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Much of what we know is abstract and
general

LLMs are deeply unreliable when it
comes to knowledge like this

Current systems have no real concept of
a bottle, a soldier, etc.

Without explicit, manipulable
knowledge, our models will remain
uninterpretable and unreliable

The case for (explicit) knowledge



What can be a solution?







 Knowledge engineering is the disciplined
process of designing, structuring, and

maintaining explicit, machine-readable
representations of domain knowledge to
enable reliable reasoning and decision-

making in AI systems.



How LLMs can automate knowledge
engineering

How knowledge engineering can
improve LLMs



Generation
of ontologies

Which LLMs?

Research Questions (RQs)

Which prompting techniques?
Which evaluation metrics?

Which benefits and weaknesses?
How to guarantee the reproducibility of the

results?

Evaluation
of ontologies

Use case: implicit
knowledge

(metaphor)

Reproducibility
of the results



How LLMs can automate knowledge
engineering

How knowledge engineering can
improve LLMs



Manual and time-consuming Error prone Challenging for novice

ontology engineers

The problems of knowledge engineering



Ontology Engineering Assistant

w/o copilot w/ copilot



Coursexsd:int

xsd:string

Teacherxsd:string

Teacher-Coursexsd:date

Requirements (Competency questions):
         University setting:
                 1-Which teacher teaches a specific course?
                 2-Total number of credits a teacher presents this semester?
                 3-Give me a list of students in a course? 

Report: Competency Questions 1 and 2 are modelled in the
ontology but  the third one is missing

Input:
Requirements

Output:
Ontology

Development and Evaluation

Development

Name

NumberOfCredits

Name

PresentedBy

Present

date

Evaluation

Input:
Ontology

Output:
Report



Can LLMs generate ontologies?



Methodology

1- Memoryless CQbyCQ

2- Ontogenia

100 CQs

29 user stories

Gold standard

ontologies  

Prompting techniques Dataset Ontology Generation Methods

1- Independent Ontology

Generation

2- Incremental Ontology

Generation  



Evaluation

OntOlogy Pitfall Scanner! (OOPS)
CQ verification
Expert evaluation



Prompting
 Techniques

LLMs

Critical Pitfalls by OOPS! 

Results: OOPS!

Takeaways: 
Llama (3.1-405 B-instruct-bf16)→ high number of pitfalls.
o1-preview → yields the least number of pitfalls



Functional evaluation through CQ verification 

A competency question is modelled by an ontology if you could write a SPARQL
query to extract the answer (Blomqvist et al., 2012) 

Story:
The context is about university
courses given by different teachers.

Competency Question: 
What courses did Eva teach in this
period?



Functional evaluation through CQ verification 

A competency question is modelled by an ontology if you could write a SPARQL
query to extract the answer (Blomqvist et al., 2012) 

Teacher Course

TeachingCourse

Xsd:TimeXsd:Time

teaches

isP
re

se
nte

d

st
art

End

Story:
The context is about university
courses given by different teachers.

Competency Question: 
What courses did Eva teach in this
period?



Functional evaluation through CQ verification 

A competency question is modelled by an ontology if you could write a SPARQL
query to extract the answer (Blomqvist et al., 2012) 

Teacher Course

TeachingCourse

Xsd:TimeXsd:Time

teaches

isP
re

se
nte

d

st
art

End

Story:
The context is about university
courses given by different teachers.

Competency Question: 
What courses did Eva teach in this
period?

SELECT ?course
WHERE {
  ?course ex:isPresented ?tc .
  ?teacher ex:teaches ?tc .
  ?tc ex:start ?start ;
      ex:end ?end .

 
}



o1-prev.
Memless
CQbyCQ

Student
First Sub
(baseline)

Student
Last
Sub

(baseline)

o1-prev.
Ontogenia

Llama
Ontogenia

Llama
Memless
CQbyCQ

GPT-4
Ontogenia

GPT-4
Memless
CQbyCQ

GPT-4
CQbyCQ
(baseline)

Llama
Memless
CQbyCQ

Results: CQ verification

Proportion of modelled CQs

Novice Ontology
Engineers

ESWC 2024



1- No label and comments on some classes and properties.
2- Loops in the taxonomy.
3- Multiple domains and ranges for some properties.
4- Unnecessary classes.
5- Duplicate classes or properties.
6- Not all CQs are properly modelled. 
7- Axioms are poorly defined for classes or no axioms at all.
8- Bad taxonomy or missing taxonomy.

Detectable by
OOPS!

Results: Experts Evaluation

Detectable by 
CQ verification



GitHub repository

Read the paper

Lippolis, Anna Sofia, Mohammad Javad Saeedizade, Robin Keskisärkkä,
Sara Zuppiroli, Miguel Ceriani, Aldo Gangemi, Eva Blomqvist, and Andrea
Giovanni Nuzzolese. "Ontology generation using large language models." In
European Semantic Web Conference, pp. 321-341. Cham: Springer Nature
Switzerland, 2025.



Can LLMs evaluate ontologies?



The problem of evaluation

Test and revise

Evaluate and revise



LLMs in the loop?

Test and revise

Evaluate and revise



Functional evaluation through CQ verification 

The user wants to know which competency questions are properly modelled in the ontology.

Assisted modeUnassisted mode



Research questions

RQ  1

RQ  2

To what extent can LLMs evaluate ontologies using CQ verification?

To what extent can LLMs assist ontology engineers in evaluating ontologies
through CQ verification, and what are the benefits and drawbacks of a hybrid
approach combining LLM suggestions with expert validation compared to
traditional human-only methods?



New, dedicated dataset for ontology evaluation

Automatic and semi-automatic CQ verification

Contributions



Metric OntoEval OntoEval-small

Total CQs 1,393 20

Modelled CQs 1,204 10

Difficulty: simple 725 0

Difficulty: complex 135 20

Domains 33 6

The OntoEval Datasets



Models: o1-preview, o3-mini, GPT-4o-0513

Metric: macro-F1 on the full set and accuracy on the balanced set

Automatic evaluationRQ  1



19 users either expert and non-expert in ontology engineering
20 CQ verification tasks, 10 with LLM suggestions, 10 with not
Answers were Yes, No, or I don’t know, followed by a 1–5 difficulty rating
The order of the tasks was randomized every time
A survey was given to obtain more information from the users

Semi-automatic evaluationRQ  2



Ontology Evaluation

Assisted mode

Unassisted mode User 1

User 2

User 3

First Half Second Half

Not all assisted answers were correct. We wanted to know the effect of
wrong answers on people’s decisions.



Semi-automatic evaluation: setup (assisted)



Semi-automatic evaluation: setup (unassisted)



Automatic evaluation: results

Dataset



Semi-automatic evaluation: results

Perceived difficulty decreased with
assistance
Most participants found the suggestions
useful and easy to learn, but about a fifth
reported distraction, especially when
CQs or labels were unclear



Semi-automatic evaluation: results
Overall performance did
not change significantly.

No significant difference between o1-
preview and Ontology Engineers.



When LLM suggestions are incorrect...

...Accuracy drops.



...Accuracy rises

When LLM suggestions are correct...



Efficiency and lower perceived difficulty come with the risk of over-trust. 
Two mitigations: 

pre-check suggested SPARQL against the actual ontology before
showing the label
show a calibrated confidence or provenance for suggestions

Quality of the requirements matters: domain-specific CQ wording quality
and ontology documentation strongly affect outcomes.

The Tradeoff



The assisted development of ontologies

1- Difficult for both ontology engineers and LLMs--even though for different reasons

2- LLMs still need a human-in-the-loop for accurate results

Test and revise

Evaluate and revise



GitHub repository

Read the paper

Lippolis, Anna Sofia, Mohammad Javad Saeedizade, Robin Keskisärkkä,
Aldo Gangemi, Eva Blomqvist, and Andrea Giovanni Nuzzolese. "Large
Language Models Assisting Ontology Evaluation." In International Semantic
Web Conference, pp. 502-520. Cham: Springer Nature Switzerland, 2025.



How LLMs can automate knowledge
engineering

How knowledge engineering can
improve LLMs



The case of metaphor
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What is a metaphor?

The crime epidemic is affecting our cities
target domain

source domain
DISEASE
type
source
agent
patient
doctor

weapon
law enforcement
victim
agent
place
CRIME



Wijesiriwardene, Thilini, et al. "ANALOGICAL--A Novel Benchmark for Long Text Analogy
Evaluation in Large Language Models." arXiv preprint arXiv:2305.05050 (2023).



Logic Augmented Generation

Gangemi, A., &
Nuzzolese, A. G. (2025).
Logic augmented
generation. Journal of
Web Semantics, 85,
100859.



Logic Augmented Generation

Multimodal
LAG treats the LLM as a reactive KG
generator
Enriches with implicit knowledge to an
extended KG under logical constraints





We need data on domains ⟶ science

We need explainable methods

We need to look back at theories

The most common line of inquiry



A new dataset



LAG applied to metaphor: results



LAG applied to metaphor: ablation



LAG applied to metaphor

Achieves large gains on metaphor detection/understanding,
even surpassing human gold on visual metaphors

Scientific metaphors remain hard, revealing the need for
domain-specific treatment

Error analysis: LLMs show surface association strength but
weak relational reasoning; our method improves
interpretability and justification of metaphor predictions



Going back to our initial questions...

LLMs and knowledge engineering form a loop: LLMs can accelerate ontology
generation and evaluation, while explicit ontologies and knowledge graphs
make LLM behaviour more reliable and interpretable.

Assisted, not (yet) automated: LLMs already match or approach human
performance on many ontology tasks and reduce perceived difficulty, but still
need human oversight to avoid subtle logical and modelling errors. 

Towards neurosymbolic AI: Logic-Augmented Generation shows that injecting
formal knowledge improves multimodal metaphor understanding and
explanation, pointing toward practical neurosymbolic pipelines

Reproducibility: work in progress



Reflections

We need to study heterogeneous domains
What other KE tasks should be automated?
Where should we draw the line in automation (so as to not
encourage over-trust)?
The idea of a plugin for KE?
What kinds of knowledge (commonsense, spatial, causal,
scientific, etc.) are most urgent to encode explicitly for LLM-
based systems?
What new benchmarks and datasets are needed to evaluate
relational reasoning and domain-specific metaphor
understanding more rigorously?
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