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Motivation

. Thetechnology used by Google and others

. A meeting place of databases, data science

and Artificial Intelligence research

. A skillset to solve fascinating problems



Knowledge Graphs

Google

What is the faculty of informatics at TU Wien? x

Q Al EImages Q@ Maps [ News ¢ Shopping i Mare Settings

About 489.000 results (0,95 seconds)

informatics.tuwien.ac.at «

TU Wien Informatics

TU Wien Informatics is one of Europe's leading research, teaching, and innovation
institutions in computer science and Austria's largest faculty of its kind.
Professors - Bachelor Programs - Master Programs - Organizational Structure

informatics.tuwien.ac.at » people » professors
Professors — TU Wien Informatics

Our dedicated faculty fuel the dynamic environment in both research and teaching. They are a
creative, diverse and passionate group of excellent researchers .

informatics tuwien ac at» orgs -

Organizational Structure — TU Wien Informatics

TU Wien Informatics is organized in 4 institutes, 22 research units, the Office of the Dean, and
a Communications and IT .. Services of the Faculty of Informatics

www tuwien_at » studies » studies » bachelor-programmes

Computer Science and Business Informatics | TU Wien

Study content. The bachelor's program Media Informatics and Visual Computing combines the
teaching of technologies and methods in the fields of computer vision, computer graphics,
visualization and augmented/mixed/virtual reality with education in the design of innovative
interfaces.

www tuwien at » studies » studies » master-programmes

Computer Science | TU Wien
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TU Wien Informatics

Website Directions Save

49 11 Google reviews

University department in Vienna

Located in: Vienna University of Technology
Address: Favoritenstrae 9/11, 1040 Wien
Hours: Closed - Opens 8AM Mon ~

Phone: 01 5880119501

/A Hours or services may differ

Suggest an edit - Own this business?

Questions & answers
Be the first to ask a question

Ask a question
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"Is my organization compliant with
anti money-laundering (AML) policies?"

GO g|e Is my organization compliant with anti money-laundering (AML) policies? X Q

Q Al B News [ Images [ Videos (@ Shopping i More Settings  Tools

About 10.900.000 results (1.01 seconds)

Did you mean: Is my organization compliance with anti money-laundering (AML)
policies?

shuftipro.com » blog » anti-money-laundering-what-is-_.

| Anti Money Laundering - What is AML compliance and why is ...
6 Apr 2020 — Learn what is Anti Money Laundering (AML) compliance. ... What are anti-
money laundering regulations? ___ is anti-money laundering, why is it important, is your
business obliged for AML compliance, and what are the best ..

What is money laundering? - What are anti-money... - AML compliance program

People also ask

Who is responsible for compliance to the AML policy? v
Is AML part of compliance? v
What are the 3 main factors to consider in determining AML risk? v
What is an AML compliance program? v
Feedback

www_electronicid_eu » blog » post » aml-anti-money-la... -

AML (Anti-Money Laundering) and its compliance guidelines
8 Jun 2020 — A company, business or institution in Asia or America will comply with the AML
regulations of their state and countries taking SAMLD as a ...
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anti money-laundering (AML) policies?"
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Q Al B News [ Images [ Videos (@ Shopping i More Settings  Tools

About 10.900.000 results (1.01 seconds)

Did you mean: Is my organization compliance with anti money-laundering (AML)
policies?

shuftipro.com » blog » anti-money-laundering-what-is-_.

| Anti Money Laundering - What is AML compliance and why is ...
6 Apr 2020 — Learn what is Anti Money Laundering (AML) compliance. ... What are anti-
money laundering regulations? ___ is anti-money laundering, why is it important, is your
business obliged for AML compliance, and what are the best ..

What is money laundering? - What are anti-money... - AML compliance program

People also ask

Who is responsible for compliance to the AML policy? v
Is AML part of compliance? v
What are the 3 main factors to consider in determining AML risk? v
What is an AML compliance program? v
Feedback

www_electronicid_eu » blog » post » aml-anti-money-la... -

AML (Anti-Money Laundering) and its compliance guidelines
8 Jun 2020 — A company, business or institution in Asia or America will comply with the AML
regulations of their state and countries taking SAMLD as a ...
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Danske Bank AS

Danske Bank chairman ousted by

main shareholder after scandal )
eHnNNoy Y2ySe (I dz

Maersk family brings in new blood to stabilise lender in wake of

€200bn money laundering

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



Knowledge Graphs

G transnationaD
10020

( FsA ) m
100% isClientOf G
supervises C non-USD )\

@\‘ transaCtionWith

(‘transnational Y’

hasAPositionAt Q Ig
(Danske Ban@ ( Copenhagen )




Knowledge Graphs

Business Markets World Politics TV More @

BANCA DITALIA

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

UNIVER

EU leaders to shield strategic firms from OXFORD
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 having strategic role from hostile

foreign takeovers, draft EU summit conclusions show. :
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Graph Neural Networks
Using the KG structure
asa neural network.

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

Data Models

Overview of data models
in different communities
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wcontrols wif
wdirectly holdsover 50% oto

Datalog

control(X,Y) : - ownX,Y,W), W > 0.5.
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wcontrols wif
wdirectly holdsover 50% oto

SOL

SELECTX,y INTO control
FROM company
WHERE w > 0.5
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wcontrols wif
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Relational Algebra
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wcontrols wif
wdirectly holdsover 50% oto

Cypher (Graph DBSs)

MATCH (x:Company) Z[ 0:OWN- > ( y:Company)]
WHERB.w > 0.5
CREATE (x) Z[:CONTROL} > (y)



eeeeeeeeeeeeeee

é Cypher SPAROL
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wcontrols wif
wdirectly holdsover 50% oty or
wcontrols a sef'Yof companies thajointly control w

control(X,Y) : - ownX,Y,W), W > 0.5.
control(X,2) : - control(X,Y), own(Y,Z,W),
VamsunfW, <Y>), V > 0.5.
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wcontrols a sef'Yof companies thajointly control w

control(X,Y) : - ownX,Y,W), W > 0.5.
control(X,2) : - control(X,Y), own(Y,Z,W),
Varsum(W, <Y>), V > 0.5.
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Main Challenges

Recursion
unlimited graph exploration

Object Creation
exploring unknown parts of the KG
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Query answeringunder
recursive Datalog with object creation
(existentiabjuantificatior) is undecidable .
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SQL
WITH RECURSIVE temp AS (

SELECT * FROM flight
UNION ALL

SELECTt.Origin , f.Destination

FROM temp t, flight f

WHERE. Destination = f.0rigin
)
SELECT * INTO connection FROM temp

Datalog

connection(X,Y) : - flight(X,Y, ).
connection(X,Z) : - connection(Y,Z2), flight(X,Y, ).
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airport

IATA City

VIE
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LHR
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SELECT City INTO city FROM airport

)

city

Vienna

London

San Francisct

SQL
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airport

IATA City

VIE

Vienna

LHR

London

)

SFO San Francisct

city

Vienna

London

San Francisct

SQL

SELECT City INTO city FROM airport

city(City) :

- airport(

Datalog

IATA,City ).
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city(City) : - airport( IATA,City ).
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city(City) : - airport( IATA,City ).
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head body
H —
city(City) : - airport( IATA,City ).

then If
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head body
H —
city(City) : - airport( IATA,City ).

SELECT FROM
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city(City) : - airport( IATA,City ).
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city(City) : - airport( IATA,City ).

T T

table (or relation, edge, node, ML, etc.)

SELECT City INTO City FRomalrport
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variable (not necessarily attribute name)

L Ll

city(City) : - airport( IATA,City ).

T T

table (or relation, edge, node, ML, etc.)

SELECT City INTO CIty FRomalrport
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variable (not necessarily attribute name)

L Ll

city( X ) : - airport( X ,Y ).

T T

table (or relation, edge, node, ML, etc.)
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join
—
dest (D) : - flight(L,D,A), airport( L,"London ").

SELECTf.Destination INTO dest
FROM flight f, airport a

WHEREOrigin = a.lATA ANDa.City ="London"
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join
—
dest (D) : - flight(L,D,A), airport( L,City ),
City = "London".

SELECTf.Destination INTO dest
FROM flight f, airport a

WHEREOrigin = a.lATA ANDa.City ="London"
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SQL
WITH RECURSIVE temp AS (

SELECT * FROM flight
UNION ALL

SELECTt.Origin , f.Destination

FROM temp t, flight f

WHERE. Destination = f.0rigin
)
SELECT * INTO connection FROM temp

Datalog

connection(X,Y) : - flight(X,Y, ).
connection(X,Z) : - connection(Y,Z2), flight(X,Y, ).
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Syntax oDatalog

A datalog rule is an expression of the form
Y () Kk LY (@)B RY (w)8

where Y are relation names and w are lists of variable names.

AEach variable il must occur in at least one of I8 hw .
AA datalogprogrammeis a finite set oflatalogrules.

m SeeAbitebeoul HullandVi anud s
M9 oOoOFoundations of Databaseso6 for more details
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Semantics obDatalog

AVarious semantics are possible:
AModeltheoretic semantics
AFixpoint semantics
AProottheoretic semantics

ALYLIR2NIIFYG 022fY ¢KS GOKI aSé¢ LINR
Alnformally, starting with a database and applying rules to generate new
tuples.

AMore than we can cover here. For the interested:

Lo

SeeAbitebeoul HullandVi anud s
“ OFoundations of Databasesd6 for more details
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Datalog
connection(X,Y) . - flight(X,Y, ).
connection(X,Z2) : - connection(Y,2), flight(X,Y, ).
Firstorder Logic
L OhRY @€ & & QXN Do "WIDY)
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Ownership
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(a) A simple indirect ownership. (b) Indirect ownership with a self-loop.

-———-
- m T~

(¢) Indirect ownership with a strongly connected component.
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