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Instead of its initial focus @agentsil KS o { SY I y U

G w X Bagehtforsmptly
o retrieved information about Mom's prescribed treatment from the doctor's agent,
o By O he dotry o s hen e phone | loOked up several lists of providers,

Lt Ly s 0 B i o ’ : and checked for the ones-itan for Mom's insurance within a 2dile radius of her
K2YS I'yYyR 6A0K | NIYXdGAy3a 2F SEOSttSyid 2

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

X KlFa O0KSY Y22aafteée 0S02YS (KS
"If HTML and the Web made all the online documents look like oneldlaaie RDF,

schema and inference languages will make all the data in the world loakkekbuge
databasé

1 the contexy of the v:v
ough, '

Tredo
ask

Tim BernersLee, Weaving the Web, 1999
X YR A& Y2NB NBOSyil F20da 2
" huge knowledge bases, also knowkiaswledge graphshave been automatically

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

GerhardWeikum Knowledge Graphs 2021: A Data Odyssey, VDLB 2021 =




Semantic Web: Standard formats,

Reasoning & Logics
A(2000s- ca. 2009)

User Interface & Applications
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Description Logics or ORI
Rules? 2009°

fhttp://www.w3.org/2004/Talks/0319-RDF-WGs/sw_stack .Y
bhttp:ffwww.wB.orq!ZUUTITaLksfULBU—sb—NBCTechSemwebfLayerCake—d.pnq
Chttp://www.w3c.it/talks/2009/athena/images/layerCake.png

Good news! Boost in KR/AI research:
We know very well which ontological reasoning
approaches are decidable and how they scale
A OWL, OBDA, but also: constraint checking (SHAC

(Contextualized
Reasoning?)

5

L ettj Michael Luck, JoRlules Meyer, and Axel Polleres. Norms
she Knowledge Engineering Revi@&(1):107-116, March 2013.



Focus oData:Linked Data

A(ca. 2006/7c ca. 2013)
AMain question: How candublisha Yy 2 6f SR3IS 2y _

Linked Data Principles

A LDP1use URIs as names for things

A LDP2use HTTP URIs so those names can be dereferenced

A LDP3return usefulg RDFZ, information upon dereferencing those URIs

A LDP4include links using externalljereferenceabléJRIs.

a ! [ AGGE S { SYI yij)\fbiéndla)zéé |
https://www.cs.rpi.edu/~hendler/LittleSemanticsWeb.html

[ 2y 3



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

From Semantic Web to Linked (Open) D

A(ca. 2006/7¢ 2012)
AMain question: How candublisha Yy 2 ¢6f SR3IS 2y (UKS 2 S0¢
A LinkedOpenDataX growth slowed down a bit

A A lot of active developments to publish and link RDF Data
Artaz Ay 9YOGSNIINAASE 6a9Y 0SSNl

e
S—Cn g Unks
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2017-08-22 1163
2017-02-20 1139 Growth of Linked Datain "numbers of Datasets":
2017-01-26 1146 1400
2014-08-30 570
2011-09-19 295 1200
2010-09-22 203 1000
2009-07-14 95 800
2009-03-27 93 600
2009-03-05 89 http://lod -cloud.net/
2008-09-18 45 400
2008-03-31 34 200
2008-02-28 32 o
;ﬁ:j 1:;: ;: ‘3'6\, %6\1 %’6\ ")'6\ <-)‘6\I ‘-;'QN ")'QN ‘-)'6\ “50.» ‘-;'6» ")'6\,
) W @ o & N 2 oY W P A Axel PolleresMaulik R.Kamdar JavieD. Fernandez, Tanfaidorache and MarkA. Musen A more decentralized vision for
2007-10-08 25 & & A& 8 & - I g & S 3

2007-05-01 12 g A A linked data InDecentralizing 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/

From Linked Open Data to Knowledge Gra@

2013 Google adopts Semantic Web ideas under a new name
A Jamie Taylor, Google, Inc., Keynigg/C2017

ﬁesﬁnation suggestions

W

The Power of Knowledge Graph: Interlocking data Knowledge Graph
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Actors Directors Movies
Art Works & Museums
Cities & Countries
Islands ] akesLighthouses

Music Albums & Music Groups
Planets& Spacecratft
RollerCoasters Skyscrapers
Sports Teams
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https://iswc2017.semanticweb.org/program/keynotes/keynote-taylor/

Entities

From Linked Open Data to Knowledge Graphs:

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

https://www.slideshare.net/Frank.van.Harmelen/adoptiarf-knowledgegraphslate-2019
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https://www.dbpedia.org/
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Collaborative, Open Knowledge Graphs:
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DBpedia generates a graph from links and facts in Wikipedia's Infoboxes:
http://wikipedia.org/wiki/Zaha Hadid
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o

http://dbpedia.org/resource/Zaha Hadid

Born

Died

Zaha Mohammad Hadid
31 October 1950
Baghdad, Kingdom of Irag
31 March 2016 (aged 65)
Miami, Florida, U.S.

Nationality Irag, United Kingdom

Alma mater American University of Beirut

Architectural Association School
of Architecture

Occupation Architect

Parent(s)

Practice

Mohammed Hadid
Wajeeha Saboniji

Zaha Hadid Architects

Buildings Vitra Fire Station, MAXXI, Bridge

Website

Pavilion, Contemporary Arts
Center, Heydar Aliyev Center,
Riverside Museum

www.zaha-hadid.com &

<<

—subClassOf

2016-03-31

deathDate

birthDate

1950-10-31




Collaborative, Open

Argentine association football player
WIKIDATA

image

qep

occupation

qaep

association football player

» 2 references

[#lZ:V5EVer ID (archived) 220397

o0

» 1 reference

e . [AY .
country of citizenship & Argentina

start time 1987

~ 0 references

o[ 13

Spain

start time 2005

Knowledge Graphs:

Revision history of "Lionel Messi" (Q615)

View logs for this item (view abuse log)
v Filter revisions

Diff selection: Mark the radio buttons of the revisions to compare and hit enter or the button at the botto
Legend: (cur) = difference with latest revision, (prev) = difference with preceding revision, m = minor e«

(latest | earliest) View (newer 50 | older 50) (20 150 | 100 | 250 | 500)

Compare selected revisions

e (cur | prev) @® 08:56, 8 December 2024 %8l ATGT (talk | contribs) . . (537,664 bytes) (+92) . .

e (cur | prev) ® 20:39, 7 December 2024 Sanremofilo (talk | contribs) . . (537,572 bytes) (+363)
messi/5663) (Tag: Wikidata user interface)

e (curl prev) O 15:21, 2 December 2024 Ytterbyz (talk | contribs) . . (537,209 bytes) (+349) . . (
(Tag: Wikidata user interface)

e (cur | prev) O 23:45, 29 November 2024 Mickey Dai Phat (talk | contribs) . . (536,860 bytes) (-
Wikidata user interface, Mobile termbox)

e (cur | prev) O 19:47, 27 November 2024 KrBot (talk | contribs) . . (636,877 bytes) (-14) . . (Se
see aulofix Ha / on Property talk:P12924)



From Linked Open Data to Knowledge Graphs
2 KIFgQa OUKS aualas 27F |

Largescale stilldata-focused(rather than schemafocused
Often monolithic, rather than linked/ decentralised
Knowledgeextractionrather than Knowledgesngineering
Collaborative largscaleKGs:
Collectivelycreated(automatedor curated)
Notoriouslyincomplete
(Logicalxonsistencynot amust
Enterprise KG&knowledgenecessaryo powerapplications
Ontologicalexpressivitynot central¢ BUT:Expresssingontextis!

For Instance:

A Provenance
A Temporal context



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

le Qa KIF @S | 221 I
collaboratively curated Knowledge Graphs:

A DBPedia (since 2007) VS. Wikidata (since 2012)
Wikidata

DBpecia N

D'E'JE'OFIEI'{S} LEipzig UI'Ii'I.I'Er'Sil‘_y' Q A R DF WI KI DATA
University of Mannheim O A SPARQL endpoint
Initial release 10 January 2007 (17 years
200) @ A Standard ontology language (O\/\Q) Sersenshiol [show]
Stable release DBpedia 2016-10 /4 July 2017 | €9 A Consistent €) | Type of site Knowledge base - Wik
Repository  github.com/dbpedia/ 2 # 8 A Context O Avallable In Wulfiple languages
Written in Cenin s Java Owner Wikimedia Foundation
- Sermantic Web - Linked Data Editor Wikimedia community
URL wikidata.org/wiki
License GMNU General Public License ::;E;;;;;:::fgaglglg *’
Website dbpedia.org® # Commercial No

Registration Optional
Launched 29 October 2012; 12 years ago!'!



SPARQL: Using KGs to answer guestions:

A E.g. from Dﬁ%ia

o ——| A Oneof the centraldatasetsof the LinkedOpen DatsCloud

This avsicie is 2004t W A Ry Fox T tegion of England. see Geater Loncon. For the historic ol and
Snancial disinct it London. see City of Longon. For other usos. 560 London (dsambiguatin

S e [ A RDFextractedfrom Wikipedialnfoboxes

A Youcanusea languagecalledSPARQEndpoint(roughly. SQlfor RDF}o do
structuredqueriesover RDF:

A o/ A 0 thé8UXwith giorethan 1M populationd Y

London has bean  major settement Jor two mEennia. |t was
Scunded by the Alomans, who named & Landinum ¥
London's ancient core, the Cey o Loncon, largely retans ts
1.12-square-mie (2.9 &m?) medieval bourdaries. Since at
Soast the 10 ceraury, "Lencn’” has also refesec 1o the
matrogols a+ound this core. iskricaly spit between
Vidsosas, Essex, Surey. Kort, and Hefosdshire 51111
which today largely makes up Greater London "4
Govermec by the Miryor of Londen and the Losdon Assemby.

London is & lading gloou ey 1'% in e arm, commerce,
sducarion, ertoriainment, tashion. france. heathcare.

or sheh-aest mevopoian area GOP in the
world e 3337 Londen i a workd outtural capital VIO
18 B0 werc's most-visted Cly s meRsLed By intemation,
smvais™'| anc has the work's pest city skpon system
mesured by passenger afic. ¥ London is e worc's

i B e A g Structured queriesSPARQL

About: London

An Entity of Type  popuated piace, from Named Graph : hitp://dibpecka.crg, within Data Space : dbpedia org

| At Pramrinnt L s Anciond et smnsh v s s b e e S hitps://api.triplydb.com/s/g ZZskqRpQ

https:/en.wikipedia.org/wiki/London * ! hitp: ja.oralr rce/London
pmpicqrioni-fosppubiboms it Wiy i . i e W B Lasaaaane et o i PREFIX : <http:// dbpedia.org /resource/>

sopuasicn. 4 London's utan arsa s e secced most City of London, largely retains its 1.12-square-mile (2.9 km2) medieval PREFIX dbo: <http//dbped ia.Org/OﬂtOlOgy/>

apreebeseaesghpadsiiain i e oundaries. Since at least the 19th century, *London® has aiso referred to the . . -
- - 5 Automatic ppols around this core, historically split between Middlesex, Essex, Surrey, PREFIX yago: <http:// dbpedia.org /class/ yago/>

:‘::“;"’: o Aoy - “'."."“"’f‘”' Exct t d Hertfordshire, which today largely makes up Greater London,
2 i s s 5 et ot Sowrasstsan Xctractors Pred by the Mayor of L 1d the London Assem .
e oo B e ) i SELECT DISTINCT ?city ?pop WHERE {
= ?citya  schemaCity .
?city  dbo:country : United_Kingdom
?city  dbo:populationT otal ?pop

atorDensity = 5518.0

& Londn /Weden/ is the capital and most populous oy of England and the
Stancing on the River Thames in the sou east of the sand of Graat ntas]

Paus Cathodral, Tower Sricge, Tratagar Square, and The
Shass. London 18 heme 10 rurerous musess, galecies,
Rrases, sportng everes, and oPer Culur insthutions,
inchuding the Berish Museum. Nasonsl Galery. Natural
History Mssous, Tioe Modern, Brifsh Libewy, aed West End | +
haatres %) The London Underground i the oidest

FILTER ( ?pop > 1000000 )

Pagel4


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

Dbpedia is not logically consisteit! [1]

DbpediaOntology:

(4 Faceted Browser (¥ Sparqgl Endpoint

N
AEg.  DBpedia

¥ DBpedia

About: European Union

An Entity of Type : populated place, from Named Graph : httpo//dbpedia.org, within Data Space : dbpedia.org

dbo:Agentowl:disjointWith dbo:Place

The European Union (EU) is a politico-economic union of 28 member states that
are located primarily in Europe. It has an area of 4,324,782 km2 (1,669,808 sq

4 e TL_

U R Y. SR W — L

rdttype ® owl:Thing
® dho:Place
® dho:Location
® wikidata:(J6256

@@ dbo:Countryrdfs:subClassQfbo:Place
@@ dbo:Organisatiomdfs:subClassQfbo: Agent

® dbo:PopulatedPlace

®m geo:SpatialThing

1. StefanBischof MarkusKrotzsch Axel Polleres, and Sebastian Rudolph. Sclegmnastic query rewriting in SPARQL 1.1. In
Proceedings of the 13th International Semantic Web Conference (ISWCL2Z@idde Notes in Computer Science (LNCS).

Springer, October 2014.jdf ]
Pagels


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

- Aa |t a?z 20 a02

Neymar (wd:Q142794)

2 A
F' V & FIFA player ID https://web.archive.org/web/*/https://static.fifa.com/fifa-
» -— ‘ (wdt:P1469) 'ournaments/players-coaches/people=314197/index.html
3 Y
occupation association football player
(wdt:P106) (wd:Q937857)

(a) Data graph complying to the constraint

Thiago Neves (wd:Q370014)

X dzaSNJ R

“ a A
s S e Bt T player FIFA player ID https://web.archive.org/web/*/https://static.fifa.com/fifa- P ro p e rty
(wdt:P1469) tournaments/players-coaches/people=289960/index.html| .
» 2 references C On StralntS
[HIZ2YETer ID (archived) @ 229397 1;:;(::%811:;:; Spo{::_l;lzz‘lc;%:;cife (rath er th an OWL)
» 1 reference
(b) Data graph not complying to the constraint
country of citizenship @ Argentina
tart ti ds:P1469-667F9488-5C36-4E3B-BEAA-6FD5834885ED
starttme 1987 FIFA player ID (wd:P1469) T e
~ 0 references property constraint 3 item-requires-statement constraint  (wd:Q21503247)
. property (pq:P2306) occupation (wd:P106)
& Spain

item of property constraint association football player (wd:Q937857)
start time 2005
(Pq:P2305) futsal player (wd:Q18515558)

p:P2302
» 1 reference beach soccer player (wd:Q21057452)

association football manager (wd:Q628099)




Note: Wikidata

The same guestion as before in WikidateEsEme:

standard OWL

Note: Wikidata

Ad{ AYLX Séduerd dzNF I OS uses numeric IDs

Which cities in the UK have more than 1M peog

SELECT DISTINCT “?city WHERE city (Q515)

?city  wdt:P31/wdt:P279* wd:Q515. large and permanent human
?city  wdt:P1082  ?population : settlement

?city  wdt:P17 wd:Q38 .

FILTER ( ?population > 1000000) } population (P1082)

number of people inhabiting the

instance of (P31) subclass of (P279) F?'E:Ei :umher of people of
that class of which this subjectis | oo SUyec
& particular exampla and instances of those iterns; this
member. (Subject typically an itern is & class (subset) of that E:ﬂuntlry (P1 ?:I o

A 2 K | lj Q é_ L] K : individual member with Proper tem. Not to be corfused with sovereign state of this item
Name label.) Different from P279 Property:P31 (instance of). United Kingdom {Q145)
[subclass of).

country in Europe

PAGHR7


https://query.wikidata.org/

The same guestion as before in Wikidata:

https://w.wiki/BgRX

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

SELECT DISTINCT ?City ?7Pop

{
Note: Wikidata 7City wdt:P17 wd:Q40;
also has such wdt:P31/wdt:P279% wd:Q515;

wdt:P1082 ?Pop.
contextual FILTER (?Pop > 1000000)
information!!!! # note: Vienna historically had more than 2M inhabitants!
# FILTER (?Pop > 2000000)
}

o, WHEN did Vienna have 2M inhabitants?

PAGHS8

O B nhttps:jwww.wikidata.org/wiki/Q1741

ltem Discussion

Vienna i)

capital of and state in Austria
Wien | Vienna, Austria

fals] J

population 1,973,403
point in time

determination method or
standard

» 1 reference

fal 1

2,083,630

point in time:

~ 0 references

1 October 2022
demographics

1910



https://w.wiki/BqRX

The same guestion as before in Wikidata:

https://w.wiki/BgR]
Which cities in the Austria have more than 1M/2M people?

SELECT DISTINCT ?7City ?Pop ?Timepoint
{
7City wdt:P17 wd:Q40;
wdt:P31/wdt:P279% wd:0Q515;
p:P1082 ?Stmnt.
?Stmnt ps:P1@82 ?Pop;
pq:P585 ?Timepoint.
# FILTER (?Pop > 1000000)
# note: Vienna historically had more than 2M inhabitants!
FILTER (?Pop > 2000000)

}

So, WHEN did Vienna have 2M inhabitants? Works!!!!
But needs an understanding dfA { A Rporofiriet&yiRDF reification modeb model context!

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

PAGH9


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

4

2 A 1 A Riopli¢tafyRDF reification model
A2 A1ARFGF Q& AY(SNY Labellds Priperty &gl K yNIFRKENIYHA AV (2 6

O B https://www.wikidata.org/w

country of citizenship (wdt:P27)
& Argentina

. . country of citizenship '
country of citizenship start time 1087

country of citizenship (ps:P27) z
(p:P27) d a2, Spain
i wds:Q615-469B5D33-8EA7-4CAB- > s (wd:Q29) ~ 0 references
= 8A71-75AES59EAFD85 start time
essi :P580 ® Spé
(wd:Q615) l (Pq ) > 2005-01-01 pain
start time 2005
ikibase:rank ikibase:NormalRa
wiKibase:ran ’—>kll ibase rma nki v pefarence

country of citizenship
P27
wds:Q615-62E18BBD-7824-4F 6F- it LI & Krgenting O ‘& https://www.wikidata.ong
9A86-F860EB2B2127 (wd:Q414)
start time ; capital Washington, D.C.
(pq:P580) »1987-01-01 T start ime 17 November 1800 Gregorian
end time no value

country of citizenship (wdt:P27)
~ 0 references

® Philadelphia
start time 6 December 1790 Gregorian

end time 14 May 1800 Gregorian

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

~ 0 references


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

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

l.e.,

Largescale, 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 Al?

A Interesting Note- IBM Watson- Jeopardy! (2011)

G{ dzKISMI v ¢ vdzSaldA2y ! yvAgSNAYy3I g4 I OKASOSR o6& Y

c @ @ https://www.ibm.com/watson/developercl B - 9% 2, Search ¥ INn @ =

Watson

Natural Language Curl Node Java Python

Understanding Introduction

Natural Language Understanding uses natural language

processing to analyze semantic features of any text.

$23 08 1 Introduction Provide plain text, HTML, or a public URL, and Natural
Language Understanding returns results for the features https://gateway.watsonplatform.net/natural-1

you specify. The service cleans HTML before analysis by anguage-understanding/api/vl

default, which removes most advertisements and other

Versioning unwanted content.

API Reference AP| Endpoint

API Explorer

Authentication

Important: If

Analyze 2 '
WAT%N 0 might not be your wmipon‘

POST /analyze You can create custom models with Watson Knowledge
Studio that can be used to detect custom entities and URL on t
GET /analyze

lsaac Newton [ — 4 relations in Natural Language Understanding. instance of the Natural Language Undﬂrstamdmﬂ
’ Categories

Isaac Barrow /e Concepts
Stephen Hawking Emotion

Entities

service.

- Keywords
’ ‘ Motadata API Explorer
! I Relations
To interact with this REST API, use the Natural Language
Semantic Roles .
Understanding API Explorer. Use the Explorer to test your
Sentiment calls to the APl and to view live responses from the server.

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

X | dbped AV Highlight Al Match Case  Whole Words



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

So, for what are these KGs actually good for In
the age of LLMs and Al?

ChatGPT

X, Share

Which cities in Austria have more than 2M inhabitants?

No city in Austria has more than 2 million inhabitants. Austria's capital and
largest city, Vienna (Wien), has a population of approximately 1.9 million
people as of recent estimates. It is the only city in Austria with a population
exceeding 1 million. Other cities, such as Graz, Linz, and Salzburg, have much

smaller populations, typically below 300,000.

If you're interested in any specific details about Austrian cities, feel free to ask!

Did Vienna ever have more than 2M inhabitants?

Yes, Vienna once had a population exceeding 2 million. During the early 20th
century, particularly around the year 1910, Vienna's population peaked at
approximately 2.1 million people. This was during the Austro-Hungarian Empire,

when Vienna was a major imperial capital and one of the largest cities in Europe.

After World War | and the dissolution of the Austro-Hungarian Empire in 1918,
Vienna's population began to decline. This was due to several factors, including
changes in national borders, economic challenges, and shifts in urbanization
trends. The city's population has been growing again in recent decades but has
not yet surpassed 2 million.

e b PO

€

AYD/ Ho YSeéy20GSY a¢KS CdzidzZNB

LLMst Dennyx N} YRSEAPAYSRAL
https://www.youtube.com/watch?v=ww99npDh4c

|
, |
|
Hees H=3H
.

-
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Sttt L S e
v e

Large generative model

e G tokensinput

e 60 tokens output (2 tokens)
e 96 layers

e 175 billion parameters

Knowledge graph lookup

a_ B
1= =

Find item out of 100m
Find key out of 10k
Logarithmic operations



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

| RYAGGSRt &8s 58Syyeé RAR
X G t8Frad 2A1ARFGF | Bgs/adikN®zARt S8 2y a42YS ljdSa

|II||I|I|| Wikidata Query Service = Examples @Help  ~ £+ More tools | -

1 # Which settlements had ever over 1M population?

2

3 SELECT DISTINCT 7City ?Country ?Pop (Min(?Timepoint) AS ?FirstTime)
44

5 7City wdt:P17 ?Country;

Challenge:
scaling queries

to largescale,

6 wdt:P31/wdt:P279 wd:Q486972;

7 p:P1082 7Stmnt.

8 75tmnt ps:P1@82 7Pop; SChemaIeSKGS
9 pq:P585 ?Timepoint.

10 FILTER (?Pop > 1000000)

11

12 } GROUP BY 7City ?Country ?Pop

Query timeout limit reached

For the records: comparison with GR) ;

https://chatgpt.com/share/675585¢c04cc8006a20ec70d75619e13



https://w.wiki/CLw9
https://chatgpt.com/share/675585c7-04cc-8006-a20e-c70d75619e13
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Some of our own research In this area:

A How good or bad can KGs dadih Question answerirg

Al SvitlanaVakulenkq Javier Fernandez, Axel Polleres, MaarteRigles and MichaelCochezMessage passing

for complex question answering over knowledge graphs. In Proceedings of the 28th ACM International

(I\Iionferebncezgggln;c\)cr:rpﬂatlon and Knowledge Management (CIKM2019, page< 44G6,1Beijing, China,
ovember : :




ond hop i 1st hop
) . (@) Q: Which company ! assembles its hardiop style cars in  Broadmeadows, Victoria ?
Idea._ usaunsupervised message PP £l P £}
paSSIngto propagate Confldence dbo:company 1, dbo:assembly 0.9 dbr:Hardtop 1 dbo:Automobile 1 dbr-Broadmeadows,_Victoria 0.9
. . b 08 d bly 0.9 dir:Car 1 dbr:Victoria 0.2

scores obtained by parsing an dbopaenteompany 081 | Passembly dbo:bodyStyle 0.5 rriietona
Input question and matching o

1 dixr:Hardto dbo-Automobil dbr:Broadmead — WiCtori
terms in the knowledge graph tc TR “_m e r-Broadmeadows, Victoria

| 1 %
lr11 B2 )

a set of possible answers. N

dbo:paremtCompany ,u/dE\-

dbr:Ford_Falcon_Cobra dibrFord_Motor_Company

Figure 1: (a) A sample question Q highlighting different components of the question interpretation model: references and
matched URIs with the corresponding confidence scores, along with (b) the illustration of a sample KG subgraph relevant to
this question. The URIs in bold are the correct matches corresponding to the KG subgraph.

dbr:Hardtop dbr: Bmﬂdm&ﬂdﬂm _Victoria | (b} Actwatmn sums normalized (see Alg. 1, lines 5&3)

W(al)=2%(05%1.0+09709)/(2+2) =066
I:E:I *05710+09702)/(2+2)=034
(@) =27(09709)/(2+2) = 0.41

1.00€] 1)
\_T_/

LW

dbpaﬁﬁembw {a} i'"" TTomsmmnmmmmmmmmmmmmmmees
10.9 (E} Agglegated SCOIES (see Alg.1, line 11)

“-g‘ lrf.l_.\'\,
----------------- E5 Iﬂ.E
dhnassaembly‘ iy

dbr:Canr dbr:Victoria dbor-.Car2 :
Figure 2: (a) A sample subgraph with three entities as candidate answers, (b) their scores after predicate and entity propagation,
and (c) the final aggregated score.

dbo:bodyStyle
05
: dbr-Ford_Falcon_Cobra

A(a])=(066+2+2)/(2+2+1) =093
m:m] (034 +2+2)/(2+2+1) =087

A{”:;] =04 +1+1)/(2+2+1)=048



Some of our own research In this area:

A How good or bad can KG swith Question can answering?

A Svitlanavakulenko Javier Fernandez, Axel Polleres, Maartenge and MichaelCochezMessage passing
for complex question answering over knowledge graphs. In Proceedings of the 28th ACM International
(I\Iionfer%ncezggglnkcr:nl\w/latlon and Knowledge Management (CIKM2019, page< 44G6,1Beijing, China,

ovember : :

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

Al GerhardGeorgKlagerand Axel Polleres. Is GPT fit for KGQ/Pﬂaliminary results. IfProceedings of the
International Workshop on Knowledge Graph Generation from Text (Text2ZKG2da8ated with Extended
Semantic Web Conference 2023 (ESWC ,26@3')2023.

A Lessons learnt:
A One of LLMS main problemecency

A Can we use LLMS to generate SPARQL queries?
A al Ay LINROf SidentifiersANG AGYKASY FREF G o S0 A& KIF NRX



Other main trends In our community:

A (Graph)RAQ Retrieval augmented generation leveraging Knowledge Graphs
6l AAIAYATFAOIYO AKFENB G GKA&a &SFNXQa L{z2/0

A Knowledge Graph Embeddingssimilar to word embeddings use vector space embeddings to predict missing
information in KGs

A Neurosymbolic Systemthat involve KGs

A Trend is to combine:
Search Engines (SE)
Querying KGs (KG)
LLMs (LM)

[ 2XKI (1 Qa 322K/ RF 2N 4iKQai K SE G K



2 KI G Q&

LLMs, Search Engines, K&S

Forthcoming work by :

Aidan Hogan Xin Luna Dong,

Bt Denny+ NI Y RGRHdrdWeikum
https://aidanhogan.com/talks/202499-04-wuwienrinvited-talk.pdf

SEARCH ENGINES ASSUME BOTH HUMANS AND MACHINES ARE STUPID

“ WIDELY USED AND WIDELY USEFUL

KNOWLEDGE GRAPHS ASSUME MACHINES ARE STUPID AND HUMANS SMART

e st

~ BARELY USED AND BARELY USEFUL

LARGE LANGUAGE MODELS ASSUME MACHINES ARE SMART AND HUMANS STUPID

“» WIDELY USED AND BARELY USEFUL

322 R TN

%

Dimension

N) K

%
LM

stores corpus

noisy content

stores corpus

[Jr'f'['iﬁ'i" operators

abstracts corpus

- hallucinations

domain specific

broad coverage

Coverage - broad coverage :
patchy coverage — poor long tail
quick updates deprecation slow updates
Freshness l 1 ] :
news often text structure lag cold start
5 : ontologies /rule :
Generation no generatlion = : + text generation
graph learning
. no integration data integration text integration
Synthesis o ok b
no synthesis synthesis synthesis
provenance algorithmic — black box
Transparency -
opaque ranks provenance — no provenance
i T T - unstable results
Determinism deterministic deterministic
randomness
: curatable indirect curation
Curation curatable _
opaque ranks unpredictable
2 content as-is content as-is - generative biases
Fairness B ;o "R 2
bias in ranks bias in coverage — needs safeguards
P natural language - structured natural language
Usability . ; : :
simple gueries complex queries conversational
- simple queries complex queries complex queries
Expressivity . L
ambiguity lacks nuance ambiguity
\ retrieval-based retrieval-based — inference-based
Efficiency ; : i ..
simple queries complex queries — costly training
- lang. agnostic multilinguality
Multilingual lang. dependent e ; - '
manual labels variable results
limited context limited context + in-context learn.
Context

not interactive

not personalizable

personalizable
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2 KIFaQa 3I22R 2 NJ
LMs, Search Engines, I@‘s ﬁ&

Category Subcategory Example SE KG LM SE + KG + LM

POPULAR Who directed the movie Spothight? ; . ; o V=R el
' noisy content POOr coverags noisy content t high precision
. LonG-TAn Which galazy is closest to the Sunflower Galaxry? Sl R PRI TR bl :._i.-'.‘:_.:»\' ‘l;lxl‘..f:.al~ I"::.\l‘!!;ll".‘:"
‘acts it e s Sorre,. e Y ‘
Murri-nop Which Turing Award winners were born in Latin America? \‘.‘,‘ " .:".:: PRS- ,._‘.'_._.“.::;4&- ‘ '1 il{' (1[»“' »
ANALYTICAL How many U.S. Congress Members are younger than 507 :‘ 2 l" :L" . 3 : ; ‘. P! ;: “ .. 5 f\.i ‘”I‘ f”
COMMONSENSH How do snakes move? . : - ‘ 'U :‘ : x“.....i, ' "'; . : : “"””i.: yes 1 HA5
Explanations CauUsal What caused the dancing plague of 15187 R : it . b e , ‘ i : ! "";“”:.: o l. P
EXPLORATORY Who was Williamina Fleming? . ; v R : : : s ' :I :'I ;i HHIH' -
INSTRUCTIVE How do I tie a Windsor Knot? v. ‘ : e ) ; ’ :, “ 4 o \. g .. : .:: “,:“ o) ult
erse results , , outj : verse results
Planning RECOMMENDATION Should I pack warm clothes for Iceland in June? B S : - I ‘ .. ‘ ns ~. I' thes ‘ i!".lvzlﬂyll:ln'sz:“
SPATIO-TEMPORAL What kid-friendly Italian restaurants are near Disneyland? ‘II‘ . o b ; . : '_ o . z _i, ‘ e :n"- ;Il‘.’ultlli I::'” ;
LIFESTYLE How can I improve my work/life balance? - : gfos ; " ; | “”j.:!_ , ‘ : Il: H. :;::”h\
Advice CULTURAL Should I tip bartenders in Canada? v‘ ' » ) I” H‘ 1 :i_‘lll;l"”;'\]:! silts
PHILOSOPHICAL Is the death penalty ever acceptable? PO Y. ' :‘ “ i." _. , g _‘ : 1—111 I;;’ ":HI sults

https://aidanhogan.com/tal ks/2024)904rwuwierHnvited—talk.pdf
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The Cntertainmeny system wag belting oy the Beatleg' "We Can Work It Oyg» when the phone rang. When pege answered,
his phone turned the sound down by sending g message 1o the other local devices thyy had a volume control. His sister,
ucy, was on the line from the doctor'y office: "Mom needs to see 5 Specialist ang then hag to have 4 series of physica) therapy
sessians, Biweckly Or something, oy, £oing 1o haye my agent set up the appointmenyg Pete immcdiatcly agreed (o shage the chuuﬂburing. Al the
doctor's office, Lucy Instructed her Semantie Web agent through pey handheld Web J
retrieved i fy, mation aboyg Mom's Prescribed treqmgp, fn
and checked for the ones in-plan for Mo

Ina fow minutes the agent presenged them with 5 plan. pete didn't Jike it~Univcrsily Hospital ywas all the Way across
lown from Mom's Place, and he'd be driving back in the midqe of rush hoy;. He set hjs OWn agent (o regq the search

with stricter pmfcrcnccs about location and time, Lucy's agent, haw’ng complete trysy in Pete's agent in the context of the present task,

zlulomzllicaliy assisted by supplying ACcess certificages and shoricyts to the datg j; had already sorted through,

24
s ot asels g ublieations 2024/
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lassilaiswc2024keynote.pdf

: the idea that . ;
< _ ision is predicated on - uires these:
3 SThé Semantic Web vision s p lization of autonomous agents minimally req
The realiz
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ive them tasks to
al i entsand give q
e with oag _ : nd cerde
we can conVe.rr]S LLMs, sufficiently flexible gssibelg. Through
pertorm. t'Ur?:iI %ser interfaces are finally p
conversatio

ources

e get trusted s _

ted and auditedknowledge graphswe g 3. Ability to converse with the agents
curate |

1. KR & reasoning
2. Planning

d avoid LLM
to consume (an
of mormation for the agents LLMs will give you #3, but not #1 or #2

o * (despite what you hear) ,
ic", "agentive”, ... huh’
» "agentic’, "agen
» good news: we already have #1 and #2
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Al dAGNRLFY bl GA2YyLFf &/ fdzZAGSN) 2F 9EStEtSyO0Sé¢ . L[!L
A Vison of Broad Al
A Role of (Knowledge) GrapBased Al in BILAI

A Ongoing Research in our Institute/Department



This research is funded in whole or in part by I:WI:
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BILAI Slides: thanks to Gunther Klambauer
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& SILAL
» General Architecture
Bilateral Al

RM1
Graph-based structures

RM2
Context

RM3
Knowledge & learning

RM4
Reasoning

RM5
Causality

RM6
Explainable Al
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Demonstration & benchmarking

Sub-symbolic Al

Abstraction
&
Reasoning

5.12.2024 @—* BILAI Retreat _
BILAI Slides: thanks to Glinther Klambauer



D+ AAA2YY .dAfRAY3 | oBILAIR

U

. I General Al
Human cognitive abilities Human level abilities

Knowledge Adaptability Abstraction
& & & Efficiency

Broad Al

Broad cognitive abilities

Interaction Robustness Reasoning Chollet, F. (2019). On th
ollet, . . Onthe

measure of intelligence.
arXiv preprint
arxiv:1911.0154.7

Hochreiter, S. (2022).

4 Image N Language N Game N Structure ) Toward a broad Al

: . . - Communications of the
generation processing playing prediction ACM 65(4), 5657.

Narrow Al
Task specific skills

DALL-E 2 ChatGPT AlphaGO AlphaFold

Kk AN AN AN / y

@ BiLAI Retreat

BILAI Slides: thanks to Gunther Klambauer



= SILAL

Large language models and
the essential properties of broad Al

Auto-Regressive LLMs&N't plan
(andcan'treallyreasor). 1 YannLeCurn(September 2023)

0 Challengel (Knowledge): LLMallucinate
3 difficult to removeor deleteparticularknowledgeor suppresarticularexampledrom the training set
3 knowledgethat is gatheredor collectedafter training, is difficult to integrateinto LLMs fecency
3 guestionsthat cannotbe factuallyansweredasthe correspondingnformationis missingn the training
data, LLMdaallucinate

[btight integrationof LLMswith symbolicimodels(KGs) &Jsolversw XcBuldbe employedto leverage
Incrementalreasoningcapabilities RM1-4)

[
BILAI Slides: thanks to Ginther Klambauer (JKE



! SILAL

Large language models and
the essential properties of broad Al

Auto-Regressive LLMaNn't plan
(andcan'treallyreasor). t YannLeCur{September 2023)

0 Challenge2ddaptability androbustness: currentLLMs lacladaptabilityandrobustness
3 low adversarialobustness
Yy simpleadversariahttackscanleadto criticalthreats, suchasthe extractionof trainingdata
3 underscoreghe pressingneedfor advancementsn Althat canenhancethe adaptabilityand
robustnesf LLMs

[bensurereliability and safetyof LLMs in diverseontextswith approachegleveragingcontext
and againtight integration of Symbolicand Subsymbolicinferencq (e.qg.,by verification
(RM2+3)

BILAI Slides: thanks to Ginther Klambauer (JKE
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SILAL

Large language models and
the essential properties of broad Al

Auto-Regressive LLManN't plan
(andcan'treallyreason. 1 YannLeCur{September 2023)

0 Challenge34dbstraction& reasoning:
3 LLMsareweakat reasoningandcausality
3 If successfuin causainference there is usuallysufficientlyclosetraining data.
3 Usualcase LLMs fail andhus, they couldbe consideredasweakccausabparrots @
3 LLMsarefar from reasoningeliablyabout causality

M wS &SI NO KCaasalig(BM58uggegthow to approachsuchissues

BILAI Slides: thanks to Ginther Klambauer (JKE



Research Questions & Starting points:

Time and other Contextual informationTemporal Evolution of Graphs (and theuality) vs.
Evolution of EmbeddingsConstraints & Repairs (TGDK)

Knowledge at scale Modularization and Decentralization of Knowleddederated graph
guerying techniques and patrtitioning techniques vs. federated models/learning

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

a. graph pattern matching and isomorphidip 2 6 @A 2dzaf & 3INBF G F2N aedYoz2ftA0 LINRPOS&aaAy
modularization, etc.

b.  vector representation, embeddinfy 2 0 A 2dzaft & ANBF G F2N) Y2RSTtAYy3I AAYAT I NAGeZ
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?

39
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Research Questions & Starting points in my gr
Time and other Contextual information

Our Starting Points:
In order to learn over time, we nee to build Corpora (Crawling) of Evolving KGs

~
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Abstract. Semantic wikis have become an increasingly popular means
of collaboratively managing Knowledge Graphs. They are powered by
platforms such as Semantic MediaWiki and Wikibase, both of which
enable MediaWiki to store and publish structured data. While there are
many semantic wikis currently in use, there has been little effort to col-
lect and analyse their structured data, nor to make it available for the
research community. This paper seeks to address this gap by systemat-
ically collecting structured data from an extensive corpus of Semantic-
MediaWiki-powered portals and providing an in-depth analysis of the
ontological diversity (and re-use) amongst these wikis using a variety of
ontological metrics. Our paper aims to demonstrate that semantic wikis
are a valuable and extensive part of Linked Open Data (LOD), and
in fact may be considered an own active “sub-cloud” within the LOD
ecosystem, which can provide useful insights into the evolution of small
and medium-sized domain-specific Knowledge Graphs. 40
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Research Questions & Starting points in my gra
Automatically Repairing KGs

s  Starting Points:

5 C2NXIFEfATAY3I (GKS LINELNKSIG I NBVikidatak BEsBIdHing &
violations over time
o  Wikidatadoes not rely on OWL or SHACL, but uses a comnugifibed way to define

constraints:

Ox¢

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

0 We now investigate which constraints have been repaired how to learn patterns!

Property Discussion

country of citizenship (27

country of citizenship (wdt:P27)

i & value-type constraint
prnperty constraint - yp i i country of cl(izenshipA
t g
class former or current state gy pe:P2?) : Spain
; 5, Wds:Q615-469B5D33-8EA7-4CAB- —>§§3 (wd:Q29)
country in a fiction work . SR IAEIENDED start time
Messi | (pq:P580)
nation (wd:Q615) » 2005-01-01
= W P e |
dependent territory g - L
country of citizenship/;.-
& subject type constraint wds:Q615-62E18BBD-7824-4F6F- i N & Argentina
» 9A86-F860EB2B2127 » . (W04
class human o
start time
character that may or may not pq:P580) »[1987-01-01 T
be fictional 41

- t f citi hi dt:P27
fictional character country of citizenship (w )



Research Questions & Starting points in my g
Querying largescale KGs

s  Starting Points:

s  Speeding up decentralized SPARQL Querying by Graph pashigoing to
avoid gquery timeouts
5 Ly 1'YNRa (GKSaira ¢S grépH gayiiodingindspliRing ipriddessingd &
between clients and SPARQL endpoitite performance, the problems of central query
endpoints can be significantly alleviated

||I||I|I" Wikidata Query Service = Examples @Help -~ ¥ More tools | ~

o 1 # Which settlements had ever over 1M population?
2

oYs 3 SELECT DISTINCT 7City ?Country ?Pop (Min(?Timepoint) AS ?FirstTime)
4 {

X. 5 7City wdt:P17 ?Country;
6 wdt:P31/wdt:P279% wd:Q486972;

< 7 p:P1082 7Stmnt.

e 8 7S5tmnt ps:P1@82 7Pop;

— 9 pq:P585 ?Timepoint. .
10 FILTER (7p0p > 1000000) Future work in BILAI:
11

@ | 12 ROUP BY Tcity TCountry Thop How can we similarly split work in a

% decentralized manner for other

> | KG/AI tasks?

e.g. can we similarly modularize

Knowledge Graph embeddings?
42




Starting points for collaboration: ) \'n
Slide: Emanuel Salling

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

Faculty of Informatics

5  Similar to word embeddings and LLMs, Knowledge Graph Embeddings allow to 3 | LAI
5  predict missing edges in incomplete KGs SRR
0 predICt Inconsistencies ‘ Model Dim. MRR Conv. Time #Parameters
A A s ox L 2 s - A A £ 49 SpeedE 50 500  6mi 2M
5 X L®SP® LINBRAOG LI2aaAroftsS NBLI ANEBK /7 | BrpressiveE 200 500 3lmin i
HAKE 500 497 50min 41M
ConE 500 496 1.5h 20M
1 RotH 500 496 2h 2IM
0 Open PrObIemS: Logical Rule ExpressivE | RotatE  TransE BoxE ComplEx DistMult
Symmetry: r(X,Y) = r1 (Y, X) X
s {OFftAYy3I YD 9YOSRRAYIaA (G2 TFdzf iy osy ’
Comp. def.: m (X, Y) Ar (Y, Z) & r3(X, Z) X X X
— /% ’ ’ 4 ~ % Gen. S Y A Tl 2 ra3(X, Z X X X X X
5 X o0dzi MO Y2RdzZ F NRT FGAZ2Y YAT Hmenior sy 52 S
Intersection: (X, Y) Are(X,Y) = r3(X.Y) X X
) . A ~ , A Z4 Mutual exclusion: 7 (X, Y) Ara(X,Y) = L
65  (2) corresponding trend to LLMsl @ S R -laaydyt il AT NI —o =y =<
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Al dAGNAL Y DblFGAZ2Y It &/ fdzaGSN 27F
A Vison of Broad Al
A Role of (Knowledge) GragBased Al in BILAI

A Other Ongoing Research in our Institute/Department

t d{ Y 66 SJQNBE KA NJI
https://www.bilateral-ai.net/jobs/ 3 | LAI

OEStt SyOS¢

L[!L


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

Al inour Departmentg at aglance

Semantic Systems Group

Data Management Group
(Marta Sabou)

(Axel Polleres, Elmar Kiesling,

Amin Anjomshoaa )

A\ SEMANTIC Al areas of interest:
SYSTEMS

gb Neurosymbolic Al Systems

L+ s o]
e Digital Humanism and Al

Al for Engineering

Semantic
Systems

Knowledge
Graphs

Data

Management
=! Al for Data Ecosystems/

Data Ecosystems for Al

Inst . for Complex Networks

(Sabrina Kirrane )
=> Al based policy representation and reasoning (e.g.,

=> Al Transparency and trust

regulatory obligations )




Neurosymbolic Al Systems
Prof. Marta Sabou

= Semantic Web and Machine Learning systems Y é A
(a type of neural -symbolic systems) et >

A. Breit, L. Waltersdorfer, F.J. Ekaputra, M. Sabou, A. Ekelhart, A. lana, 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.



