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WikiO2ZYUNROdzUAZ2Y adE D

G GoogleKnowledge GraphSinghak012]+ K.Vault[Dong et al. 2014]
wY  @séd byGoogleto enhance itsearch engine's search
results withsemantiesearchinformation gathered from a wide
G NASGé 2F az2dz2NDS&a€od

e DBpedialAuer et al. 2007]. - Yago[Suchanelet al 2007]
both generate structured ontologies from Wikipedia.

Wl Wikidata[+ NI Yy R®EP,Krdizsch+V. 20]4pen knowledge base
that can be read and edited by both humans and machines.



More Specialized Knowledge Graphs

Facebookknowledge Graph:Social graph with people, places and
things + information from Wikipedia

Amazon Knowledge Graplstarted as product categorization ontology

Wolfram KB:World facts + mathematics
Factual: Businesses & places

Megagon(Recrulit Inst.): People, skills, recruiting
Central Banks:Company registeg ownership graph
/| NBRAG wlidAy3 1 3SyYyOASa X

Thousands of medium to large size companies now want their own

corporate knowledge graph. This not just for semantic indexing and
search, but for advanced reasoning tasks on top of machine learning.




Reasoning in Knowledge Graphs

Ontology / Rules}—> @

EDB+IDB

EDBABOX

Many still think that DLs or graph databases suffice. However:

Reasoning tasks are required that cannot be expressed by

description logics, and cannot be reasonably managed by
relational DBMS, nor by graph DBMS .
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DLs, Logic, KR, Databases, and all that

DB D

Theor
(FDs,IDs
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ovell SPARQ
dat

A language and system
that englobes it all,

with a tractable kernel
(long-term research goal)




A Simple Example

married(Schneider, Meyen, 1966, 1975),
married(Schneider, Biasini, 1975, 1981),
married(Niven, Rollo, 1940, 1946), '
married(Niven, Genberg, 1948, 1983),
married(Taylor, Hilton, 1950, 1951),
married(Hilton, Taylor, 1950, 1951),
married(Taylor, Wilding, 1952, 1957),
married(Taylor, Todd, 1957, 1958),
married(Taylor, Fisher 1959, 1964),
married(Taylor, Burton,1964,1974),
married(Taylor, Burton,1975,1976),
married(Taylor, Warner, 1976, 1982),
married(Taylor, Fortensky, 1991,1996),

married(Taylor, Burton, X? ,Y?)
{ (1964,1974), (1975,1976) }

married(Burton, Taylor ,X? ,Y?)

U

> O 2 O

Marriage Database



A Simple Example

: married(Schneider, Meyen, 1966, 1975), i
married(Schneider, Biasini, 1975, 1981), '
married(Niven, Rollo, 1940, 1946), :
married(Niven, Genberg, 1948, 1983),
married(Taylor, Hilton, 1950, 1951),

: married(Hilton, Taylor, 1950, 1951),
married(Taylor, Wilding, 1952, 1957),

: married(Taylor, Todd, 1957, 1958),
married(Taylor, Fisher 1959, 1964),
married(Taylor, Burton,1964,1974),

: married(Taylor, Burton, 1975,1976),
married(Taylor, Warner, 1976, 1982),
married(Taylor, Fortensky, 1991,1996),
married( ..... L T

-----------------------------------------------------------------------------

Marriage Database

Q married(Taylor, Burton ,X? ,Y?)
A: { (1964,1974), (1975,1976) }
Q

married(Burton, Taylor, X? ,Y?)

A: U

Let us add the rule:
YI NNASROAzZZOZEZ @0 Iyl NN&
Q: married(Taylor, Burton ,X? ,Y?)

A: { (1964,1974), (1975,1976) }



ExampleWikidataMarriage Intervals

[KrétzschDL2017]

Wikidatacontains the statement : vl,.IK.‘!A!A

Taylor was married to Burton starting from 1964 and ending 1974

This can be represented in relational DED@talognotation by

married(taylor,burton,1964,1974)

Symmetry rule for marriage intervals ratalog
bu,v,x,y. married(u,v,x,y) Y married(v,
This cannot be expressed in DLS!

Note: In what follows, we will often omit universal quantifiers.



Example: Cont‘rolling Companies
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Example: Controlling Companies

X controls y If
X directly holds over 50% of y, or
X controls a set of companies that jointly hold over 50% c

company(x) © own(x,x,1).
own( x,y,w ),w>0.5 O control( Xy ).
control(x,y), own(y,z,w), V= msunfw, &9, v>0.5 O control(x,2).

This cannot be expressed in DLs and only clumsily in SQL and
Graph DBMS!

fy



Example: My Creditworthiness
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Example: My Creditworthiness

HSBC ¥4

Credit Card

PROF GEORG GOTTLOD

PROFLSSOR GLOKG 6077108

1 0B

000 £8,500 £12,000

PROI

up to £10,
7 Bank Austria M @

wenter o @ UniCredit

e aie &8 SANDBANK

up to EUR 10,000 up to EUR 20,000

M&S Bank

% UniCreditCard ™, VISA

CLASSIC
; )
MasterCard ARy :
25 PROTTSSORIGTORG coiavon T 2ag035 G0(rLog

£ 8,000 £ 12,500 EUR 14,000




Explanation
Amachingg S NYyAy3 LINPINIY KIFa aGNBFazyl

People who live in a joint household with someone who does not
pay their bills are likely to fail repaying their own debts.

This ethically questionable rule was appliedwmng data




Explanation

Amachingg S NYyAy3 LINPINIY KIFa aGNBFazyl

People who live in a joint household with someone who does not
pay their bills are likely to fail repaying their own debts.

This ethically questionable rule was appliedwmng data

A human credit rating expert would instead use of the rule:

If property owners move into their recently bought one - family
property, then the previous occupiers have most likely _moved out.

(Such updates are often missing in the database)

This rule can be used to update the databbséore applying
machine learning.



Knowledge Graph Management Systems (KGMS)

KGMS combine the power of rdbmsed reasoning with machine
learning over Big Data:

KGMS = KBMS + Big Data + Analytics

Misusing the lateralization thesis for illustration

5
THREE SIMPLE RULES IN LIFE :
1. IF YOU DO NOT GO : " - : \
YOU'LL NEVER HAVE IT RULE KNOWLEDGE MACH. LEARNING
2.IFYOU DO NOT ASK & . e.gﬁy——,— “‘
THE ANSWER WILL H LOGICAL / NEURAL : H
ALWAYS EE NO. REASONING .~ NETWORKS

3. IF YOU DO NOT STEP ___.--""""',f
.t -

FORWARD, YOU
WILL ALWAYS BE IN
THE SAME PLACE

R ]
......
"y

> subsymbolic
- self-learned
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PRETRAINED LARGE LANGUAGE MODELS
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How | imagine it could work, and why LLMs need to be integrated with a KG

PRETRAINED LARGE LANGUAGE MODELS

Slow

LOGICAL
REASON mblé

.
""""

........



Desiderata for KGMS According to our Philosophy

No extra permanent data repository or database/DBMS
- Uses (possible multipl&xistingcompany data repositories/databases
- Can query and update thegestreaming into main memory for reasoning
- No data migration necessary

Multiple data models possible.
-wStFGA2y X INFLKSEZ w5Cx X
- Reasoning engine interprets all data relationally [atalogfacts)

High expressive power of reasoning language; express at least:
- Full Datalog with full recursion and stratified negation
- Graph navigation
- Aggregate functions
- Description logics such as: -Dte (OWL 2 QL), ELL&gic Lite
- SPARQL under RDFS or Q®@L Entailment Regimes

Good complexity and scalability
- Tractability guarantee for main formalism
- Highly efficient, and highly parallelizable language fragments

Support for machine learning, analytics, LLMs, and collaborative filtering

- APlIs to standard ML and analytics packages and LLMs (do not reinvent the wheel)

- Provide system support for graph analygg(balanced separators), and typical
functions such aargmin(with grad.desc), eigenvectorpagerank simrank etc.



Knowledge Graph Management Systems

a diverse new field many systems with different capabillities

«] GRAKN.AI 02,
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Analysis along many dimensions possible

%

"o AllegroGraph

( FranzInc.

Q

[ GRAKN.AI

[

(=) VADALOG
@neos)
o 13
Stardog

=

metaphacts

MAANA

GNOSS

Graph database supporting SPARQLRmiiogreasoning

Apache Cassandizased KGMS providing schema support
based on the Entity Relationship model

Knowledge Graplasa-Service

Data sourceagnostic KGMS supporting ontological and
recursive reasoning based on Datalog

Leading graph database system

RDFbhased unifying datantegration platform

SPARQL l-draph databaséased eneuseroriented
platform

Azurebased computatiorfocused platform

RDF and OWhased metadata management solution.
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Migration necessary?

Graph database supporting SPARQL Rwadogreasoning

Apache Cassandizased KGMS providing schema support
based on the Entity Relationship model

Knowledge Graplasa-Service

Data sourceagnostic KGMS SuppoO s e ) cu AlUE
recursive reasoning based on Date for permanent storage

Leading graph database system

I I T - 0 . S
RDFbased unifying datintegration 2SI company DBM
for permanent storage

SPARQL l-draph databaséased eneuseroriented
platform

Azurebased computatiorfocused platform

RDF and OWhased metadata management solution.



Principle Data Format / Backend

.;%‘P AIIegroFGml::ﬂ!1 Graph database Sm

GRAKN. Al Apache Cassandizased KGMS providing
= ' based on the Entity Relationship model

L Rmdogreasoning

Cassandra

E'n Knowledge Grapasa-Service

Data sourceagnostic KGMS supporting
recursive reasoning based on Datalog

«) VADALOG

@ﬂquj Leading graph dat

-

stardog g datantegration platform

= databas#ased eneuseroriented
metaphacts

MAANA Azurebased computatiorfocused platfor

G Noss d metadata management solution.




VadalogKGMS Being Built at Oxford

Current Team Members

A VADA alue-Added DAta

A General architecture of VADALOG system

A Core reasoning language VADALOG = Wdbdgéalog+ extensions
A Connectivity: Some pluigs
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Vadalog The Core Reasoning Language

CoreVadalog= full Datalog+ restricted use o$ + stratif. negation +*

Why existential quantifiers in rule heads?

A Data exchange, data integration

A Data extraction

A Reasoning with RDE Wikidataexample
A Ontology querying (DBLite, EL, etc.)

A Data anonymization

A Duplicate handling

A Automated product configuration

A ConceptuaModeling(e.g., UML)




Object Creation

e.g.in web data extraction

PRODUCT PRICE
Toshiba_Protege cx 480
Dell 25416 360
Dell 23233 470

Acer_78987 390



Object Creation
e.g.in web data extraction

Tl T2
'PRODUCT ~  IPRICE
 Toshiba_Protege_cx 480
' Dell_25416 360
' Dell_23233 470

' Acer 78987 : 390
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Object Creation
e.g.in web data extraction

Tl T2
'PRODUCT ~  IPRICE
 Toshiba_Protege_cx 480
' Dell_25416 360
' Dell_23233 470

' Acer 78987 : 390

e o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e M me e mm e e m m M e e M m e e e e me e mm e e



Object Creation
e.g.in web data extraction

table(T ),
table(T 2);
sameColor (T ,T ,),
isNeighbourRight (T ,T,) -
$T tablebox (T),
contains(T,T ),
contains(T,T ).

Tl T2
PRODUCT ' PRICE
Toshiba_Protege_cx ' 480
Dell_25416 ' 360
Dell_23233 470
Acer_78987 390




Reasoning witiRDF¢ Foreign Key Creation

married(taylor,burton,1964,1974)

INntheRDFfE A 1 S @& 3I NI LIK ¢
several triples (here represented as logical facts):

spousel(kl,taylor),
spouse2(k1,burton),

V20l GA2y O0KA & (dz

taylor

N
y
)

start(k1,1964),

k1

end(k1,1974)

%
\\‘\\Q&{B 1964
1974

u,v,x,y. married(u, v, x,vVy)

Y married(v, u, X, Vy)

This symmetry rule for marriage intervals now becomes:

spousel(u,yl) = spouse2(u,y2)
My.spouse (v,yl) ~ spousel( v,y2)

spousel( k2 ,burton),

start

(u,y3)

start (v,y3)

spouse2( k2 taylor),

k2

start( k2,1964),
end( k2,1974)

0&8\, burton
S
|~ spouse2 | tajlor

1964

1974

end(uy4) ©O
end(v,y4)



Description Logics & Ontological Reasoning

The DL-Lite Family
Popular family of DLs with lowk(;) data complexity

DL-Lite TBox

First-Order Representation (Datalog™®)

DL-Lite,

professor L dteachesTo VX professor(X) — 1Y teachesTo(X,Y)

professor C —student VX professor(X) A student(X) —» L

DL-Lite, (OWL 2 QL)

[CalvanesegDe Giacomd,embq Lenzerini& Rosatj J. Autom. Reasoning 2007]




Datalodg$]: FullDatalogaugmented with$-quantifier

Unfortunately

Theorem:Reasoningl( 6U 1) with Datalog$] is undecidable.

[Beeri& Vardi 1981]; [J. Mitchell 1983] [Chandra\V&rdi1985];
[Cal, G., &Kifer 2008]; Baget Leclere& Mugnier, 2010]

Finding expressive decidable/tractable fragments has become a topic

of intensive research over the last 10 years.
Datalog : Datalod$,U,x strat, X &ubjectto syntacticrestrictions

Vadalog memberof the Datalog family admitting efficient
reasoningnethods



Which are the Main Decidable Datalog* Languages?

A Guardedness: one body-atom that contains all the 8-variables

supervisorOf(S,E), emp(E) - emp(S)

A Linearity: there exists only one atom in the body

person(P) - mF fatherOf(F,P)
fatherOf(F,P) - person(F)

A Weak-guardedness: guard only those variables that are
affected, i.e., that may unify with null values [Cali & Kifer, 2008]

Nontrivial example: F-logic Lite (A next page)



Nontrivial example of a weakly guarded set of rules:

F-Logic Lite, by [Cali & Kifer], VLDB 2006



(1) member(V,1') «+— type(O,A,T"),data(O, A. V).

(j} suh(f_:-'l? 'f_:-‘g:l — EUbI::Clvﬂgj,Suh{Cg, ng]

(3) member((), 1) — member(O,C'),sub(C, ).

(4) V=W —data(O, A,V ), data(O, A, W), funct( 4, O).
Note that this 1s the only EGD 1n this axiomatization.

(5) data(O, A, V') — mandatory( 4, O).
Note that this 1s a TGD with an existential variable 1in the
head (varable V' ; quantifiers are omitted).

(6) type(Q, A, 1) — member(O, C), type(C, A,T).

(7) type(C, A, T) — sub(C,C), type(C.A4,1").

(§) typelC, A, T) — typel(C, A, T7), sub(17,T).

(9) mandatory(4,C') «— sub(C',C), mandatory( A, C).

(10) mandatory(A, () —
member(O, '), mandatory( A, C').

(11) funct(A,C') — sub(C.,C). funct(A4,Cq).

(12) funct(A,O) «— member(O,C), funct(A.C').



(1) member(V,T') — type(O,A,T"),data(O, A, V).
(3} sub(C-’lﬁ Cg) — Sub{ch Cg}, Sub{fjg, ngl
(3) member(O, C;) «— member(O,C),sub(C,Cy).
(4) V=W «— data(0, A,V ), data(O, A, W), funct(A, O)
Note that this 1s the only EGD 1n this axiomatization.
(5) data(O, A, V) «— mandatory( A4, O).
Note that this 1s a TGD with an existential variable in the
head (variable V' quantifiers are omuitted).
(6) type(O, A, T) — member(O, C), type{C, A, T).
(7) typepC, A, 1) — sub(C,Cy ), typefC1, A, T').
(8) typefC, A, T') «— typefC, A, Ty), sub(T1,T).
(9) mandatory(A, ') « sub(C',Cy), mandatory( A, C).
(10) mandatory(A4,O) —
member(O, ('), mandatory( A, C).
(11) funct{A,C') «— sub(C, ), funct(A,CY).
(12) funct(A,O) — member(O,C), funct(A.C).



(1) member(V,1') «— type(O,A,T"),data(O, A. V)
(2) sub(C1,C5) «— sub(Cq,Cy), sub(Cy, Cs).
(3) member((), 1) — member(O,C'),sub(C, ).

(5) data(O, A, V) — mandatory( 4, O).
Note that this 1s a TGD with an existential variable in the
head (varable V' ; quantifiers are omitted).

(6) type(O, A, 1) — member(O, ), type[C, A, T).

(7) typelC, A, 1) — sub(C,Cy ), type(C, A, T).

(8) typefC, A1) — type({C, A, T7), sub(17,T).

(9) mandatc:-ry(g;i?{?] — sub(C', (), mandatﬂryo(A, C'h).

(10) mandatory(A, () —

member(O, C'), mandatory( A4, C').
(11) fun-::to(;f_l.?f_;) — sub(C, C), fun-::t(;él. ).
(12) funct(A, Q) < member(O, '), funct(A, ).



(1) member(V,1') «+— type(O, A,T"),data(O, A. V).
(2) sub(C1,C5) «— sub(Cq,Cy), sub(Cy, Cs).
(3) member((), 1) — member(O,C'),sub(C, ).

(5) data(O, A, V) — mandatory( 4, O).
Note that this 1s a TGD with an existential variable in the
head (varable V' ; quantifiers are omitted).

(6) type(O, A, 1) — member(O, ), type[C, A, T).

(7) typelC, A, 1) — sub(C,Cy ), type(C, A, T).

(8) typefC, A1) — type({C, A, T7), sub(17,T).

(9) mandatc:-ry(g;i?{?] — sub(C', (), mandatﬂryo(A, C'h).

(10) mandatory(A, () —

member(O, C'), mandatory( A4, C').
(11) fun-::to(;f_l.?f_;) — sub(C, C), fun-::t(;él. ).
(12) funct(A, Q) < member(O, '), funct(A, ).



(1) member(V,T') — type(O,A,T"),data(O, A, V).
(2) sub(C1,C5) «— sub(Cq,Cy), sub(Cy, Cs).
(3) member((), 1) — member(O,C'),sub(C, ).

(5) data(O, A, V) — mandatory( 4, O).
Note that this 1s a TGD with an existential variable in the
head (varable V' ; quantifiers are omitted).

(6) type(O, A, 1) — member(O, ), type[C, A, T).

(7) typelC, A, 1) — sub(C,Cy ), type(C, A, T).

(8) typefC, A1) — type({C, A, T7), sub(17,T).

(9) mandatc:-ry(g;i?{?] — sub(C', (), mandatﬂryo(A, C'h).

(10) mandatory(A, () —

member(O, C'), mandatory( A4, C').
(11) fun-::to(;f_l.?f_;) — sub(C, C), fun-::t(;él. ).
(12) funct(A, Q) < member(O, '), funct(A, ).



(1) member(V,T') — type(O,A,T"),data(O, A, V).
(2) sub(C,C5) «— sub(C,Cy), sub( 'y, Cs).
(3) member((), 1) — member(0. C'),sub(C, ).

(5) data(O, A, V) — mandatory( 4, O).
Note that this 1s a TGD with an existential variable in the
head (varable V' ; quantifiers are omitted).

(6) type(O, A, 1) «— member(O C), type[C, A, T).

(7) typelC, A, 1) — sub(C,Cy ), type(C, A, T).

(8) typefC, A1) — type({C, A, T7), sub(17,T).

(9) mandatc:-ry(g;i?{?] — sub(C', (), mandatﬂryo(A, C'h).

(10) mandatory(A,Q) —

member(©, C'), mandatory (A4, C).
(11) fun-::to(;f_l.?f_?) — sub({C', C], fun-::t(;;f!.,f_?l].
(12) funct(A, Q) < member(0, '), funct(A, ).



(1) member(V,T') — type(O,A,T"),data(O, A, V).
(3} Sub[:CLC-’g) — Eub{CLCg},Sub{Gg, ngl
(3) member(Q, C'1) <+ member(©, C'),sub(C,Cy).

(5) data(O, A, ¥ ) — mandatory( A4, O).
Note that this 1s a TGD with an existential variable in the
head (variable V' quantifiers are omuitted).
(6) type(0Q, A, T') — member(O, C'), type(C, A, T).
(7) typefC, A, T) — sub(C,C),type(C1, A, T).
(8) typefC, A, T) «— type{C, A, Ty), sub(T1,T).
(9) mandatory(A,C) « sub(C,Cy), mandatory( A, C1).
(10) mandatory( A, i) —
member(©, C'), mandatory (A4, C).
(11) fum:to(}l, (') «— sub(C,Cq), funct{A, ).
(12) funct(A, Q) «— member(0, ), funct(A, C).



(1) member(V,T') — type(O, A, T"),data(O, A, V).
(3} Sub[:CLC-’g) — Eub{CLCg},Sub{Gg, ngl
(3) member(Q, C'1) <+ member(©, C'),sub(C,Cy).

(5) data(O, A, ¥ ) — mandatory( A4, Q).
Note that this 1s a TGD with an existential variable in the
head (variable V' quantifiers are omuitted).
(6) type(0Q, A, T') — member(O, C'), type(C, A, T).
(7) typefC, A, T) — sub(C,C),type(C1, A, T).
(8) typefC, A, T) «— type{C, A, Ty), sub(T1,T).
(9) mandatory(A,C) « sub(C,Cy), mandatory( A, C1).
(10) mandatory( A, i) —
member(©, C'), mandatory (A4, C).
(11) fum:to(}l, C') — sub(C, C], fum:t&}l, C1).
(12) funct(A,©@) «— member(0Q, C), funct(A.C).



(1) memherf'T} — ty'pe[. AT , at A .
(2) sub(C7,C5) « sub(C7,C3),sub 3
(3) memher[i (1) < member l G‘ ).

(5) data(©, A, W) — mandatory(4, ©).
Note that this 1s a TGD with an existential variable in the
head (variable V'; quantifiers are omutted).

(6) type(ljfl?T} — member(Q, C), type[C, A, T).

(7) typefC, A, T) — sub(C,C),type(C1, A, T).

(8) typefC, A, T) «— type{C, A, Ty), sub(Ty,T).

(9) mandatory(A,C) « sub(C,Cy), mandatory( A, C1).

(10) mandatory(A4,0) —

member(©, C'), mandatory (A4, C).
(11) functo(}ljg — sub(C, ('), funct(;fﬂ,ﬂlj.
(12) funct(A,©@) «— member(0Q, C), funct(A.C).

FINISHED!



(3) member(

1) —

(5) data(0] A, .} —|mandatory( A4, O).

Note that this 1s a TGD with an existential variable in the
head (variable V'; quantifiers are omitted).

(6) type(@, A,T) —|member(0. C)|type(C, A, T).

(7) typefC, A, T") — sub 1), typelC1, A T).

(8) typelC, A, T) — type{C, A 1), sub(Ty,T).

(9) manclatc:ry(gfl C') « sub(C, Cy), mandatory( A, C1).
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Main Decidabldatalog Languages

eakly-(frontier-)
guarded

U
/

Weakly-Sticky.

Shy [Leone, Manna, Terracina, Veltri AAAI 2012] FUS
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Future Plarg Challenge: PTIME Data Complexity
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Vadalog Is based diWarded Rules

A Datalog programis warded if for eachrule body:

A all dangerousvariablegointly occurin asinglea ¢ I BitBw and

A thisward sharesonly unaffectedvariableswith the other body-atoms

S(Y,Zy ™MW T(XW) Affected Positions
- MW PW,2) T13], PI1], Q[2]

' "Z QK T[2], P[2], Q[1]

CoreVadalog= wardedDatalod$,U,x strat]



Examples of Wardddatalog Rules

1. Symmetry rule for marriage intervals (RDF):

spousel( x,yl) ~ spouse2( X,y2)
start (Xx,y3) ~ end(xy4) O
Mv. spouse2( v,yl) ~ spousel( v,y2)
start( v,y3) ~ end(v,y4)

2. :OWL 2 QL description logic

DL-Lite TBox Representation in Vadalog

DL-Lite .
professor v 9teachesTo 8X professor(X) - 9Y teachesTo(X,Y)
professor v :student 8X professor(X) @ student(X)- ?

DL-Litegr (OWL 2 QL)
hasTutordv teachesTo 8X8Y hasTutor(X,Y) - teachesTo(Y,X)




Examples of Wardddatalog Rules

3. Creation of tuple-identifiers for bag semantics

T(a)
R(a,b) S(a,c) T(a)
R(a,b) S(a,d) R(x,y,u) & S(x,z) A T(X) T(a)
R(a,c) S(b,c) T(a)
R(b,c) T(a)
T(a)
T(b)

Bag semantics for Datalog by [Mumick & Shmueli 1992]

|l n case of recursion, possibly 1Inf



Examples of Wardddatalog Rules

use tuple-identifiers

R(a,b,u;) | |S(a,c,us) T(a,uy)
R(a,b,u,) | |S(a,d,uy)| R(XyV) & S(x,z,w) A $uT(x,u) |T(a,uy)
R(a,c,u3) | | S(b,c,u-) T(a,uyp)
R(b,c,u,) T(a,uy)
T(a,u;,)
T(a,u;3)
T(b,uy,)

This simple trick does the job:

Theorem: Datalog bag semantics can be faithfully emulated
In Vadalog by using TIDs. [Bertossi, G.Pichler, | CDT6 1 9]

Corollary: Deciding multiplicity of tuple is PTIME (data complexity)



Theorem

Vadalog has polynomial-time data complexity and can express:
- Datalog with full recursion and stratified negation

- Description logics: DL-Lite Family, in particular,
OWL 2 QL, EL, F-Logic Lite

- Datalog under the bag semantics

- SPARQL under RDFS and OWL 2 QL Entailment
Regimes

Moreover: Allqueries of iBench can be expressed in Vadalog!
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(1) memherf.T} — type[.JLT},
(2) sub(C‘lei] «— sub(C;.C4).sub

(3) member(@, C1) —|member (@ C).
(5) data(. A,.} —|mandatory(A4, O).

Note that this 1s a TGD with an existential variable in the

head (variable V'; quantifi e omitted).
(6) type(0,A,T) — membegg C), type(C, A,T).
(7) typef{C, A, T) — sub(C,C),type(C1, A, T).

(8) typefC, A, T) «— type{C, A, Ty), sub(Ty,T).
(9) mandatory(A,C) « sub(C,Cy), mandatory( A, C1).

mandatory( A4, C).
funct(;:}lj C1).

) [member (80 uinci(4,€)
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Further Language Features (selection)

Datatypesandassociatedbperations& expressions
Integer, float, string, Booleandate, sets

Monotonic aggregations min, max sum prod, count
work even in presence of recursion while preserving
monotonicityof set-containment

Example Company Control
own(x,y,w), w>0.5 O control(x,y);
control(x,y),own(y,z,w),

v=msum(w, & & , v>0.5 O control(x,z).

Probabllisticreasoning factsandrulescanbe adornedwith
weights Marginalweights for derivedfactswill be
computedassumingndependence

Equality (EGDsfunctional dependencie$ if non-conflicting



Rules can be uncertain

@veight (0.6) company(C) O mC1 own(C,C1).
@veight( 0.5) own(C,S), holding(C) O subsidiary(S).

AA SoftVadalogule has aveight

ASimilar toMarkov Logic Network, but Sdfladalog
U is not full First Order Logic
U allows recursive definitions
U has unrestricted domain



Database Interface

@bind( "Own', "rdbms", "companies.ownerships ").

@bind (" Owr', "graphDB", "MATCH (a)-[0:0wns] ->(b) RETURN a,b,0.weight ").

Cypher queryNeo4)

@ind ("g","data source", schema","table").
@update("quv{1131415})'


https://en.wikipedia.org/wiki/Neo4j

Machine Learning,
"= Big Data Analytics, NLP
“' & Data Visualization

Foms: @ \We are currently experimenting with

. o different tools and different types of
pe = o} interfaces and interactions.
@ G WEKA s
L \ of Waikato R Tensor

Interaction Model 1 Interaction Model 2 Interaction Model 3

Machine Machine Machine
Learning Learning Learning

|0 about(D,T) — m(D,T), abpart(D,T).
1.0 abpart(D,T) — part{D,P}, about(P,T). ‘
LEARNED RULES



Interaction Model 1

Machine
Learning

A We prepare a relation as ML input.
A ML swclassifies facts and sends them
Into the core reasoning system.

A ML package acts as a special predicate.
A Called by the core reasoning system.

A MLswlearns rules.
A Rules are translated into probabilistic
Vadalog rules.



=¥ ©  Web Data Extraction
S

& loT

REASONING

®

s Graph
? oevss K%
7 Rule Repository /

Interfacing KG t@XPath
«§ BindingOXPatho Datalog

@bind (" Owr," oxpath ",
"doc(ohttp:// company ownerghips téer . c o m/
/ descendant :: field ()[1]/{$1}
[following : : a[ . feareh 0] / { c | i
[ (/1] a[ Next=6gd / {cliztck/})
[ 1 di v[ @c| ass =6&mad[1]][/ [ .s

ck/ )
pan [3]:]")

[Furche T.,Gottlob, G., Grasso, GSchallhartC., & Sellers, A. (2013).

OXPath A language for scalable data extraction, automation, and crawling on the deep web
The VLDB Journ@2(1), 47#72.".]



D = {P(a), Q(a, c)}

1:P(x) — Az Q(x,3)
2:Qix,v) —>E{_€',x}
3:8(x,y),P(y) = T(y, %)
4:Ti(x,3),Q(z.y) — Hx,2)
5:T(x,3) — Qlx,x)

6: Q(x,3) — E(3)

7 :Hix,x) — 3z Q(x,3)

8 : P(x) — 3 T(x,3).

CoreAlgorithms

P(a)
- T(a.c) - T(az,)  T(a.8)
Qfa,c) ::5-?\.}‘ Q{i,a} Q{J;.n}
F{:J/?{;-,H} F(z) | S(z)) Ff{;:uﬂ F{m,a}
Hq:t:uj H|_::.u) H i:.i-l:l
Na.z;) Qlaz;) Na.z,)

Formore detailsseeLuigiBellomarinj EmanueBallingerGeorgGottlob: The Vadalog
SystemDatalogbased Reasoning for Knowledge GraphéLDB 11(9) 2018

A Bottom-up chaseprocessingvith a | 3 3 NBeindinatidrSibategy

A Top-down queryprocessing

A Advancedorogramrewriting and optimizationtechniques

A Efficient& highlyscalablecachemanagmt, queryplanoptimization

A Recentevaluationshowsthe systemis extremelycompetitive



PAPER ON THE VADALOG LANGUAGE

AMarcelo Arenas, Georg Gottlob, Andreas Pidfigressive
languages for guerying the semantic web
ACM TODS 1345, 2018.

PAPERS ON THE VADALOG SYSTEM

A LuigiBellomarinj Georg Gottlob, Andreas Pieris, Emanuel
Sallinger Swift Logic for Big Data and Knowledge Graphs
International Joint Conference on Artificial Intelligence (IJCAI) 2017

A LuigiBellomarinj EmanueBallingerGeorg Gottlob: The Vadalog
SystemDatalogbased Reasoning for Knowledge Graphs
PVLDB 11(9) 2018.

X



Some Applications

with two special partners/customers



Bancad ol t al 1 a B

Central Bank of Italy

BANCA D'ITALIA

Collaboration

1. Company Control

new approaches to classical problemgsvhen
does a company control another company?

2. Close Links

dzy RSNAR UGl YRAY I GKSGKSN
Ot 2aS¢ Ay GSN¥ya 27F Yd
different purposes, e.g., for loan granting

3. Detection of Family Business

identifying families along with their ownerships
l.e., considering the family as the elementary
control unit

ned ! y2yaYAT FdA2Y

deciding whether a dataset respects complex

2Z02YURSYUGAFEAGE ONRGSN

publication and, if not, make it anonymous

5. Hybrid Data Science Pipelines

with different data sources, machine learning
TN YSE2N] A4 LINPINF YYA

X YZNBE T LILX AOFUuXZya

URFT U 8S OFyy2Z2u UrFTt |

0 2 dzii



Meltwater

Collaboration

1. Entity Resolution

2. Similarity in Bipartite Graphs

3. Knowledge Graph Support

4. Computing Highetevel Events and Signals on KG

5. Fact Enrichment anWerificiation on KGs

X Y2NB FLILIX AOFGA2ya GKIF



1 Car producer & 1 Supermarket C hain,
Joint project with Univ. of Appl. Science Upper Austria in Steyr

Risk estimation in supply chains

0.003 9083 0.007 0.081 0.0820-195 0.592 5 ;.
0.093 0.138 0.191 03_33234 SEllS (S I B ! P) &
3 0.875
s 0.131 P>0.5 — depends(S,B).
0.381 0.35 )
0.7 0.51 0.532
| 0062 sells(S,B’ ,P’) &
0.25 1 0.443
0ats 0452 depends (B’ ,B) &
0.093 :
0.006 g4 032 % V=msum (P’ , <B' >) &
0.073 0.22 0.048
0.003 0.17 0.393 v>0.5 - dEPendS (S,B) .
0.878

0.092 0.012 0.007 0.128 0.007 0.1430.013









AI ML Center for Artificial Intelligence
and Machine Learning

Knowledge Graphs in Action
Part 2. Theory to Practice

Emanuel Sallinger

m Knowledge Graph Lab | A
~ OXFORD

Al Summer School 2023

}l_\\l ML Center for Artsficial Intelligence a S q I
rcMaciine Learing austrian society for
artificial intelligence

3 July 2023




Knowledge Graphs

Economic Impact of Crises s




Knowledge Graphs

Hostile Takeovers

i REUTERS BANCA DITALIA

Business Markets World Politics TV More

BUSINESS NEWS MARCH 26, 2020 / 11:36 AM / 2 MONTHS AGO UNIVERSITY

OF
(0>:43(0)23D)

EU leaders to shield strategic firms from
hostile interest amid crisis

Francesco Guarascio, Gabriela Baczynska 4 MIN READ v f

BRUSSELS (Reuters) - European Union leaders will on Thursday back plans to defend
healthcare, infrastructure and other firms seen as havings T ’ .

foreign takeovers, draft EU summit conclusions show.

25/03/2020 ‘
: f

L

o~

y
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Knowledge Graphs

Anti-Money Laundering

FINANCIAL TIMES

Danske Bank AS

Danske Bank chairman ousted by
main shareholder after scandal eHNNOY Y2y Seé& f I dz

Maersk family brings in new blood to stabilise lender in wake of
€200bn money laundering

‘\|||||| .‘h“"l

Ole Andersen will step down as chairman of Danske Bank at an extraordinary general meeting in the
next few weeks © Bloomberg



Knowledge Graphs

UNIVE

OXFORD

Cancer Pathways

DEPARTMENT OF
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SCIENCE

""!vf-‘f..

UNIVERSITY OF BIG DATA
OXFORD INSTITUTE




Knowledge Graphs

OBEROSTERREICH M

/N

o
S C\\‘\//
: Q'//é//o\



https://www.google.com/imgres?imgurl=https%3A%2F%2Fupload.wikimedia.org%2Fwikipedia%2Fde%2Fthumb%2Fe%2Fe5%2FFhooe-logo.svg%2F1200px-Fhooe-logo.svg.png&imgrefurl=https%3A%2F%2Fde.wikipedia.org%2Fwiki%2FFH_Ober%25C3%25B6sterreich&tbnid=C6cHNrQGvHIF5M&vet=12ahUKEwisz5SI28n8AhWNTqQEHejeDMcQMygAegUIARC1AQ..i&docid=ypk5hBAA7CcOOM&w=1200&h=750&q=fh%20o%C3%B6&client=firefox-b-d&ved=2ahUKEwisz5SI28n8AhWNTqQEHejeDMcQMygAegUIARC1AQ
https://www.google.com/imgres?imgurl=https%3A%2F%2Fwww.govisible.org%2Fstatic%2Fjrc-live-logo-059bebbfa534750627014aa581e5f003.png&imgrefurl=https%3A%2F%2Fwww.govisible.org%2F&tbnid=yJFncxdFiD8xmM&vet=12ahUKEwjR376Q28n8AhXxnCcCHe3wDuEQMygAegUIARC7AQ..i&docid=PRH2R_1UoCeXJM&w=2233&h=991&q=%5Ejrc%20live&client=firefox-b-d&ved=2ahUKEwjR376Q28n8AhXxnCcCHe3wDuEQMygAegUIARC7AQ

Knowledge Graphs
Media Intelligence Meltwater

UNIVERSITY OF

OXFORD

= <{O> Explore Q 0O Mo Angotica Gutlorrez - Fairhalr R
& Tesla Keywords (Exploee) . 7 days ~ Aa ACTIONS ~ A
- O s2xresas Q Aa
Explore p— Overview Social Analytics Twittee Insaghts
0 [‘ oo o comm—
A B J
— A S Ry e Total Mentions () :
& b

Ak Sac B e

& : Q..'—- 2 1 3
B Ao ¥ i i 1o I I I I ! v 47%

()

(]

) - .
—n
o
Mt O Latest Activity By Source
[ s e=n e
) ®
Volume k .
—
18k - »
13
[ L=
2 4 e
4 e Top Keywords
. ———
8k 4 g

Documents

Nov 6 Nov 8 Nev 10 Nov 13 mark af

o News Social & Broadcast haircare treatment


https://www.meltwater.com/en
https://www.google.com/imgres?imgurl=https%3A%2F%2Fwww.diffbot.com%2Fassets%2Fimg%2Flogos%2FMeltwater.svg&imgrefurl=https%3A%2F%2Fwww.diffbot.com%2F&tbnid=nBcyFkndQ4KlXM&vet=12ahUKEwibzdPg4Mn8AhXolv0HHSfGA90QMygQegUIARCmAQ..i&docid=2kIpBX0BhssJjM&w=800&h=396&q=media%20intelligence%20knowledge%20graph%20meltwater&client=firefox-b-d&ved=2ahUKEwibzdPg4Mn8AhXolv0HHSfGA90QMygQegUIARCmAQ

Open Knowledge Network
Innovation Sprint




Knowledge Graphs

Baby Formula
Supply Chain Issue

g Individual

Image source: https://www.newsweek.com/



Knowledge Graphs

Baby Formula
Supply Chain Issue

g Individual

Supply Chain
+ Finance

Image source: https://www.newsweek.com/



Baby Formula PPP / US CARES
Supply Chain Issue Effectiveness

Knowledge Graphs

) .
2 Individual E Small Business

Supply Chain COVID Impact
+ Finance + Finance

Image source: https://www.newsweek.com/ Image source: https://shutterstock.com/



Baby Formula PPP / US CARES Climate Finance
Supply Chain Issue Effectiveness

Knowledge Graphs

g Individual E Small Business g E Aok m

Supply Chalin COVID Impact Environmental Models
+ Finance + Finance + Finance

Image source: https://www.newsweek.com/ Image source: https://shutterstock.com/ Image source: https://www.Ise.ac.uk/
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Knowledge Graphs

oWhere 1 s the TU Wi en?5d

)
0

Google Where is TU Wien? %

e = [

Images Located In vienna Maps News Videos Books Flights Finance All filters ~ Tools SafeSearch ~

Aot 34 700000 resulie (0 AA saconds)

. L
1040 Vienna
Vienna University of Technology, address
WIEMN

See photos

oy TU Wien

| " . .

S8 hitps:fwww.tuwien.at - Translate this page & I lj Vlenna UnIVEI'SIty Of TEChnlOlOgy @
TU Wien: Technische Universitat Wien, TUW (Technische Universitat Wien) '
Homepage der Technischen Universitat Wien. TU Wien, TUW. "Technik far WIEN
Menschen”. News. Alles zu: Studium, Forschung, Kooperationen, Services. Wicbsite | | Directions save
Bachelorstudien - Studienangebot - Kontakt - Studium Public university in Vienna

https:/hwww tuwien at tu-univercity - Translate this page 3 ) ) ) ) )
TU Wien, also known as the Vienna University of Technology, is a

§_3tandorte public research university in Vienna, Austria. The university's
Uber ganz Wien verstreute Standorte werden zu einem innerstadtischen Campus teaching and research is focused on engineering. computer
zusammengefasst: Flexible Raumstrukiuren, effiziente Raumbewirtschaftung, moderne .. science, and natural sciences. It currently has about 28,100

students, eight faculties and about 5,000 staff members. Wikipedia

Address: 1040 Vienna

People also ask
Phone: 01 588010

In welchem Bezirk ist die TU? v Total enreliment: 26,529 (2020)

Undergraduate tuition and fees: Domestic tuition 726.72 EUR,
In welchem Bezirk ist TU Wien? v International tuition 1.453.44 EUR (2017 — 18)

Rector: Sabine Seidler

. - . -
Wie funktioniert studieren TU Wien? v Founded: November 6. 1815

. Founder: Francis I Holv Roman Emneror
Wann wurde die TU Wien gegrindet? v



Knowledge Graphs

oHow | i1 kely wil/

In Italy be taken over in 20237?"

t

Google

how likely will intesa sanpaolo be taken over in 2023? X ,!, e Q

2 Al E News [ Books [3] Videos ¢ Shopping : More Tools

About 14,800,000 resuits (0.54 seconds)

https://www.reuters.com > business » finance » intesa-slas...

Intesa sets prudent 2023 goal as its cuts assets to boost capital

3 days ago — ltaly's biggest bank, Intesa Sanpaolo , slashed its assets by more than expectec
at the end of last year to fend off regulatory hits to its ...

https://group.intesasanpaolo.com ... » News

Full year 2022 results — Highlights - Gruppo Intesa Sanpaolo

3 days ago — Intesa Sanpaolo exceeded its Business Plan commitments for 2022 by achieving
Net Income of €5.5 billion (excluding Russia de-risking) despite ...

https://group.intesasanpaolo.com » investor-relations

2023 Financial Calendar - Gruppo Intesa Sanpaolo

Dec 21, 2022 — 03/02/2023. Board of Directors. Approval of the consolidated results for the yea
2022 and proposal of net income allocation.

https://group.intesasanpaolo.com» ... » News

"ltaly can beat the crisis". Carlo Messina looks ahead to 2023

Oct 14, 2022 — "Italy can beat the crisis". Carlo Messina looks ahead to 2023 ... In two recent
interviews with RAlI TG1 and Milano Finanza, Intesa Sanpaolo CEO ...

h e



Knowledge Graphs

oHow | i1 kely wil/

In Italy be taken over in 20237?"

how likely will intesa sanpaolo be taken over in 20237

It is difficult to predict with certainty whether Intesa Sanpaolo will be taken over in 2023
Takeovers are typically the result of a complex set of factors, including the strategic goals
of the potential acquirer, the financial performance of the target company, and regulatory

approval.

That being said, Intesa Sanpaolo is a large and well-established banking group, and it
would likely take a significant offer from a well-capitalized acquirer to successfully
complete a takeover. Additionally, the bank's strategic importance to the Italian economy

would likely be a major consideration for regulators and government officials.

Therefore, it is not likely that Intesa Sanpaolo will be taken over in 2023 but it can't be
completely ruled out. As the year progresses, it is important to keep an eye on any

developments in the merger and acquisition market that might affect the bank's future.

t he
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Knowledge Graphs

1. Thetechnology used by Google and others

2. A meeting place ofdatabases, data science
and Artificial Intelligence research

3. A skillset to solve fascinating problems
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Anti-Money Laundering

FINANCIAL TIMES

Danske Bank AS

Danske Bank chairman ousted by
main shareholder after scandal eHNNOY Y2y Seé& f I dz

Maersk family brings in new blood to stabilise lender in wake of
€200bn money laundering

‘\|||||| .‘h“"l

Ole Andersen will step down as chairman of Danske Bank at an extraordinary general meeting in the
next few weeks © Bloomberg
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Data Models

Overview of data models
in different communities
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in different communities

KG Embeddings
Widely-applied, large
family of ML models
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in different communities Y 4

’ Logical Knowledge in KGs
Highly expressive, diverse
family of logical models.

KG Embeddings
Widely-applied, large
family of ML models
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Knowledge Graphs

ﬂ Large Language Models

Human-like text capabilities.

Data Models : .
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