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Instead of its initial focus on agents ǘƘŜ ά{ŜƳŀƴǘƛŎ ²ŜōέΧ

Χ Ƙŀǎ ǘƘŜƴ Ƴƻǎǘƭȅ ōŜŎƻƳŜ ǘƘŜ ōŀǎƛǎ ŦƻǊ ǘƘŜ Ϧ²Ŝō ƻŦ 5ŀǘŀϦΧ

Χ ŀƴŘ ƛǘǎ ƳƻǊŜ ǊŜŎŜƴǘ ŦƻŎǳǎ ƻƴ hǇŜƴ YƴƻǿƭŜŘƎŜ DǊŀǇƘǎΧ

"If HTML and the Web made all the online documents look like one huge book, RDF,

schema and inference languages will make all the data in the world look like one huge

database" 

     Tim Berners-Lee, Weaving the Web, 1999

" huge knowledge bases, also known as knowledge graphs, have been automatically 

constructed from web data, and have become a key asset for search engines and other use 

cases.

Gerhard Weikum, Knowledge Graphs 2021: A Data Odyssey, VDLB 2021

άώΧϐ ¢ƘŜ agent promptly
retrieved information about Mom's prescribed treatment from the doctor's agent, 
looked up several lists of providers,
and checked for the ones in-plan for Mom's insurance within a 20-mile radius of her 
ƘƻƳŜ ŀƴŘ ǿƛǘƘ ŀ ǊŀǘƛƴƎ ƻŦ ŜȄŎŜƭƭŜƴǘ ƻǊ ǾŜǊȅ ƎƻƻŘ ƻƴ ǘǊǳǎǘŜŘ ǊŀǘƛƴƎ ǎŜǊǾƛŎŜǎώΧϐέ

Å Appointment detection in emails
Å Semantic Search
Å Ratings of products/services 



Semantic Web: Standard formats,
Reasoning & Logics
Å(2000s - ca. 2009)

Semantic Web Activity

Olivier Boissier, Marco Colombetti, Michael Luck, John-Jules Meyer, and Axel Polleres. Norms, 
organizations, and semantics. The Knowledge Engineering Review, 28(1):107--116, March 2013.
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Description Logics or 
Rules?

²ƻǊƪ ƻƴ ά¦ƴƛŦƛŜŘ 
[ƻƎƛŎǎέ

(Contextualized 
Reasoning?)Good news! Boost in KR/AI research:

 We know very well which ontological reasoning 
approaches are decidable and how they scale 

Ą OWL, OBDA, but also: constraint checking (SHACL)



Linked Data Principles

Å LDP1: use URIs as names for things

Å LDP2: use HTTP URIs so those names can be dereferenced

Å LDP3: return useful ς RDF? ς information upon dereferencing those URIs

Å LDP4: include links using externally dereferenceable URIs.

https://www.w3.org/DesignIssues/LinkedData.html (originally published 2006-07-27) 
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Focus on Data: Linked Data

Å(ca. 2006/7 ς ca. 2013)
ÅMain question: How can I publish άYƴƻǿƭŜŘƎŜ ƻƴ ǘƘŜ ²Ŝōέ Χ

https://www.cs.rpi.edu/~hendler/LittleSemanticsWeb.html 

ά! [ƛǘǘƭŜ {ŜƳŀƴǘƛŎǎ DƻŜǎ ŀ [ƻƴƎ ²ŀȅέ όWƛƳ Hendler)

https://www.w3.org/DesignIssues/LinkedData.html
https://www.cs.rpi.edu/~hendler/LittleSemanticsWeb.html


From Semantic Web to Linked (Open) Data
Å(ca. 2006/7 ς 2012)
ÅMain question: How can I publish άYƴƻǿƭŜŘƎŜ ƻƴ ǘƘŜ ²Ŝōέ Χ
ÅLinked Open DataΧ growth slowed down a bit

ÅA lot of active developments to publish and link RDF Data

Åŀƭǎƻ ƛƴ 9ƴǘŜǊǇǊƛǎŜǎ όά9ƴǘŜǊǇǊƛǎŜ [ƛƴƪŜŘ 5ŀǘŀέύ

http://lod -cloud.net/ 

Axel Polleres, MaulikR. Kamdar, JavierD. Fernández, Tania Tudorache, and MarkA. Musen. A more decentralized vision for 
linked data. In Decentralizing the Semantic Web (Workshop of ISWC2018).

http://lod-cloud.net/
http://lod-cloud.net/
http://lod-cloud.net/
http://epub.wu.ac.at/6371/
http://epub.wu.ac.at/6371/


2013: Google adopts Semantic Web ideas under a new name

ÅJamie Taylor, Google, Inc., Keynote ISWC2017

From Linked Open Data to Knowledge Graphs:

Music Albums & Music Groups

Planets& Spacecraft

Roller Coasters& Skyscrapers

Sports Teams [...]

Actors, Directors, Movies

Art Works & Museums

Cities & Countries

Islands, Lakes, Lighthouses

https://iswc2017.semanticweb.org/program/keynotes/keynote-taylor/


Success stories of mainly monolithic (but huge) Knowledge Graphs rather than a network of Linked small KGs:

https://www.dbpedia.org 2021

https://www.slideshare.net/Frank.van.Harmelen/adoption-of-knowledge-graphs-late-2019  

From Linked Open Data to Knowledge Graphs:
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https://www.dbpedia.org/
https://www.slideshare.net/Frank.van.Harmelen/adoption-of-knowledge-graphs-late-2019
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https://www.slideshare.net/Frank.van.Harmelen/adoption-of-knowledge-graphs-late-2019
https://www.slideshare.net/Frank.van.Harmelen/adoption-of-knowledge-graphs-late-2019


Collaborative, Open Knowledge Graphs:



Collaborative, Open Knowledge Graphs:



ÅJamie Taylor, Google, Inc., Keynote ISWC2017

From Linked Open Data to Knowledge Graphs:
²ƘŀǘΩǎ ǘƘŜ ǎǘŀǘŜ ƻŦ ŀŦŦŀƛǊǎΚ

Music Albums & Music Groups

Planets& Spacecraft

Roller Coasters& Skyscrapers

Sports Teams [...]

Actors, Directors, Movies

Art Works & Museums

Cities & Countries

Islands, Lakes, Lighthouses

Answer whether (something like 
RDF and/or triple stores are used 

under the hood answered 
ǾŀƎǳŜƭȅΧ

Large-scale, still data-focused(rather than schema-focused)

Oftenmonolithic, rather than linked/decentralised

Knowledge extractionrather than Knowledge engineering

Collaborative large-scaleKGs:

Collectivelycreated(automatedor curated)

Notoriouslyincomplete

(Logical) consistencynot a must

Enterprise KGs: knowledgenecessaryto power applications

Ontologicalexpressivitynot centralςBUT: Expresssing context is!
For instance:

Å Provenance
Å Temporal context
Å Confidence

https://iswc2017.semanticweb.org/program/keynotes/keynote-taylor/


ÅDBPedia (since 2007)   vs.   Wikidata (since 2012)

LeǘΩǎ ƘŀǾŜ ŀ ƭƻƻƪ ŀǘ ǇǊŀŎǘƛŎŀƭ ŜȄŀƳǇƭŜǎ ƻŦ ǎǳŎƘ 
collaboratively curated Knowledge Graphs:

ÅRDF
ÅSPARQL endpoint
ÅStandard ontology language (OWL)
ÅConsistent
ÅContext



SPARQL: Using KGs to answer questions:

ÅE.g. from

ÅOneof the centraldatasetsof the LinkedOpen Data-Cloud

ÅRDF extractedfrom Wikipedia-Infoboxes

ÅYoucanusea languagecalledSPARQL endpoint(roughly: SQL for RDF) to do 
structuredqueriesoverRDF: 

Åα/ƛǘƛŜǎ ƛƴ the UK with more than 1M populationάΥ

https://en.wikipedia.org/wiki/London http://dbpedia.org/resource/London

Automatic 
Exctractors

PREFIX : <http:// dbpedia.org /resource/>

PREFIX dbo : <http://dbpedia.org/ontology/>

PREFIX yago : <http:// dbpedia.org /class/ yago />

SELECT DISTINCT ?city ?pop WHERE { 

   ?city a schema:City  . 

   ?city dbo:country  : United_Kingdom .

   ?city dbo:populationTotal  ?pop 

   FILTER ( ?pop > 1000000 )

} 

Structured queries (SPARQL):

https://api.triplydb.com/s/gZZskqRpQ  

Page 14

https://en.wikipedia.org/wiki/London
http://dbpedia.org/resource/London
https://api.triplydb.com/s/gZZskqRpQ


Dbpedia is not logically consistent! L  [1]

ÅE.g. 

1. Stefan Bischof, Markus Krötzsch, Axel Polleres, and Sebastian Rudolph. Schema-agnostic query rewriting in SPARQL 1.1. In 
Proceedings of the 13th International Semantic Web Conference (ISWC 2014), Lecture Notes in Computer Science (LNCS). 
Springer, October 2014. [.pdf ]

Dbpedia Ontology:

dbo:Agent owl:disjointWith dbo:Place. 

dbo:Country rdfs:subClassOf dbo:Place. 

dbo:Organisation rdfs:subClassOf dbo:Agent.

Page 15

http://www.polleres.net/publications/bisc-etal-2014iswc.pdf


²ƛƪƛŘŀǘŀ ƛǎ ŀƭǎƻ ƴƻǘ άŎƻƴǎƛǎǘŜƴǘέΣ ōǳǘ ŘƻŜǎƴΩǘ ǳǎŜ h²[

Χ ǳǎŜǊ ŘŜŦƛƴŜŘ 
Property 
Constraints
(rather than OWL)



Åά{ƛƳǇƭŜέ ǎǳǊŦŀŎŜ query:

 Which cities in the UK have more than 1M people?

Å²ƘŀǘΩǎ ǘƘƛǎΚ

SELECT DISTINCT  ?city WHERE { 

 ?city wdt:P31/wdt:P279* wd:Q515.

 ?city wdt:P1082 ?population .

 ?city wdt:P17 wd:Q38 .

 FILTER  ( ?population > 1000000) }

The same question as before in Wikidata:

PAGE 17

Note: Wikidata 
does not even use 
standard OWL

Note: Wikidata 
uses numeric IDs

https://query.wikidata.org/


https://w.wiki/BqRX 

 Which cities in the Austria have more than 1M/2M people?

So, WHEN did Vienna have 2M inhabitants?

The same question as before in Wikidata:

PAGE 18

Note: Wikidata 
also has such 
contextual 
information!!!!

https://w.wiki/BqRX


https://w.wiki/BqRj  

 Which cities in the Austria have more than 1M/2M people?

So, WHEN did Vienna have 2M inhabitants? Works!!!!

But needs an understanding of ²ƛƪƛŘŀǘŀΩǎ proprietary RDF reification model to model context!

The same question as before in Wikidata:

PAGE 19
See our recent ISWC2024 tutorial: https://ww101.ai.wu.ac.at/  

https://w.wiki/BqRj
https://ww101.ai.wu.ac.at/


Å²ƛƪƛŘŀǘŀΩǎ ƛƴǘŜǊƴŀƭ 5ŀǘŀ aƻŘŜƭ ǊŀǘƘŜǊ ƛǎ ŀ Labelled Property Graph ǘƘŀƴ ŦƛǘǘƛƴƎ ƛƴǘƻ άŦƭŀǘέ w5CΥ

²ƛƪƛŘŀǘŀΩǎ proprietary RDF reification model

See our recent ISWC2024 tutorial: https://ww101.ai.wu.ac.at/ 

https://ww101.ai.wu.ac.at/


So, for what are KGs actually good for in the 
age of LLMs and AI? 

i.e.,

Large-scale, partially incomplete, 
inconsistent, labelled property graphs

(rather than curated ontologies)



So, for what are these KGs actually good for in 
the age of LLMs and AI? 
ÅInteresting Note  - IBM Watson  - Jeopardy! (2011) 

      ά{ǳǇŜǊ-ƘǳƳŀƴέ vǳŜǎǘƛƻƴ !ƴǎǿŜǊƛƴƎ ǿŀǎ ŀŎƘƛŜǾŜŘ ōȅ YƴƻǿƭŜŘƎŜ DǊŀǇƘǎ ōŜŦƻǊŜ ǘƘŜ [[a ƘȅǇŜΗ 

https://youtu.be/P0Obm0DBvwI?t=951 

https://youtu.be/P0Obm0DBvwI?t=951


ÅYD/но YŜȅƴƻǘŜΥ ά¢ƘŜ CǳǘǳǊŜ ƻŦ YƴƻǿƭŜŘƎŜ DǊŀǇƘǎ ƛƴ ŀ ²ƻǊƭŘ ƻŦ 
LLMs τ Denny ±ǊŀƴŘŜőƛŏΣ ²ƛƪƛƳŜŘƛŀέ

     https://www.youtube.com/watch?v=ww99npDh4cg 

So, for what are these KGs actually good for in 
the age of LLMs and AI? 

https://www.youtube.com/watch?v=ww99npDh4cg


Χ ŀǘ ƭŜŀǎǘ ²ƛƪƛŘŀǘŀ ŀƭǎƻ ǎǘǊǳƎƎƭŜǎ ƻƴ ǎƻƳŜ ǉǳŜǎǘƛƻƴǎΥ  https://w.wiki/CLw9 

!ŘƳƛǘǘŜŘƭȅΣ 5Ŝƴƴȅ ŘƛŘƴΩǘ ǘŀƭƪ ŀōƻǳǘ ǘƘƛǎΧ

https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13 

For the records: comparison with GPT ;-)

Challenge: 
scaling queries 
to large-scale, 
schemaless KGs

https://w.wiki/CLw9
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
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https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13


ÅHow good or bad can KGs deal with Question answering?

ÅSvitlana Vakulenko, Javier Fernández, Axel Polleres, Maarten deRijke, and Michael Cochez. Message passing 
for complex question answering over knowledge graphs. In Proceedings of the 28th ACM International 
Conference on Information and Knowledge Management (CIKM2019, pages 1431--1440, Beijing, China, 
November 2019. ACM. 

 

Some of our own research in this area:



ÅHow good or bad can KG swith Question can answering?

ÅSvitlana Vakulenko, Javier Fernández, Axel Polleres, Maarten deRijke, and Michael Cochez. Message passing 
for complex question answering over knowledge graphs. In Proceedings of the 28th ACM International 
Conference on Information and Knowledge Management (CIKM2019, pages 1431--1440, Beijing, China, 
November 2019. ACM. 

 

Some of our own research in this area:
Idea: use unsupervised message 
passing to propagate confidence 
scores obtained by parsing an 
input question and matching 
terms in the knowledge graph to 
a set of possible answers.



ÅHow good or bad can KG swith Question can answering?

ÅSvitlana Vakulenko, Javier Fernández, Axel Polleres, Maarten deRijke, and Michael Cochez. Message passing 
for complex question answering over knowledge graphs. In Proceedings of the 28th ACM International 
Conference on Information and Knowledge Management (CIKM2019, pages 1431--1440, Beijing, China, 
November 2019. ACM. 

ÅHow good or bad are LLMs with Question answering and what do they struggle with?

ÅGerhardGeorg Klager and Axel Polleres. Is GPT fit for KGQA? -- preliminary results. In Proceedings of the 
International Workshop on Knowledge Graph Generation from Text (Text2KG2023), co-located with Extended 
Semantic Web Conference 2023 (ESWC 2023), May 2023.

ÅLessons learnt:
ÅOne of LLMS main problem: recency 
ÅCan we use LLMS to generate SPARQL queries?

Å aŀƛƴ ǇǊƻōƭŜƳΥ άǘǊŀƛƴƛƴƎέ όidentifiers ƛƴ ǘƘŜ ŘŀǘŀōŀǎŜύ ƛǎ ƘŀǊŘΧ

Some of our own research in this area:



Å(Graph)RAG ς Retrieval augmented generation leveraging Knowledge Graphs 

     όŀ ǎƛƎƴƛŦƛŎŀƴǘ ǎƘŀǊŜ ŀǘ ǘƘƛǎ ȅŜŀǊΩǎ L{²/ύ

ÅKnowledge Graph Embeddings ς similar to word embeddings use vector space embeddings to predict missing 
information in KGs

ÅNeurosymbolic Systems that involve KGs

ĄTrend is to combine:
Search Engines (SE)
Querying KGs   (KG)

LLMs                   (LM)

{ƻΧ ²ƘŀǘΩǎ ƎƻƻŘ ŦƻǊ ǿƘŀǘΚ AƴŘ ²ƘŀǘΩǎ ƴŜȄǘΚ

Other main trends in our community:



²ƘŀǘΩǎ ƎƻƻŘ ŦƻǊ ǿƘŀǘΚ  
LLMs, Search Engines, KGs
Forthcoming work by :
Aidan Hogan, Xin Luna Dong, 
Denny ±ǊŀƴŘŜőƛŏ, Gerhard Weikum

https://aidanhogan.com/talks/2024-09-04-wuwien-invited-talk.pdf
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²ƘŀǘΩǎ ƎƻƻŘ ŦƻǊ ǿƘŀǘΚ  
LLMs, Search Engines, KGs

https://aidanhogan.com/talks/2024-09-04-wuwien-invited-talk.pdf
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²ƘŀǘΩǎ ƳƛǎǎƛƴƎΚ

ά!ƎŜƴǘǎΗ The Semantic Web vision is predicated on the idea that 
we can converse with our agents and give them tasks to 
perform.   Using LLMs, sufficiently flexible and open-ended 
conversational user interfaces are finally possible. Through 
curated and audited knowledge graphs, we get trusted sources
of information for the agents to consume (and avoid LLM 
hallucinations)έ

Ora Lassila (Keynote ISWC2024) 
https://www.lassila.org/publications/2024/
lassila-iswc2024-keynote.pdf 

https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf
https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf
https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf
https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf
https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf
https://www.lassila.org/publications/2024/lassila-iswc2024-keynote.pdf


Å!ǳǎǘǊƛŀƴ bŀǘƛƻƴŀƭ ά/ƭǳǎǘŜǊ ƻŦ 9ȄŜƭƭŜƴŎŜέ .L[!L όŦǳƴŘŜŘ ōȅ C²CύΥ

ÅVison of Broad AI

ÅRole of (Knowledge) Graph-Based AI in BILAI

ÅOngoing Research in our Institute/Department

²ƘŀǘΩǎ ƴŜȄǘ όŦǊƻƳ ƻǳǊ ǎƛŘŜύΚ



BilAIConsortium(~30M EUR, 5Y)

5.12.2024 Consortium
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ÅInstitute für Machine 

Learning

ÅELLIS Unit Linz

ÅLIT AI Lab

ÅInstitute for Symbolic 

Artificial Intelligrnce

Martina Seidl
Symbolic AI

SAT Solving 

Formal methods

Sepp Hochreiter
Machine Learning 

LSTM 

Vanishing gradient

ÅInstitute for Artificial 

Iltelligence and 

Cybersecurity

Gerhard Friedrich
Symbolic AI

Model-based reasoning

ÅMachine Learning and 

Computer Vision group

ÅELLIS Unit ISTA

Christoph Lambert
Machine Learning

Trustworthy Learning

ÅInstitute for Data Process and 

Knowledge Management

Axel Polleres
Knowledge Graphs

ÅInstitute of Theoretical 

Computer Science

Robert Legenstein
Machine Learning

Computational Neuroscience

ÅInstitute for Logic and Computation

Agata Ciabattoni
Logic Reasoning

Thomas Eiter
Symbolic AI

Knowledge representation

https://www.bilateral-ai.net/ 

BILAI Slides: thanks to Günther Klambauer (JKU)

This research is funded in whole or in part by the 
Austrian Science Fund (FWF) [10.55776/COE12].

https://www.bilateral-ai.net/
https://www.bilateral-ai.net/
https://www.bilateral-ai.net/


General Architecture

5.12.2024 BiLAI Retreat

34
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BILAI Slides: thanks to Günther Klambauer (JKU)



35 ±ƛǎƛƻƴΥ .ǳƛƭŘƛƴƎ ŀ α.ǊƻŀŘά !L

BiLAI Retreat
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Broad AI
Broad cognitive abilities

General AI
Human level abilitiesHuman cognitive abilities

Narrow AI
Task specific skills

Knowledge 

& 

Interaction

Adaptability

&

Robustness

Abstraction

& 

Reasoning
Efficiency

Image

generation
Language 

processing

Game

playing

Structure

prediction

DALL·E 2 ChatGPT AlphaGO AlphaFold

Chollet, F. (2019). On the 
measure of intelligence. 
arXiv preprint 
arXiv:1911.01547.

Hochreiter, S. (2022). 
Toward a broad AI. 
Communications of the 
ACM, 65(4), 56-57.

BILAI Slides: thanks to Günther Klambauer (JKU)



Large language models and 
the essential properties of broad AI

Auto-Regressive LLMs can't plan

(and can't reallyreason). τYann LeCun(September 2023)

ǒ Challenge1 (Knowledge): LLMs hallucinate. 
ƺ difficult to removeor deleteparticularknowledgeor suppressparticularexamplesfrom the trainingset
ƺ knowledgethat isgatheredor collectedafter training, isdifficult to integrateinto LLMs (recency)
ƺ questionsthat cannotbe factuallyansweredasthe correspondinginformationismissingin the training

data, LLMs hallucinate

Ҧ tight integrationof LLMs with symbolic[models(KGs) &]solversώΧϐ couldbe employedto leverage
incrementalreasoningcapabilities(RM1-4)
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Large language models and 
the essential properties of broad AI

Auto-Regressive LLMs can't plan

(and can't reallyreason). τYann LeCun(September 2023)

ǒ Challenge2 (adaptability and robustness): currentLLMs lack adaptabilityand robustness. 
ƺ low adversarialrobustness
ƴ simple adversarialattackscanleadto criticalthreats, such asthe extractionof trainingdata

ƺ underscoresthe pressingneedfor advancementsin AI that canenhancethe adaptabilityand 
robustnessof LLMs

Ҧ ensurereliabilityand safetyof LLMs in diverse contextswith approaches[leveragingcontext
and againtight integration of Symbolicand Sub-symbolicinference] (e.g., byverification) 
(RM2+3)
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Large language models and 
the essential properties of broad AI

Auto-Regressive LLMs can't plan

(and can't reallyreason). τYann LeCun(September 2023)

ǒ Challenge3 (abstraction& reasoning): 
ƺ LLMs areweakat reasoningand causality. 
ƺ if successfulin causalinference, there isusuallysufficientlyclosetrainingdata. 
ƺ Usualcase: LLMs fail and, thus, they couldbeconsideredasweakάcausalparrotsέΦ
ƺ LLMs arefar from reasoningreliablyaboutcausality

Ҧ wŜǎŜŀǊŎƘ aƻŘǳƭŜ ƻƴ Causality(RM5)suggestshow to approachsuch issues.
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Research Questions & Starting points:

ǒ Time and other Contextual information: Temporal Evolution of Graphs (and their quality) vs. 
Evolution of Embeddings ς Constraints & Repairs (TGDK)

ǒ Knowledge at scale - Modularization and Decentralization of Knowledge federated graph 
querying techniques and partitioning techniques vs. federated models/learning

ǒ Integrating vector representation vs graph representation ... what's good for what? 

a. graph pattern matching and isomorphism Ҧ ƻōǾƛƻǳǎƭȅ ƎǊŜŀǘ ŦƻǊ ǎȅƳōƻƭƛŎ ǇǊƻŎŜǎǎƛƴƎΣ 
modularization, etc.

b. vector representation, embeddings Ҧ ƻōǾƛƻǳǎƭȅ ƎǊŜŀǘ ŦƻǊ ƳƻŘŜƭƛƴƎ ǎƛƳƛƭŀǊƛǘȅΣ ǎŜƳŀƴǘƛŎ 
closeness, link prediction, but also dissimilarity/inconsistency/outliers 

c. Different graph representations: RDF vs. Property Graphs

d. How could we integrate these representations and their processing?



Research Questions & Starting points in my group
Time and other Contextual information

ǒ Our Starting Points:

ǒ In order to learn over time, we nee to build Corpora (Crawling) of Evolving KGs
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Research Questions & Starting points in my group
Automatically Repairing KGs

ǒ Starting Points:

ǒ CƻǊƳŀƭƛȊƛƴƎ ǘƘŜ ǇǊƻǇǊƛŜǘŀǊȅ LƴǘŜƎǊƛǘȅ /ƻƴǎǘǊŀƛƴǘ ά[ŀƴƎǳŀƎŜέ ƻŦ Wikidata & Observing 
violations over time

ǒ Wikidata does not rely on OWL or SHACL, but uses a community-defined way to define 
constraints:

ǒ We formulated all these constraints in SPARQL, to extract all violations

ǒ We now investigate which constraints have been repaired how to learn patterns!
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Research Questions & Starting points in my group
Querying large-scale KGs

ǒ Starting Points:

ǒ Speeding up decentralized SPARQL Querying by Graph partition-shipping to 
avoid query time-outs

ǒ Lƴ !ƳǊΩǎ ǘƘŜǎƛǎ ǿŜ ŘŜƳƻƴǎǘǊŀǘŜŘ ǘƘŀǘ ōȅ ŎƭŜǾŜǊ graph partitioning and splitting processing 
between clients and SPARQL endpoints the performance, the problems of central query 
endpoints can be significantly alleviated

42

Future work in BILAI:
How can we similarly split work in a 

decentralized manner  for other 
KG/AI tasks?

e.g. can we similarly modularize 
Knowledge Graph embeddings? 



Starting points for collaboration:

Notably, in BILAI, colleagues from TU Vienna (Sallinger, Pavlovic) work 
on graph Embeddings that can partially capture rules and constraints:

ǒ Similar to word embeddings and LLMs, Knowledge Graph Embeddings allow to 

ǒ predict missing edges in incomplete  KGs

ǒ predict inconsistencies

ǒ Χ LΦŜΦ ǇǊŜŘƛŎǘ ǇƻǎǎƛōƭŜ ǊŜǇŀƛǊǎΚ

ǒ Open Problems:

ǒ {ŎŀƭƛƴƎ YD 9ƳōŜŘŘƛƴƎǎ ǘƻ Ŧǳƭƭ YDǎ Χ

ǒ Χ ōǳǘ όмύ ƳƻŘǳƭŀǊƛȊŀǘƛƻƴ ƳƛƎƘǘ ƘŜƭǇ ƘŜǊŜΣ ǊŜƭŀǘƛƻƴ ǘƻ ǘƘŜ 

ǒ (2) corresponding trend to LLMs-ōŀǎŜŘ άƳǳƭǘƛ-ŀƎŜƴǘ ŦǊŀƳŜǿƻǊƪǎέ 

Slide: Emanuel Sallinger
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AI for Data Ecosystems/
Data Ecosystems for AI

AI for Engineering

Digital Humanism and AI

Neurosymbolic AI Systems

AI in our Department ςat a glance

AI areas of interest:

Data Management Group

(Axel Polleres, Elmar Kiesling, 
Amin Anjomshoaa )

Semantic Systems Group

(Marta Sabou )

Inst . for Complex Networks

(Sabrina Kirrane )

=> AI based policy representation and reasoning (e.g., regulatory obligations )

=> AI Transparency and trust



A. Breit, L. Waltersdorfer, F.J. Ekaputra, M. Sabou, A. Ekelhart, A. Iana, H. Paulheim, J. Portisch, A. Revenko, A. ten Teije, 

and F. van Harmelen. 2023. Combining Machine Learning and Semantic Web: A Systematic Mapping Study. ACM 

Computing Survey. March 2023.

= Semantic Web and Machine Learning systems
(a type of neural -symbolic systems)

Neurosymbolic AI Systems
Prof. Marta Sabou


