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Abstract

Data quality is commonly understood as fitness for use, meaning that quality expectations depend on the
intended application, user needs, and context of use. In Enterprise Knowledge Graphs (EKGs), users and domain
experts often express such expectations as natural-language quality criteria, whereas computational Data Quality
Assessment (DQA) approaches require formal artifacts, such as quality dimensions, metrics, scopes, thresholds,
and executable assessment procedures. This creates a gap between user-defined quality needs and machine-
actionable quality assessment. This paper proposes a metadata-driven Requirement Interpretation Agent for
formalizing quality requirements over EKG semantic views. The agent retrieves contextual metadata from the
EKG metadata graph and maps a natural-language criterion to a formal quality requirement specifying the target
view, quality dimension, applicable quality metrics, semantic scope, evaluation level, comparison operator, and
threshold. The resulting requirement is represented as RDF metadata by reusing existing quality vocabularies,
such as DQV, and by introducing lightweight requirement-specific terms when needed. We evaluate the approach
on 140 synthetic criteria across Exported, Linkset, Unification, and Fusion Views. The full configuration achieves
98.6% status accuracy, 90.6% core-requirement accuracy, and 100% expected-metric precision at 52.3% coverage.
Removing retrieved quality metadata reduces core accuracy to 27.1% and grounding validity to 3.0%, whereas
removing retrieved view metadata reduces them to 53.1% and 77.9%, respectively. These results indicate that the
two metadata components play complementary roles in producing grounded, reusable quality requirements.
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1. Introduction

Data quality is commonly understood as fitness for use, meaning that quality expectations depend
on the intended application, the user’s needs, and the context in which data will be consumed. In
Enterprise Knowledge Graphs (EKGs), these expectations are often expressed by users and domain
experts as natural-language quality criteria, whereas computational Data Quality Assessment (DQA)
approaches require formal artifacts, such as metrics, constraints, thresholds, scopes, and executable
assessment procedures. Existing DQA approaches for EKGs largely assume that quality requirements
are already available in a formal, machine-actionable form [1, 2], leaving the process of eliciting and
formalizing such requirements from user-defined criteria comparatively underexplored.

This paper addresses this gap in the context of EKG semantic views. Following Vidal et al. [3],
we use the term semantic view to refer to an ontology-mediated, integrated representation of an
organization’s heterogeneous data sources within an EKG. In the DDP-SV framework [4], a semantic
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view is constructed through different types of views, including exported, linkset, unification, and fusion
views (detailed in Section 2). Assessing the quality of these views requires considering the target view,
view type, ontology terms, evaluation scope, available evidence, and quality metadata. Since such
metadata is represented using RDF vocabularies and ontologies, it can provide semantic context to
guide the interpretation of user-defined quality criteria.

We propose a Requirement Interpretation Agent that transforms natural language quality criteria
into formal quality requirements grounded in the metadata graph of an EKG. The agent uses an LLM
to interpret the user criterion in the context of retrieved view specifications and quality metadata,
identifies the target view, quality dimension, applicable quality metrics, semantic scope, evaluation
level, comparison operator, and threshold. The resulting requirement is represented as RDF metadata by
reusing existing quality vocabularies, such as DQV, and by introducing lightweight requirement-specific
terms only when necessary.

From a knowledge graph data-management perspective, this representation introduces an explicit
requirement layer for quality-aware validation of EKG semantic views. Requirements can be persisted,
queried, linked to provenance information, and consumed by downstream mechanisms such as SPARQL
template instantiation, DQV-based quality measurement, and SHACL-like validation procedures. The
language model, therefore, supports natural-language understanding and semantic alignment, while
the concepts selected during interpretation are validated against the view specifications and quality
metadata available in the EKG metadata graph. This separation allows the formalized requirement
to be reused without requiring the original natural-language criterion to be reinterpreted for each
downstream mechanism.

The main contribution of this paper is a metadata-driven interpretation layer that bridges user-defined
quality criteria and machine-actionable DQA artifacts for EKG semantic views. Rather than treating the
problem as direct natural-language-to-RDF generation, the proposed approach combines LLM-based
interpretation with explicit grounding in view and quality metadata and validation of the resulting
formal requirement. More specifically, it combines: (i) a formal model for representing the target
view, quality dimension, selected metrics, semantic scope, evaluation level, operator, and threshold,;
(i) metadata-grounded interpretation and validation across four semantic-view types; and (iii) an RDF
representation that supports traceability and reuse by downstream quality-assessment mechanisms.
The scope of this paper is the interpretation and formalization of quality requirements. The execution
of quality measurements, assessment of requirement satisfaction, diagnosis, and recommendation are
downstream activities and are not experimentally evaluated here. A running example involving the
coverage of Wikipedia’s primary-topic pages for MusicBrainz musical artists illustrates how an informal
criterion is transformed into a structured and reusable quality requirement.

The remainder of this paper is organized as follows. Section 2 introduces the background concepts
underlying our proposal, including semantic views, the DDP-SV framework, and EKG metadata graphs.
Section 3 presents the formal quality requirement model. Section 4 describes the proposed Require-
ment Interpretation Agent and its metadata-grounded interpretation process. Section 5 reports the
experimental evaluation. Section 6 reviews related work, positioning our approach with respect to
existing DQA and quality-requirement formalization strategies. Finally, Section 7 concludes the paper
and outlines directions for future work.

2. Semantic Metadata Context for EKG Data Quality Requirements

This section introduces the DDP-SV framework and VoSV metadata used to ground quality requirements.

2.1. Four-Layer Architecture for Constructing EKG Semantic Views

The DDP-SV framework provides a structured approach for organising both the data graph and the
metadata graph of an EKG semantic view. As illustrated in Figure 1a, a semantic view comprises
two interconnected knowledge graphs: a data graph, which represents the integrated content; and
a metadata graph, which captures structural, provenance, and quality information. The data graph,



shown in Figure la(a), is organised into a four-layer hierarchical architecture, in which each layer
corresponds to a distinct stage of semantic integration:
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Figure 1: Data design pattern and vocabulary for EKG semantic views.

« Exported Views Layer: Contains RDF views generated by mapping raw data sources to a shared
vocabulary defined in the Semantic View Ontology (SVO), ensuring semantic consistency.

« Linkset Views Layer: Establishes identity links (e.g., owl: sameAs) between equivalent entities
across exported views, enabling semantic alignment and cross-referencing,.

« Unification Views Layer: Integrates semantically equivalent entities into canonical representa-
tions, consolidating references to the same real-world objects.

+ Fusion Views Layer: Resolves conflicts among unified entities by applying resolution strategies
to produce a consistent and enriched view.

The semantic view is constructed progressively from ontology modeling and exported views to
linkset, unification, and fusion views. The associated metadata graph records the view specifications,
their relationships, and the corresponding structural, provenance, and quality metadata. This metadata
layer provides the semantic context required by the requirement-grounding process proposed in this

paper.

2.2. Modeling Semantic View Metadata with VoSV

The DDP-SV framework adopts the Vocabulary of Semantic Views (VoSV) to represent semantic-view
metadata in a structured and interoperable form. As illustrated in Figure 1b, VoSV connects the semantic
view to its data sources, view specifications, data graphs, and quality measurements. By making these
elements explicit and machine-actionable, the metadata graph provides the contextual information that
grounds quality requirements in our approach.

3. Formal Quality Requirement Model

This section introduces the model used to transform user-defined quality criteria into formal and
machine-actionable quality requirements. The model specifies the quality condition to be verified,
its semantic scope, and the quality metrics used to operationalize it. The resulting requirement is
represented as RDF metadata to support traceability, validation, and reuse by different Data Quality
Assessment (DQA) mechanisms.

Consider the running criterion:

“At least 90% of MusicBrainz musical artists must have a Wikipedia primary-topic page.”

Although understandable to a user, this criterion is not directly executable. Its formalization requires
grounding MusicBrainz musical artists and Wikipedia primary-topic page in the class and property



available in the target view, identifying the applicable quality dimension and metrics, and normalizing
at least 90% into the comparison operator > and the threshold 0.9. These elements are determined using
the target-view specification and the quality metadata available in the EKG metadata graph.

3.1. Formal Definition

A formal quality requirement is a machine-actionable condition specifying the required quality level of
a target view for a defined evaluation scope. It is represented as:

RO =v,d, M,C,P,l,0p,t), (1)

where v is the target view, d is the quality dimension, . is a non-empty set of metric selections, C
is an optional target class, & is an optional set of target properties, [ is the evaluation level, op is a
comparison operator, and ¢ is the required threshold.

Each metric selection associates a quality metric with the operational role that it assumes in the
requirement:

M = {{m;,r;) | r; € {observed, expected}}, 1< | )< 2. (2)

An observed metric is computed over the materialized target-view data, whereas an expected metric
is computed over the view specification or its metadata. At least one metric must be selected for a valid
requirement. The current model supports at most one metric for each operational role. When observed
and expected metrics are selected together, their joint use must be supported by the retrieved quality
metadata:

(m,, observed) € M A (m,, expected) € M

3
= Compatible(my, me, v,C, P, 1, 0p,t). ®)

Compatibility requires the metrics to address the same quality aspect and to be compatible with
respect to the target view, semantic scope, evaluation level, measurement scale, preference direction,
reference population, and mathematical interpretation.

The elements C and & define the semantic scope of the requirement. Their presence depends on the
evaluation level and the target-view type. For example, an attribute-level requirement may specify a
target class and property, whereas a view-level requirement may require only the target view.

For this requirement, the observed condition is evaluated as:

Satisfied(RQ;,m,) <= m,(svm:EV_MusicBrainz_Artist,mo:MusicArtist,{foaf:isPrimaryTopicOf}) > 0.9.

4)

The specification-level condition is evaluated as:

Attainable(RQ;,m,) < m,(svm:EV_MusicBrainz_Artist,mo:MusicArtist,{foaf:isPrimaryTopicOf}) > 0.9.
()
The observed metric determines whether the materialized exported view satisfies the required
Wikipedia primary-topic coverage. The expected metric provides complementary evidence about
whether the current view specification contains sufficient mapping support for the same class and

property.
For the running example, the requirement is instantiated as:

RQ; = (svm:EV_MusicBrainz_Artist,qv:Completeness,
{(qv:AttributeCoverage, observed), (qv:PropertyMappingCompleteness, expected)},
mo:MusicArtist,{foaf:isPrimaryTopicOf},

qv:AttributeLevel, >,0.9).



Here, qv:AttributeCoverage is selected as the observed metric. It measures the propor-
tion of mo:MusicArtist instances in the materialized target view that contain a value for
foaf:isPrimaryTopicOf. This property links a musical artist to a Wikipedia resource for which
the artist is the primary topic.

The metric qv:PropertyMappingCompleteness is selected as the expected metric. It evaluates
whether the exported-view specification contains the mapping components required to generate
foaf:isPrimaryTopicOf values for mo:MusicArtist resources.

Both metrics operationalize the same user-defined quality condition over different evidence sources.
They are applicable to the same target view, quality dimension, evaluation level, class, and property,
and their results use the same ratio scale, preference direction, comparison operator, and threshold.
The observed metric evaluates the materialized view, whereas the expected metric evaluates the
corresponding capability represented in the view specification.

3.2. RDF Representation and Reuse

Formal quality requirements are represented as RDF metadata and stored in the EKG metadata graph.
The representation follows a reuse-first strategy: existing vocabularies are adopted when their semantics
are suitable, while a lightweight requirement vocabulary is introduced only when necessary.

Representing the requirement as RDF separates the interpretation of the requirement from its
subsequent execution. Rather than translating a user criterion directly into an execution-specific
artifact, such as a SPARQL query or a SHACL shape, the interpretation process produces a persistent,
machine-actionable description of the user’s quality intent. This description preserves the target
view, quality dimension, selected metrics, semantic scope, evaluation level, operator, and threshold
independently of the downstream mechanism that will consume it.

Four complementary vocabularies are used. The Vocabulary of Semantic Views, denoted by vosv:,
represents the target view, its specification, and its materialized data graph. DQV provides the generic
classes and properties for representing quality dimensions, metrics, and measurements. The quality
vocabulary, denoted by qv:, defines the concrete quality dimensions and metrics applicable to semantic
views. Finally, the requirement vocabulary, denoted by qreq:, represents the original user criterion,
the formal requirement, its semantic scope, and the metrics selected to operationalize it.

The classes qreq:QualityRequirement and qreq:UserCriterion represent the formal require-
ment and its original natural-language criterion, respectively. The properties qreq:targetView,
qreq:targetClass, and qreq:targetProperty define the evaluation scope. Selected metrics are
linked to the requirement through qreq:observedMetric and qreq: expectedMetric, which encode
the operational role assigned to each metric in the current requirement.

Figure 2 presents both the vocabulary fragment and its application to the running example.

gv:Artributel evel

. . ex:CriterionPrimaryTopicCoverage ] - -
vosv:DataView vosv:DataGraph vufv.DatﬂVlew | qgreq:UserCriterion J 1 Atleastg0%of |
~—greq-hasEvidenceType N } MusicBrainz |
BTG rdfs-label | musical arfists must|
qv:AtributeCoverage |< \ | have a Wikipedia |
gregargetView, areq.evaluationLevel dav:Metric. - I_primary-topic page |
prov.wasDerivedFrom areq-observedetric dqv-inDimension—" \ o area prov-wasDerivedFrom T
‘ | 1 | orsareaureseudenceTyoe = greq.evaluationLEve! \ AL0%0
i i i ex:Completeness J A | areq threshold
areq:UserCriterion | | greq:QualityRequirement dqv:Metric qreq:requiresEvidenceType “;“ ipieten z‘:;::}gﬁure{evw “—{"ex-rgPrimaryTopicCoverage
+ rdfs-iabel + grea:threshoid A = e W.—
dgvinDimension-. greq evaluationLevel/ 1
e / aqreqiexpectedMetric | [\
greq:targetCiass | |9req18rgeirropernty gv:ProperiyMappingCompleteness .~ — \ —
qreq expecteaMetnc dqv:Metric I -~ qregtargetClass
7 / | qreq:targetProperty
rdfs:Class rdf:Property vosv:DataViewSpecification || vosv:DataView _———areq L Type areqtarg \
qv:Atriburel evel |svm:Ev7Mus{cBrainz,Am’st mo:MusicArtist foaf:isPrimaryTopicOf
H i ion | vosv:ExportedView J rdfs:Class rdf:Property ]
(a) Fragment of the vocabulary for formal quality re-  (b) RDF representation of the Wikipedia primary-topic
qulrements. coverage requlrement.

Figure 2: Vocabulary and RDF representation of the formal quality requirement.

In Figure 2b, the requirement targets svm:EV_MusicBrainz_Artist, mo:MusicArtist, and
foaf:isPrimaryTopicOf. It is associated with the completeness dimension, the attribute-level evalu-



ation level, qv:AttributeCoverage as the observed metric, and qv:PropertyMappingCompleteness
as the expected metric.

The RDF representation allows the requirement to be retrieved through SPARQL and used as in-
put by different DQA mechanisms. Computed results can be linked to the requirement through
dqv:QualityMeasurement, while provenance metadata can associate the formal requirement with
the original criterion and the interpretation activity. The formal requirement, therefore, serves as a
persistent, reusable contract between the user’s quality intent and downstream DQA mechanisms.
Query-template instantiation, validation-constraint generation, quality measurement, and subsequent
agent-based assessment tasks can consume the same formalized requirement without requiring the
original natural-language criterion to be interpreted again.

3.3. From Formal Requirements to Executable Artifacts

Once formalized as RDF, the requirement can be consumed by different execution mechanisms with-
out repeating the natural-language interpretation step. The requirement specifies the parameters
for predefined templates, while each downstream mechanism determines how those parameters are
operationalized. For RQ, the target view, class, and property are used to instantiate a SPARQL query
that computes qv:AttributeCoverage:

SELECT (xsd:decimal(?withProperty) /
xsd:decimal(?total) AS ?coverage)
WHERE {
{ SELECT (COUNT(DISTINCT ?x) AS ?total)
WHERE { GRAPH <VIEW> { ?x a <CLASS> . } } }
{ SELECT (COUNT(DISTINCT ?x) AS ?withProperty)
WHERE { GRAPH <VIEW> {
?x a <CLASS> ; <PROPERTY> ?value .

}r

For RQ;, <VIEW>, <CLASS>, and <PROPERTY> are instantiated with svm:EV_MusicBrainz_Artist,
mo:MusicArtist, and foaf:isPrimaryTopicOf, respectively. The resulting coverage is compared
with the operator and threshold stored in the requirement according to Equation 4.

The same semantic scope can also instantiate an instance-level SHACL shape that identifies resources
without the required property. Such a shape provides diagnostic evidence but does not by itself enforce
the population-level threshold. The aggregate threshold can be evaluated from the SPARQL result or
through a SHACL-SPARQL constraint. Complete executable artifacts are available with the experimental
material.

Thus, SPARQL and SHACL represent different operationalizations of the same formal requirement
rather than independent interpretations of the user criterion. The intermediate RDF representation
decouples the semantic interpretation of the requirement from the technology used to execute or
validate it.

4. Requirement Interpretation Agent

The Requirement Interpretation Agent operationalizes the formal model introduced in Section 3. It
transforms a natural-language quality criterion into a formal quality requirement grounded in the target
view specification and in the quality metadata available in the EKG.

The agent follows a retrieval-augmented process. Authoritative RDF metadata is retrieved from the
metadata graph, and semantic alignment and LLM-based reasoning are applied only to the retrieved
candidates. Consequently, the agent can select only concepts and resources represented in the available
EKG context.
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Figure 3: Metadata-driven architecture of the Requirement Interpretation Agent.

Table 1

Phases of the requirement formalization process.
Phase Main operation Output
Criterion analysis Extracts entity and property mentions, quality inten- Parsed criterion

tion, operator, and threshold.
Metadata grounding  Aligns user expressions with ontology terms and re- Candidate scope and met-

trieves applicable quality metrics. rics
Requirement construc- Combines the grounded concepts with the formal Candidate requirement
tion model defined in Section 3.
Validation Checks the candidate against the view specification  Validated requirement or
and quality metadata. non-valid status

The process produces either a validated formal requirement or a non-valid status indicating that
clarification is required or that the criterion cannot be formalized using the available metadata.

4.1. Architecture and Interaction Flow

Figure 3 presents the metadata-driven architecture and interaction flow of the proposed agent.

The process starts when the user provides a natural-language quality criterion and identifies the
target semantic view. The Orchestration Agent verifies the input and requests clarification when the
criterion or target view is missing or ambiguous. Otherwise, it invokes the Requirement Interpretation
Agent.

The agent obtains contextual information through the Metadata Management Tool, which retrieves
two complementary types of metadata:

« view specification metadata, including the target view, view type, ontology terms, classes, proper-
ties, and other terms of the specification view; and

+ quality metadata, including dimensions, metrics, evaluation levels, accepted operators and scales,
and previously validated requirements.

Using this context, the agent performs the four phases summarized in Table 1.

For the running criterion, the expressions MusicBrainz musical artists and Wikipedia primary-topic
page are aligned with mo:MusicArtist and foaf:isPrimaryTopicOf, respectively. The quantitative
expression “at least 90%” is normalized into the operator > and the threshold 0.9.



The retrieved quality metadata constrains metric selection based on the target view type, quality
dimension, evaluation level, semantic scope, measurement scale, preference direction, and required
evidence. In the running example, the agent selects qv:AttributeCoverage as the observed metric
and qv:PropertyMappingCompleteness as the expected metric.

The selected elements are then combined to instantiate the formal requirement model. The resulting
candidate corresponds to the requirement presented in Section 3 and must be validated before it is
persisted or consumed by downstream DQA mechanisms.

The LLM-Based Support Layer assists with natural-language understanding, semantic alignment,
candidate ranking, clarification generation, and explanation. However, authoritative concept retrieval,
structural validation, and RDF persistence remain grounded in the metadata graph and deterministic
rules.

4.2. Validation and Implementation

Validation checks whether the generated requirement is grounded in the retrieved metadata and
compatible with the formal model. More specifically, it verifies:

« the validity of the target view and semantic scope;

« the applicability of the selected metrics to the quality dimension and evaluation level;
« the compatibility of the operator, threshold, scale, and preference direction; and

« the availability of the evidence required by each metric.

When observed and expected metrics are selected together, their correspondence is additionally
checked with respect to the evaluated quality aspect, scope, measurement scale, preference direction,
reference population, and mathematical interpretation. User confirmation may be requested when
multiple plausible candidates remain or when this correspondence requires domain knowledge.

If validation succeeds, the requirement is serialized according to the RDF representation de-
fined in Section 3.2 and persisted in the quality metadata graph. Otherwise, the agent returns
a status such as clarification_required, insufficient_context, unsupported_dimension, or
validation_error, without producing unsupported requirement metadata. The validation performed
at this stage concerns the structural and semantic validity of the formal requirement itself; it does not
evaluate whether the underlying data satisfies the requirement.

The agent is implemented as a hybrid component combining SPARQL-based metadata retrieval,
semantic candidate ranking, LLM-supported requirement generation, deterministic validation, and RDF
persistence. The generated structured output includes the target view, quality dimension, selected
metrics, semantic scope, evaluation level, operator, threshold, and interpretation status. After validation
and, when necessary, user confirmation, the Metadata Management Tool persists the requirement, its
relation to the original criterion, the selected metrics, provenance information, and validation status.

4.3. Interactive Prototype

To support human inspection and manual validation, we implemented the Requirement Agent Live
Console!. The interface allows users to select one of the four target semantic views, submit a natural-
language quality criterion, and inspect the resulting formal requirement as a human-readable report.
The prototype follows the architecture described in Section 4 and was used to qualitatively inspect a
subset of the outputs produced during development.

5. Experimental Evaluation

This section evaluates the agent with respect to the criterion classification, core-requirement formaliza-
tion, expected-metric selection, grounding validity, and operational cost.

! Available at https://tiny.cc/rq-agent-app.
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5.1. Experimental Setup

The evaluation uses the svm:DBB_Music_EKG and four target views: svm:EV_MusicBrainz_Artist,
svm:LV_MusicArtist, svm:UV_MusicArtist, and svm:FV_MusicArtist. Each case contains a natural-
language criterion, a target-view descriptor, and metadata retrieved from the EKG metadata graph.

The test set contains 140 synthetic criteria, with 35 cases per view: 24 valid, eight ambiguous, and three
rejected. Canonical requirements were first defined from the applicable metrics; controlled paraphrases,
incomplete criteria, and unsupported criteria were then generated; and the corresponding gold outputs
were instantiated from the formal model and manually reviewed. The complete experimental material
is publicly available.”

All cases were independently executed through the OpenAl Responses API using gpt-5.2-2025-12-
11 with low reasoning effort, the same common prompt, view-specific module, examples, and strict
JSON schema. All 420 executions returned schema-conformant JSON.

We compared the full configuration with two ablations. In without retrieved quality metadata, the
quality catalog was removed, while view, ontology, materialization, and provenance metadata were
preserved. The prompt allowed dimensions, metrics, levels, evidence types, units, and operators to
be inferred rather than automatically returning insufficient_context. In without retrieved view
metadata, the view specification, ontology, materialization, and provenance blocks were removed,
while the target-view descriptor and quality metadata were preserved; semantic-scope elements could
therefore be inferred.

All configurations used the same cases, gold outputs, model, modules, examples, and schema. The
ablations consequently measure the incremental contribution of retrieved metadata rather than the
complete absence of quality or view knowledge. Complete contexts were available only to the offline
verifier.

5.2. Evaluation Measures

The evaluation reports five effectiveness measures and four operational indicators.

Status accuracy evaluates whether the agent returns the interpretation status defined in the gold
standard: valid, clarification required, or one of the unsupported or rejected statuses. This measure is
computed over all 140 test cases.

Core-requirement accuracy is computed over the 96 valid cases. A core requirement is considered
correct when the generated output agrees with the gold standard on the target view, quality dimension,
evaluation level, observed metric, required semantic scope, comparison operator, and threshold. This
measure captures the elements needed to operationalize the quality condition directly expressed by the
user criterion, independently of whether an expected metric is also selected.

Expected-metric selection is evaluated using coverage and precision. Expected-metric coverage is
the proportion of valid cases containing an expected metric in the gold standard for which the agent
returns that metric correctly. Expected-metric precision is the proportion of expected metrics returned
by the agent that match the expected metric in the gold standard. Coverage, therefore, evaluates
how frequently the agent identifies an available specification-level interpretation, whereas precision
evaluates whether the metric is correct when the agent decides to include it.

Grounding validity is the proportion of requirements classified as valid whose controlled resources
and values are present in the complete reference metadata for the target view. The verification includes
classes, properties, predicates, functions, dimensions, metrics, evaluation levels, evidence types, units,
and operators. The complete reference context is used only by the offline verifier and is not supplied to
the model in the ablation configurations.

Finally, the operational comparison reports the average number of input tokens, total tokens, reason-
ing tokens, and wall-clock execution time over the 140 executions of each configuration.

ZAvailable at https://tiny.cc/rq-agent-experiment.
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Table 2
Effectiveness results for the full configuration and metadata ablations.

Expected Expected
Configuration / view Status Core coverage precision Grounding
Full - Exported 33/35 (94.3%)  22/24 (91.7%)  13/24 (54.2%)  13/13(100%)  26/26 (100%)
Full - Linkset 35/35 (100%)  21/24 (87.5%)  18/24(75.0%)  18/18 (100%)  24/24 (100%)
Full - Unification 35/35 (100%)  23/24 (95.8%) 8/20 (40.0%) 8/8 (100%)  24/24 (100%)
Full - Fusion 35/35 (100%)  21/24 (87.5%) 7/20 (35.0%) 7/7 (100%)  24/24 (100%)
Full - Overall 138/140 (98.6%)  87/96 (90.6%) 46/88 (52.3%) 46/46 (100%)  98/98 (100%)
Without quality metadata  136/140 (97.1%)  26/96 (27.1%)  49/88(55.7%)  49/56 (87.5%)  3/100 (3.0%)
Without view metadata 130/140 (92.9%)  51/96 (53.1%)  46/88 (52.3%)  46/47 (97.9%)  67/86 (77.9%)

5.3. Results and Discussion

Table 2 presents the effectiveness results. Status accuracy is computed over all criteria, whereas core-
requirement accuracy is computed over the 96 valid criteria. Expected-metric coverage uses the 88
valid cases for which the gold standard defines an expected metric, and expected-metric precision is
computed over the cases in which the agent actually returned one. Grounding validity is computed
over the requirements classified as valid by each configuration.

The full metadata-grounded configuration correctly classified 138 of the 140 criteria, corresponding
to 98.6% status accuracy. Core-requirement accuracy reached 90.6%, with 87 of the 96 valid criteria
correctly formalized. Expected-metric coverage reached 52.3%, and all 46 selected expected metrics
were correct, resulting in 100% precision. All 98 requirements classified as valid used only resources
and controlled values available in the reference metadata.

A closer analysis of the expected-metric results reveals an asymmetry between the two metric roles.
Observed metrics characterize quality evidence evaluated over the materialized data, whereas expected
metrics capture quality expectations associated with the semantic-view specification. Among the
42 cases in which an expected metric defined in the gold standard was not recovered, the observed
metric was nevertheless correctly identified in 40 cases. This suggests that the main difficulty lies
in identifying the specification-level quality perspective rather than the data-level quality aspect. At
the same time, whenever the agent returned an expected metric, the selection was correct. Thus, the
current configuration favors reliable expected-metric selection at the cost of lower coverage.

Removing the retrieved quality metadata had little effect on status classification, which decreased
from 98.6% to 97.1%. However, core-requirement accuracy decreased sharply from 90.6% to 27.1%. The
model could still recognize whether a criterion appeared to express a quality requirement, but it could
not reliably reconstruct the controlled quality dimension, evaluation level, evidence types, operators,
units, and metric applicability without the retrieved quality catalog.

Expected-metric coverage increased slightly to 55.7% in this ablation, but precision decreased from
100% to 87.5%. This increase in coverage should therefore not be interpreted as an improvement: the
agent selected expected metrics more frequently but introduced seven incorrect selections. This trade-
off suggests that quality metadata helps constrain unsupported specification-level metric selections,
although the relatively low coverage in the full configuration also indicates that the interpretation
strategy can still be improved. More importantly, only three of the 100 requirements classified as valid
used exclusively resources available in the reference metadata, resulting in 3.0% grounding validity.
The outputs remained linguistically plausible, but most were not grounded in the controlled DQA
vocabulary of the evaluated EKG.

Removing the retrieved view metadata produced a different error pattern. Status accuracy decreased
to 92.9%, and core-requirement accuracy decreased to 53.1%. Expected-metric coverage remained
unchanged at 52.3%, while precision decreased only slightly to 97.9%. This pattern suggests that
expected-metric selection is more sensitive to quality metadata than to view metadata, while the latter
primarily contributes to grounding the semantic scope.

Grounding validity without view metadata reached 77.9%, substantially higher than in the quality-
metadata ablation but lower than in the full configuration. The errors were concentrated in semantic-
scope elements such as source and target classes, fused-entity types, node kinds, domains, and ranges.



The Linkset View was the most affected, with core accuracy decreasing to 16.7%, whereas the Unification
View retained 91.7%. The latter result reflects the fact that the unchanged static modules and examples
already contain several resources used by the Unification cases.

Both reductions in core-requirement accuracy were significant under McNemar’s exact test (p <
0.001). The status difference was significant only without view metadata (p = 0.039), but not without
quality metadata (p = 0.625). The results indicate complementary roles: quality metadata constrains
DQA concepts and applicability, whereas view metadata grounds the semantic scope.

The full, no-quality-metadata, and no-view-metadata configurations used mean input-token counts of
8,860, 5,315, and 6,811, respectively, corresponding to reductions of 40.0% and 23.1% for the two ablations.
Mean total-token counts decreased by 36.6% and 21.0%, respectively. However, reasoning-token usage
increased from 133 in the full configuration to 185 (38.5% more) without quality metadata and 158 (18.8%
more) without view metadata. The observed mean execution times were 8.72, 9.18, and 9.11 seconds,
respectively. Thus, in these runs, the smaller contexts reduced token volume but did not reduce mean
execution time and instead required more reasoning tokens.

The experiment constitutes a controlled feasibility evaluation based on synthetically generated
criteria and a manually reviewed synthetic gold standard. Although this design enables controlled
coverage of view types, metrics, paraphrases, ambiguities, and negative cases, it is limited to one music-
domain EKG, one language model, and one execution per criterion. Because the static modules and
examples were preserved, the ablations measure the incremental contribution of dynamically retrieved
metadata rather than the complete absence of view or quality knowledge. The evaluation does not
include a non-LLM baseline and therefore does not establish superiority over simpler formalization
strategies. The approach also assumes sufficiently rich view and quality metadata in the target EKG,
and its applicability when such metadata is unavailable remains to be evaluated. Finally, the current
model focuses on threshold-based requirements; more complex conditional, temporal, multi-metric,
and provenance-dependent requirements remain outside the present evaluation.

Future evaluations should include domain-expert requirements, additional EKGs and domains, re-
peated executions, a prompt-only configuration that removes both retrieved metadata components,
and prompting strategies that assess observed and expected quality perspectives more explicitly and
independently.

6. Related Work

A substantial body of work has focused on translating natural-language requirements into formal arti-
facts. Req2Spec [5] is an early example that transforms software requirements into formal specifications
using Natural Language Processing (NLP) techniques. More recently, Large Language Models (LLMs)
have been used to achieve automated conversion of Natural Language Requirements (NLRs) to Compu-
tation Tree Logic (CTL) [6] and Linear Temporal Logic (LTL) [7] to support the formal verification of
software systems. Although these approaches share our goal of bridging Natural Language (NL) and
formal semantics, they target program verification rather than data quality, and their output is not
represented in RDF. Closer to our representational choices is the work of Westermann et al. [8], which
employs an LLM to translate textual engineering rules into SHACL constraints validated against an
AutomationML ontology, with the validation results subsequently explained back in NL — a pipeline
structurally similar to ours (NL — RDF constraint — validation). While this approach demonstrates
the feasibility of generating RDF constraints from natural-language text, it does not model the elements
formalized by our approach—namely, quality dimension, selected metrics, semantic scope, operator,
threshold, and evaluation level—nor does it rely on a dedicated quality metadata layer to represent
metric applicability and evidence requirements.

Specifically, turning to the Data Quality (DQ) domain, researchers have explored various rule-
based and ontology-driven frameworks for specifying user requirements. For example, Gonzalez
et al. [9] propose BIGOWL4DQ), an ontology to describe business data quality rules, characteristics,
measurements, and assessments that reuses DQ-Vocab concepts and incorporates DMN4DQ, a rule-based



mechanism to represent user requirements on data quality within a given context of use. In contrast
to our approach, however, requirements in DMN4DQ are expressed as pre-defined rules rather than
derived from natural-language criteria, and the framework does not specifically target EKG semantic
views. Ying and Gang [10] address Knowledge Graph (KG) completeness assessment guided by user
requirements; nevertheless, their approach is restricted to a single quality dimension (completeness),
does not rely on a dedicated metadata graph to disambiguate the requirement, and does not produce a
reusable RDF-based representation of the resulting requirement.

Beyond the specification and representation of requirements, a parallel strand of research concerns the
use of LLMs to translate natural-language questions into executable SPARQL queries over KGs. Emonet
et al. [11] propose a Retrieval-Augmented Generation (RAG) system that leverages KG metadata —
including schema information and query examples — to improve the accuracy of federated SPARQL query
generation. This approach is conceptually close to ours in its use of metadata as disambiguation context.
FIRESPARQL [12] and SPARQL-LLM [13] similarly report high accuracy in domain-specific Knowledge
Graph Question Answering (KGQA) settings. These systems, however, solve a different problem: they
translate a question into an ad-hoc retrieval query intended for immediate execution, whereas our agent
produces a formal, reusable quality requirement from which multiple DQA mechanisms — including,
but not limited to, SPARQL queries — can subsequently be instantiated.

Overall, existing approaches address natural-language formalization, RDF constraints, data-quality
requirements, and executable query generation largely as separate concerns. Our approach combines
these perspectives for EKG semantic views by grounding user-defined quality criteria in view and
quality metadata, and by producing a reusable formal RDF requirement that is independent of any
specific downstream execution mechanism.

7. Conclusion

This paper presented and evaluated a metadata-driven Requirement Interpretation Agent for formalizing
natural-language quality criteria over EKG semantic views. The evaluation focuses on the interpretation
and formalization stage of the broader requirement-driven DQA workflow. The full configuration
achieved 90.6% core-requirement accuracy and 100% grounding validity, while expected metrics achieved
100% precision at 52.3% coverage. Ablation results indicate complementary roles for the retrieved
metadata: quality metadata constrains DQA concepts and applicability, whereas view metadata grounds
the semantic scope. These results support the feasibility of the approach in the evaluated setting but do
not yet establish broad generalization.

Future work will evaluate expert-defined requirements, additional domains and EKGs, alternative
models, baselines and prompting strategies, and the use of formalized requirements in downstream
quality computation, assessment, diagnosis, and recommendation.
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