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Abstract

Commonsense knowledge (CSK) is critical for enhancing artificial intelligence (AI) systems by improving
their understanding, reasoning, and interaction with the human world, particularly in planning and
decision-making tasks. To be practically applicable, CSK must be expressed using the standard vocabulary
of the target domain and must be available in sufficient quantity and specificity. Large Language Models
(LLMs) have shown promise in efficiently curating domain-specific CSK in natural language statements.
However, transforming these statements into formal semantic rules such as those written in the Semantic
Web Rule Language (SWRL) or Datalog requires further processing and structured prompt engineering.
These models also often fail to incorporate standard vocabularies such as those defined by ISO 21838 when
generating such rules, limiting their interoperability and reuse. This paper addresses the interoperability
challenges in capturing CSK and highlights the importance of standardized vocabularies for semantic
integration. We propose a template-based prompt-engineering method combined with a predefined
vocabulary-to-ontology mapping to guide LLMs in generating semantic rules from natural language
CSK. Our findings reveal key limitations in the ability of LLMs to align output with standard ontologies.
To address this, we propose a template-based prompt-engineering method combined with a predefined
vocabulary-to-ontology mapping. Comparative evaluation shows that our approach improves consistency

and enhances alignment with upper-level ontologies when expressing CSK as semantic rules.
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1. Introduction

In the era of AI, CSK is a crucial component of Al systems that enables them to make rational
and explainable decisions, much like humans do [1]. CSK is an essential element of today’s
Al-driven decision-making applications. When it comes to sophisticated tasks and interactions
across different domains, it is pivotal for Al systems to be equipped with this type of knowledge.
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This form of knowledge includes the implicit and frequently used understanding of the world
that humans naturally possess [2]. Researchers in various domains are increasingly emphasizing
the importance of acquiring and integrating appropriate domain-specific CSK [3, 4, 5].

using a large volume of domain-specific CSK improves the Al system’s ability to make deci-
sions effectively and in an explainable manner. It also enables the system to adapt appropriately
to different scenarios [6, 7]. The emergence of LLMs has initiated a new era in which these
models possess vast amounts of embedded knowledge across numerous domains. As a re-
sult of the extensive information they contain, LLMs can serve as a surface-level source of
commonsense-like assertions across a wide range of domains; however, their reliability and
semantic coherence as knowledge sources remain limited and often require external validation.
The realization that these models are trained on massive textual datasets and reflect a broad
spectrum of human knowledge makes them highly valuable for capturing CSK [8].

However, the transition from the unstructured, semantically ambiguous CSK generated by
LLMs to structured, logically coherent semantic rules remains a significant challenge [9, 10, 11].
Semantic rules are crucial for explainability because they provide explicit, human-readable logic
that governs system decisions, enabling users to trace why and how a particular output was pro-
duced. Unlike black-box models, semantic rules support transparent reasoning by linking inputs
to conclusions through well-defined conditions grounded in domain knowledge. This clarity
enables justified explanations, particularly in high-stakes contexts such as manufacturing or
healthcare. This is particularly evident when using GPTs (Generative Pre-trained Transformers)
for automatic knowledge engineering [12, 13]. While the evolution of LLMs raises questions
about the extent to which such models might be integrated into various industries, businesses,
and most importantly education it also brings forward critical issues such as ethics [14, 15],
trustworthiness [16, 17], and adherence to Findable, Accessible, Interoperable, Reusable (FAIR)
data principles [18, 19]. In the specific context of knowledge engineering, particularly ontol-
ogy development, one might ask: Are we heading toward a future where LLMs automatically
generate ontologies, potentially rendering human ontologists obsolete? [20].

We argue that ontology engineering and mapping extend far beyond mere linguistic tasks.
While LLMs are proficient at tasks such as relation extraction and entity recognition, both of
which support ontology engineering, true ontology development requires input from domain
experts to define terms, structure hierarchical relationships, and provide formal representations
grounded in logical inference. Furthermore, one of the keys to making ontologies FAIR and
interoperable is aligning them with standard vocabularies, such as ISO-21838, which are closely
linked to commonsense knowledge. Ontologies are consistently validated by domain experts
and evolve, whereas the validation of information produced by LLMs remains an open issue
[16, 17].

This paper proposes a methodology for generating semantic rules from CSK statements,
guided by predefined mappings to standard ontologies. It argues for the continued importance
of ontologies and the necessity of human involvement in the development process, particularly
for capturing and incorporating CSK from LLMs. This approach enables the derivation of
rule-based expressions such as First Order Logic (FOL) that can inform the creation of ontology
classes and properties using standard vocabularies. When LLMs are prompted to generate
NL statements based on CSK, these statements are then transformed into First-Order Logic
(FOL) rules based on CSK patterns aligned with standard vocabulary. This rule-based method



addresses key limitations of LLMs by producing formal, vocabulary-aligned rules that support
the development of consistent, standardized, and semantically rich ontologies, in adherence to
principles of formal logic.

The remainder of the paper is structured as follows: Section 2 provides a brief overview of
how LLMs operate based on textual patterns, Section 3 discusses prompt engineering techniques,
and examines the limitations of LLMs in knowledge engineering, along with the need for human
involvement. Section 4 presents the proposed methodology based on CSK-driven semantic
rules and predefined mappings to standard ontologies. Section 5 assesses the effectiveness and
applicability of our method, also its limitations, and Section 6 demonstrates the applicability of
the proposed methodology in the manufacturing domain, and lastly, Section 7 concludes the
paper and outlines directions for future work.

2. Literature Review

Understanding the distinction between facts and knowledge is pivotal to addressing the challenge
of ontology development using LLMs [21]. A fact is “a statement that can be proven to be
true or false,” whereas knowledge, in the context of ontologies and knowledge engineering,
encompasses a broader understanding that includes the interpretation and inference of facts
within a certain domain. Knowledge is not about truthfulness but involves the structured
organization and representation of information that can be used to infer new insights [22]. CSK
is a subset of knowledge that is considered to be universally true [23] and is crucial for the
development of ontologies that accurately reflect real-world semantics [24]. When discussing
CSK, the Cyc project aimed to develop an ontology containing common knowledge terms, facts,
concepts, and rules. The project also focused on creating a system capable of communicating in
English and learning from human interactions [25]. This goal has now been partially achieved
by LLMs, which can interact with users in natural language and answer queries using different
prompts, although without creating ontologies, a central aim of the Cyc project.

2.1. The Evolution and Impact of LLMs in Al

LLMs represent a significant era in technological innovation. They have not only reshaped the
landscape of Al but also ushered in a new research era focused on Generative Al The evolution
of Natural Language Processing (NLP) has played a critical role in enabling machines to read,
understand, and make sense of human language, alongside Machine Learning (ML) systems that
facilitate the development of models capable of making predictions from data [26, 27, 28, 29].
As we explore LLMs further, it becomes evident that models like GPTs (Generative Pre-trained
Transformers) signify a major leap in AI. LLMs are designed to understand, interact, and generate
language at an unprecedented scale, owing to their access to massive text corpora from which
they learn linguistic patterns and structures. This enables them to perform a wide range of
language-based tasks with remarkable efficiency [30]. The capabilities of these models have
sparked debates about whether LLMs are on par with humans in everyday tasks and the societal
implications of their use [31]. Today, it is common to find examples showcasing LLMs as either
impressively intelligent or inexplicably flawed, often referred to as hallucinations."Regardless,



they demonstrate a notable ability to process and respond to human language, often requiring
substantial background knowledge [32].

2.2. Challenges in Using LLMs for Ontology Development

Despite the substantial advancements achieved by LLMs, their application in ontology develop-
ment presents unique challenges due to insufficient knowledge modeling and limited reasoning
capabilities [33]. In knowledge engineering, ontologies represent a set of concepts within a
domain and the relationships between them. They are essential for reasoning about entities
and making inferences. Ontology development entails creating a standardized vocabulary and
expressing formal semantics through axioms. The challenge lies in the design of LLMs: they
excel in statistical pattern recognition but struggle with the deep semantic structures and formal
logic required for ontology construction [34, 35]. LLMs lack the ability to grasp intricate and
nuanced relationships and classifications, which are essential for accurate ontology development
[36]. Although LLMs can comprehend and generate text using statistical patterns, they cannot
understand the semantic relationships and logical structures necessary for creating meaningful
ontologies [37, 38]. This limitation highlights the need for innovative approaches that meet the
requirements of formal logic and semantic complexity [39].

3. Ontology Development Practices and the Role of Pre-Trained
LLMs

Ontologies, especially reference ontologies, are developed to provide a standardized, controlled
vocabulary for a specific domain. For example, the IOF Core Ontology encompasses notions
common across multiple manufacturing domains, while top-level ontologies such as the Basic
Formal Ontology (BFO)', Suggested Upper Merged Ontology (SUMO), and OpenCyc address
more general conceptualizations [40].

An open-source reference ontology offers human- and machine-readable definitions of its
vocabulary. A major use case for reference ontologies is enabling interoperability between
datasets that use these standardized terms in their data or metadata.

LLMs can provide diverse information based on user prompts via natural language interactions.
Numerous prompt engineering techniques are available, as summarized by Schmidt et al.
[41]. Pre-trained LLMs such as OpenAI's ChatGPT series and Google’s BERT have shown
effectiveness in various NLP tasks. While their primary role is content generation and language
translation, they are now also being explored for ontology creation due to several capabilities:
(1) Semantic Understanding, (2) Entity Recognition, (3) Relation Extraction, and (4) Concept
Generation. Trained on vast amounts of text, these models capture relationships such as
synonymy, hyponymy, and hypernymy due to their semantic capabilities [42]. They also
perform well on Named Entity Recognition (NER) tasks, identifying entities such as locations,
organizations, and people, and can extract relationships between mentioned entities [43].
According to Grandi et al., LLMs can generate conceptual designs based on prompts [44].

'https://basic-formal-ontology.org
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3.1. Limitations of LLMs in Knowledge Engineering

Despite these capabilities, LLMs exhibit several limitations that render them unsuitable as
standalone tools for ontology development [44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57]:
(1) Lack of explicit knowledge representation, (2) Lack of logical consistency, (3) Semantic
ambiguity and inconsistent responses, (4) Domain specificity, (5) Data bias and incompleteness,
(6) Limited multi-modal understanding, (7) Scalability issues.

3.2. Comparison with Existing Pre-Trained GPTs

LLMs generate responses based on patterns in training data, not on explicit semantic structures
like those in ontologies. When generating definitions or relationships between terms, LLMs may
produce inconsistent information due to inaccurate representations in their training data. A key
issue is the inability of LLMs to generate ontologies aligned with formal ontological standards.
While they can convert natural language into semantic rules (e.g., SPARQL, SWRL, or Datalog),
they often invent predicates instead of reusing existing ones from standard ontologies. This
behavior underscores the need for aligning LLM-generated content with established standards,
such as Top-Level Ontologies (TLOs) like the Basic Formal Ontology (BFO) [ISO/IEC 21838-
2:2021] and mid-level ontologies like the Industrial Ontologies Foundry (IOF)?, and Machine
Service Description Language (MSDL)’. For general-purpose vocabularies like FOAF (Friend of
a Friend) or family trees, LLMs can effectively model text and align with standard ontologies,
given the generality of linguistic terms and labels. However, modeling abstract concepts using
vocabularies like BFO is more difficult. In our prompt-based use case with GPT-3.5%, the model
often failed to reuse the provided ontological terms and instead generated plausible-sounding
but ontologically invalid relations, highlighting its dependence on linguistic surface patterns
rather than formal alignment.

GPT-3.5 also faces input limitations due to the 4096-token cap, which prevents users from
uploading large RDF or TTL files. In GPT-4.0°, users can upload ontologies as files, improving
results. Nevertheless, the model still fails to consistently reuse the provided ontological classes
and relations.

4. Methodology

The proposed method® addresses the significant challenge of translating Common Sense Knowl-
edge (CSK) into semantic rules. These rules are retrieved from a Large Language Model (LLM) as
natural language (NL) statements and subsequently converted into ontology classes, subclasses,
instances, or relationships, while ensuring alignment with standard vocabularies. The primary
goal is to bridge the gap between the flexible nature of natural language and the structured,
rigid requirements of ontologies necessary for effective reasoning and data integration.

*https://spec.industrialontologies.org/iof/
*https://labs.engineering.asu.edu/semantics/ontology-download/msdl-ontology/
*https://chat.openai.com/share/44a3d1d6-66b2-407d-b6db-509f158a30f9
*https://chat.openai.com/share/86565869-7a00-47e8-9067-d6359f61c32¢
Shttps://github.com/MRNaqvi/Common-Sense-Knowledege-Driven-SemanticRule-Base-Ontology-Mapping
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To achieve this, a rule-based mechanism identifies relevant concepts within CSK statements
and systematically integrates them into ontology elements. This process enables the structured
transformation of CSK into semantic rules aligned with ontologies, leveraging the owlready?2’
library for ontology manipulation. We use the Owlready? library, a Python module for loading,
editing, and reasoning with OWL ontologies, due to its seamless integration with Python-based
systems and support for ontology-driven rule reasoning.

Formalizing Semantic Rule Specialization using Common Sense Knowledge
(CSK)

Definition 1: Rule Template

A Rule Template, RT, is defined as a logical expression containing placeholders that represent
general classes or relationships.
Example:
process(z) — Jyprocess(y) A comesAfter(z, y) (1)

Definition 2: Common Sense Knowledge (CSK)

A CSK is a natural language statement that provides specific knowledge about a particular case,

such as classes or instances related to a process (e.g., painting). CSK is extracted from LLMs

using the chain-of-thought prompt engineering method. The CSK serves as the source from

which specific information is extracted to replace placeholders in the Rule Template.
Example 1: “The result of the painting process is a painted object.”

Example 2: “After the painting process, you do the drying process.”

Example 3: “The drying process involves a dryer machine.”

Definition 3: Concrete Rule
A Concrete Rule, C'R, is derived from a Rule Template by replacing its placeholders with specific
classes or instances extracted from a CSK.

Function: SpecializeRule

Formally defined, the function SpecializeRule is:
SpecializeRule : RT' x CSK — CR (2)

Process:

1. Input: A Rule Template, RT', and Common Sense Knowledge, CSK.
2. Extraction: Identify and extract specific classes or instances from the C'SK.

3. Substitution: Systematically replace the placeholders in RT with the extracted classes
or instances.

4. Output: Return a Concrete Rule, CR.

"https://owlready2.readthedocs.io/en/v0.48/



Rule 1

Given the Rule Template RT based on standard vocabulary classes and property relations from
BFO and IOF:

IOF:MaterialProduct(xz) — JyBFO:process(y) A IOF:isOutputOf(x, y) (3)
CSK: “The result of painting is a painted object.”
Applying SpecializeRule:
paintedObject(x) — Jypainting(y) A IOF:isOutputOf(x, y) (4)
Rule 2
Given the Rule Template RT"
BFO:process(xz) — JyBFO:process(y) A BFO:precedes(y, ) (5)
CSK: “After painting process, you should perform a drying process.”
Applying SpecializeRule:
drying(z) — Jypainting(y) A BFO:precedes(y, x) (6)
Rule 3
Given the Rule Template RT":

BFO:process(x) — JyMSDL:productionEquipment(y) ABFO:participatesinAtSomeTime(y, x)

(7)
CSK: “The drying process involves a dryer machine”
Applying SpecializeRule:
drying(x) — Jydryer(y) A BFO:participatesInAtSomeTime(y, z) (8)

Explanation: The function SpecializeRule refines a general rule template based on CSK to
yield a concrete rule suitable for a particular context. In this case, the rule template associates a
process with the equipment involved in it. The CSK statement “The drying process involves a
dryer machine” allows us to adapt the template to indicate that a dryer machine participates in
the drying process.

Our method utilizes the pattern recognition capabilities of LLMs to interpret varied expres-
sions of CSK and map them into predefined rule structures. LLMs are highly proficient at
extracting and preserving the core semantics of patterns, even when expressed in diverse ways.
This adaptability ensures that the system remains robust in handling the complex language



often found in technical or industrial texts. The primary purpose of translating CSK into se-
mantic rules is to ensure that ontology classes, subclasses, and predicates align with standard
vocabularies. This alignment helps resolve LLMs’ common issues with ontology-incompatible
outputs. Our methodology employs OWLReady2 for ontology manipulation. When CSK is
converted into ontology elements through semantic rule generation, we verify whether the
resulting classes and predicates match a standard vocabulary. If a close match is found based on
definitions and axioms, the concept is used directly or mapped via a predefined semantic rule.

For instance, in the CSK statement, The result of painting is a painted object, the term
“painting” aligns with the concept BFO: Process, while the painted object corresponds to
I0F:MaterialProduct. Our semantic rule-based mapping establishes that a painted object
is the output of a painting process using the IOF property I0F: isOutputOf.

5. Evaluation

To evaluate the effectiveness of our approach for transforming CSK into semantic rules aligned
with standard ontologies, we conducted a two-part study focusing on (i) the correctness of class
and relation extraction, (ii) semantic alignment with reference ontologies, and (iii) the practical
usability of the generated rules for ontology population and reasoning.

We compiled a dataset of 50 CSK statements related to manufacturing processes (e.g., painting,
drying, welding), extracted from LLM queries using chain-of-thought prompting. Fach statement
was processed using our SpecializeRule function to generate corresponding semantic rules.
The evaluation was conducted in three stages:

1. Class/Relation Extraction Accuracy: Manually annotated gold-standard mappings of
ontology classes and relations were created for the CSK statements.

2. Semantic Alignment: We assessed whether the generated rules used vocabulary terms
consistent with BFO, IOF, and MSDL ontologies.

3. Usability in Ontology Population: We tested the generated rules in populating OWL
ontologies via the owlready2 API and evaluated their syntactic and semantic correctness.

5.1. Metrics

We used the following metrics:

+ Precision: Fraction of correctly mapped classes/relations over all predicted.

« Recall: Fraction of correct mappings in the gold standard that were retrieved by the
system.

« Semantic Validity: Percentage of rules whose predicates and classes corresponded to
terms defined in BFO, IOF, or MSDL.

+ Rule Usability: Proportion of rules successfully instantiated and executed within an
OWL ontology environment.



Table 1
Evaluation Results over 50 CSK Statements

Metric Value Interpretation

Class Extraction Precision 0.86 Most predicted classes were correct
Class Extraction Recall 0.78 Some relevant classes missed
Relation Extraction Precision ~ 0.90 High accuracy in relation identification
Relation Extraction Recall 0.82  Moderate coverage of all possible relations
Semantic Validity 92% Rules used standard ontological terms
Rule Usability in OWL 88% Rules instantiated without error

5.2. User Study: Expert Evaluation of Semantic Rules

To complement the quantitative metrics, we conducted a small-scale user study involving five
domain experts from the fields of manufacturing and knowledge engineering. The participants
were asked to evaluate a randomized subset of 20 generated semantic rules corresponding to
CSK statements.

Each expert assessed the following dimensions on a 5-point Likert scale:

1. Correctness: Does the rule correctly represent the intended meaning of the CSK state-
ment?

2. Ontological Alignment: Are the classes and predicates correctly aligned with standard
vocabularies (BFO, IOF, MSDL)?

3. Usefulness: Would this rule be useful for automating ontology population or reasoning?

Results:

Table 2
Average Expert Ratings (Scale 1-5)

Evaluation Criterion Mean Score Std. Dev.

Correctness 4.4 0.48
Ontological Alignment 4.6 0.50
Usefulness 4.5 0.53

6. Application of Proposed Methodology in Manufacturing

We propose MACS-KG?® [59], a specialized knowledge graph that incorporates Manufacturing
Commonsense Knowledge (MCSK) to enhance reasoning and explainability within manufactur-
ing decision-making processes. The core innovation of MACS-KG lies in its ability to extract
domain-specific knowledge from pre-trained Large Language Models (LLMs) through Chain-of-
Thought prompt engineering, leveraging established MCSK patterns [1] [59]. The extracted
knowledge is then automatically transformed into First-Order Logic (FOL) representations that

®https://csk.chaikmat-anr.uttop.fr
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align with standard ontological vocabularies such as the Basic Formal Ontology (BFO)’, the
Industrial Ontologies Foundry (IOF)'’, and the Machine Service Description Language (MSDL)'!.
This semantic alignment is critical for ensuring interoperability and consistent reasoning across
heterogeneous manufacturing data sources. Once users validate the generated FOL rules, they
are converted into executable SPARQL and Datalog rules.

The MACS-KG user interface provides two primary functionalities: Building MACS-KG:
Users generate semantic rules grounded in MCSK using LLMs or manual rule templates (Fig. 1).
After rule creation, the system allows users to save these rules in a graph database, ensuring
structured storage and enabling efficient retrieval.

»°

— Pre-trained LLM M ules editing

[ [ -

v
Manual Rule Page !

Automatic Generation of rules using pre-trained LLM!

Figure 1: MACS-KG Building Using Semantic Rules

Exploring MACS-KG: Users can query the knowledge graph using SPARQL queries, visualize
the graph structure, and manage stored rules through an interface intended to be intuitive and
accessible for domain experts, though its usability would benefit from further evaluation. (Fig.

2).

2 il

Qeyks  KnowedgeGraph

Select * where (?s 7p 70}

Figure 2: MACS-KG Exploration via SPARQL Querying

To demonstrate the practical utility of the MACS-KG framework, we applied it to a car
manufacturing scenario (Fig.3). This use case illustrates how MACS-KG integrates knowledge
of manufacturing processes and production equipment, allowing users to validate and refine
generated semantic rules relevant to automotive production workflows. The system enforces
an initial validation step where user-approved rules are required before they are committed to
the knowledge graph. This validation prevents invalid or semantically inconsistent rules from

*https://basic-formal-ontology.org
https://spec.industrialontologies.org/iof/
https://labs.engineering.asu.edu/semantics/ontology-download/msdl-ontology/
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entering the database and thereby protects the integrity of downstream SPARQL queries and
reasoning tasks.

Manufacturing CommonSense Knowledge Graph

Car
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Figure 3: MACS-KG Use Case: Car Manufacturing

Figure 4 shows an example of validated rules encompassing car manufacturing processes
and production equipment, as managed within the MACS-KG platform. This step ensures that
only domain-relevant, ontologically aligned knowledge is incorporated, thereby enhancing the
reliability of decision support derived from the knowledge graph.

ElectfoniesinstallationP BFO_0000056 Foo S T

ol_1
rocess_1
Q@
) %®
manufacturing process type EnginélnstallationProce BFO_0000056  HoistingEquipment_1 o
ss_1
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p
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o

FrameAssemblyProces BFO_0000056
s WeldingEquipment_1

Figure 4: Validated Car Processes and Production Equipment in MACS-KG



7. Conclusion

Ontology development has traditionally required significant manual effort and domain exper-
tise. This paper proposed a methodology for automating the transformation of commonsense
knowledge (CSK), extracted via Large Language Models (LLMs), into semantically valid rules
aligned with standard ontologies.

By bridging natural language processing and formal ontology engineering, our approach
enables scalable, explainable, and ontology-aligned rule generation. Adhering to foundational
vocabularies such as BFO, IOF, and MSDL, the method supports semantic interoperability and
logical reasoning in OWL-based environments.

Future work will focus on expanding domain coverage, improving recall through prompt op-
timization, and incorporating human-in-the-loop strategies for validation. While demonstrated
in the manufacturing domain, this approach lays the foundation for integrating LLM-based
commonsense reasoning into broader semantic web applications.
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