UNIVERSITY OF AMSTERDAM
X

UvA-DARE (Digital Academic Repository)

Knowledge Engineering with Language Models and Neural Methods

Simperl, Elena; Groth, Paul; Staab, Steffen; Sabou, Marta; Blomqvist, Eva; Allen, Bradley

DOI
10.4230/DagRep.12.9.60

Publication date
2023

Document Version
Final published version

Published in
Dagstuhl Reports

License
CcCBY

Link to publication

Citation for published version (APA):

Simperl, E., Groth, P., Staab, S., Sabou, M., Blomqyvist, E., & Allen, B. (2023). Knowledge
Engineering with Language Models and Neural Methods. Dagstuhl Reports, 12(9), 93-96.
https://doi.org/10.4230/DagRep.12.9.60

General rights

It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations

If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, P.O. Box 19185, 1000 GD Amsterdam, The Netherlands.
You will be contacted as soon as possible.

UVA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

Download date:18 Jul 2026


https://doi.org/10.4230/DagRep.12.9.60
https://handle.uba.uva.nl/personal/pure/en/publications/knowledge-engineering-with-language-models-and-neural-methods(ba8e991d-e893-46f9-877a-b44715e863fd).html
https://doi.org/10.4230/DagRep.12.9.60

5.2 Knowledge Engineering with Language Models and Neural Methods

Elena Simperl (King’s College London, GB, elena.simperl@kcl.ac.uk)

Paul Groth (University of Amsterdam, NL, p.t.groth@uva.nl)

Steffen Staab (Universitit Stuttgart, DE, steffen.staab@ipvs.uni-stuttgart.de)

Marta Sabou (Vienna University of Economics and Business, AT, marta.sabou@uu.ac.at)
Eva Blomguist (Linképing University, SE)

Bradley Allen (Merit International, Inc. — Millbrae, US, bradley.p.allen@gmail.com)

License ) Creative Commons BY 4.0 International license
© Elena Simperl, Paul Groth, Stefan Staab, Marta Sabou, Eva Blomqvist, Bradley Allen

5.2.1 Discussed Problems

Knowledge engineering remains expensive. The emergence of new powerful automation tools
(e.g. large language models) opens new avenues for exploration to bring down the cost of
knowledge engineering. While there is much work using machine learning for knowledge
engineering (e.g. ontology learning, curation), we know much less about the overall picture
of the incorporation of these new machine learning (ML) techniques.

5.2.2 Open Research Questions

How does state of the art machine learning, including large language models augment
knowledge engineering processes and projects?
What is the existing user / developer experience of machine learning tools?
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What are the roles of people and machines in current knowledge engineering process?
How do you evaluate the added value of automation to knowledge engineering processes?
How do you control the outputs of ML-based systems are what you need for knowledge
engineering?

What is the interplay knowledge graph engineering (with or without AI) and system
engineering?

5.2.3 Possible Approaches

Classic knowledge engineering approaches (e.g. NEON [1]) tend to distinguish between
management, support, development activities while knowledge graph engineering approaches
are still in their infancy and tend to focus largely on development activities (e.g. relation
extraction, learning class representations, refinement). Therefore, the potential for automation
is much bigger when considering the management and support activities, for instance, re-
purposing existing knowledge graphs in new contexts, search, automatic generation of
documentation (e.g. labels in multiple languages, entity and relation descriptions), or process
optimization. These are just some examples, hence, what is needed is a systematic study of
current practices, roles, and tools that support them. This can be achieved in several points:
analyze emerging knowledge engineering processes to assess their automation potential
building on [2, 3, 4] (e.g. through literature reviews or empirical analysis of existing
code);
run task-based studies in which the tasks would be to build knowledge graphs following
established knowledge engineering methodologies using existing out-of-the-box automation
tools (e.g. HuggingFace);
case study analysis of existing knowledge engineering projects that include an Al element.

Within this analysis, a key emerging technology, is prompt engineering [5], whose outputs,
based on large language models, could inform knowledge engineering activities in several
ways. Here, a mapping to between the state-of-the-art in prompt engineering and knowledge
engineering would be beneficial. In particular, there is a question as to how these technologies
can be suitably controlled for knowledge engineering processes.

Evaluating and understanding the impact of technology is an established field with its
own methodologies and approaches. In particular, there has been considerable work by
researchers, practitioners and regulators around the use of machine learning in a range of
applications, which resulted in frameworks for responsible/trustworthy Al [6, 7]. Studies
with technical users of Al seem to suggest data scientists and other technical roles tend to
over-trust the outcomes of machine learning systems and do not always fully grasp how they
work, or, where applicable, their explanations [8]. End-users of downstream applications need
means to provide feedback and adjust the outputs of the application, which often involves
improving the underlying data — often, knowledge graph embeddings are a source of such
data, hence it is important when evaluating the added value of automation in building a
graph to consider questions of end-user agency and control from the start. Here, extending
approaches [9] that look at machine teaching? to examples from knowledge graphs appears
promising.

Any way to understand to knowledge engineering with AT systems should be based on
the existing extensive work with designing and planning for Al systems. This includes a
series of practices including, following human-centered design, identifying multiply evaluation
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metrics, extensive testing and continued monitoring while in deployment.'® This also includes
reflecting on fairness and interpretability, which come with their own set of best practices
and techniques.

Furthermore, often knowledge graph engineering is described as one-off activity, where
the project is finished when a knowledge graph is complete. In practice, this is not the case
as seen by the examples discussed at the seminar. Therefore, there is to study the ongoing
maintenance of knowledge graphs the roles and automation involved. This should be done
with a grounding in the current thinking around data-centric AT and MLOps|[10].

5.2.4 Next Steps

Perform the user studies, case studies and reviews mentioned above;
Organizie a workshop bringing together prompt engineering and knowledge engineering
experts.
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