBDA scalability, and the effort saved over manually authored documentation remain



unquantified. Coverage measures whether required evidence is present, not whether it is correct or
legally sufficient; the dashboard supports engineers and auditors rather than substituting conformity
assessment. Finally, the demonstrated neuro-symbolic coupling is a system-level integration whose
loop is closed by a human; reasoning about model internals or the learning process is out of scope.

Future work proceeds along three lines. First, we will roll the engine and dashboard out to further
CERTAIN pilots in distinct AI Act high-risk domains, including health and biometrics: the R2RML
mappings target the engine’s normalized schema and transfer directly, so the open question is whether
the tracking functions and the schema capture the domain-specific evidence these pilots require. Second,
we plan to track coverage longitudinally, so that every release of an Al system carries a documentation
score and regressions in transparency become as visible as regressions in accuracy. Third, we aim to
deepen the neuro-symbolic coupling itself: LLM-assisted enrichment of unstructured artifacts (e.g.,
free-text descriptions and logs), validated against the symbolic layer before ingestion, and dashboard
gaps translated into pre-configured tracking prompts would further shorten the path from a detected
gap to its remediation. Because the requirements are themselves modelled as ontology individuals,
adaptations of Annex IV through delegated acts can be accommodated by evolving the requirements
module and mappings, without changes to the engine, a property we consider essential for keeping
automated transparency aligned with a moving regulatory target.

Declaration on Generative Al
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