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LLM-Based Formalization of
Engineering Requirements into
Ontology-Constrained
Knowledge Graphs
Requirements engineering plays a central role in mechanical design, yet technical require-
ments remain predominantly expressed in natural language, limiting traceability, valida-
tion, and computational reasoning. This work presents an ontology-constrained pipeline
for transforming natural-language engineering requirements into Industrial Ontologies
Foundry (IOF)-grounded knowledge graphs enriched with QUDT-based quantitative se-
mantics. The pipeline decomposes text blocks into individual prescriptive clauses, extracts
structural slots and constraint atoms through a typed intermediate representation, nor-
malizes quantitative expressions via QUDT unit and quantity-kind grounding, and instan-
tiates IOF-compliant OWL ABox graphs. The transformation is implemented as a hybrid
neuro-symbolic workflow that combines Large Language Models (LLMs) with typed in-
termediate representations, rule-based post-processing, and description-logic reasoning.
Evaluation on a Formula SAE rules corpus, intentionally selected to stress quantitative
constraint handling, shows good structural reliability in the evaluated setting, but also
highlights important end-to-end limitations. Decomposition accuracy was 63.74%, indi-
cating that clause segmentation remains a major source of propagated error. Conditional
on correctly decomposed requirements, slot-level extraction achieved a macro accuracy
of 94.50%; however, the stricter row-level criterion requiring all structure and quantity
slots to be correct was 69.38%. Quantitative constraint identification reached 97.64%
precision and 96.88% recall. Normalization coverage was 98.78%, with residual errors
primarily attributable to quantity-kind disambiguation. At the graph level, 93.33% of
grounded artifacts passed all ontology-conformance checks. These results indicate that
ontology-constrained LLM pipelines can support requirements formalization, while still
requiring human oversight for decomposition-sensitive, logically complex, or compliance-
critical use cases. The code and data used in this study are openly available in the
ontology-req-pipeline GitHub repository.

Keywords: Requirements Engineering, Knowledge Graphs, Ontology, Large Language
Models, Engineering Design

1 Introduction
Requirements Engineering (RE) plays a fundamental role in

product design by defining the goals, constraints, and performance
conditions that delimit the solution space [1]. As formalized in
ISO 29148:2018 [2], requirements translate stakeholder needs into
prescriptive technical statements that a system must satisfy. Within
engineering design theory, requirements encode functional intent
and performance constraints that guide the transformation from
functions to behaviors and structures [3]. Consequently, require-
ments constitute a primary source of design knowledge, shaping
decision-making throughout the product lifecycle [4].

Despite their central role, technical requirements are predomi-
nantly expressed in natural language [5] and still need human in-
terpretation to be managed in industrial practice [6]. This process
is labor-intensive, error-prone, and difficult to scale, particularly
in early design phases where decisions are made under uncertainty
and downstream implications are difficult to anticipate [7]. The ab-
sence of explicit, machine-interpretable representations limits the
ability to systematically trace constraints, validate consistency, and
support computational design reasoning across lifecycle stages.

To address this challenge, researchers have explored Natural
Language Processing (NLP) and machine learning techniques for

1Corresponding Author.
June 25, 2026

automated requirement analysis, including classification, entity ex-
traction, and ambiguity detection [8,9]. While this class of ap-
proaches improves syntactic and lexical processing, it often lacks
the semantic grounding required to formally represent requirements
as prescriptive design knowledge [10]. More recently, LLMs have
demonstrated enhanced contextual understanding; however, they
remain prone to inconsistency, limited domain generalization, and
hallucinated outputs [11]. In engineering contexts, these limita-
tions are particularly critical, as errors may propagate into down-
stream system models and compromise design integrity [6].

Bridging this gap requires a semantic layer capable of explicitly
representing entities, relationships, and prescriptive constraints in a
form suitable for reasoning and validation [12]. Knowledge Graphs
(KGs) provide structured representations of domain concepts and
their relations, but their effectiveness depends on robust ontologi-
cal grounding. In engineering design, task-specific schemas often
lack the semantic expressiveness needed to represent concepts un-
ambiguously, which can result in redundant or inconsistent data
representations. Using an ontology to constrain admissible node
types and relations provides a guardrail for KG construction: it
governs schema evolution, enforces a shared vocabulary, and lim-
its the proliferation of overlapping classes and properties. Because
top-level ontologies are typically too abstract to capture design-
relevant distinctions, mid-level industrial ontologies, such as the
Industrial Ontologies Foundry (IOF) Core ontology [13], provide
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a more suitable foundation by formally modeling information con-
tent entities, material artifacts, processes, and prescriptive speci-
fications. However, engineering requirements frequently contain
quantitative constraints whose semantics depend on explicit mod-
eling of units, dimensions, and quantity kinds. For this reason,
integrating a complementary ontology for quantitative semantics,
such as QUDT (Quantities, Units, Dimensions and Types) [14],
is essential to ensure consistent representation of measurable con-
straints. Grounding requirements within such an integrated onto-
logical framework enables consistent interpretation, logical reason-
ing, quantitative normalization, and lifecycle traceability. As a mat-
ter of fact, recent research ontology-based product lifecycle man-
agement further highlights the importance of formally structured
knowledge frameworks for managing design information across
lifecycle stages [15,16]. These approaches demonstrate the value
of ontological modeling for lifecycle integration and traceability;
however, they typically assume that structured ontology-aligned
artifacts already exist. The systematic transformation of natural-
language engineering requirements into such ontology-grounded
representations remains largely unaddressed.

Building on this perspective, this work proposes a formally de-
fined, ontology-constrained methodology for transforming natural-
language technical requirements into IOF-grounded KGs. The
pipeline integrates four stages: (i) semantic decomposition of re-
quirement clauses, (ii) structured extraction of prescriptive con-
straints through a typed intermediate representation, (iii) quantita-
tive normalization via QUDT-based unit and quantity-kind ground-
ing, and (iv) ontology-aligned instantiation with automated reason-
ing and structural conformance validation. The proposed approach
combines the flexibility of LLMs in interpreting natural-language
requirements with ontology-based semantic grounding and vali-
dation, thereby transforming technical requirements into a com-
putable knowledge graph that can be used operationally for con-
sistent downstream analysis. Empirical results indicate that such
ontology-constrained LLM pipelines can achieve high structural
reliability in engineering-grade requirement formalization. This
evaluation uses a multi-level protocol on a stratified requirements
corpus, measuring slot-level extraction accuracy, quantitative nor-
malization correctness, semantic quality of the generated graphs,
and ontology-conformance of the resulting KGs. The resulting
representation largely preserves prescriptive structure in the evalu-
ated cases, supports consistency checking, and provides a seman-
tic backbone for reasoning, traceability, and downstream design-
support applications. At the same time, the evaluation shows that
reliability is not uniform across pipeline stages: decomposition
and strict row-level correctness remain substantially weaker than
slot-level extraction metrics, so the reported results should be inter-
preted as evidence of promising formalization support rather than
fully autonomous requirement understanding.

In methodological terms, the contribution is not a new stan-
dalone extraction model or a new ontology, but a neuro-symbolic
formalization framework that connects probabilistic parsing to de-
terministic ontology-enforced graph construction. The key ad-
vance is the introduction of an explicit semantic contract between
these stages through the typed intermediate representation and
the subsequent grounding-and-repair procedure. The engineering-
requirements setting serves as the motivating application domain
in which this framework is defined and evaluated. The empirical
evaluation therefore consists of a main single-domain benchmark
(FSAE) and a small cross-domain ablation intended as an initial
probe rather than as evidence of broad generalization.

The remainder of this paper is organized as follows. Section 2
reviews related work in requirements engineering, natural lan-
guage processing, and ontology-based knowledge representation,
positioning the proposed contribution within neuro-symbolic ap-
proaches for engineering design. Section 3 formalizes the research
gap and outlines the main contributions of the study. Section 4
defines the task and presents the end-to-end methodology, includ-
ing decomposition, structured extraction through a typed inter-
mediate representation, QUDT-based quantitative normalization,

and IOF-constrained KG grounding with reasoning and validation.
Section 5 reports the experimental evaluation on a Formula SAE
rules document, including extraction performance, normalization
results, graph inference outcomes, ontology-conformance analysis,
and runtime profiling. Section 6 discusses the implications of the
findings for mechanical design applications, analyzes representa-
tive success and failure cases, and outlines deployment considera-
tions and limitations. Finally, Section 7 concludes the paper and
identifies directions for future research in ontology-grounded AI
for engineering design. To support transparency and reproducibil-
ity, the code and evaluation datasets used in this study are publicly
available on GitHub2.

2 Related Work
This section reviews prior work relevant to the formalization

of prescriptive design knowledge from natural-language require-
ments. We first summarize foundational perspectives that position
requirements as carriers of design intent, constraints, and ratio-
nale in engineering design. We then review automated require-
ments analysis approaches, progressing from traditional NLP and
machine learning methods to LLM-based techniques, and discuss
their limitations with respect to semantic consistency and down-
stream reasoning. NLP and LLM approaches are reviewed before
ontology and KG approaches because the former address extrac-
tion from text, whereas the latter provide the semantic grounding
layer needed to formalize the extracted content. Finally, we ex-
amine ontology and KG-based representations, as well as recent
neuro-symbolic approaches, as semantic grounding mechanisms
that enable reasoning and validation.

2.1 Requirements as Prescriptive Design Knowledge. En-
gineering design theory consistently positions requirements as car-
riers of functional intent and constraints that guide solution devel-
opment. Axiomatic Design [17] defines functional requirements
as the minimal independent set of conditions a design must satisfy,
while Gero’s Function-Behaviour-Structure framework [3] concep-
tualizes design as the transformation of functional expectations into
structural realizations. Within these perspectives, requirements en-
code prescriptive goals and performance constraints independently
of specific implementations. Related work in engineering design
has similarly emphasized structured representations of design in-
tent through functional modelling; for example, the Functional
Basis tradition formalizes product functions using standardized
verb–object descriptions over flows of material, energy, and sig-
nal [18].

Despite their central role, requirements are typically represented
informally and dispersed across heterogeneous documents, lim-
iting traceability and computational integration in early design
stages [19]. While prior work has emphasized knowledge mod-
eling across process and concurrent engineering views [20], the
formalization of requirements as machine-interpretable prescrip-
tive entities remains limited.

In other words, requirements have long been treated as structured
design knowledge within engineering theory, yet are predominantly
processed as textual artifacts within AI and NLP pipelines (see Sec-
tion 2.2). Accordingly, although engineering design theory already
treats requirements as structured carriers of intent and constraints,
most AI and NLP workflows still process them primarily as text.
This gap motivates the need for ontologically grounded represen-
tations that can make requirement semantics explicit and support
reasoning, validation, and lifecycle traceability.

2.2 NLP and Machine Learning for Requirements Engi-
neering. Despite sustained progress, most RE approaches have
been primarily aimed at supporting manual document review rather
than enabling the formalization of requirements into prescriptive

2https://github.com/alessandrostefanone-polimi/ontology-req-pipeline
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design knowledge. Up to recent years, NLP-based approaches have
been dominated by reliance on traditional techniques such as tok-
enization, part-of-speech tagging, parsing, and rule-based feature
extraction [5].

Requirements templates, such as EARS [21] and Rupp’s tem-
plates [22], were introduced to reduce ambiguity and improve
consistency in requirements specification. While template-based
approaches improve readability and standardization, they rely on
predefined syntactic patterns and shallow semantic interpretations,
limiting their applicability to complex industrial requirements and
preventing the explicit representation of design constraints in a
form suitable for reasoning. Tiwari et al. [23] developed a rule-
based tool to translate requirements into EARS and Rupp’s tem-
plate, demonstrating how this methodology enhances both read-
ability and disambiguation. However, their approach proved inef-
ficient for the complex sentences typical of industrial scenarios, as
their rule-based method relies on shallow semantics. Unlike struc-
tured documentation templates, the representation proposed in this
study makes entity types, semantic relations, and quantitative-value
structures explicit in a machine-interpretable graph form, thereby
enabling graph querying beyond document organization alone.

While NLP and machine learning approaches have significantly
improved the automated analysis of requirements text, they pri-
marily operate at the syntactic or statistical semantic level and
do not address the formalization of requirements as prescriptive
design knowledge suitable for reasoning and validation. Recent
advances in machine learning, including word embedding mod-
els [24] and neural network architectures such as long short-term
memory, recurrent, and convolutional networks, have enabled more
effective pattern recognition in requirements text [25]. In partic-
ular, domain-adapted embeddings improved performance in clas-
sification tasks, as demonstrated by successful applications in the
automotive domain [26].

To automate downstream analysis, researchers and practitioners
increasingly shifted from document review to information extrac-
tion, converting requirements into structured representations; how-
ever, these outputs typically remain not ontologically grounded,
which limits formal reasoning and consistency checking. The in-
troduction of transformer architectures and attention mechanisms
[27] enabled context-aware representations of requirements text,
paving the way for LLMs that operate at a higher semantic ab-
straction level.

2.3 Large Language Models for Requirements and Design
Tasks. Building on advances in transformer architectures, LLMs
have recently been explored for requirements engineering and
design-related tasks due to their ability to capture richer seman-
tic patterns from natural-language text. Hou et al. [28] surveyed
the application of LLMs in requirements engineering, identifying
their use across a range of tasks including ambiguity resolution,
requirements classification, term identification, coreference detec-
tion, and traceability automation. Compared to traditional NLP
techniques, transformer-based pretrained language models (e.g.,
BERT [29]) and subsequent generative LLMs demonstrate supe-
rior performance in extracting contextual information by leveraging
bidirectional attention and large-scale pretraining.

Several studies have investigated the use of LLMs to improve
task-level performance in requirements engineering workflows.
Lim [11] evaluated fine-tuned LLMs for systems engineering tasks
such as functional versus non-functional requirements classifi-
cation, non-functional requirements sub-type categorization, and
named entity recognition for structured data mapping. While
the results confirmed the effectiveness of LLMs when adapted to
domain-specific data, the study also highlighted persistent chal-
lenges related to the limited availability of labeled datasets and
reduced generalization across domains. Similarly, Gräßler et al.
[30] employed generative language models to produce augmented
datasets for requirements classification, showing that data augmen-
tation improves performance within a given domain but degrades

significantly when applied cross-domain, underscoring the contex-
tual sensitivity of LLM-based approaches. Data augmentation and
adaptation strategies are particularly relevant for LLM-based re-
quirements engineering tasks. In this respect, Schiller et al. [31]
showed that fine-tuned models can achieve improved performance
in the generation of requirements documents, further highlighting
the importance of task-specific data and adaptation when applying
LLMs in requirements-related settings.

Beyond classification and labeling tasks, recent research has fo-
cused on exploiting LLMs to increase the machine readability of
technical requirements by translating natural-language Statements
into structured or semi-formal representations. Holter and Ell [32]
proposed a semantic decomposition of requirements into scope,
condition, and demand components, demonstrating that LLMs can
identify meaningful semantic elements within engineering require-
ments. Their work suggests that linking extracted entities to a
formal knowledge representation could enable the identification
of common conceptual patterns across requirements. Perko and
Wotawa [33] investigated the translation of natural-language re-
quirements into Answer Set Programming (ASP) representations
using LLMs, showing promising results but also reporting issues
in syntactic correctness and semantic consistency. Norheim and
Rebentisch [34] explored the use of generative LLMs for rephrasing
requirements into generic templates and semi-formal logic, reduc-
ing reliance on handcrafted rules but requiring substantial expert
intervention to ensure reliable and consistent outputs.

Prompt engineering and few-shot prompting techniques have fur-
ther demonstrated that providing structured contextual information
can significantly improve LLM performance across requirements
elicitation, specification, analysis, and validation tasks [35]. In the
design domain, multimodal LLMs have also been evaluated for
document understanding and information retrieval tasks. Doris et
al. [36] introduced the DesignQA benchmark to assess generative
models on technical documentation, highlighting how contextual
grounding strongly influences performance. However, Regenwet-
ter et al. [37] showed that state-of-the-art LLMs still struggle with
constrained engineering design problems and structured or tabular
data, revealing limitations in their ability to reason over formally
constrained domains. These limitations are not confined to require-
ments engineering. Recent work has also evaluated LLMs in con-
ceptual design decision tasks such as material selection [38], com-
paring model recommendations against expert preferences across
multiple scenarios. The study reports low variance of recommen-
dations across distinct design contexts and a tendency to overesti-
mate material appropriateness, underscoring persistent challenges
in aligning generative LLM outputs with expert engineering judg-
ment in downstream design decisions.

Results obtained by existing studies demonstrate that LLMs sig-
nificantly advance the extraction of implicit semantics from re-
quirements text and enable the generation of structured represen-
tations beyond the capabilities of traditional NLP and machine
learning approaches. Nevertheless, these representations are typi-
cally task-specific, ad hoc, or weakly formalized, and do not pro-
vide explicit, ontologically grounded models of prescriptive design
knowledge suitable for constraint propagation, lifecycle traceabil-
ity, and formal design validation. The limitations observed in state-
of-the-art applications of LLMs to requirements engineering and
design tasks therefore motivate the need to ground the reasoning
and generation capabilities of language models in an explicit se-
mantic layer.

2.4 Knowledge Graphs and Ontologies for Design Knowl-
edge Representation. Ontologies and KGs have long been
adopted in industrial engineering as a means of organizing complex
and heterogeneous data in a semantically consistent manner. By
establishing shared vocabularies and formal relationships across
organizational functions, ontology-based approaches support inter-
operability, traceability, and information integration throughout the
product lifecycle [39]. In the manufacturing domain, early efforts
such as the Manufacturing Reference Ontology (MRO) proposed
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by Usman et al. [40] demonstrated how formal semantic models
can mitigate ambiguity and improve interpretability across diverse
industrial contexts.

Within the engineering design domain, substantial research has
focused on developing formal representations of design knowledge
to systematize the product development process. Ontology-based
approaches have been proposed to structure requirements, func-
tions, and design artifacts coherently, supporting traceability and
consistency across design phases. For instance, Lin et al. [41]
introduced an ontology to formalize technical requirements and
their dependencies, highlighting the central role of requirements
as carriers of goals and constraints in systems engineering. Simi-
larly, Colombo et al. [42] emphasized that design within functional
constraints relies on the interplay between ontological knowledge,
which captures static concepts and relationships, and procedural
knowledge, which governs the dynamic execution of design activ-
ities.

Notwithstanding extensive prior work on ontology-based rep-
resentations for design, most engineering ontologies remain man-
ually authored, domain-specific, and weakly connected to large
volumes of unstructured requirements artifacts produced in in-
dustrial practice. This limitation is increasingly problematic in
data-driven and AI-assisted design contexts, where scalable and
machine-interpretable representations of prescriptive knowledge
are required. The Industrial Ontologies Foundry (IOF) addresses
this gap by providing explicit modeling constructs for requirement
specifications, design specifications, and satisfaction relations [13].
Built upon the Basic Formal Ontology (BFO) [43], IOF ensures
domain-independent semantic commitments and logical coherence.
In this work, IOF is adopted as the structural grounding backbone
for requirement formalization.

Model-Based Systems Engineering (MBSE) provides a comple-
mentary route toward machine-interpretable requirements by shift-
ing system descriptions from documents to model-based artifacts,
most commonly expressed in SysML [44]. Although SysML stan-
dardizes constructs for capturing requirements and tracing them
to functional and architectural elements, SysML models remain
largely semi-formal: their semantic interpretation is frequently
tool and profile-dependent, and automated reasoning is typically
limited to tool-specific validation rules rather than logic-based in-
ference over shared semantics [44]. In this context, a constrained
IOF-grounded knowledge graph can act as an explicit semantic
substrate that complements MBSE by making ontological commit-
ments explicit and enabling logic-based validation and constraint
reasoning over prescriptive design knowledge [13].

In parallel, recent research has explored neuro-symbolic ap-
proaches that combine symbolic knowledge representations with
neural models to improve reasoning, robustness, and interpretabil-
ity [12]. Hybrid architectures have emerged as a promising strat-
egy to combine scalable language processing with formally struc-
tured design knowledge. Approaches such as GraphRAG [45]
exemplify the use of KGs as semantic indices to provide struc-
tured context for language model generation. In contrast to tax-
onomies or task-specific schemas, ontologically grounded KGs
provide explicit semantic commitments that support validation and
reasoning over prescriptive constraints. Recent work on context
graphs and context-engineering workflows similarly highlights the
value of structured semantic context for constraining and improving
language-model outputs [46].

In the context of engineering design, several recent studies have
shown that incorporating structured knowledge representations can
significantly improve the coherence and consistency of AI-assisted
design processes. Massoudi and Fuge [47] introduced the Design
State Graph (DSG) to encode procedural design knowledge ac-
quired by agentic language models, demonstrating improved log-
ical consistency across design phases. Similarly, Pan et al. [48]
leveraged a KG derived from user needs to constrain LLM-based
conceptual design generation, achieving superior results compared
to ungrounded generative models. These studies highlight the ef-
fectiveness of semantic backbones in reducing redundancy and en-

forcing design consistency, but they often rely on manually curated
or domain-specific knowledge representations.

Recent work has also shown that knowledge graphs can support
the organization and retrieval of experiential design knowledge in
engineering design contexts, for example by structuring teardown-
derived observations and designer-generated relations into interac-
tive graph representations [49]. However, such approaches primar-
ily focus on organizing experiential design knowledge rather than
formalizing prescriptive natural-language requirements into repre-
sentations structured for ontology-based validation and reasoning.

Existing research confirms the importance of ontologies and
KGs for representing design knowledge and grounding AI-based
reasoning. Nevertheless, a key gap remains in the automated ex-
traction and formalization of prescriptive design knowledge from
natural-language requirements into ontologically grounded repre-
sentations. Addressing this gap is essential to enable scalable,
trustworthy, and reasoning-capable AI systems for engineering de-
sign.

3 Research Gap and Main Contribution
Existing research in requirements engineering and AI-assisted

design can be broadly grouped into two streams. First, NLP and
machine-learning approaches improve syntactic analysis and se-
mantic extraction from requirements text, but typically stop short
of producing formally grounded, reasoning-ready representations.
Second, ontology- and knowledge-graph–based approaches provide
the semantic rigor required for validation and multi-hop reasoning,
yet are often manually curated, domain-specific, and weakly con-
nected to large volumes of unstructured industrial requirements
artifacts. A methodological gap therefore persists: there is no sys-
tematically defined, ontology-constrained transformation pipeline
that converts natural-language engineering requirements into logi-
cally coherent, mid-level industrial KGs with explicit quantitative
semantics and structural validation.

The primary contribution of this work is the overall transfor-
mation framework rather than any single component in isolation.
Specifically, the novelty lies in coupling LLM-based requirement
parsing with a typed intermediate representation, deterministic
quantitative normalization, ontology-constrained ABox grounding,
and logic-based conformance enforcement within a single auditable
pipeline. Among these elements, the most distinctive method-
ological contribution is the grounding-and-validation workflow that
converts extracted requirement semantics into ontology-committed
OWL instance graphs while constraining probabilistic generation
through explicit semantic contracts.

This work addresses that gap by introducing a formally spec-
ified, staged transformation pipeline that integrates language-
model–based semantic parsing with deterministic ontological
grounding under IOF and QUDT commitments. Unlike prior
LLM-based structuring approaches, the proposed method does not
merely reformat requirements into templates or semi-formal logic.
Instead, it produces OWL ABox graphs that (i) reuse an estab-
lished industrial ontology, (ii) enforce modeling constraints through
validation and reasoning, and (iii) preserve quantitative semantics
through explicit unit and quantity-kind normalization.

The core contributions of this study, taken together as a single
ontology-constrained requirement-formalization framework, are:

• A formally defined end-to-end transformation Φ = 𝛾◦𝜈◦𝜀◦𝛿
that maps natural-language requirement clauses into ontology-
grounded KG instances without introducing new schema ele-
ments.

• A typed intermediate representation that bounds LLM gen-
eration, supports traceability through explicit evidence spans,
and serves as a semantic contract between probabilistic ex-
traction and deterministic grounding.
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Fig. 1 Overview of the pipeline for transforming textual requirements into an ontology-based graph.

• A QUDT-aligned quantitative normalization mechanism that
resolves surface-form units and quantity expressions into di-
mensionally consistent, ontology-compatible representations.

• A hybrid grounding workflow combining LLM graph pro-
posal, deterministic sanitization, and description-logic reason-
ing to enforce IOF structural commitments and detect model-
ing inconsistencies.

• An empirical evaluation on a quantitatively dense engineering
corpus showing strong slot-level and graph-conformance per-
formance, while also identifying decomposition and row-level
correctness as the main bottlenecks for end-to-end reliability.

From a mechanical design perspective, the contribution is not
merely linguistic automation, but the establishment of a semanti-
cally grounded bridge between textual requirements artifacts and
formally structured design knowledge. This bridge enables logical
validation, constraint traceability, and reasoning-ready represen-
tations suitable for downstream design-support workflows. The
empirical study is structured around the following research ques-
tions:

• RQ1. Is it possible to transform natural-language engineering
requirements into IOF-grounded OWL ABox graphs through
a formally staged workflow?

• RQ2. How reliably does the pipeline preserve requirement
structure and quantitative semantics across decomposition, ex-
traction, and normalization phases?

• RQ3. How structurally valid are the generated graphs with
respect to the ontology-conformance constraints adopted in
this work?

4 Methodology
This section formalizes the task of transforming natural-

language technical requirements into IOF-grounded KGs and de-
tails the end-to-end pipeline that implements this transformation.
It is important to note that the pipeline is not deterministic end-to-
end: decomposition, extraction, selected normalization decisions,
and the initial graph proposal depend on LLM outputs, whereas
schema validation, quantitative conversion, sanitization, confor-
mance checks, and fallback logic are applied through determin-
istic post-processing once candidate outputs have been produced.
Figure 1 shows the general idea.

4.1 Document preprocessing and corpus preparation. The
input to the proposed pipeline is not a raw PDF artifact itself, but
a text-based intermediate representation derived from the source
document. In the present implementation, source documents were
first converted through an OCR-based document conversion step
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that produces page-level textual transcriptions together with pre-
served page boundaries. The resulting text was then segmented into
sentence-like spans and stored with provenance metadata, including
document identifier, page number, and sentence index. Candidate
requirement statements were subsequently selected through modal-
expression filtering and retained as JSONL records for downstream
processing. This preprocessing was intentionally designed to pre-
serve realistic document noise rather than produce a manually nor-
malized gold transcription. As a result, the benchmark reflects the
kind of imperfect textual input commonly encountered in indus-
trial document-processing pipelines, where extracted spans may
still contain layout artifacts, section numbering, list markers, or lo-
cal formatting residue. The semantic formalization pipeline intro-
duced in the following sections therefore operates on PDF-derived
text spans rather than on manually curated requirement clauses.
Because this conversion stage is OCR- and layout-driven rather
than semantics-aware, it introduces several limitations. Complex
formatting structures such as nested bullet lists, tables, equations,
superscripts or subscripts, multi-line rules, and cross-references
were imperfectly linearized.

4.2 Task Definition and Goals. The first methodological as-
sumption is that the requirements are expressed in English natural
language. While alternative semantic decompositions of require-
ments have been proposed (e.g., [32]), the task is hereby defined
according to ISO 29148:2018 [2], which frames a requirement as
a prescriptive Statement that constrains a system or system ele-
ment under specified conditions and within a defined scope. In
this work, ISO/IEC/IEEE 29148:2018 is adopted to define the no-
tion of a requirement at the natural-language level, whereas IOF
Core is adopted only at the ontological grounding stage to repre-
sent requirement-related informational artifacts as OWL individ-
uals. The proposed pipeline therefore acts as a transformation
layer between ISO-style requirement statements and IOF-grounded
specification structures.

Let Σ∗ denote the set of finite strings over an alphabet Σ. An
input text block 𝑥 ∈ Σ∗ denotes a contiguous span of text extracted
from a requirements artifact (e.g., a product requirements docu-
ment). In the present study, such text blocks are obtained from
PDF documents transcriptions rather than from manually curated
requirement statements. Accordingly, 𝑥 should be interpreted as
a realistic extracted text span whose boundaries and surface form
may still reflect upstream document-conversion artifacts. In indus-
trial practice, a single text block may contain multiple prescriptive
clauses due to formatting conventions, company-specific writing
rules, or embedded lists. Therefore, the first goal of the methodol-
ogy is to decompose 𝑥 into a finite sequence of individual require-
ment clauses.

Each individual requirement clause is represented by the tuple
in Eq. 1:

𝑟 = ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜, 𝐶, 𝑅⟩ (1)

where 𝑠 is the subject of the requirement (the system, compo-
nent, or entity being specified), 𝑚 is the modality marker (e.g.,
shall, must), 𝜅 denotes the condition or scope under which the pre-
scription applies, 𝑎 is the prescriptive action or predicate asserted
of the subject, 𝑜 is the object argument of 𝑎 (i.e., the entity that the
prescribed action is directed toward or specified for, when explic-
itly stated), 𝐶 is the list of constraints extracted from the clause,
and 𝑅 is the set of external references (e.g., references to tables,
figures, other documents, or requirement identifiers).

To make Eq. 1 concrete, consider the requirement: "During
braking, the pedal shall maintain a minimum clearance of 10 mm
from the chassis, as specified in Table 3." In this case, the subject
is the pedal (𝑠), the modality is shall (𝑚), the condition/scope is
during braking (𝜅), the prescribed action is maintain (𝑎), and the
object is clearance (𝑜). The constraint set 𝐶 includes the quantita-
tive minimum-bound constraint on the clearance value (minimum
10 mm) and its relational target (from the chassis), while 𝑅 includes
the external reference "Table 3".

In accordance with ISO 29148:2018, constraints in 𝐶 may attach
to different clause elements (subject, object, action, condition/s-
cope, or modality); consequently, constraint targets are not fixed at
the tuple level; rather, they are explicitly captured in the extracted
constraint structures produced by the extraction stage.

At this point, the overall task can be formalized as semantic
parsing into an ontologically constrained ABox: mapping natural-
language requirements into an instance-level KG that reuses the
vocabulary and modeling commitments of a mid-level industrial
ontology, enabling logical reasoning and validation.

Let G denote the set of admissible KGs. The mapping function
Φ : Σ∗ → G is modeled as a composition of stage-wise functions:

Φ(𝑥) = (𝛾 ◦ 𝜈 ◦ 𝜀 ◦ 𝛿) (𝑥) (2)

where:

• 𝛿 (decomposition) splits a text block into individual require-
ment clauses;

• 𝜀 (extraction) produces structured requirement frames, con-
straint atoms, and external references, each with evidence
spans in the source text;

• 𝜈 (normalization) normalizes quantity strings to a representa-
tion that uses QUDT Units and Quantity Kinds vocabularies
[14];

• 𝛾 (grounding) instantiates IOF-grounded graph patterns from
the extracted frames and normalized constraint structures.

To account for multi-clause text blocks, 𝛿 is defined to return a
finite sequence of clauses:

𝛿 : Σ∗ → R∗ (3)

where R is the set of individual requirement clauses. The resulting
KG is obtained by grounding each clause and merging the produced
instance assertions:

Φ(𝑥) =
⋃︂

𝑟𝑖 ∈ 𝛿 (𝑥 )
(𝛾 ◦ 𝜈 ◦ 𝜀) (𝑟𝑖). (4)

From a practical perspective, decomposing the task into modular
functions was aimed at reducing error propagation and supporting
maintainability: probabilistic components (LLM-based decompo-
sition, extraction, and selected normalization/grounding decisions)
are constrained to typed intermediate representations, while deter-
ministic post-processing and logical reasoning enforce structural
consistency.

The output graph 𝐺 ∈ G is an OWL instance graph (ABox)
that reuses classes and properties from the IOF Core ontology
[13] and a subset of the classes and relations provided by QUDT
[14], following the guidelines provided by [50] and detailed in
Section 4.6. As such, the result of the pipeline does not define new
ontology classes; rather, the task is to create instances (individuals)
of already existing ontology classes. Formally, a graph is defined
as:

𝐺 = (𝑉, 𝐸), (5)

where 𝑉 are the nodes while 𝐸 are the edges. In the context
of this work, the former is a finite set of Resource Description
Framework (RDF) resources (identified by IRIs), the latter a finite
set of RDF triples. As each edge should be either between two
resources (e.g., :Req123 iof:hasSubject :Motor_1) or between
a resource and a literal (e.g., :Quantity_1 qudt:numericValue
"10.0"^^xsd:double), only two kinds of assertions are allowed:

𝐸 ⊆ (𝑉 × 𝑃 ×𝑉) ∪ (𝑉 × 𝐷 × 𝐿), (6)

where 𝑃 is a set of object properties, 𝐷 is a set of datatype prop-
erties, and 𝐿 is the set of literals. Let 𝐶𝐼𝑂𝐹 and 𝑅𝐼𝑂𝐹 denote
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the sets of classes and object properties defined in IOF Core. Let
𝐶∗
𝑄𝑈𝐷𝑇

⊆ 𝐶𝑄𝑈𝐷𝑇 and 𝑅∗
𝑄𝑈𝐷𝑇

⊆ 𝑅𝑄𝑈𝐷𝑇 denote the task-specific
subsets of QUDT classes and properties admitted by the pipeline
(units, quantity kinds, and value patterns). Every individual must
be explicitly typed using the predicate rdf:type; hence for each
individual 𝑣 ∈ 𝑉 there exists at least one class 𝑐 ∈ 𝐶𝐼𝑂𝐹 ∪𝐶∗𝑄𝑈𝐷𝑇

such that (𝑣, rdf:type, 𝑐) ∈ 𝐸 . Likewise, all object-property as-
sertions use relations drawn exclusively from 𝑅𝐼𝑂𝐹 ∪ 𝑅∗

𝑄𝑈𝐷𝑇
.

4.3 Decomposition (𝜹): Splitting into Individual Require-
ments. The decomposition function 𝛿 partitions an input text block
𝑥 ∈ Σ∗ into a finite sequence (𝑡1, . . . , 𝑡𝑛), where each 𝑡𝑖 cor-
responds to a textual clause expressing exactly one prescriptive
obligation. Each resulting clause is intended to contain a single
modality marker and its associated predicate, in accordance with
the definition of a requirement in ISO 29148:2018.

The decomposition process is implemented using an LLM
guided by a structured prompt and few-shot examples to identify
appropriate splitting boundaries. Specifically, the language model
is instructed to split a text block into individual requirements when
any of the following conditions hold:

• multiple distinct prescriptive modalities (e.g., shall, must,
should, will, is required to) govern different predicates;

• coordinated predicates express independent obligations;

• bullet or numbered list items each encode a standalone obli-
gation.

Conversely, the prompt instructs the model not to split clauses when
qualifiers constrain a single obligation. Such qualifiers include tem-
poral or conditional scopes (e.g., “when X”, “during Y”), tolerance
specifications (e.g., “±10%”), and parenthetical refinements or unit
specifications.

The decomposition output is constrained to a typed JavaScript
Object Notation (JSON) schema containing requirement indices
and clause texts. The overall procedure implementing 𝛿 is summa-
rized in Algorithm 1.

Algorithm 1 Decomposition of text blocks into individual require-
ments (𝛿)
Require: Input text block 𝑥 ∈ Σ∗
Ensure: List of indexed individual requirement clauses {𝑡𝑖}𝑛𝑖=1

1: Initialize prompt template with few-shot examples
2: Construct prompt 𝑃𝛿 with input text 𝑥
3: Query LLM with 𝑃𝛿 and structured output schema Individ-

ualRequirementsResponse
4: Parse LLM response into list individual_requirements of

(req_idx, text) chunks
5: return {𝑡𝑖}𝑛𝑖=1

4.4 Extraction (𝜺): Structured Information Extraction.
The extraction stage transforms each individual requirement clause
𝑡𝑖 into a structured representation 𝑟 = ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜, 𝐶, 𝑅⟩. This
process is decomposed into three sub-tasks, each handled by a
specialized LLM call with task-specific prompts and constrained
decoding to a specified JSON schema. To make explicit the data
dependencies between sub-tasks, intermediate outputs are defined
as described in Eqs. 7–10.

𝜀𝑖𝑠 (𝑥) := 𝜀𝑠 (𝑡𝑖 , 𝑥), (7)

𝜀𝑖𝐶 (𝑥) := 𝜀𝐶
(︁
𝑡𝑖 , 𝑥, 𝜀

𝑖
𝑠 (𝑥)

)︁
, (8)

𝜀𝑖𝑅 (𝑥) := 𝜀𝑅
(︁
𝑡𝑖 , 𝑥, 𝜀

𝑖
𝑠 (𝑥), 𝜀𝑖𝐶 (𝑥)

)︁
, (9)

𝜀(𝑡𝑖 , 𝑥) :=
⟨︁
𝜀𝑖𝑠 (𝑥), 𝜀𝑖𝐶 (𝑥), 𝜀

𝑖
𝑅 (𝑥)

⟩︁
, (10)

where 𝜀𝑠 is the structure extraction function, 𝜀𝐶 is the constraint
extraction function conditioned on structure, and 𝜀𝑅 is the reference
extraction function conditioned on structure and constraints. The
final requirement instance 𝑟 is obtained by assembling the fields
yielded by 𝜀𝑖𝑠 (𝑥), 𝜀𝑖𝐶 (𝑥), and 𝜀𝑖

𝑅
(𝑥).

4.4.1 Extraction Data Model and Controlled Vocabularies.
Now that 𝜀 has been formalized as a staged functional transfor-
mation, the correctness and interoperability of its outputs depend
on a strictly defined intermediate representation (IR). Before detail-
ing the three sub-tasks of 𝜀, we therefore introduce the data model
that constrains its outputs. This IR serves as the formal interface
between extraction, normalization, and grounding. The data model
shown in Figure 2 is a task-specific intermediate representation in-
troduced in this work. It is not taken directly from IOF Core or
QUDT, nor is it intended as a standalone ontology of engineering
requirements. Rather, it acts as a typed contract between extrac-
tion, normalization, and grounding: it constrains LLM outputs,
preserves evidence spans for traceability, and ensures compatibil-
ity with the ontology-constrained instantiation stage. Its design is
informed by the clause structure of ISO 29148 requirements and by
the practical need to bridge probabilistic extraction with rule-based
validation and downstream IOF/QUDT grounding.

At record level, the extractor returns

𝑅 = ⟨𝑖𝑑𝑥, 𝑠𝑜𝑢𝑟𝑐𝑒, 𝑥, R⟩, (11)

where 𝑥 is the original input text block and R is an ordered
list of individual requirements. The structural frame 𝑆𝑖 com-
prises the ISO-aligned slots subject, modality, condition,
action, and object. Span-bearing fields are represented as
character-offset tuples over 𝑥 (0-indexed, end-exclusive), ensur-
ing that every extracted element remains explicitly traceable to
its source evidence. The condition object additionally includes
an EARS-style pattern ([21]) label used to classify applicabil-
ity contexts (ubiquitous, event-driven, state-driven, un-
wanted_behaviors, optional_features).

The intermediate representation of each constraint 𝑐𝑗 supports
clause-internal logic (group with AND/OR), explicit attachment se-
mantics (target), provenance (evidence), and hierarchical mod-
ifier chains (depends_on). Qualifiers encode polarity and scope
(negated, preferred, scope_all).

The value field is typed as a discriminated union to preserve se-
mantic compatibility between operators and operands: quantitative
values (ValueQuantity), enumerations (ValueEnum), booleans,
and entity/event references (ValueRef), with a none fallback for
constraints that are structurally valid but do not expose an ex-
plicit value surface form. References are represented indepen-
dently through Reference objects with evidence spans, expected
IOF-compatible type, and optional resolution field.

The IR uses closed vocabularies to reduce lexical variability and
support rule-based validation after probabilistic extraction. The
main vocabularies (see Appendix A) are: ModalityVocab, Oper-
atorVocab, AttributeKindVocab, ValueKindVocab, target-kind
vocabulary (subject, object, action, condition, modality),
and reference expected-type vocabulary (MaterialEntity, Pro-
cess, Quality, InformationContentEntity, Unknown). This
typed contract is the primary mechanism used to maintain ex-
traction robustness while preserving direct compatibility with the
QUDT normalization stage (Section 4.5) and subsequent IOF
grounding.

4.4.2 Structure Extraction (𝜀𝑠). The first sub-task extracts the
core structural elements of an individual requirement clause 𝑡𝑖 , i.e.
subject (𝑠), modality (𝑚), condition/scope (𝜅), action (predicate)
(𝑎), and, when explicitly stated, object (𝑜). These slots reflect
the semantic components defined by ISO 29148 and correspond
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Record

+ idx: int
+ source: str
+ original_text: str
+ requirements: List[IndividualRequirements]

IndividualRequirement

+ req_idx: int
+ structure: Structure
+ constraints: List[Constraint]
+ references: List[Reference]
+ raw_text: Optional[str]

Structure

+ subject: Span
+ modality: ModalityVocab
+ condition: Condition
+ action: Span 
+ object: Span

Constraint

+ constraint_idx: str
+ group: Group
+ evidence: Span
+ attribute: Attribute
+ target: TargetVocab
+ operator: OperatorVocab
+ value: Value
+ qualifiers: Qualifiers

Reference

+ ref_idx: int
+ evidence: Span
+ expected_type: ValueRefVocab
+ resolves_to: Optional[str]

Value

+ kind: ValueKindVocab
+ raw_text: str
+ quantity: Optional[ValueQuantity]
+ enum: Optional[ValueEnum]
+ boolean: Optional[bool]
+ ref: Optional[ValueRef]

ValueQuantity

+ v1: Optional[float]
+ v2: Optional[float] 
+ tol: Optional[float] 
+ unit_text: Optional[str]

ValueEnum

+ members_str: Optional[List[str]]
+ members_qty: Optional[List[ValueQuantity]]

ValueRef

+ text: str
+ expected_type: ValueRefVocab

Attribute

+ name: str
+ kind: AttributeKindVocab

Qualifiers

+ negated: bool
+ preferred: bool
+ scope_all: bool

Group

+ group_id: int
+ relation: {"AND" | "OR"}

1

*

***

1 1

1

1111

1 1 1

1

Fig. 2 Data model used for checking extraction outputs against a structured intermediate representation

to the syntactic structures operationalized in widely used require-
ments templates [21,22], thereby providing a standardized foun-
dation for downstream constraint extraction, normalization, and
ontology grounding. Each extracted element is linked to an ex-
plicit evidence span, reported as character offsets relative to the
original text block 𝑥, ensuring full traceability.

Algorithm 2 Structure extraction for an individual requirement
(𝜀𝑠)
Require: Individual requirement text 𝑡𝑖 , original text 𝑥
Ensure: Structure tuple Z = ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩ with text spans

1: Construct prompt 𝑃𝜀𝑠 with 𝑡𝑖 and 𝑥

2: Query LLM with 𝑃𝜀𝑠 and schema StructureResponse
3: ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩ ← Parse response field structure into Struc-

ture schema
4: return Z = ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩

4.4.3 Constraint Extraction (𝜀𝐶 ). The second sub-task identi-
fies the prescriptive constraints expressed in an individual require-
ment clause. In the scope of this study, a constraint is an informa-
tion content entity that restricts the design solution or implementa-
tion of the target product or system [2]. Each extracted constraint
is modeled as a constraint atom, i.e., a minimal, self-contained
statement that constrains an attribute, relation, or event with an
explicit operator and value, and that can be grounded and vali-
dated independently downstream. Constraint atoms are extracted

by analyzing the spans returned by 𝜀𝑠 (for subject, condition/s-
cope, action, object, and modality) and by linking each atom to
an evidence span in the original text block 𝑥. In accordance with
ISO 29148, a constraint may apply to different clause elements;
therefore, each atom also records its attachment target (subject-
, object-, action-, condition-, or modality-scoped), as determined
from the local syntactic and semantic context.

Formally, each atom 𝑐 ∈ 𝐶 is represented as

𝑐 = ⟨𝑎𝑡𝑡𝑟, 𝑜𝑝, 𝑣𝑎𝑙, 𝑞, 𝑡𝑔𝑡, 𝑒𝑣, 𝑔, 𝑑𝑒𝑝⟩, (12)

where 𝑎𝑡𝑡𝑟 denotes the constrained attribute or attribute-bearing
relation, 𝑜𝑝 is a normalized operator drawn from a closed vocabu-
lary (OperatorVocab), 𝑣𝑎𝑙 is a typed value expression, 𝑞 is a set of
qualifiers that modulate the prescription (i.e., negation, preference,
or universal scope), 𝑡𝑔𝑡 is the attachment target, 𝑒𝑣 is the evidence
span, 𝑔 is the logical group assignment (AND/OR), and 𝑑𝑒𝑝 is
an optional dependency pointer used for nested modifier chains.
The closed vocabulary OperatorVocab is used to reduce surface-
form variability and enable rule-based validation and downstream
grounding. External references are extracted in the subsequent
stage 𝜀𝑅 using structure and constraints as context.

Algorithm 3 summarizes the procedure. The LLM is prompted
to emit only schema-conformant constraint atoms using the de-
fined closed vocabularies. All referenced types and vocabularies
are specified in the data model described in Section 4.4.1, while
Table 1 summarizes the semantic role of each field together with
its extraction and validation strategy.
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Table 1 Constraint atom intermediate representation: fields, semantics, and validation.

Field Type / Vocabulary Semantics Extraction and validation
𝑎𝑡𝑡𝑟.𝑘𝑖𝑛𝑑 AttributeKindVocab Coarse type of the constrained attribute or re-

lation mentioned in the clause.
Predicted by the LLM from the local
phrase denoting the constrained as-
pect; validated by compatibility with
𝑣𝑎𝑙.𝑘𝑖𝑛𝑑.

𝑎𝑡𝑡𝑟.𝑛𝑎𝑚𝑒 string Surface-form name of the constrained at-
tribute/relation (e.g., "flow rate", "material").

Copied from evidence span; vali-
dated by non-empty span within 𝑥.

𝑜𝑝 OperatorVocab Canonical operator expressing the constraint
relation between 𝑎𝑡𝑡𝑟 and 𝑣𝑎𝑙.

LLM maps lexical cues (e.g., "at
least", "between", "during") to an
operator; validated by membership
in the enum.

𝑣𝑎𝑙.𝑘𝑖𝑛𝑑 ValueKindVocab Type of the value expression that satisfies the
operator semantics.

LLM assigns type; validated against
𝑎𝑡𝑡𝑟.𝑘𝑖𝑛𝑑 and presence of required
subfields.

𝑣𝑎𝑙.𝑞𝑢𝑎𝑛𝑡𝑖𝑡𝑦 ValueQuantity Numeric magnitude(s) as written, including
unit string prior to QUDT normalization.

LLM extracts numbers and unit sur-
face form; validated by parsability
and presence of unit for dimensional
quantities.

𝑞 Qualifiers Modifiers of deontic force or scope (e.g.,
"shall not", "should").

Derived by an LLM from modal-
ity, negation markers, and quanti-
fiers. Validated by compatibility
with Qualifiers class

4.4.4 Reference Extraction (𝜀𝑅). The third sub-task identifies
external dependencies 𝑅 that are required to interpret a requirement
clause but are not locally defined within 𝑡𝑖 . Such references capture
information necessary to complete the semantic interpretation of
the requirement.

Algorithm 3 Constraint extraction from individual requirement
Require: Individual requirement 𝑡𝑖 , structure ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩, orig-

inal text 𝑥
Ensure: Ordered list of constraint atoms 𝐶 = [𝑐1, . . . , 𝑐𝑘]

1: Load closed vocabularies (OperatorVocab, AttributeKind-
Vocab, ValueKindVocab)

2: Construct prompt 𝑃𝜀𝐶 with 𝑡𝑖 , 𝑠, 𝑚, 𝜅, 𝑎, 𝑜, and vocabularies
3: Query LLM with 𝑃𝜀𝐶 with constrained schema Con-

straintsResponse
4: 𝐶 ← Parse response into list of Constraint instances
5: for each constraint 𝑐𝑗 do
6: if 𝑐𝑗 .value.kind = "quantity" then
7: Extract numeric values 𝑣1, 𝑣2 (if range), tolerance
8: Extract unit_text as written in source
9: else if 𝑐𝑗 .value.kind = "enum" then

10: Extract enumeration members
11: else if 𝑐𝑗 .value.kind = "boolean" then
12: Extract boolean value
13: else if 𝑐𝑗 .value.kind ∈ "entity_ref", "event_ref" then
14: Extract reference text and expected IOF class
15: end if
16: end for
17: return 𝐶

Typical referenced entities in engineering requirements include
standards, classifications, methods, events, components, and docu-
ment artifacts (e.g., tables, figures, formulas). In addition, require-
ments frequently contain anaphoric references, where a clause 𝑡𝑖
implicitly refers to an entity introduced in a previous sentence or
paragraph using pronouns (e.g., “it”, “they”) or definite descrip-
tions. These references introduce semantic dependencies that must
be resolved or at least explicitly recorded to support consistent
grounding and validation.

Accordingly, the reference extraction function 𝜀𝑅 identifies and
structures such dependencies, conditioned on the structural frame
and constraint atoms previously extracted. Each reference is linked

to an evidence span in the original text block 𝑥 and assigned an
expected IOF-compatible type (see Section 4.4.1). The goal of
𝜀𝑅 is not to resolve all references definitively, but to explicitly
surface the entities and artifacts required for a complete semantic
representation of the requirement.

Algorithm 4 summarizes the procedure applied to extract ref-
erences from an individual requirement clause 𝑡𝑖 .

4.4.5 Overall Extraction Process. Algorithm 5 combines the
three sub-tasks into a complete extraction pipeline that processes
all individual requirements.

4.5 Normalization (𝝂): QUDT Quantity and Unit Mapping.
The normalization stage 𝜈 enriches quantitative constraint atoms
by mapping surface-form unit strings to canonical QUDT quantity
kinds and units, converting numeric values to SI representations
when applicable, and deriving operator-consistent numeric bounds.
Formally, 𝜈 operates on the set of constraint atoms 𝐶 produced by
𝜀𝐶 and transforms each quantitative atom into a dimensionally
grounded representation suitable for ontology instantiation.

The workflow comprises five main steps:

(1) Quantity filtering: process only constraints with
value.kind = quantity, a primary numeric value, and a
non-empty unit_text;

(2) Candidate discovery: query 𝐺𝑄𝑈𝐷𝑇 for quantity kinds ap-
plicable to the extracted unit; if unavailable, use dataframe-
based unit-code fallback and, when enabled, semantic search
over 𝐼𝑄𝑈𝐷𝑇 ;

(3) Disambiguation: use LLM-based selection for the best
quantity kind and best unit among candidates;

(4) SI conversion: convert primary/secondary values to SI us-
ing QUDT conversion multipliers (and offsets when de-
fined);

(5) Bound derivation: compute lower/upper bounds and inclu-
sion flags from the normalized operator and tolerance.

The normalization process can be formulated as a constrained
search problem over the QUDT KG. The QUDT RDF graph
𝐺𝑄𝑈𝐷𝑇 is queried programmatically to retrieve candidate quan-
tity kinds and associated units compatible with the extracted unit
surface form.

To support semantic similarity matching when lexical alignment
is insufficient, a searchable embedding index 𝐼𝑄𝑈𝐷𝑇 is constructed.
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Algorithm 4 Reference extraction from individual requirement
(𝜀𝑅)
Require: Individual requirement 𝑡𝑖 , structure ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩, con-

straints 𝐶, original text 𝑥
Ensure: Ordered list of references 𝑅 = [𝑟1, . . . , 𝑟𝑝]

1: Construct prompt 𝑃𝜀𝑅 with 𝑡𝑖 , ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩, and 𝐶

2: Query LLM with 𝑃𝜀𝑅 with constrained schema References-
Response

3: 𝑅 ← Parse response into list of Reference instances
4: return 𝑅

Algorithm 5 Complete extraction pipeline (𝜀(𝑡𝑖 , 𝑥))
Require: Indexed requirement clauses {(𝑟𝑒𝑞_𝑖𝑑𝑥𝑖 , 𝑡𝑖)}𝑛𝑖=1, origi-

nal text 𝑥
Ensure: Record with list of individual requirements

1: Initialize requirements list R← ∅
2: for each indexed individual clause (𝑟𝑒𝑞_𝑖𝑑𝑥𝑖 , 𝑡𝑖) do
3: ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩ ← 𝜀𝑠(𝑡𝑖 , 𝑥) ⊲ Algorithm 2
4: 𝐶 ← 𝜀𝐶 (𝑡𝑖 , ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩, 𝑥) ⊲ Algorithm 3
5: 𝑅 ← 𝜀𝑅(𝑡𝑖 , ⟨𝑠, 𝑚, 𝜅, 𝑎, 𝑜⟩, 𝐶, 𝑥) ⊲ Algorithm 4
6: 𝑟𝑖 ← ⟨𝑟𝑒𝑞_𝑖𝑑𝑥𝑖 , 𝑠, 𝑚, 𝜅, 𝑎, 𝑜, 𝐶, 𝑅, 𝑡𝑖⟩
7: Append 𝑟𝑖 to R
8: end for
9: Construct Record 𝑅𝑒𝑐 ← ⟨𝑖𝑑𝑥, source metadata, 𝑥, R⟩

10: return 𝑅𝑒𝑐

The index is built from textual descriptions of QUDT entities (in-
cluding quantity kind name, symbol, unit, URI, description, and
label) and embedded using the all-MiniLM-L6-v2 model3. The
embeddings are stored using ChromaDB4.

Additionally, a structured dataframe 𝐷𝑄𝑈𝐷𝑇 stores metadata
extracted from 𝐺𝑄𝑈𝐷𝑇 to enable deterministic filtering and com-
patibility checks during candidate selection.

The normalization stage maps quantitative constraints to QUDT
units and quantity kinds to enable consistent dimensional repre-
sentation. This is essential to capture the semantics of values,
quantity kinds, and measurement units in requirement sentences
𝑡𝑖 . A simplified overview of the normalization workflow is shown
in Figure 3, where deterministic operations and LLM-mediated
decisions are distinguished explicitly.

4.6 Grounding (𝜸): IOF KG Instantiation. The grounding
stage maps the normalized extraction output to an OWL ABox
aligned with IOF Core and a constrained subset of QUDT. For-
mally, given the normalized record 𝑅̂ = ⟨𝑖𝑑𝑥, 𝑥, R̂⟩ produced by 𝜈,
grounding is defined as:

𝛾 : (𝑅̂,O𝐼𝑂𝐹 ) → 𝐺𝐴, (13)

where O𝐼𝑂𝐹 denotes the IOF Core TBox context used during in-
stantiation, and 𝐺𝐴 is the asserted graph.

At the requirement level, 𝐺𝐴 is obtained by grounding each
normalized requirement instance 𝑟𝑖 ∈ R̂ and merging the resulting
assertion sets. In the evaluation pipeline, an optional reasoning step
is applied to 𝐺𝐴 to materialize additional logically entailed ABox
assertions under O𝐼𝑂𝐹 . The resulting inferred graph is denoted by
𝐺𝐼 , with 𝐺𝐼 ⊇ 𝐺𝐴. If reasoning fails or produces inconsistencies,
the pipeline preserves 𝐺𝐴 as the fallback output.

4.6.1 Ontological Pattern. In the IOF Core ontology, the char-
acterization of a requirement is grounded in the class Require-
mentSpecification, which is formally defined through two first-
order axioms, expressed here in academic logic style.

3https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2#
usage-sentence-transformers, Last Accessed: June 25, 2026.

4https://www.trychroma.com/, Last Accessed June 25, 2026.

Fig. 3 Simplified workflow of QUDT normalization ν . Red
blocks identify LLM calls, while blue blocks identify deter-
ministic steps.

RequirementSpecification(x) →

InformationContentEntity(x) ∧

∃y :
(︁
ObjectiveSpecification(y) ∧ isAbout(x, y)

)︁ (14)

The first axiom states that every requirement specification is
an InformationContentEntity that must be about at least one
ObjectiveSpecification. In IOF Core, an ObjectiveSpecifi-
cation is defined as an information content entity that prescribes
what the outcome of some process should be. This means that
each requirement specification necessarily refers to one or more
intended system outcomes, functioning as a normative description
of the goals or results that a process should achieve. Accordingly,
the grounding stage should not be read as redefining the ISO notion
of a requirement, but as providing an ontological representation
pattern for the artifacts derived from such requirement statements.

InformationContentEntity(x) ∧

∃y :
(︁
Entity(y) ∧ satisfiesRequirement(y, x)

)︁
→

RequirementSpecification(x)

(15)
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Fig. 4 Ontological grounding pattern used for instantiating requirement specifications in IOF Core.

The second axiom provides the other direction: any information
content entity that is satisfied by some entity in the domain must
itself be a requirement specification. Taken together, the two ax-
ioms articulate the dual nature of requirements in IOF Core: they
are informational artifacts prescribing objectives and, at the same
time, satisfiable conditions that systems or components may fulfill
in practice.

IOF Core distinguishes requirement and design specifications.
The former are about objective specifications (desired outcomes of
processes) and are satisfiable by entities. The latter are informa-
tion content entities that prescribe only continuants (in the BFO
sense). More specifically, a design specification is an information
content entity that prescribes some continuant and that satisfies
some requirement specification.

This distinction marks an ontological boundary: requirements
describe what outcome should be achieved (via objective specifica-
tions), whereas design specifications describe the continuant-level
structure or configuration (via prescriptions over continuants).

Based on these axioms, the grounding operator 𝛾 instantiates
requirement specifications according to the ontological category
of the constrained bearer. In particular, requirement specifications
that constrain processes or process characteristics are grounded
through a plan-oriented pattern.

For each requirement instance, the grounded Require-
mentSpecification is linked via iof:requirementSatisfiedBy
to a specification individual typed according to the ontologi-
cal nature of the constrained bearer. When the constrained
entity is processual (e.g., PlannedProcess, Process, Pro-
cessCharacteristic, or Event), the associated specification
is typed as PlanSpecification. The process-level intent is
then represented through iof:prescribes assertions from the

PlanSpecification to the corresponding processual individuals.
Conversely, constraints over continuants are grounded via De-

signSpecification. To preserve this ontological separation, a
deterministic post-processing safeguard verifies the prescribed tar-
gets and retypes any specification initially emitted as DesignSpec-
ification to PlanSpecification whenever its prescribed bearer
is identified as an occurrent entity.

To operationalize these ontological commitments, the ground-
ing prompt 𝑃𝛾 enforces three modeling assumptions. First, a
vocabulary-closure assumption: the model must reuse only classes
and properties from IOF Core and the authorized QUDT subset,
without introducing new schema terms. Second, a specification-
typing assumption: each requirement-level prescription is in-
stantiated through a RequirementSpecification and an asso-
ciated specification individual typed according to the ontologi-
cal category of the constrained bearer (continuant-oriented pre-
scriptions mapped to DesignSpecification, occurrent/process-
oriented prescriptions mapped to PlanSpecification). Third,
a quantitative-eligibility assumption: iof:ValueExpression and
qudt:QuantityValue nodes are created only when a correspond-
ing normalized quantitative value has been produced by 𝜈, fol-
lowing a one-to-one naming policy derived from requirement and
constraint indices.

QUDT integration follows the IOF authors’ guidelines for
joint use of IOF and QUDT [50]. Quantity values are repre-
sented as qudt:QuantityValue individuals connected to units via
qudt:unit, while quantity kinds are associated at the unit level
through qudt:hasQuantityKind. Numeric magnitudes are rep-
resented using qudt:numericValue or appropriate bound predi-
cates (e.g., inclusive/exclusive minimum and maximum). Non-
quantitative constraints are explicitly prevented from generating
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quantitative value artifacts. The base pattern (continuant-side) used
as a reference for building the grounding prompt 𝑃𝛾 is depicted us-
ing Graffoo notation [51] in Figure 4. This pattern should likewise
be understood as a task-specific grounding pattern rather than as
a complete ontological model of all engineering requirements. It
employs a constrained subset of IOF Core commitments, comple-
mented by QUDT-based quantitative value modeling, in order to
instantiate requirement-level ABox graphs from the extracted inter-
mediate representation. This pattern is therefore best interpreted
as an application-specific ontology-aligned instantiation template
for prescriptive technical requirements, especially those containing
explicit measurable constraints.

4.6.2 Reasoning and Inference. Grounding is implemented as
a hybrid workflow comprising two tightly coupled phases, illus-
trated in Figure 5. The design deliberately separates probabilistic
graph proposal from deterministic semantic enforcement.

The first phase consists of an agentic IOF instantiation loop
conditioned on the full structured payload produced by 𝜈. An
LLM generates a candidate Turtle graph under strict ontology
constraints: reuse IOF vocabulary only, avoid schema invention,
maintain stable individual naming, and represent quantitative con-
straints through value-expression nodes aligned with normalization
outputs. The generated graph is then iteratively repaired (up to a
bounded number of iterations) using ontology-aware validation and
description-logic (DL) reasoner feedback. Before each reasoning
attempt, deterministic sanitization rules enforce key IOF modeling
commitments. For example, misuse of iof:hasSpecifiedOutput
on specification-like subjects is corrected, and specification indi-
viduals are retyped when prescriptions over occurrent entities are
detected. This loop produces the asserted graph 𝐺𝐴.

If no quantitative entries are present, any accidental quantita-
tive artifacts emitted during the LLM phase are deterministically
removed to ensure consistency between extraction semantics and
graph content.

After enrichment, the graph is validated against an inter-
nal IOF–QUDT pattern checker enforcing structural constraints
adopted in this pipeline (e.g., quantity kinds attached at unit level,
absence of forbidden bound predicates, and consistency between
normalized bounds and asserted literals). When violations persist
and quantitative entries exist, an LLM-guided repair step is trig-
gered, followed again by deterministic enrichment and sanitization.

Finally, DL reasoning may be applied to materialize additional
entailed assertions, producing the inferred graph 𝐺𝐼 with 𝐺𝐼 ⊇ 𝐺𝐴.
If reasoning detects inconsistencies that cannot be resolved, the
pipeline preserves 𝐺𝐴 as fallback output.

The second phase injects quantitative semantics deterministi-
cally from the normalized_quantities produced by 𝜈. For each
normalized quantitative entry, the implementation:

• instantiates a canonical value node with identifier pattern
VE_req{req_idx}_c{constraint_idx},

• links it to the selected unit via qudt:unit,

• associates the unit with its quantity kind via
qudt:hasQuantityKind,

• materializes numeric magnitudes or interval bounds using
QUDT data properties.

This hybrid design localizes probabilistic behavior to graph pro-
posal and high-level repair, while maintaining deterministic control
over quantitative grounding semantics and strict adherence to the
IOF+QUDT integration assumptions encoded in the prompt.

4.7 Evaluation Metrics. The pipeline is evaluated along four
complementary dimensions: decomposition quality, extraction
quality, normalization quality, and ontology conformance. Let
D = {𝑥 (1) , . . . , 𝑥 (𝑁 ) } be the evaluated corpus of input text blocks,
and let the corresponding pipeline outputs be 𝛿(𝑥 (𝑘 ) ), 𝜀(·), 𝜈(·),

Fig. 5 Grounding workflow γ. Red blocks represent LLM
calls while blue blocks identify deterministic steps.

and 𝛾(·) as defined in the previous subsections. Manual judg-
ments are based on semantic equivalence rather than exact lexical
matching; therefore, paraphrastic variations are considered correct
provided that scope and constraint semantics are preserved.

4.7.1 Decomposition metrics. For the decomposition stage, let
𝑅̂𝑗𝑢𝑑 denote the set of predicted individual requirement clauses
produced by 𝛿 for which a manual judgment is available. Each
predicted clause 𝑟𝑖 ∈ 𝑅̂𝑗𝑢𝑑 is assigned a binary judgment indicating
whether it constitutes an acceptable individual requirement split.
Decomposition accuracy is then defined as

Acc𝛿 =
Correct𝛿
Judged𝛿

,

where Correct𝛿 is the number of judged predicted clauses ac-
cepted as valid decompositions, and Judged𝛿 = |𝑅̂𝑗𝑢𝑑 | is the to-
tal number of judged predicted clauses. This metric evaluates
whether the decomposition step produces requirement units that
can be meaningfully treated as standalone prescriptive clauses in
the downstream stages.

4.7.2 Extraction metrics. For structural slots Z =

{𝑠, 𝑚, 𝜅, 𝑎, 𝑜} (subject, modality, condition, action, object),
slot-level accuracy is defined as

Acc(𝑧) = Correct(𝑧)
Judged(𝑧) , 𝑧 ∈ Z,

and macro structural accuracy as

MacroAcc𝑠𝑡𝑟𝑢𝑐𝑡 =
1
|Z|

∑︂
𝑧∈Z

Acc(𝑧).
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Table 2 Conformance check set used in evaluation. All six checks are implemented as SPARQL violation queries and
treated as error-severity checks.

ID Family Violation condition
C01 K𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒 Subject of iof:requirementSatisfiedBy is not typed as iof:RequirementSpecification
C02 K𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒 A iof:RequirementSpecification has no iof:requirementSatisfiedBy target
C03 K𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒 The target of iof:requirementSatisfiedBy is not typed as iof:DesignSpecification or

iof:PlanSpecification
C04 K𝑞𝑡𝑦 A qudt:QuantityValue has no qudt:unit
C05 K𝑞𝑡𝑦 A unit used by qudt:QuantityValue lacks qudt:hasQuantityKind
C06 K𝑞𝑡𝑦 A qudt:QuantityValue is not attached via iof:isValueExpressionOfAtSomeTime or

iof:isValueExpressionOfAtAllTimes

The macro formulation avoids bias toward more frequently occur-
ring slots.

For quantitative-constraint identification, let ˆ︁𝐶 𝑗𝑢𝑑
𝑞𝑡𝑦 denote the set

of extracted quantitative constraints with completed manual judg-
ments, 𝐶𝑡 𝑝

𝑞𝑡𝑦 ⊆ ˆ︁𝐶 𝑗𝑢𝑑
𝑞𝑡𝑦 the subset judged as true quantitative con-

straints, and 𝐶𝑚𝑖𝑠𝑠
𝑞𝑡𝑦 the set of manually added missing quantitative

constraints. Define:

𝐶
𝑔𝑜𝑙𝑑
𝑞𝑡𝑦 = 𝐶

𝑡 𝑝
𝑞𝑡𝑦 ∪ 𝐶𝑚𝑖𝑠𝑠

𝑞𝑡𝑦 .

Precision and recall are:

Prec𝑞𝑡𝑦 =
|𝐶𝑡 𝑝

𝑞𝑡𝑦 |

|ˆ︁𝐶 𝑗𝑢𝑑
𝑞𝑡𝑦 |

, Rec𝑞𝑡𝑦 =
|𝐶𝑡 𝑝

𝑞𝑡𝑦 |

|𝐶𝑔𝑜𝑙𝑑
𝑞𝑡𝑦 |

.

In other words, Precqty measures how often an extracted quan-
titative constraint is valid when the system proposes one, whereas
Recqty measures how completely the system recovers the full set of
quantitative constraints present in the source. On true quantitative
constraints, field-level accuracies are reported for operator, value,
and unit:

Acc𝑜𝑝 =
Correct𝑜𝑝
Judged𝑜𝑝

,

Acc𝑣𝑎𝑙 =
Correct𝑣𝑎𝑙
Judged𝑣𝑎𝑙

,

Acc𝑢𝑛𝑖𝑡 =
Correct𝑢𝑛𝑖𝑡
Judged𝑢𝑛𝑖𝑡

.

4.7.3 Normalization metrics. Normalization quality is evalu-
ated through coverage and semantic correctness. Let ˆ︁𝑄 denote the
set of quantitative outputs produced by 𝜈. Coverage measures the
proportion of extracted quantitative constraints that were success-
fully normalized:

Cov𝑛𝑜𝑟𝑚 =
|ˆ︁𝑄 |
|ˆ︁𝐶 𝑗𝑢𝑑

𝑞𝑡𝑦 |
.

On true quantitative constraints, semantic correctness is assessed
through:

Acc𝑞𝑘 =
Correct𝑞𝑘
Judged𝑞𝑘

,

Acc𝑛𝑜𝑟𝑚𝑢𝑛𝑖𝑡 =
Correct𝑛𝑜𝑟𝑚𝑢𝑛𝑖𝑡

Judged𝑛𝑜𝑟𝑚𝑢𝑛𝑖𝑡

,

Acc𝑒𝑞 =
Correct𝑒𝑞
Judged𝑒𝑞

.

where Acc𝑒𝑞 measures whether normalized quantity kind, unit, and
value have been correctly represented according to the SI measure-
ment system and QUDT ontology.

4.7.4 Conformance metrics. A series of 6 conformance met-
rics were implemented as SPARQL queries to provide additional
guardrails to the KG generated by the LLM. Let K be the set of
ontology conformance checks, and 𝑣𝑘 (𝐺) the number of violations
of check 𝑘 ∈ K on graph 𝐺. Conceptually, K is organized into
two main families:

K = K𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒 ∪K𝑞𝑡𝑦 ,

where K𝑏𝑎𝑐𝑘𝑏𝑜𝑛𝑒 verifies the minimum requirement-specification
backbone (requirement typing, existence of satisfaction links, and
valid typing of linked specifications), and K𝑞𝑡𝑦 verifies quantita-
tive/value modeling well-formedness (presence of units for quantity
values, availability of quantity-kind links at unit level, and correct
attachment of value expressions to constrained bearers). In the
present evaluation, K is intentionally kept compact to focus on
final-KG structural soundness: three backbone checks and three
quantitative checks. This reduced set targets high-impact struc-
tural failures that directly affect interpretability and queryability
of the generated KG. The conformance checks used to evaluate
the graphs generated by the pipeline are reported in Table 2 and
implemented through SPARQL queries (see Appendix C)

Over the evaluated graph set G𝑒𝑣𝑎𝑙 , we report:

PassAll =
|{𝐺 ∈ G𝑒𝑣𝑎𝑙 :

∑︁
𝑘∈K 𝑣𝑘 (𝐺) = 0}|

|G𝑒𝑣𝑎𝑙 |
,

PassErr =
|{𝐺 ∈ G𝑒𝑣𝑎𝑙 :

∑︁
𝑘∈K𝑒𝑟𝑟

𝑣𝑘 (𝐺) = 0}|
|G𝑒𝑣𝑎𝑙 |

,

where K𝑒𝑟𝑟 ⊆ K denotes error-severity checks. In addition, to-
tal violations

∑︁
𝐺∈G𝑒𝑣𝑎𝑙

∑︁
𝑘∈K 𝑣𝑘 (𝐺) and per-check prevalence are

reported.
Per-check prevalence is defined as:

Prev(𝑘) = |{𝐺 ∈ G𝑒𝑣𝑎𝑙 : 𝑣𝑘 (𝐺) > 0}|
|G𝑒𝑣𝑎𝑙 |

, 𝑘 ∈ K.

These metrics provide two complementary views of conformance:
global graph-level pass rates and localized error distributions as-
sociated with specific ontology constraints.

5 Results
This section reports the empirical evaluation of the proposed

requirement-to-KG mapping function on two datasets, with met-
rics defined in Section 4.7. The first dataset is an evaluation set
composed of 120 input text blocks 𝑥 extracted from a Formula
SAE rulebook [36]; it is used for the main quantitative assessment
of extraction, normalization, grounding, and annotation reliability.
The second dataset is a small comparative ablation set compris-
ing 20 requirements (𝑟𝑖) selected from the CubeSat documentation
[52] and two robotics domain sources [53,54]; it is used to examine
the contribution of the pre-processing stages (𝜀 and 𝜈) and of the
agentic graph-repairing loop relative to zero-shot grounding (𝛾).
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5.1 Datasets and Evaluation Protocol. The main quantita-
tive evaluation dataset was constructed from the Formula SAE
(FSAE) rules corpus used in [36]. The source engineering doc-
ument was first converted from PDF into text through Mistral
OCR5, producing page-level transcriptions that were subsequently
segmented into sentence-like textual spans. Each span was stored
together with provenance metadata. Only minimal cleanup was
applied, so that the benchmark would retain document-conversion
artifacts that are likely to occur in practical engineering-document
workflows rather than relying on a manually normalized transcrip-
tion. This preprocessing stage produced 988 extracted spans. Then,
a regular expression filter was applied to retain only rows contain-
ing explicit number-unit expressions, including both standard forms
(e.g., "50 mm") and LaTeX-like forms (e.g., \mathrm{m/s}). This
yielded 189 eligible rows.

This filtering was adopted because quantitative constraints are
the most demanding case for the proposed normalization and
IOF+QUDT grounding workflow; therefore, the FSAE benchmark
was designed as a stress test of measurable requirement formal-
ization rather than as a coverage benchmark for all requirement
types.

Each row was then assigned to a stratum defined by unit family
(mechanical, electrical, percentages, etc.) and text-length bucket
to balance quantitative domains and syntactic complexity. Using a
fixed random seed, a development subset (𝑛 = 20) and a disjoint
test subset (𝑛 = 120) were sampled to ensure that each available
unit family was represented at least once in each split whenever
possible. The development subset was used only for prompt refine-
ment, schema checking, and deterministic rules tuning. In practice,
this refinement phase focused on reducing decomposition errors in
list-structured spans, improving schema-conformant extraction out-
puts, and eliminating recurrent grounding/post-processing failures
observed during pilot runs. On the other hand, all reported quan-
titative and structural results on the FSAE benchmark are com-
puted on the held-out test subset. To complement the main FSAE
evaluation, a second dataset of 20 requirements was constructed
from the CubeSat Design Specification [52] and two requirements
documents produced as public deliverables in EU-funded robotics
projects [53,54]. This second dataset was intentionally small and
was not used as a second benchmark of comparable statistical
scope. Instead, it was introduced as a comparative ablation set
to probe two methodological questions: (i) whether pre-processing
steps (decomposition, extraction, and normalization) improve the
semantic quality of the grounded representation relative to ground-
ing from raw requirement text, and (ii) whether the KG repair loop
of the grounding procedure described in Section 4.6 provides ben-
efits over a zero-shot LLM grounding configuration. The selected
requirements were chosen to cover varied constraint patterns across
different domains, including domain-specific quantity kinds and
units. All the tests executed in the context of this study were done
using GPT-5.1 (gpt-5_1-2025-11-13) as LLM.

5.2 Annotation Procedure and Inter-Annotator Agree-
ment. The evaluation of the decomposition, extraction, and nor-
malization steps on the FSAE test set was based on manual item-
level judgments over pipeline outputs, which were subsequently
aggregated into the metrics defined in Section 4.7. The pipeline
was first executed to produce candidate individual requirements
𝑟𝑖 , structured requirement fields Z = {𝑠, 𝑚, 𝜅, 𝑎, 𝑜}, and normal-
ized quantitative constraints 𝐶. For the decomposition step (𝛿),
each predicted individual requirement 𝑟𝑖 was assigned a binary
label decomposition_error. A value of false indicates that
the split produced an acceptable individual requirement, whereas
true indicates an incorrect split, for example because the pre-
dicted item was incomplete or because list items required to pre-
serve the requirement meaning had been detached incorrectly. For
the extraction step (𝜀), each decomposed requirement was eval-
uated independently at the level of the fields subject 𝑠, modality

5https://mistral.ai/it/news/mistral-ocr, Last Accessed: June 25, 2026

Table 3 Inter-annotator agreement for the manual evalua-
tion labels.

Label Ratings Agreement
Requirement-level labels
Aggregate 1746 80.4%
decomposition_error 371 67.2%
subject_correct 275 79.4%
modality_correct 275 97.1%
condition_correct 275 76.5%
action_correct 275 85.3%
object_correct 275 77.2%

Quantity-constraint labels
Aggregate 1378 94.6%
is_true_quantitative_constraint 233 97.2%
operator_correct 229 94.2%
quantity_value_correct 229 98.6%
unit_correct 229 98.6%
quantity_kind_correct 229 91.4%
equivalence_correct 229 87.8%

𝑚, condition 𝜅, action 𝑎, and object 𝑜. Each field was judged
using a binary correctness label based on semantic equivalence
rather than exact string matching. A prediction was marked cor-
rect whenever it preserved the intended meaning and scope of the
source requirement, even if the wording differed slightly. Incom-
plete requirements 𝑟𝑖 which had fields not explicitly expressed
in the input text were treated as decomposition errors and ex-
cluded from the denominator of the corresponding slot-level ac-
curacy. For the normalization step(𝜈), only predicted quantita-
tive constraints were considered to assess the performance of the
workflow. Each predicted quantity was first judged for whether
it corresponded to a true measurable constraint in the source text
(is_true_quantitative_constraint). For all the quantitative
constraints extracted, the evaluation concerned the correctness of
the extracted operator, value, and unit, together with the correct-
ness of the normalized quantity kind and the numerical and SI-
unit equivalence of the normalization result. To assess annotation
consistency, inter-annotator agreement was computed across five
annotation sets: the main annotation set, curated by the authors,
and four additional annotators who independently labeled partially
overlapping subsets of the FSAE evaluation set. The secondary
annotators were two Ph.D.-level engineers and two Ph.D. students
with experience in engineering design. All annotators were pro-
vided with annotation guidelines defining acceptable decomposi-
tion boundaries, semantic-equivalence criteria for slot judgments,
and the distinction between identification and normalization errors
for quantitative constraints. Each secondary annotator reviewed
30 requirements, but the effective denominator varies across labels
because agreement was computed only on non-missing judgments
for the specific item under consideration. In particular, quantity-
specific sublabels were available only for predicted quantitative
constraints, and some follow-up judgments were not applicable
when a candidate was not judged as truly quantitative. Because
the overlap design was incomplete and not all items were labeled
by the same number of annotators, we report observed pairwise
agreement as a measure of annotation consistency. Aggregate rows
in Table 3 are reported as macro averages across labels within each
group rather than as pooled reliability coefficients. Inter-annotator
agreement was computed on the original independent annotations,
prior to any adjudication. Disagreements were resolved by the au-
thors during adjudication to produce the final reference labels used
for performance computation.

The annotation protocol has some limitations. The final ref-
erence labels were adjudicated by the authors, and the secondary
annotations covered only partially overlapping subsets of the eval-
uation set. Consequently, the reported agreement values should be
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Table 4 Decomposition (δ) and Structure Extraction (εs ) results on the held-out FSAE test set.

Metric Correct Judged Value

Acc𝛿 160 251 63.74%
Acc(𝑠) 158 160 98.75%
Acc(𝑚) 160 160 100.00%
Acc(𝜅) 156 160 97.50%
Acc(𝑎) 140 160 87.50%
Acc(𝑜) 142 160 88.75%
MacroAccstruct – – 94.50%
All structure slots correct (row level) 132 160 82.50%
All structure and quantity slots correct (row level) 111 160 69.38%

Table 5 Quantitative Constraint Extraction (εC ) and normal-
ization (ν ) results on the held-out FSAE test set.

Metric Correct Judged Value

Prec𝑞𝑡𝑦 124 127 97.64%
Rec𝑞𝑡𝑦 124 128 96.88%
Acc𝑜𝑝 120 124 96.77%
Acc𝑣𝑎𝑙 122 124 98.39%
Acc𝑢𝑛𝑖𝑡 114 124 91.94%
Cov𝑛𝑜𝑟𝑚 162 164 98.78%
Acc𝑞𝑘 110 124 88.71%
Acc𝑒𝑞 111 124 89.52%

interpreted as evidence of annotation consistency, not as a full relia-
bility study over the complete dataset. In addition, binary semantic-
equivalence judgments inevitably simplify borderline cases, espe-
cially for underspecified objects, implicit subjects, scoped condi-
tions, and quantity-kind disambiguation. These limitations should
be considered when interpreting the reported extraction and nor-
malization accuracies.

5.3 Performance and Reliability of the Requirement-to-KG
Pipeline. Table 4 summarizes decomposition (𝛿) and Structure
Extraction (𝜀𝑠) performance. Structure-level metrics were com-
puted only on correctly decomposed rows. Fields not explicitly
present in the source text (such as missing subjects or objects)
were excluded from the denominator of the corresponding slot-
level accuracy. The most common decomposition errors occurred
in list-structured passages, where introductory clauses were treated
as standalone requirements or bullet items were split into incom-
plete fragments. Additional failures arose when headings, section
identifiers, or cross-references bled into the extracted span. Ta-
ble 5 summarizes quantitative constraint extraction and normaliza-
tion performance. Precision (Precqty) and recall (Rec𝑞𝑡𝑦) evalu-
ate identification of true quantitative constraints, whereas operator,
value, unit, quantity kind, and equivalence accuracies are reported
only for extracted constraints judged to be truly quantitative. Nor-
malization coverage (Cov𝑛𝑜𝑟𝑚) uses all extracted quantities as the
denominator.

For what concerns graph-level results for the grounding stage
(𝛾), it is relevant to assess whether the structured outputs produced
by the upstream stages can be converted into IOF-grounded KGs
that remain structurally valid after reasoning and post-processing.
In the experimental run on the FSAE dataset described in Sec-
tion 5.1, grounding succeeded for all 120 input records, yielding
an end-to-end graph-generation success rate of 100.00% with re-
spect to the evaluation inputs. Inference was attempted on all
grounded graphs. Description-logic reasoning completed success-
fully for 109/120 graphs (90.83%), while 11/120 graphs (9.17%)
failed during inference. Table 6 reports the per-check violation
profile on the conformance checks described in Section 4.7. Vi-
olations were concentrated in two checks only. C02 (missing
iof:requirementSatisfiedBy linkage) accounted for 3 viola-
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Fig. 6 Pipeline stage p95 latency on the FSAE test set.

tions across 3 graphs (2.50%), while C03 (invalid typing of the
satisfaction target as design/plan specification) accounted for 7 vi-
olations across 5 graphs (4.17%). No violations were observed for
C01, C04, C05, or C06.

For each pipeline stage, all valid non-negative latencies observed
across the full run were collected, and the 95th percentile 𝑝95 was
then computed to characterize the completion time of an individ-
ual processing step. The stage-level 𝑝95 latency profile identifies
grounding as the primary computational bottleneck at 62.06 s, fol-
lowed by extraction at 44.57 s, normalization at 25.61 s, and in-
ference at 3.70 s (Figure 6). This distribution is consistent with
the ontology-constrained grounding and repair loop described in
Section 4.2, which involves iterative LLM generation, logical rea-
soning, and deterministic post-processing. Extraction and normal-
ization exhibit moderate latency due to multiple structured LLM
calls and semantic search over QUDT resources. In contrast, the
final description-logic inference contributes comparatively little to
overall runtime, indicating that the principal computational cost
arises from probabilistic graph instantiation rather than symbolic
reasoning. These measurements reflect the current prototype im-
plementation and were obtained without batching or parallelization.
They therefore represent an upper-bound estimate of per-record la-
tency under sequential execution.

Figure 7 reports a representative successful grounding example
from the FSAE test set. The example illustrates the type of artifact
produced by the pipeline when decomposition, structured extrac-
tion, quantitative normalization, and ontology-aligned grounding
succeed jointly. This example is intended to illustrate the structure
and information content of a successful output artifact, comple-
menting the aggregate metrics reported in Tables 4, 5 and 6.

5.4 Comparative Ablation Across Pipeline Configurations.
To complement the evaluation on the FSAE test set, a small com-
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Table 6 Ontology-conformance results on the final inferred graph set.

Check (𝑘 ∈ K) Meaning Violations (𝑣𝑘 (𝐺)) Graphs affected Prev(𝑘)
C01 Requirement typed as iof:RequirementSpecification 0 0 0.00%
C02 Requirement has iof:requirementSatisfiedBy link 3 3 2.50%
C03 Satisfaction target typed as Design/Plan specification 7 5 4.17%
C04 qudt:QuantityValue has qudt:unit 0 0 0.00%
C05 Unit declares qudt:hasQuantityKind 0 0 0.00%
C06 QuantityValue linked via isValueExpressionOf 0 0 0.00%

All checks Graph-level pass rate (PassAll) – 112/120 93.33%
Error checks Graph-level error-pass rate (PassErr) – 112/120 93.33%

parative ablation study was conducted on a cross-domain set of
carefully selected requirements (𝑁 = 20). The aim of this experi-
ment is not to establish a second benchmark of comparable statis-
tical scope, but to probe the effect of two methodological choices
under domain shift: (i) structured preprocessing through decom-
position, extraction, and normalization prior to grounding; and
(ii) the use of a DL-reasoning-enabled repair loop during ground-
ing, hereafter referred to as the "agentic loop". Accordingly, four
pipeline configurations were evaluated by combining the presence
or absence of these two components:

(1) Structured Pre-processing with Agentic Grounding;
(2) Structured Pre-processing with Zero-shot Grounding;
(3) Raw Requirement Text with Agentic Grounding;
(4) Raw Requirement Text with Zero-shot Grounding;

Table 7 reports the results in terms of correctly inferred graphs
and throughput (records/min). In this context, a correctly in-
ferred graph denotes a graph for which grounding and reason-
ing completed successfully without inconsistency and produced
a final graph artifact eligible for downstream structural evalua-
tion. Across the 20 cross-domain requirements, configurations in-
cluding the agentic loop produced a higher number of correctly
inferred graphs than their zero-shot counterparts. This pattern
was observed both when structured preprocessing was enabled
and when grounding was performed directly from raw require-
ment text. The result suggests that iterative ontology-aware repair
contributes additional graph-level robustness beyond single-pass
generation alone. A second contrast concerns computational cost.
The complete pipeline, combining structured preprocessing with
the agentic loop, was the slowest configuration at 1.48 record-
s/min, followed by the structured zero-shot variant at 1.82 record-
s/min. The raw-input variants were faster overall, with raw agentic
grounding reaching 2.60 records/min and raw zero-shot grounding
achieving the highest throughput at 6.51 records/min. These mea-
surements indicate a clear trade-off between structural robustness
and execution speed in the tested setting. The ablation also high-
lighted differences that are not fully captured by the graph-level
success counts alone. Although raw-input grounding could still
produce logically admissible graphs, qualitative inspection showed
that the absence of structured pre-processing more frequently led
to broader and less targeted graph constructions, particularly when
requirements contained explicit quantitative constraints or multiple
semantically distinct elements. Figure 8 provides a representative
semantic comparison between structured and raw-input grounding
outputs. Taken together, these results do not support broad statis-
tical claims about cross-domain generalization; however, they do
provide initial evidence that the two main methodological choices
play different roles in the pipeline.

6 Discussion
6.1 General Considerations. The quantitative results indi-

cate that the pipeline reliably extracts prescriptive requirement
structure and preserves quantitative logic through normalization.
Slot-level extraction accuracy exceeds 85% across all ISO-aligned

Table 7 Ablation study on the 20-requirement cross-domain
subset.

Agentic loop
Absent Present

Pre-processing Absent
11/20
(55%)

6.51 rec/min

19/20
(95%)

2.60 rec/min

Present
12/20
(60%)

1.82 rec/min

19/20
(95%)

1.48 rec/min

fields (Table 4), while quantitative-constraint detection achieves
both high precision and recall (Table 5). This suggests that most
explicit technical constraints expressed in the FSAE requirements
are captured consistently.

At graph level, 120 final artifacts were produced from 120
grounded records, with reasoner-complete inference achieved for
109/120 cases and asserted-only fallback artifacts for the remain-
ing inconsistent graphs. Conformance checks show that 112/120
graphs pass all structural checks (93.33%; Table 6). Residual viola-
tions are limited to requirement-to-specification linkage (C02) and
specification typing (C03), while no violations were observed for
requirement typing (C01), quantity-unit attachment (C04), unit-to-
quantity-kind linkage (C05), or value-expression attachment (C06).
This distribution indicates that the remaining issues are concen-
trated in the requirement-specification grounding pattern, rather
than in the quantitative-value modeling layer or in systematic mis-
use of the IOF backbone. This consideration closely relates to
the inherent probabilistic nature arising from generating knowl-
edge graphs using LLMs. Positioning these results against prior
work requires caution: direct quantitative comparison is difficult
because existing LLM-based requirements-engineering evaluations
use different task formulations, output schemas, and metrics. For
example, Lim et al. [11] evaluate sequence-labeling performance
over requirement-related token classes, while Holter and Ell [32]
assess decomposition into scope, condition, and demand using text-
similarity metrics. In contrast, the present work evaluates a staged
formalization pipeline that includes structured extraction, quantita-
tive normalization, and ontology-grounded graph instantiation. For
this reason, the cited studies are relevant as related task-level refer-
ences, but they are not directly comparable baselines for the end-
to-end ontology-constrained formalization task considered here.

From a mechanical design engineering perspective, these results
are encouraging for requirements formalization and traceability.
Prescriptive intent is largely preserved, quantitative constraints are
mostly propagated to the grounded graph, and final artifacts are
frequently structurally valid for downstream querying and consis-
tency analysis. The remaining risks are concentrated in semanti-
cally critical grounding decisions, particularly the correct typing
of the specification that satisfies the requirement and the preser-
vation of requirement-specification linkage, which directly affect
engineering interpretation and reasoning reliability.
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Fig. 7 Representative successful grounding example: a requirement sentence from the FSAE dataset is transformed into
an IOF/QUDT-grounded graph fragment.

The ablation results show that configurations including the
agentic loop yielded a higher number of successfully inferred
graphs than the corresponding zero-shot variants, indicating a pos-
itive contribution of iterative ontology-aware repair to graph-level
structural robustness. Differences associated with structured pre-
processing are less pronounced in the aggregate success counts, but
are visible in the organization of the generated outputs. As shown
in Figure 8, the graph produced from pre-processed input follows
the extracted requirement structure more closely and represents the
quantitative prescription through a more targeted grounding pat-
tern, whereas the raw-input variant produces a broader graph that
is still interpretable but less tightly aligned with the clause-level se-
mantic decomposition. This qualitative contrast complements the
aggregate ablation results by showing that the two factors affect
different aspects of performance: the agentic loop primarily in-
fluences successful inference, while pre-processing more strongly
affects representational focus and semantic organization. From a
practical perspective, the grounded graph representation can sup-
port downstream operations that are difficult to implement reli-
ably over unstructured requirement text alone. Examples include
querying all requirements associated with a given subsystem, con-
strained bearer, or quality; filtering requirements by quantity kind
or unit; checking whether quantitative constraints have been nor-
malized consistently; and tracing requirement–specification rela-
tions for validation or reasoning-oriented analysis. Unlike struc-
tured documentation templates, the present representation does not
only improve organization or readability, but also makes entity typ-
ing, semantic relations, and value structures explicit in a machine-
interpretable form (e.g. via SPARQL queries).

6.2 Limitations and Implications for Deployment. Despite
the encouraging conformance and extraction results, the evalua-
tion also highlights important limitations that constrain how the
generated KGs should be interpreted and deployed in practice. In
particular, the residual failures are not uniformly distributed across
all stages of the pipeline, but concentrate in specific classes of
semantically demanding requirements. The most recurrent failure
patterns are associated with: (i) higher-order normative logic, such
as alternative compliance pathways and nested conditional struc-
tures; (ii) ontological characterization errors in the requirement-
specification grounding pattern; and (iii) domain-sensitive seman-
tic disambiguation when the intended engineering meaning is only

partially recoverable from local lexical cues. The pipeline is ef-
fective at identifying local entities, quantitative constraints, and
participation relations, but it remains less robust when the source
statement encodes alternatives, internal conjunctions, or scoped
dependencies between admissible compliance branches. Figure 9
illustrates a representative example. In the source requirement,
spherical rod ends and spherical bearings must satisfy one of two
admissible mounting conditions. The extracted graph preserves the
main requirement backbone, the relevant processual context, and
the associated participants, but it does not encode the mutually
exclusive one-of relation between the two branches. Instead, the
two admissible configurations are flattened into parallel constraint-
linked structures attached to the same mounting process. As a
result, the output remains informative for traceability and entity-
level inspection, yet it weakens the normative semantics of the
original requirement by failing to represent that the branches are
alternatives rather than jointly cumulative conditions. The limita-
tions highlighted above have direct implications for deployment in
engineering practice, thus the present results do not yet justify fully
autonomous use in high-stakes settings where compliance depends
on the exact preservation of alternative pathways, conditional va-
lidity, or ontologically precise grounding. Safety-critical review,
certification checking, and downstream automated reasoning over
complex compliance logic would still require targeted human over-
sight.

6.3 Methodological Limitations. The proposed pipeline is
designed for industrial-style English requirements characterized by
explicit deontic modalities and measurable constraints. Its design
choices, namely structured extraction, ontology-closed grounding,
and QUDT-aligned normalization, implicitly define the operational
scope within which performance can be expected to remain stable.

Several limitations follow from these assumptions. First, do-
main shift may occur when processing requirements from domains
substantially different from those represented in the prompting ex-
amples or evaluation corpus. Second, cross-sentence coreference
resolution remains limited; while reference extraction surfaces de-
pendencies, full discourse-level resolution is not guaranteed. Third,
grounding may remain incomplete when referenced entities are
opaque, underspecified, or ambiguous, leading to null or partially
typed resolution targets. Fourth, LLM variability may introduce
minor extraction differences across runs, although schema vali-
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Fig. 8 Representative comparison of grounded KGs for the same requirement under two pipeline configurations. Top: out-
put generated with structured preprocessing (decomposition, extraction, and normalization) followed by grounding. Bottom:
output generated by grounding the raw requirement text without preprocessing. The pre-processed configuration yields a
graph centered on an explicit CrushingProcess with separate value expressions for throughput and power, whereas the raw-
input configuration produces a more compact graph centered on a generic CrushingCapability.

dation and deterministic post-processing mitigate structural diver-
gence. A further limitation concerns the dependence of the pipeline
on the selected ontology and controlled vocabularies. This depen-
dence is a strength insofar as it constrains admissible entity and
relation types, reduces schema invention, and enables compati-
bility with formal validation and reasoning. At the same time,
transfer to a new application domain is not cost-free. Adaptation
may be required at three levels: (i) revision of prompts and ex-
amples to better reflect target-domain phrasing, (ii) extension or
tailoring of controlled vocabularies and quantitative normalization
mappings, and (iii) verification that the relevant domain concepts
can be represented adequately under the selected ontology com-
mitments. This effort is lower when the target domain remains
close to the industrial engineering scope already covered by IOF
and QUDT, and higher when domain-specific semantics or special-
ized quantitative concepts become central. An additional limitation
concerns document preprocessing. The current pipeline assumes
that requirement statements can be recovered as text from source
PDFs with sufficiently preserved reading order and local structure.
In practice, this assumption may fail for scanned documents, com-

plex layouts, nested lists, tables, page breaks, equations, or visually
encoded references. Under such conditions, OCR and layout lin-
earization may merge adjacent rules, split a single requirement
across multiple spans, or corrupt quantitative surface forms before
semantic decomposition begins. These failures are external to the
ontology-grounding logic itself, but they can still affect end-to-
end performance by distorting clause boundaries, suppressing con-
textual references, or introducing malformed quantity expressions.
The reported results should therefore be interpreted as evaluating
the requirement-formalization pipeline under realistic PDF-derived
input conditions rather than as isolating ontology-grounding perfor-
mance from upstream document-conversion effects. Moreover, the
use of closed vocabularies in the intermediate representation rep-
resents another limitation of the presented approach. While these
vocabularies reduce lexical variability and simplify validation and
grounding, they also restrict expressive flexibility: uncommon do-
main phrasing, borderline semantic cases, or requirement formula-
tions that do not align well with the predefined categories may be
forced into approximate labels or left only partially represented.

Human oversight remains essential in high-stakes deployments,
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Fig. 9 Representative failure case involving higher-order normative logic. The requirement specifies that spherical rod
ends and spherical bearings must satisfy one of two alternative mounting conditions. The extracted sub-graph preserves
the main requirement backbone and identifies the relevant process and participating entities, but the mutually exclusive
one-of relation between the two admissible compliance branches is not explicitly represented.

particularly when resolving ambiguous references or validating on-
tology mappings beyond coarse typing. The pipeline preserves
traceability through explicit evidence spans and typed intermedi-
ate representations, thereby enabling systematic human review of
uncertain extractions.

7 Conclusion
This work presented a staged neuro-symbolic pipeline for

transforming natural-language technical requirements into IOF-
grounded knowledge graphs through decomposition, structured
extraction, quantitative normalization, and ontology-constrained
grounding. The approach combines probabilistic language mod-
eling with typed intermediate representations, deterministic post-
processing, and description-logic reasoning to preserve semantic
intent while enforcing ontological commitments.

The empirical evaluation shows that, in the evaluated setting,
natural-language engineering requirements can be transformed into
ontology-grounded graph representations with good structural re-
liability. The results indicate that the pipeline can preserve re-
quirement structure and explicit quantitative semantics sufficiently
well to support reviewable validation-, traceability-, and reasoning-
oriented downstream analysis in the evaluated setting, although
decomposition errors and strict row-level failures limit fully au-
tonomous use. The comparative ablation provides preliminary ev-
idence that the agentic grounding loop can improve graph-level
robustness in the tested cases, but the small cross-domain sam-
ple should be interpreted as an exploratory stress test rather than
as evidence of broad generalization. At the same time, the study
also shows that robust ontology-grounded semantic formalization
remains more difficult than local extraction alone. The most im-
portant remaining failures arise in semantically critical grounding
decisions, especially when requirements involve higher-order logi-
cal structure, alternative compliance pathways, or domain-sensitive
grounding ambiguities. These limitations make clear that the cur-
rent method should not yet be interpreted as a fully autonomous
engineering decision-support capability.

A further practical boundary concerns the dependence of end-
to-end performance on upstream requirement extraction from real

documents. The present pipeline operates on text spans derived
from document conversion and segmentation steps, and errors in-
troduced during OCR, layout linearization, span selection, or re-
quirement extraction can propagate downstream into decomposi-
tion, normalization, and grounding. In this sense, the reported
results should be interpreted not only as a measure of the for-
malization workflow itself, but also as evidence of how strongly
real-document preprocessing affects ontology-grounded require-
ment modeling in practice. In practical terms, the present con-
tribution is best understood as a formalization layer for require-
ments traceability, consistency checking, and knowledge integra-
tion, rather than as a complete end-to-end design-support system.
The value of the method lies in establishing a semantically ex-
plicit bridge between textual requirements artifacts and ontology-
grounded representations that can be queried, validated, and con-
nected to broader engineering knowledge infrastructures.

Future work should therefore proceed in four directions. First,
the extraction of requirements from real engineering documents
should be strengthened, particularly in the presence of complex
layouts, lists, tables, equations, and cross-references. Second, ex-
plicit modeling of higher-order normative logic (AND/OR/XOR
structures, scoped conditions, and compliance pathways) should
be incorporated into the intermediate representation to prevent se-
mantic flattening during grounding. Second, substantially broader
cross-domain evaluation is necessary before making claims about
domain-general robustness. to assess robustness beyond automo-
tive competition rules and the scope of the small cross-domain
ablation study. Third, more comprehensive coverage-based eval-
uation methods are needed to quantify semantic completeness at
scale, complementing high-precision sampled validation.
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Appendix A: Controlled Vocabularies for Structured
Extraction

This appendix reports the controlled vocabularies used by the
extraction and normalization stages to constrain model outputs and
reduce lexical variability. Each vocabulary defines an enumerated
set of admissible symbols for a specific field in the intermediate
representation (IR), supporting deterministic post-processing and
consistent grounding into the IOF/QUDT-aligned ABox (Tables
8-13).
Table 8 OperatorVocab: normalized operators for con-
straint expressions.

Operator Meaning

eq Equal.
neq Not equal.
lt Lower than.
le Lower than or equal to.
gt Greater than.
ge Greater than or equal to.
between Range constraint (typically lower and upper bounds).
one_of Exactly one element in a list of candidates is admissible.
all_of All elements in a list of candidates must hold

simultaneously.
has_feature Presence/availability of a non-numeric feature.
type_is Typing constraint prescribing that an entity is of a

specific type.
uses_method Constrains how an action/process is carried out (method

constraint).
before Temporal ordering: applies before a referenced

event/time.
after Temporal ordering: applies after a referenced event/time.
during Temporal scoping: applies during a referenced

event/state.
until Temporal bound: applies up to a referenced event/time.

Table 9 ModalityVocab: normalized deontic markers for
prescriptive clauses.

Token Meaning

shall Obligation (typical normative requirement form).
must Obligation (often equivalent in strength to shall in

specifications).
should Recommendation (non-mandatory, preferred).
may Permission / optionality.
will Statement of intent or future behavior (may be

descriptive depending on context).
is Copular form used in some specifications (often

descriptive unless used prescriptively by context).

Table 10 ValueKindVocab: normalized types of values used
in constraint atoms.

Value kind Meaning / grounding implication

quantity Quantitative value (numeric value + unit; may include
tolerance/range); grounded using QUDT value
patterns.

enum Closed set of admissible values (list/set membership).
boolean Truth-valued constraint (true/false).
entity_ref Reference to an entity not explicitly defined/typed in

the clause; grounding uses an expected type (see
ValueRefVocab).

event_ref Reference to an event/state not explicitly
defined/typed in the clause; grounding uses an
expected type (see ValueRefVocab).

none No value specified; used to avoid hallucinated values
and to support partial constraints.

Table 11 AttributeKindVocab: normalized kinds of con-
strained attributes.

Attribute kind Meaning / grounding implication

quantity Constrained attribute is a measurable
quantity/quantity kind (e.g., pressure, mass flow rate).

enum Constrained attribute is categorical with an admissible
set of values.

boolean Constrained attribute is truth-valued (e.g.,
enabled/disabled, present/absent).

event Constrained attribute is an event/state used for
scoping or triggering.

relation Constrained attribute is a non-quantitative
relation/predicate between entities.

Table 12 ValueRefVocab: expected ontological type for ref-
erenced values.

Expected type Interpretation

MaterialEntity Physical object or system element.
Process Event, activity, operation, or state-like

occurrence.
Quality Quality inhering in an entity (e.g., mass,

temperature, hardness).
InformationContent
Entity

Information artifact (e.g., document, identifier,
requirement reference).

Unknown Type could not be determined reliably from the
clause context.

Table 13 TargetVocab: attachment points for constraints
within a requirement clause.

Target Meaning

subject Constraint applies to the subject entity (bearer of
obligation).

condition Constraint applies to the condition/scope 𝜅 under
which the requirement holds.

action Constraint applies to the prescribed action/predicate
(how/when/with what performance it occurs).

object Constraint applies to the object argument of the action
(if explicitly present).
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Appendix B: LLM Prompts
This appendix reports the exact prompts used for all LLM-invoked stages.

B.1 Prompt 𝑷𝜹 : Decomposition.� ⊵
<task>
Decompose the input text into atomic prescriptive

requirements.
An atomic requirement expresses exactly ONE obligation:
one modality + one predicate applied to one subject,
possibly constrained by qualifiers (conditions, time,

ranges).
</task>

<definition>
A requirement MUST be split if and only if:
- Two or more distinct prescriptive modalities (e.g., shall

, must, should, will, is required to)
govern different predicates, OR

- Coordinated predicates express independent obligations
(e.g., "shall X and shall Y"), OR

- Bullet or numbered list items each express a standalone
obligation.

A requirement MUST NOT be split when:
- The text contains tolerances, ranges, or uncertainty

modifiers
(e.g., +-10%, between X and Y, at least, no more than),

- Conditional or temporal clauses constrain a single
predicate

(e.g., when X, during Y, under condition Z),
- Parenthetical phrases, units, or references only refine

an obligation.
</definition>

<instructions>
- Preserve original wording as much as possible.
- If a later clause omits the subject or modality, inherit

it implicitly
(e.g., "shall X and Y" -> two outputs, second may start

with "shall Y").
- Do NOT paraphrase, normalize, or correct grammar.
- Output JSON ONLY, with the exact schema below.
- Do NOT include spans, offsets, or any fields other than

those specified.

Output schema:
{{
"individual_requirements": [

{{
"req_idx": int,
"text": str

}}
]

}}
</instructions>

<examples>
Example 1 - Single obligation:
original_text: "System shall operate at 5 V."
output:
{{
"individual_requirements": [

{{ "req_idx": 0, "text": "System shall operate at 5 V."
}}

]
}}

Example 2 - Coordinated obligations:
original_text: "The vehicle shall start within 2 seconds

and shall stop within 5 meters."
output:
{{
"individual_requirements": [

{{ "req_idx": 0, "text": "The vehicle shall start
within 2 seconds" }},
{{ "req_idx": 1, "text": "shall stop within 5 meters"

}}
]

}}

Example 3 - Single obligation with qualifiers:
original_text: "The pump shall operate at 10 bar during

startup."
output:
{{

"individual_requirements": [
{{ "req_idx": 0, "text": "The pump shall operate at 10
bar during startup." }}

]
}}

Example 4 - Bullet list:
original_text:
"- Battery shall provide 20 kWh.
- Charger shall support 400 V."
output:
{{

"individual_requirements": [
{{ "req_idx": 0, "text": "Battery shall provide 20 kWh
." }},
{{ "req_idx": 1, "text": "Charger shall support 400 V."

}}
]

}}
</examples>

<input>
original_text: {original_text}
</input>

Return JSON only.� �
B.2 Prompt 𝑷𝜺𝒔 : Structure Extraction.� ⊵

<task>
Given an individual requirement clause, extract ISO/IEC/

IEEE 29148 structural slots:
subject, modality, condition (with EARS pattern), action,

and object.
</task>

<slot-definitions>
- subject (Span):

The entity that bears the obligation (system/component/
actor/artifact).

Extract the minimal noun phrase naming the obligated
entity.

- modality:
Prescriptive keyword. Allowed ONLY: ["shall","must","

should","may","will","is"].

- condition (Condition):
A clause that scopes applicability (WHEN / UNDER WHICH

STATE / IN RESPONSE TO WHICH EVENT).
If absent, condition.present=false and the span fields

are empty.

- action (Span):
The main verb phrase describing what the subject must do.
Exclude condition text. Include auxiliaries (e.g., "be

able to", "be set to") and adverbials.

- object (Span):
The explicit target/complement of the action if present (

direct object or PP/NP complement that
provides the target of the action or the constrained

phrase).
If there is no explicit object/complement, return an

empty span.
</slot-definitions>
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<ears-patterns>
Set condition.EARS_pattern using ONE label:
- ubiquitous: no explicit condition text
- event-driven: triggered by an event (when/if/upon/after/

in the event that)
- state-driven: applies in a state (during/while/as long as

/when in state)
- unwanted_behaviors: fault/abnormal response (upon fault/

in case of error/failure)
- optional_features: optional/configuration dependent (if

enabled/configured/optional)

Rules:
- If NO condition text exists → condition.present=false

and EARS_pattern="ubiquitous".
- Otherwise condition.present=true and choose the most

specific pattern supported by text.
- Do NOT infer implicit conditions.
</ears-patterns>

<span-rules>
- All spans MUST be exact substrings of original_text.
- Offsets are character offsets in original_text.
- Do NOT paraphrase or normalize.
- Do NOT include req_idx inside spans.
- Do NOT merge condition text into action.

IMPORTANT: Span has NO default values.
Therefore you MUST always output subject, action, and

object as Span objects.
If a slot is not explicitly present, output the EMPTY SPAN

sentinel:
{{ "text": "", "start": 0, "end": 0 }}

For condition:
- If condition.present=false, set:

condition.text="", condition.start=0, condition.end=0,
condition.EARS_pattern="ubiquitous"

</span-rules>

<output-schema>
{{
"req_idx": {ar.get('req_idx', 0)},
"structure": {{

"subject": {{ "text": str, "start": int, "end": int }},
"modality": "shall"|"must"|"should"|"may"|"will"|"is",
"condition": {{

"present": bool,
"EARS_pattern": "ubiquitous"|"event-driven"|"
unwanted_behaviors"|"state-driven"|"optional_features
",
"text": str,
"start": int,
"end": int

}},
"action": {{ "text": str, "start": int, "end": int }},
"object": {{ "text": str, "start": int, "end": int }}

}}
}}
</output-schema>

<examples>
Example 1 - Ubiquitous, explicit object:
original_text: "The system shall operate at 5 V."
input requirement: "The system shall operate at 5 V."
output:
{{
"req_idx": 0,
"structure": {{

"subject": {{ "text": "The system", "start": 0, "end":
10 }},
"modality": "shall",
"condition": {{ "present": false, "EARS_pattern": "
ubiquitous", "text": "", "start": 0, "end": 0 }},
"action": {{ "text": "operate", "start": 17, "end": 24
}},
"object": {{ "text": "at 5 V", "start": 25, "end": 31

}}
}}

}}

Example 2 - Event-driven:
original_text: "When powered on, the controller shall log

faults."
input requirement: "When powered on, the controller shall

log faults."
output:
{{

"req_idx": 0,
"structure": {{

"subject": {{ "text": "the controller", "start": 17, "
end": 31 }},
"modality": "shall",
"condition": {{ "present": true, "EARS_pattern": "event
-driven", "text": "When powered on", "start": 0, "end
": 15 }},
"action": {{ "text": "log", "start": 38, "end": 41 }},
"object": {{ "text": "faults", "start": 42, "end": 48
}}

}}
}}

Example 3 - No explicit object (EMPTY SPAN sentinel):
original_text: "The pump shall start."
input requirement: "The pump shall start."
output:
{{

"req_idx": 0,
"structure": {{

"subject": {{ "text": "The pump", "start": 0, "end": 8
}},
"modality": "shall",
"condition": {{ "present": false, "EARS_pattern": "
ubiquitous", "text": "", "start": 0, "end": 0 }},
"action": {{ "text": "start", "start": 15, "end": 20
}},
"object": {{ "text": "", "start": 0, "end": 0 }}

}}
}}
</examples>

<input>
original_text: {original_text}
input requirement: {ar.get('text','')}
</input>

Return JSON only.� �
B.3 Prompt 𝑷𝜺𝑪 : Constraint Extraction.� ⊵

<task>
Extract ALL prescriptive constraints expressed in the given

individual requirement clause.
Each output element MUST be a constraint atom: a minimal,

self-contained statement that
constrains an attribute/relation/event via an explicit

operator and typed value, grounded
by an evidence span in original_text.
</task>

<inputs>
- original_text: full source text (offset reference; all

spans must refer to this)
- atomic_requirement: the clause to analyze
- structure: extracted spans (subject/modality/condition/

action/object) to use as anchors
</inputs>

<closed-vocabularies>
Attribute.kind: "quantity" | "enum" | "boolean" | "event" |

"relation"
Value.kind: "quantity" | "enum" | "boolean" | "entity_ref"

| "event_ref" | "none"
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Operator (use ONLY one):
"eq","neq","lt","le","gt","ge","between",
"one_of","all_of",
"has_feature","type_is","uses_method",
"before","after","during","until"

Group.relation (use ONLY one): "AND" | "OR"
Target.kind (use ONLY one): "subject"|"object"|"action"|"

condition"|"modality"
</closed-vocabularies>

<span-rules>
- evidence.text MUST be an exact substring of original_text

.
- evidence.start/evidence.end are character offsets in

original_text.
- Do NOT paraphrase evidence.
- All extracted strings inside value.raw_text and ref.text

MUST be substrings of original_text.
</span-rules>

<operator-mapping-guidelines>
Map surface forms to canonical operators:
- "at least", "no less than", "minimum" -> ge
- "at most", "no more than", "maximum" -> le
- "less than" -> lt
- "greater than" -> gt
- "between X and Y", "from X to Y" -> between (v1=X, v2=Y)
- "±", "+/-", "plus or minus" -> quantity.tol (operator

stays eq unless it is a range)
- temporal cues: "before"->before, "after"->after, "during

"->during, "until"->until
- existence/parts/features:

"shall have/include/with" -> has_feature (relation
constraint)
"shall be made of/type of" -> one_of/type_is depending
on form

</operator-mapping-guidelines>

<state-vs-feature-disambiguation>
The phrase "with ..." can express either:
(A) a required part/feature (component possession), or
(B) an operating condition / configuration state.

Use (A) has_feature + entity_ref/MaterialEntity when "with
..." introduces a noun naming a component/part:

e.g., "with shock absorbers", "with a filter", "with a
protective coating".

Use (B) during + event_ref/Process when "with ..."
introduces a state/configuration of an agent or system
:

e.g., "with a driver seated", "with the cover closed", "
with the system powered on",

"with the valve closed", "with the engine off", "
with brakes engaged".

For (B):
- target.kind MUST be "condition"
- attribute.kind MUST be "event"
- value.kind MUST be "event_ref"
- ref.expected_type MUST be "Process"

</state-vs-feature-disambiguation>

<target-selection-guidelines>
For each constraint, you MUST output target.kind and may

output target.ref.

1) Determine target.kind by where the constrained phrase
semantically attaches:

- If the constraint constrains the system/component
named in structure.subject -> target.kind="subject"

- If it constrains an entity introduced in structure.
object -> target.kind="object"

- If it constrains the action/process in structure.
action (timing, rate of the action, ordering) ->
target.kind="action"

- If it constrains the applicability scope (WHEN/DURING/

IN STATE) -> target.kind="condition"
- If it constrains modality strength explicitly ("must"

vs "should" etc.) -> target.kind="modality" (rare)

2) target.ref (optional):
Use a stable pointer when possible. Use ONLY one of:
- "SUBJECT" to refer to structure.subject
- "OBJECT" to refer to structure.object
- "ACTION" to refer to structure.action
- "CONDITION" to refer to structure.condition
- Or "C{{n}}" to refer to another constraint_idx (

meaning: this constraint attaches to the entity
introduced by constraint n)

If unsure, omit ref.
</target-selection-guidelines>

<grouping-guidelines>
group is REQUIRED for every constraint.

- Default: all constraints in the clause belong to group {{
"group_id": "g0", "relation": "AND" }}.

Rationale: multiple constraints in one requirement clause
are conjunctive unless the text states otherwise.

- If the clause contains explicit OR / alternatives ("or",
"either ... or ...", "A or B"):
Put the alternative constraints in a shared OR group, e
.g. {{ "group_id": "g1", "relation": "OR" }}.

- If you have both AND and OR in the same clause:
Use multiple groups:

* One AND group for the always-required constraints (
usually g0)
* One OR group for alternatives (g1)

A constraint belongs to exactly ONE group (no nesting).
</grouping-guidelines>

<depends_on-guidelines>
depends_on captures hierarchical attachment among

constraints (modifier chains).

Use depends_on when a constraint refines another constraint
's introduced entity, typically in patterns like:

- "X with Y" where Y is a feature/part/property of X
- "suspension system with shock absorbers ... with wheel

travel of 50 mm"
=> constraints about shock absorbers and wheel travel

depend_on the constraint that introduced "suspension
system"

Rules:
- depends_on is the constraint_idx of the parent constraint

.
- If the constraint is independent (directly about subject/

action/condition/object slot), set depends_on=null.
- Use depends_on especially for repeated "with ..." chains

and nested noun-phrase modifiers.
</depends_on-guidelines>

<qualifiers-guidelines>
qualifiers are booleans and MUST be present.

- qualifiers.negated=true ONLY if explicit negation exists
in the clause

(e.g., "shall not", "must not", "not permitted", "
prohibited").

Do NOT infer negation.

- qualifiers.preferred=true if:
(a) modality is "should", OR
(b) explicit preference markers occur ("preferably", "
ideally", "recommended").

Else false.

- qualifiers.scope_all=true ONLY if explicit universal
quantifiers scope the constraint

("all", "each", "every"). Else false.
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</qualifiers-guidelines>

<value-extraction-guidelines>
Value must match the operator and attribute kind.

- Quantity constraints:
value.kind="quantity"
value.quantity.v1 is required when a numeric value
appears.
value.quantity.v2 required only for "between" ranges.
value.quantity.tol used for ± tolerances when present.
value.quantity.unit_text as written (do NOT normalize
units beyond special cases below).
evidence should include the whole quantitative phrase (
e.g., "minimum wheel travel of 50 mm").

- Enum constraints:
value.kind="enum"
enum.members_str: list of strings exactly as in text (
trim whitespace).
Use operator "one_of" for "A or B" alternatives (single

atom).
Use operator "all_of" if the text requires all listed
members simultaneously.

- Boolean constraints:
value.kind="boolean"
Only set boolean if explicitly stated true/false in the

text.

- References:
value.kind in {"entity_ref","event_ref"}
ref.text is the referenced phrase as written.
expected_type guess ONLY one of:

"MaterialEntity"|"Process"|"Quality"|"
InformationContentEntity"|"Unknown"

- If you cannot identify a value, use value.kind="none" and
set other value fields to null,

but ONLY if the constraint is still meaningful (e.g.,
existence/feature requirement).

</value-extraction-guidelines>

<output-schema>
Return JSON ONLY:

{{
"req_idx": {ar.get('req_idx', 0)},
"constraints": [

{{
"constraint_idx": int,
"group": {{ "group_id": str, "relation": "AND"|"OR"
}},
"target": {{ "kind": "subject"|"object"|"action"|"
condition"|"modality", "ref": str|null }},
"evidence": {{ "text": str, "start": int, "end": int
}},
"attribute": {{ "name": str, "kind": "quantity"|"enum
"|"boolean"|"event"|"relation" }},
"operator": "eq"|"neq"|"lt"|"le"|"gt"|"ge"|"between
"|"one_of"|"all_of"|"has_feature"|"type_is"|"
uses_method"|"before"|"after"|"during"|"until",
"value": {{

"kind": "quantity"|"enum"|"boolean"|"entity_ref"|"
event_ref"|"none",

"raw_text": str,
"quantity": {{ "v1": float|null, "v2": float|null,

"tol": float|null, "unit_text": str|null }} | null,
"enum": {{ "members_str": [str], "members_qty":

[{{"v1":float|null,"v2":float|null,"tol":float|null,"
unit_text":str|null}}] }} | null,

"boolean": bool | null,
"ref": {{ "text": str, "expected_type": "

MaterialEntity"|"Process"|"Quality"|"
InformationContentEntity"|"Unknown" }} | null
}},
"depends_on": int | null,

"qualifiers": {{ "negated": bool, "preferred": bool,
"scope_all": bool }}
}}

]
}}
</output-schema>

<few-shot-examples>
Example 1 — Multiple conjunctive constraints (default AND

group g0), with hierarchy via depends_on:
original_text: "The vehicle must have a suspension system

with shock absorbers and wheel travel of at least 50
mm."

atomic_requirement: "The vehicle must have a suspension
system with shock absorbers and wheel travel of at
least 50 mm."

structure: subject="The vehicle", action="have", object="a
suspension system with shock absorbers and wheel
travel of at least 50 mm"

output:
{{

"req_idx": 0,
"constraints": [

{{
"constraint_idx": 0,
"group": {{ "group_id": "g0", "relation": "AND" }},
"target": {{ "kind": "object", "ref": "OBJECT" }},
"evidence": {{ "text": "suspension system", "start":
25, "end": 41 }},
"attribute": {{ "name": "suspension system", "kind":
"relation" }},
"operator": "has_feature",
"value": {{

"kind": "entity_ref",
"raw_text": "suspension system",
"quantity": null,
"enum": null,
"boolean": null,
"ref": {{ "text": "suspension system", "

expected_type": "MaterialEntity" }}
}},
"depends_on": null,
"qualifiers": {{ "negated": false, "preferred": false
, "scope_all": false }}
}},
{{

"constraint_idx": 1,
"group": {{ "group_id": "g0", "relation": "AND" }},
"target": {{ "kind": "object", "ref": "C0" }},
"evidence": {{ "text": "shock absorbers", "start":
47, "end": 61 }},
"attribute": {{ "name": "shock absorbers", "kind": "
relation" }},
"operator": "has_feature",
"value": {{

"kind": "entity_ref",
"raw_text": "shock absorbers",
"quantity": null,
"enum": null,
"boolean": null,
"ref": {{ "text": "shock absorbers", "expected_type

": "MaterialEntity" }}
}},
"depends_on": 0,
"qualifiers": {{ "negated": false, "preferred": false
, "scope_all": false }}
}},
{{

"constraint_idx": 2,
"group": {{ "group_id": "g0", "relation": "AND" }},
"target": {{ "kind": "object", "ref": "C0" }},
"evidence": {{ "text": "wheel travel of at least 50
mm", "start": 66, "end": 96 }},
"attribute": {{ "name": "wheel travel", "kind": "
quantity" }},
"operator": "ge",
"value": {{

24 Transactions of the ASME



"kind": "quantity",
"raw_text": "50 mm",
"quantity": {{ "v1": 50.0, "v2": null, "tol": null,

"unit_text": "mm" }},
"enum": null,
"boolean": null,
"ref": null

}},
"depends_on": 0,
"qualifiers": {{ "negated": false, "preferred": false
, "scope_all": false }}
}}

]
}}

Example 2 — Explicit OR alternatives (OR group g1), plus an
AND constraint (g0):

original_text: "The housing shall be made of steel or
aluminum and have a protective coating."

atomic_requirement: "The housing shall be made of steel or
aluminum and have a protective coating."

output:
{{
"req_idx": 0,
"constraints": [

{{
"constraint_idx": 0,
"group": {{ "group_id": "g1", "relation": "OR" }},
"target": {{ "kind": "object", "ref": "OBJECT" }},
"evidence": {{ "text": "steel or aluminum", "start":
30, "end": 46 }},
"attribute": {{ "name": "material", "kind": "enum"
}},
"operator": "one_of",
"value": {{

"kind": "enum",
"raw_text": "steel or aluminum",
"quantity": null,
"enum": {{ "members_str": ["steel","aluminum"], "

members_qty": [] }},
"boolean": null,
"ref": null

}},
"depends_on": null,
"qualifiers": {{ "negated": false, "preferred": false
, "scope_all": false }}
}},
{{

"constraint_idx": 1,
"group": {{ "group_id": "g0", "relation": "AND" }},
"target": {{ "kind": "object", "ref": "OBJECT" }},
"evidence": {{ "text": "protective coating", "start":
62, "end": 79 }},
"attribute": {{ "name": "protective coating", "kind":
"relation" }},
"operator": "has_feature",
"value": {{

"kind": "entity_ref",
"raw_text": "protective coating",
"quantity": null,
"enum": null,
"boolean": null,
"ref": {{ "text": "protective coating", "

expected_type": "MaterialEntity" }}
}},
"depends_on": null,
"qualifiers": {{ "negated": false, "preferred": false
, "scope_all": false }}
}}

]
}}

Example — Condition-as-state introduced by "with ..." (
event_ref):

original_text: "The device shall maintain accuracy of 1 mm
with the cover closed."

atomic_requirement: "The device shall maintain accuracy of

1 mm with the cover closed."
output includes:
- accuracy constraint (quantity)
- condition constraint:

attribute.kind="event"
operator="during"
value.kind="event_ref"
ref.expected_type="Process"
evidence="with the cover closed"

</few-shot-examples>

<input>
original_text: {original_text}
atomic_requirement: {ar.get('text','')}
structure: {structure.model_dump_json()}
</input>

[SPECIAL CASES: QUANTITY NORMALIZATION]
1) Angles: unit_text="DEG" for degrees, "rad" for radians.
2) Percentages: unit_text="PERCENT".
3) Dimensionless: unit_text="DimensionlessUnit".
4) Fractional inches (e.g., 5/16"): convert to decimal v1

and unit_text="IN".
5) Mixed units same system (e.g., 5 ft 3 in): convert to a

single unit (prefer inches).
6) Mixed units different systems (e.g., 8mm (5/16")):

choose ONE system (prefer SI if present) and convert.

Return JSON only.� �
B.4 Prompt 𝑷𝜺𝑹 : Reference Extraction.� ⊵

<task>
Extract external references needed to interpret the atomic

requirement.
A "reference" is any mentioned entity or information

artifact that is not defined locally
in the atomic requirement but is required to understand,

validate, or ground it downstream
(e.g., standards, methods, classifications, named

procedures/events, component identifiers,
anaphoric mentions that point to prior context).

Do NOT hallucinate. If none exist, return an empty list.
</task>

<inputs>
- original_text: full source text (offset reference)
- atomic_requirement: the clause to analyze
- structure: spans for agent/modality/condition/predicate/

object
- constraints: extracted constraint atoms (may include

entity_ref/event_ref; use these as signals)
</inputs>

<what-counts-as-a-reference>
Create a Reference when the text includes one of the

following:
1) Standards / regulations / specifications (e.g., "ISO

29148", "ASTM D1234", "MIL-STD-810")
-> expected_type = "InformationContentEntity"

2) Methods / procedures / protocols / test names (e.g., "
per the XYZ method", "using ABC procedure")

-> expected_type = "Process" (if it denotes an activity)
OR "InformationContentEntity"
(if it denotes a document/protocol). Choose the best
fit from text.

3) Classifications / named taxonomies / compliance classes
(e.g., "Class A", "SIL 2", "IP67")

-> expected_type = "InformationContentEntity" (default)
unless clearly a Quality label.

4) Named components / part numbers / drawing IDs / model
identifiers referenced but not defined

(e.g., "Valve V-101", "P/N 123-456", "Drawing DWG-001")
-> expected_type = "MaterialEntity"

5) Named events or operating modes referenced but not
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defined locally
(e.g., "shutdown event", "startup sequence", "emergency

stop")
-> expected_type = "Process" (event/occurrence)

6) Anaphora / deixis referring to prior context (e.g., "it
", "they", "this valve", "the above")

-> expected_type = inferred best guess (often "
MaterialEntity" or "InformationContentEntity"),
but do NOT resolve it; set resolves_to = null.

</what-counts-as-a-reference>

<what-does-not-count>
Do NOT output references for:
- Generic nouns fully defined by local context ("the system

", "the valve") unless anaphoric
("it", "they", "this component") or explicitly pointing

to earlier content ("the above").
- Units, numbers, tolerances, or pure quantitative values (

those are constraints, not references).
- Common verbs or adjectives ("operate", "robust") with no

external dependency.
</what-does-not-count>

<span-and-output-rules>
- evidence.text MUST be an exact substring of original_text

.
- evidence.start/end are character offsets in original_text

.
- resolves_to MUST be null (do not attempt entity

resolution here).
- Do NOT include req_idx inside spans.
- Return JSON only matching ReferencesResponse schema.
</span-and-output-rules>

<output-schema>
{{
"req_idx": {ar.get('req_idx', 0)},
"references": [

{{
"ref_idx": int,
"evidence": {{ "text": str, "start": int, "end": int
}},
"expected_type": "MaterialEntity" | "Process" | "
Quality" | "InformationContentEntity" | "Unknown",
"resolves_to": null

}}
]

}}
</output-schema>

<few-shot-examples>
Example 1 — Standard reference:
original_text: "The system shall comply with ISO 29148."
atomic_requirement: "The system shall comply with ISO

29148."
output:
{{
"req_idx": 0,
"references": [

{{
"ref_idx": 0,
"evidence": {{ "text": "ISO 29148", "start": 28, "end
": 36 }},
"expected_type": "InformationContentEntity",
"resolves_to": null

}}
]

}}

Example 2 — Method / procedure reference:
original_text: "The coating shall be tested according to

ASTM D3359."
atomic_requirement: "The coating shall be tested according

to ASTM D3359."
output:
{{
"req_idx": 0,

"references": [
{{

"ref_idx": 0,
"evidence": {{ "text": "ASTM D3359", "start": 40, "
end": 50 }},
"expected_type": "InformationContentEntity",
"resolves_to": null

}}
]

}}

Example 3 — Component identifier reference:
original_text: "Valve V-101 shall remain closed during

startup."
atomic_requirement: "Valve V-101 shall remain closed during

startup."
output:
{{

"req_idx": 0,
"references": [

{{
"ref_idx": 0,
"evidence": {{ "text": "V-101", "start": 5, "end": 10
}},
"expected_type": "MaterialEntity",
"resolves_to": null

}},
{{

"ref_idx": 1,
"evidence": {{ "text": "startup", "start": 36, "end":
43 }},
"expected_type": "Process",
"resolves_to": null

}}
]

}}

Example 4 — Anaphora:
original_text: "The valve shall be installed upstream. It

shall withstand 2 bar."
atomic_requirement: "It shall withstand 2 bar."
output:
{{

"req_idx": 0,
"references": [

{{
"ref_idx": 0,
"evidence": {{ "text": "It", "start": 34, "end": 36
}},
"expected_type": "MaterialEntity",
"resolves_to": null

}}
]

}}
</few-shot-examples>

<input>
original_text: {original_text}
atomic_requirement: {ar.get('text','')}
structure: {structure.model_dump_json()}
constraints: {constraints_json}
</input>

Return JSON only.� �
B.5 Prompt 𝑷𝝂𝒄 : Unit context normalization.� ⊵

You are an expert in physical quantities, units of
measurement, and engineering requirements.

Given an input sentence and an extracted unit token (which
may be informal or partially specified),

write a short explanation of what the unit represents in
that sentence, including the likely

physical quantity, whether it is absolute or relative (e.g
., gauge vs absolute pressure),

and what object or phenomenon it describes.
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Constraints:
- Output 2-3 concise sentences.
- Keep the explanation focused on how the unit is being

used in the provided sentence.
- Do not invent details not implied by the sentence.

Few-shot examples:

Input sentence:
"The vessel shall be designed for 600 psig during normal

operation."
Unit: "psig"
Explanation:
"The unit psig is pounds per square inch gauge, indicating

pressure relative to atmospheric pressure. Here it
describes the vessel's design operating pressure."

Input sentence:
"The signal must settle within 20 ms after activation."
Unit: "ms"
Explanation:
"ms is milliseconds, a unit of time duration. It refers to

how quickly the signal must stabilize after activation
."

Input sentence:
"Flow shall be at least 5 lpm through the cooling loop."
Unit: "lpm"
Explanation:
"lpm stands for liters per minute, a volumetric flow rate.

It specifies the required flow through the cooling
loop."

Now analyze the new sentence.

Input sentence:
"{input_sentence}"
Unit: "{unit}"
Explanation:� �

B.6 Prompt 𝑷𝝂𝒒 : Natural Language Query generation for semantic
search in 𝑰𝑸𝑼𝑫𝑻 .� ⊵

You are an expert in physical quantities, units of
measurement, and the QUDT ontology.

Your task is to formulate a single concise natural-language
query that will be used

for semantic search over a ChromaDB collection of QUDT
quantity kinds and their units.

Goal:
Given a QUDT unit code, write a natural-language query that

:
1. Expresses what physical quantity the unit measures.
2. Includes your best guess of the QUDT quantity kind name

in CamelCase
(for example: Velocity, Mass, Pressure, Torque,

VolumetricFlowRate).
3. Mentions the unit code itself.

The semantic index you are querying contains documents with
:

- the quantity kind URI,
- a QUDT-style quantity kind name (e.g. "AbsoluteHumidity",

"Work", "Torque"),
- the unit code.

Constraints:
- Output exactly ONE short, grammatically correct sentence.
- Do NOT explain your reasoning.
- Do NOT output any quotation marks around the sentence.
- Explicitly include the guessed QUDT quantity kind name in

CamelCase in the sentence.
- Use the provided unit code verbatim.
- Tolerance phrases (e.g., "±10") simply describe allowed

variation around a value; they do not change the
requirement or operator and should not spawn extra
requirements.

- If you are unsure of the exact QUDT class name, choose
the most reasonable CamelCase name you can

(e.g., "LinearVelocity", "AngularVelocity", "Volume", "
Power", "Energy").

Additional context about how the unit appears in the input
sentence (use this to guide the guessed quantity kind)
:

{unit_context if unit_context is not None else "No
additional context provided."}

Few-shot examples:

Unit: "M-PER-SEC"
Natural-language query:
Find the QUDT quantity kind Velocity that is measured in

meters per second (M-PER-SEC).

Unit: "KiloGM"
Natural-language query:
Retrieve the QUDT quantity kind Mass whose unit is kilogram

(KiloGM).

Unit: "PA"
Natural-language query:
Find the QUDT quantity kind Pressure that is measured in

pascals (PA).

Unit: "N-M"
Natural-language query:
Retrieve the QUDT quantity kind Torque whose unit of

measure is newton metre (N-M).

Unit: "L-PER-MIN"
Natural-language query:
Find the QUDT quantity kind VolumetricFlowRate that uses

litre per minute (L-PER-MIN) as a unit.

Now generate the natural-language query for the new unit.

Unit: {unit}
Natural-language query:� �

B.7 Prompt 𝑷𝝂𝒖 : Best unit selection prompt.� ⊵
You are an expert in physical quantities, engineering

requirements, and the QUDT ontology.
Your task is to select the most appropriate SI unit from a

given list of QUDT unit URIs,
based on the context provided by an input sentence and the

associated quantity kind.

Inputs:
1. An input sentence describing a requirement, constraint,

or parameter.
2. A list of candidate SI unit URIs from QUDT. Each URI has

the form:
http://qudt.org/vocab/unit/<UNIT_CODE>

3. The URI of the quantity kind in QUDT.

Your job:
- Choose exactly ONE unit URI from the given list that best

fits the meaning and scale
implied by the input sentence for the given quantity kind

.
- Always choose a unit that appears in the provided list;

never invent a new URI.
- If multiple units are plausible, choose the one that fits

best with respect to the input sentence provided.
- Tolerances (e.g., "±10" or "plus or minus") simply

describe allowed variation around the stated value and
do not change the underlying requirement or operator.

- Return ONLY the chosen unit URI, with no explanation or
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extra text.

Few-shot examples:

Example 1
---------
Input sentence:
"The beam length shall be specified with a tolerance of ±

0.5."

Quantity kind:
http://qudt.org/vocab/quantitykind/Length

Candidate units:
[
"http://qudt.org/vocab/unit/M",
"http://qudt.org/vocab/unit/CentiM",
"http://qudt.org/vocab/unit/MilliM"

]

Best unit URI:
"http://qudt.org/vocab/unit/MilliM"

(Reasoning, not to be output: Length tolerances in
mechanical design are often expressed in millimetres.)

Example 2
---------
Input sentence:
"The design pressure of the vessel shall not exceed 10^6 Pa

."

Quantity kind:
http://qudt.org/vocab/quantitykind/Pressure

Candidate units:
[
"http://qudt.org/vocab/unit/PA",
"http://qudt.org/vocab/unit/KiloPA",
"http://qudt.org/vocab/unit/BAR"

]

Best unit URI:
"http://qudt.org/vocab/unit/PA"

(Reasoning, not to be output: PA is the unit code in QUDT
for pascals (Pa, which is cited in the input sentence)
.

Example 3
---------
Input sentence:
"The motor shall provide a torque of at least 50 Nm at the

shaft."

Quantity kind:
http://qudt.org/vocab/quantitykind/Torque

Candidate units:
[
"http://qudt.org/vocab/unit/N-M",
"http://qudt.org/vocab/unit/N",
"http://qudt.org/vocab/unit/J"

]

Best unit URI:
"http://qudt.org/vocab/unit/N-M"

(Reasoning, not to be output: Torque in the input sentence
is measured in newton metres, not in newtons or joules
.)

Now solve the following instance.

Input sentence:
"{input_sentence}"

Quantity kind:
{quantity_kind}

Candidate units:
[{units_str}]

Remember:
- Select exactly ONE URI from the list.
- Answer with the URI only, no explanation and no

additional text.� �
B.8 Prompt 𝑷𝝂𝒒𝒌 : Best quantity kind selection.� ⊵

You are an expert in physical quantities, units of
measurement, and the QUDT ontology.

Your task is to select the most appropriate QUDT quantity
kind from a given list of QUDT quantity kind URIs,
based on the context provided by an input sentence.

Inputs:
1. An input sentence describing a requirement, constraint,

or parameter.
2. A list of candidate QUDT quantity kind URIs.
Your job:
- Choose exactly ONE quantity kind URI from the given list

that best fits the meaning implied by the input
sentence.

- Always choose a quantity kind that appears in the
provided list; never invent a new URI.

- If multiple quantity kinds are plausible, choose the one
that fits best with respect to the input sentence
provided.

- Return ONLY the chosen quantity kind URI, with no
explanation or extra text.

Few-shot examples:
Example 1
---------
Input sentence:
"The beam length shall be specified with a tolerance of ±

0.5."
Quantity kind candidates:
[

"http://qudt.org/vocab/quantitykind/Length",
"http://qudt.org/vocab/quantitykind/Mass",
"http://qudt.org/vocab/quantitykind/Time"

]
Best quantity kind URI:
"http://qudt.org/vocab/quantitykind/Length"

Example 2
---------
Input sentence:
"The design pressure of the vessel shall not exceed 10^6 Pa

."
Quantity kind candidates:
[

"http://qudt.org/vocab/quantitykind/Pressure",
"http://qudt.org/vocab/quantitykind/Temperature",
"http://qudt.org/vocab/quantitykind/Volume"

]
Best quantity kind URI:
"http://qudt.org/vocab/quantitykind/Pressure"
Example 3
---------
Input sentence:
"The motor shall provide a torque of at least 50 Nm at the

shaft."
Quantity kind candidates:
[

"http://qudt.org/vocab/quantitykind/Torque",
"http://qudt.org/vocab/quantitykind/Energy",
"http://qudt.org/vocab/quantitykind/Force"

]
Best quantity kind URI:
"http://qudt.org/vocab/quantitykind/Torque"
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Now solve the following instance.
Input sentence:
"{input_sentence}"
Quantity kind candidates:
[{quantity_kind_candidates}]
Best quantity kind URI:� �

B.9 Prompt 𝑷𝜸 : Grounding.� ⊵
You are an ontological engineer. Given a structured

extraction of semantic entities from a requirement
sentence, produce an OWL graph in Turtle (.ttl) format
.

Inputs you must use directly:
- Structured extraction + alignment payload (JSON below),

including `normalized_quantities` entries from the
NormalizedRecord.

- Full IOF Core ontology (Core.rdf, RDF/XML) as
authoritative vocabulary and axioms.

Goals (in order):
1) Map the whole requirement into IOF classes and

properties. Do not define new classes or properties of
any kind.

2) Avoid blank nodes; mint readable IRIs under the base.
3) Only for true quantitative constraints, create a value

individual typed iof:ValueExpression.
4) Reuse individuals rather than duplicating (e.g., the

same quality/agent that the value qualifies).
5) Keep the graph OWL DL compatible and minimal.

Graph pattern constraints (mandatory):

- Create exactly one iof:RequirementSpecification
individual :Req_0 and attach a comment to it with the
original_text of the input requirement.

- The requirement specification individual must be
connected to a specification instance via iof:
requirementSatisfiedBy.

- Use iof:DesignSpecification when the requirement
constrains continuants (artifacts/material entities/
qualities of continuants).

- Use iof:PlanSpecification when the requirement constrains
processes, events, procedures, or process
characteristics.

- Do not use QUDT classes or properties. They will be
handled in a later enrichment step. Once you
instantiate a iof:ValueExpression, that must be a leaf
node with no further QUDT properties.

- Use iof:ValueExpression class for value individuals. Do
not use its subclasses (such as iof:
MeasuredValueExpression).

- Connect each quantitative ValueExpression to its
constrained bearer using iof:
isValueExpressionOfAtSomeTime / iof:
isValueExpressionOfAtAllTimes (or the inverse
hasValueExpression* relation from the bearer).

- iof:hasSpecifiedOutput has domain iof:PlannedProcess.
Never use iof:hasSpecifiedOutput on any specification
individual (DesignSpecification / PlanSpecification /
RequirementSpecification / ObjectiveSpecification /
InformationContentEntity). Use iof:prescribes for
specification semantics.

- A iof:DesignSpecification MUST NOT prescribe occurrents.
In particular, never assert:

- DesignSpecification iof:prescribes Process
- DesignSpecification iof:prescribes PlannedProcess
- DesignSpecification iof:prescribes

ProcessCharacteristic
- DesignSpecification iof:prescribes Event

- For every quantitative constraint, create exactly one
value node with stable naming `:VE_req<req_idx>_c<
constraint_idx>`. Do not create additional
quantitative ValueExpression nodes for the same
constraint.

- Never create iof:ValueExpression for relation, enum,
boolean, event_ref, entity_ref, or textual-conformance
constraints.

- Only create iof:ValueExpression when the payload has
matching evidence:

- `constraints[*].value.kind == "quantity"` and
- a corresponding `normalized_quantities` entry for the

same `(req_idx, constraint_idx)`.
- If there are zero quantitative constraints / zero `

normalized_quantities` rows, output MUST contain zero
`:VE_req*` individuals and zero `iof:ValueExpression`
instances.

- If a specification prescribes any process-like entity,
type it as iof:PlanSpecification (not iof:
DesignSpecification).

- If a value-expression node has QUDT numeric/bound data
properties, do not assert iof:hasSimpleExpressionValue
on that same node.

Mandatory prefixes (always include):
@prefix rdfs: <http://www.w3.org/2000/01/rdf-schema#> .
@prefix iof: <https://spec.industrialontologies.org/

ontology/core/Core/> .
@prefix bfo: <http://purl.obolibrary.org/obo/> .
@prefix qudt: <http://qudt.org/schema/qudt/> .
@prefix xsd: <http://www.w3.org/2001/XMLSchema#> .
@prefix owl: <http://www.w3.org/2002/07/owl#> .
@prefix : <http://example.org/req/{record_idx}#> .

Authoritative ontology (full Core.rdf content):
{ontology_context}

Return ONLY OWL/Turtle (TTL syntax), no commentary, no RDF/
XML, base IRI http://example.org/req/{record_idx}#

Before final output, verify each req_idx and each
constraint_idx is represented in triples.� �

B.10 Prompt 𝑷𝜸𝒓 : KG repair by feedback loop.� ⊵
The previous owl graph was inconsistent or incomplete. Fix

it and output corrected OWL/Turtle only.

Rules (must follow):
- Keep base IRI and identifiers.
- Do not invent new classes/properties; only IOF/BFO IRIs

provided in the context.
- Represent the full requirement (subject, modality,

condition, action, object, constraints, references) in
IOF/BFO.

- Prefer tightening types/domains to restore consistency
over dropping constraints.

- Do not use iof:hasSpecifiedOutput on specification
individuals; iof:hasSpecifiedOutput is only for iof:
PlannedProcess subjects.

- If a value node has QUDT numeric/bound data properties,
do not keep iof:hasSimpleExpressionValue on that same
node.

Ontology context (Core.rdf):
{self.ontology_context}

Inputs:
- Structured payload (authoritative):
{json.dumps(self.payload, indent=2)}
- Previous graph:
{inconsistent_owl}
- Reasoner report:
{report}

Output constraints:
- Return Turtle syntax only.
- Do not return RDF/XML.
- Do not include XML declarations (for example: <?xml

...?>).� �
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B.11 Prompt 𝑷𝜸𝑸𝑼𝑫𝑻
: KG enrichment prompt for adding units,

quantitykinds, and values.� ⊵
Enrich this IOF graph with QUDT according to the IOF-QUDT

guideline.

Mandatory pattern:
- Quantitative value nodes must be iof:ValueExpression and

qudt:QuantityValue.
- Connect value node to unit with qudt:unit.
- Connect unit node to quantity kind with qudt:

hasQuantityKind.
- Quantity kind nodes must be explicitly declared as

individuals with `a qudt:QuantityKind`.
- Prefer `qudtu:` for unit individuals and `qudtqk:` for

quantity-kind individuals in Turtle serialization.
- Do not use qudt:hasQuantityKind on value nodes.
- Do not use iof:*MeasuredValue* properties.
- For bounded constraints, use:
- qudt:minInclusive / qudt:maxInclusive when inclusive
- qudt:minExclusive / qudt:maxExclusive when exclusive
- qudt:lowerBound / qudt:upperBound when inclusivity is

unknown
- Never use qudt:lowerBoundInclusive or qudt:

upperBoundInclusive.
- If bounds are present, do not keep qudt:numericValue.
- If qudt:numericValue or any QUDT bounds are present on a

node, do not keep iof:hasSimpleExpressionValue on that
node.

- Guardrail: apply QUDT ONLY to constraints that are
quantitative in NormalizedRecord.

- If NormalizedRecord has zero quantitative rows, return
the graph unchanged except for removing accidental
quantitative artifacts (`iof:ValueExpression`, `qudt
:*` nodes/triples) that are not backed by
NormalizedRecord.

- Never create `iof:ValueExpression` or `qudt:
QuantityValue` from textual conformance/reference
constraints.

NormalizedRecord quantitative row count:
{quant_row_count}

NormalizedRecord quantitative summary:
{normalized_brief}

Graph:
{owl_text}� �

B.12 Prompt 𝑷𝜸𝑸𝑼𝑫𝑻 ,𝒓
: QUDT repair prompt.� ⊵

Repair the graph so that it follows this IOF+QUDT pattern
exactly:

- Quantitative value node: rdf:type iof:ValueExpression and
qudt:QuantityValue.

- Value node uses qudt:unit -> Unit node.
- Quantity kind must be on Unit: Unit qudt:hasQuantityKind

QuantityKind.
- Each quantity kind resource must be explicitly typed: `a

qudt:QuantityKind`.
- Do NOT place qudt:hasQuantityKind on ValueExpression

nodes.
- Bounds use qudt:minInclusive/maxInclusive or qudt:

minExclusive/maxExclusive, or qudt:lowerBound/qudt:
upperBound when inclusivity is unknown.

- Never use qudt:lowerBoundInclusive or qudt:
upperBoundInclusive.

- If bounds exist, remove qudt:numericValue.
- If qudt:numericValue or any QUDT bounds are present on a

node, remove iof:hasSimpleExpressionValue from that
node.

- Use iof:hasValueExpressionAtSomeTime/AtAllTimes and
inverses; do not use measured-value predicates.

- Keep existing IRIs and requirement meaning.
- Prefer `qudtu:` for unit individuals and `qudtqk:` for

quantity-kind individuals in Turtle serialization.

- Guardrail: only quantitative constraints from
NormalizedRecord may use iof:ValueExpression / qudt:
QuantityValue.

- If NormalizedRecord has zero quantitative rows, remove
any accidental iof:ValueExpression/qudt:* quantitative
nodes and return a graph with no quantitative
modeling.

NormalizedRecord quantitative row count:
{quant_row_count}

NormalizedRecord quantitative summary:
{normalized_brief}

Detected violations:
{json.dumps(violations, indent=2)}

Graph to repair:
{owl_text}

Return OWL/Turtle only.
Never return RDF/XML or XML declarations.� �

Appendix C: SPARQL Conformance Checks
This appendix reports the exact SPARQL queries used to compute the six

conformance checks K described in Section 4. All checks share the
common prefix block reported below.

C.1 Common Prefix Block.� ⊵
1 PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#>
2 PREFIX rdfs: <http://www.w3.org/2000/01/rdf-schema#>
3 PREFIX owl: <http://www.w3.org/2002/07/owl#>
4 PREFIX xsd: <http://www.w3.org/2001/XMLSchema#>
5 PREFIX iof: <https://spec.industrialontologies.org/

ontology/core/Core/>
6 PREFIX qudt: <http://qudt.org/schema/qudt/>� �

C.2 C01: Requirement Typed as iof:RequirementSpecification.� ⊵
1 SELECT ?req ?spec WHERE {
2 ?req iof:requirementSatisfiedBy ?spec .
3 FILTER NOT EXISTS { ?req a iof:RequirementSpecification

. }
4 }� �

C.3 C02: Requirement Has iof:requirementSatisfiedBy.� ⊵
1 SELECT ?req WHERE {
2 ?req a iof:RequirementSpecification .
3 FILTER NOT EXISTS { ?req iof:requirementSatisfiedBy ?

spec . }
4 }� �
C.4 C03: Satisfaction Target Typed as iof:DesignSpecification or

iof:PlanSpecification.� ⊵
1 SELECT ?req ?spec WHERE {
2 ?req iof:requirementSatisfiedBy ?spec .
3 FILTER NOT EXISTS {
4 { ?spec a iof:DesignSpecification . }
5 UNION
6 { ?spec a iof:PlanSpecification . }
7 }
8 }� �
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C.5 C04: qudt:QuantityValue Has a Unit.� ⊵
1 SELECT ?value WHERE {
2 ?value a qudt:QuantityValue .
3 FILTER NOT EXISTS { ?value qudt:unit ?unit . }
4 }� �

C.6 C05: Unit Declares qudt:hasQuantityKind.� ⊵
1 SELECT ?value ?unit WHERE {
2 ?value a qudt:QuantityValue ;
3 qudt:unit ?unit .
4 FILTER NOT EXISTS { ?unit qudt:hasQuantityKind ?qk . }
5 }� �

C.7 C06: QuantityValue Linked via isValueExpressionOf-.� ⊵
1 SELECT ?value WHERE {
2 ?value a qudt:QuantityValue .
3 FILTER NOT EXISTS {
4 { ?value iof:isValueExpressionOfAtSomeTime ?entity .

}
5 UNION
6 { ?value iof:isValueExpressionOfAtAllTimes ?entity .

}
7 }
8 }� �
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