Vadalog:

Introduction, Extensions and Business Applications

Emanuel Sallinger

i @

Knowledge
Graph Lab

The 18th Reasoning Web Summer School
Declarative Al

30 September 2022



Al Technologies in use

‘ Knowledge Graphs Top brain ‘ .
' to setup reasoning tasks Logic Reasoning &
Left brain nght brain Neural Reasoning #e§
Logic Symbolic Reasoning |, 4 Subsymbolic Reasoning Statistical Reasoning ¥

e Query Answering Other/custom {&¥

Reasoning

Tasks @ [ytensional

Intensional (%_ i"i
S  Knowledge I

Knowledge =

Logic Reasoner Subsymbolic Reasoner

to build a reasoning graph based on [*-=----
extensional knowledge and
formalized domain experience

)
c
2
el
S
=
=
Q
<
c
()]
>
=
9
<

the full reasoning graph, the bridge to| ‘

subsymbolic reasoners / Markov Logic Probabilistic Reasoner
Temporal N to apply expressive probabilistic

' : reasoning based on a variants of Markov

Logic Networks

Decision
Support

Provenance ‘ p

Embedder
to associate input facts

wv
x
w
1}
et
o .
o to vector-based representations o
o
s AP N e
to read data from a variety of external sources|.-~ Botj:om brain | ML Bridge
RDBMs, graph DBMSs, RDF stores, OLAP stores and Reasoning Modes and to train ML models from reasoning results, or to use
DWHs, NoSQL stores, the Web, ...) Interactions ML models to provide extensional knowledge



| Knowledge Graphs

LANGUAGE

Data Wrangling for Big Data:
Towards a Lingua Franca for Data
Wrangling

MEDI 2018

DATA SCIENCE

Data Science with Vadalog:
Bridging Machine Learning and
Reasoning

SPACE EFFICIENCY

The Space-Efficient
Core of Vadalog

2016-2019 | Selected Highlights

I’ c A I 1 7 (‘)"smmon/mns 2017
| = rrﬁ Chicago, Illinois, USA, May 14-19

MELBOURNE pliE
LOGIC PROJECT
Swift Logic for Big Data and The VADA Architecture for Cost-
Knowledge Graphs Effective Data Wrangling

&
Journal
e VLDB2018 of Big Data 2019

SYSTEM
PROJECT ARCHITECTURE
The Vadalog System: Datalog-
VADA: an architecture for end

based Reasoning for Knowledge
Graphs user informed data preparation

% |

Datalog 2.0 2019

ICDE
s S ENTERPRISE Al RECOMMENDER SYSTEMS
Knowledge Graphs and Enterprise
Al: The Promise of an Enabling

Technology

Feature Engineering and
Explainability with Vadalog: A
Recommender Systems Application




| Knowledge Graphs

COVID-19: LOCKDOWN

COVID-19 and Company Knowledge
Graphs: Assessing Golden Powers
and Economic Impact of Selective

Lockdown via Al Reasoning

Declarative AI 2020

COVID-19: TAKEOVERS

Reasoning on Company
Takeovers during the COVID-19
Crisis with Knowledge Graphs

KNOWLEDGE GRAPHS

Knowledge Graphs:
The Layered Perspective

2020 | Selected Highlights

ELIET A

SEICHIT

| | COPENHAGEN 2020

ENTERPRISE Al IN PRACTICE

Weaving Enterprise Knowledge
Graphs: The Case of Company
Ownership Graphs

Declarative AI 2020

PROBABILISTIC

Reasoning Under Uncertainty in
Knowledge Graphs

Knowledge Graphs and
Big Data Processing

Declarative AI 2020

+
Ty
.+

MONEY LAUNDERING

Rule-based Anti-Money Laundering
in Financial Intelligence Units:
Experience and Vision

Knowledge Graphs and
Big Data Processing

KG EMBEDDINGS

Reasoning in Knowledge Graphs:
An Embeddings Spotlight




| Knowledge Gr

aphs

TR CONFIDENTIALITY

Financial Data Exchange with
Statistical Confidentiality: A
Reasoning-based Approach

clarative Al 2021

TEMPORAL

Monotonic Aggregation for
Temporal Datalog

ECAl o
JOINS

Traversing Knowledge Graphs
with Good Old (and New) Joins

2021 | Selected Highlights

2020 50w rese

COMPANY CONTROL

Distributed Company Control in
Company Shareholding Graphs

l cqraﬁve Al 2021

HARMFUL JOINS

Eliminating Harmful Joins in
Warded Datalog+/-.

ECAl
HYBRID Al

Augmenting Logic-based
Knowledge Graphs: The Case of
Company Graphs

V

' cqraﬁve Al 2021

INDUSTRIAL BLOCKCHAIN

Rule-based Blockchain Knowledge
Graphs: Declarative Al for Solving
Industrial Blockchain Challenges

ECAl o2
BLOCKCHAIN VISION

Blockchains as Knowledge Graphs
- Blockchains for Knowledge
Graphs



https://www.google.com/imgres?imgurl=http%3A%2F%2Fecai2020.eu%2Fwp-content%2Fuploads%2FLogo-ECAI2020-3.png&imgrefurl=http%3A%2F%2Fecai2020.eu%2F&tbnid=o98v1qA1UR98IM&vet=12ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ..i&docid=COG-kwXvdkfE2M&w=350&h=134&itg=1&q=ecai%202020&client=firefox-b-d&ved=2ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ
https://www.google.com/imgres?imgurl=http%3A%2F%2Fecai2020.eu%2Fwp-content%2Fuploads%2FLogo-ECAI2020-3.png&imgrefurl=http%3A%2F%2Fecai2020.eu%2F&tbnid=o98v1qA1UR98IM&vet=12ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ..i&docid=COG-kwXvdkfE2M&w=350&h=134&itg=1&q=ecai%202020&client=firefox-b-d&ved=2ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ
https://www.google.com/imgres?imgurl=http%3A%2F%2Fecai2020.eu%2Fwp-content%2Fuploads%2FLogo-ECAI2020-3.png&imgrefurl=http%3A%2F%2Fecai2020.eu%2F&tbnid=o98v1qA1UR98IM&vet=12ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ..i&docid=COG-kwXvdkfE2M&w=350&h=134&itg=1&q=ecai%202020&client=firefox-b-d&ved=2ahUKEwjJ9pClpvf0AhWBvaQKHU2ICx4QMygAegUIARCgAQ

Knowledge Graphs
People and Groups

Emanuel Sallinger



| Knowledge Graphs

Prof. Dr.
Emanuel Sallinger

Knowledge
Graph Lab

University of
OXFORD Oxford




| Knowledge Graphs

m Ay Knowledge
N4 Graph Lab

Formally:

Vienna Science and Technology Fund (WWTF)

Vienna Research Group (VRG) on

Scalable Reasoning in Knowledge Graphs (VRG18-013)

Institute of =
Logic and dbal-

. Database and Artificial
Com putatl on Intelligence Group s

nformatics g




| Knowledge Graphs

Center for Al and ML
SIG Knowledge Graphs




Knowledge Graphs

Joint Knowledge
Graph Labs

POLITECNICO
ﬁ #ﬁlgDIMHANO
TN §

UNIVERSITA DEGLI STUDI

@% BANCA D'ITALIA

M EUROSISTEMA
A T

Applied Research Team

O)x FORD


https://www.google.com/imgres?imgurl=https%3A%2F%2Fwww.bankit.art%2Fassets%2Fimg%2Flogo-type.svg&imgrefurl=https%3A%2F%2Fwww.bankit.art%2F&tbnid=inPvv03a3B71CM&vet=12ahUKEwj_ovPJ2JbvAhVSs6QKHbjsAdAQMygAegQIARAw..i&docid=9d4IUuL7QOtenM&w=633&h=231&q=applied%20research%20team%20banca%20d'italia&client=firefox-b-d&ved=2ahUKEwj_ovPJ2JbvAhVSs6QKHbjsAdAQMygAegQIARAw

| Knowledge Graphs
VADA

Value-Added Data

UNIVERSITY OF

OXFORD

MANCHESTER

The University
of Manchester




| Knowledge Graphs

Banking and Finance

IR BANCA D'ITALIA

EUROSISTEMA

THE
WORLD
BANK

Logistics

BMW A
GROUP [

Manufacturing

@J?ﬂflﬁﬁ Miele
SIEMENS

... and more

bp

A y
{:} A4
«Qr
U.S. AIR FORCE

<{OD> Meltwater


https://www.google.com/url?sa=i&url=https%3A%2F%2Flogos-download.com%2F11959-us-air-force-logo-download.html&psig=AOvVaw2Dk0pZehI8uI-kYNsBuIoj&ust=1614949047494000&source=images&cd=vfe&ved=0CAMQjRxqFwoTCPjm8ZTYlu8CFQAAAAAdAAAAABAE

Knowledge Graphs

People and Group

Emanuel Sallinger



Knowledge Graphs
Motivation

Emanuel Sallinger



eeeeeeeeeeeeeee

Motivation

The technology used by Google and others

A meeting place of databases, data science
and Artificial Intelligence research

A skillset to solve fascinating problems
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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.
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Located in: Vienna University of Technology
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Phone: 01 5880119501
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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 - 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
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What are the 3 main factors to consider in determining AML risk? v
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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
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Danske Bank chairman ousted by

main shareholder after scandal
€200bn money laundering

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

‘\uml 11LidMA¢

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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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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KG Embeddings
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Graph Neural Networks

Using the KG structure
as a 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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How to update, correct
and complete a KG?
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Representations

KG Embeddings
Widely-applied, large
family of ML models

Graph Neural Networks

Using the KG structure
as a 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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Knowledge Graphs

x controls y if
x directly holds over 50% of y

First-order Logic

vx,y (own(x,y,w),w > 0.5 = control(x,y))
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Knowledge Graphs

x controls y if
x directly holds over 50% of y

Datalog

control(X,Y) :- own(X,Y,W), W > 0.5.



Knowledge Graphs

x controls y if
x directly holds over 50% of y

SQL

SELECT x,y INTO control
FROM company
WHERE w > 0.5



Knowledge Graphs

x controls y if
x directly holds over 50% of y

Relational Calculus

control = {(x,y) | own(x,y,w),w > 0.5}
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x controls y if
x directly holds over 50% of y

Relational Algebra

control = 6,95 own



Knowledge Graphs

x controls y if
x directly holds over 50% of y

Cypher (Graph DBs)

MATCH (x:Company) -[0:0WN]-> (y:Company) ]
WHERE o.w > 0.5
CREATE (x) —-[:CONTROL]-> (y)



Cypher SPARQL

Datalog >QL

First-order Logic

Relational Algebra
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Main Challenges

Recursion
unlimited graph exploration

Object Creation
exploring unknown parts of the KG



| Knowledge Graphs
transnationa
C Oversight ) » 100% ‘\g )
100% isClientOf G
/

’
supervises ,/ ( non-USD N
‘ Ctra nsnationaD/

hasAPositionAt v
1970

(Sample Bank) C City )







| Knowledge Graphs
©100%
> Owns

- 100%

Owns

Controls




| Knowledge Graphs

" 100%
> Owns

OO% ‘

Owns

o) )
u 100%




| Knowledge Graphs
- 100%

: WnS

- 100%

100%
/\ Owns Controls

OO% ‘

WHS

@




| Knowledge Graphs

- 100%

Controls



Knowledge Graphs

x controls y if
x directly holds over 50% of y, or
x controls a set S of companies that jointly control y

control(X,Y) :- own(X,Y,W), W > 0.5.
control(X,Z) :- control(X,Y), own(Y,Z,W),
V=msum(W,<Y>), V > 0.5.
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Knowledge Graphs

x controls y if
x directly holds over 50% of y, or
x controls a set S of companies that jointly control y

control(X,Y) :- own(X,Y,W), W > 0.5.
control(X,Z) :- control(X,Y), own(Y,Z,W),
V=msum(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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Knowledge Graphs

SQL

WITH RECURSIVE temp AS (
SELECT * FROM flight

UNION ALL
SELECT t.0Origin, f.Destination

FROM temp t, flight f
WHERE t.Destination = f.0rigin

)
SELECT * INTO connection FROM temp

Datalog

connection(X,Y) :- flight(X,Y, ).
connection(X,Z) :- connection(Y,Z), flight(X,Y, ).
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SQL

SELECT City INTO city FROM airport



Knowledge Graphs

IATA City

airport

VIE Vienna
LHR London
SFO San Francisco

)

city

Vienna

London

San Francisco

SQL

SELECT City INTO city FROM airport

Datalog

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



Knowledge Graphs

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

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

SELECT FROM



Knowledge Graphs

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

T T

table (or relation, edge, node, ML, etc))
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city(City) :- airport(IATA,City).

T T

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

SELECT City INTO city FRoM airport
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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 FRoM airport
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variable (not necessarily attribute name)

L Ll

city( X ) :- airport( X ,

T T

table (or relation, edge, node, ML, etc))
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‘ Knowledge Graphs

join

—

dest(D) :- flight(L,D,A), airport(L,"London").

SELECT f.Destination INTO dest
FROM flight f, airport a
WHERE f.0Origin = a.IATA AND a.City = "London"



‘ Knowledge Graphs

join

dest(D) :- flight(L,D,A), airport(L,City),
City = "London".

SELECT f.Destination INTO dest
FROM flight f, airport a
WHERE f.0Origin = a.IATA AND a.City = "London"
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Knowledge Graphs

SQL

WITH RECURSIVE temp AS (
SELECT * FROM flight

UNION ALL
SELECT t.0Origin, f.Destination

FROM temp t, flight f
WHERE t.Destination = f.0rigin

)
SELECT * INTO connection FROM temp

Datalog

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



Knowledge Graphs

Syntax of Datalog

A datalog rule is an expression of the form

Ri(x1) := Ry(x3), ..., Rp(xy).

where R; are relation names and x; are lists of variable names.

* Each variable in x; must occur in at least one of x5, ..., x,,.
* A datalog programme is a finite set of datalog rules.

m See Abitebeoul, Hull and Vianu's
M9 "Foundations of Databases” for more details



Knowledge Graphs

Semantics of Datalog

 VVarious semantics are possible:
* Model-theoretic semantics
* Fixpoint semantics
* Proof-theoretic semantics

* Important tool: The “chase” procedure

* Informally, starting with a database and applying rules to generate new
tuples.

* More than we can cover here. For the interested:

See Abitebeoul, Hull and Vianu's
"Foundations of Databases” for more details




Knowledge Graphs

Datalog

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

First-order Logic

VX,Y,U (connection(X,Y) « flight(X,Y,U))
VX,Y,Z,U connection(X,Z) < connection(Y,Z) A flight(X,Y,U)
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Logical Knowledge in KGs
Recursmn in Data\og

Prlmer 3

Emanuel Sallinger
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Ownership and Contrc
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Ownership
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(¢) Indirect ownership with a strongly connected component.
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Ownership

Definition 1. An e—Baldone path P from s to t is a path [s, pi, ..., pnt] such
that s # p; fori=1,...,n and w(P) > €, with e € R* and 0 < € < 1. We denole
the weight of an e—Baldone path as we(P).

Definition 2. The e-Baldone ownership of a company s on a company t in
a graph G is a function OS(s,t) : (N x N) — R™ U {co} defined as (s,1) —
2.p,eB. We(P;), where Be is the set of all possible e-Baldone paths from s to t.

Definition 3. The Baldone ownership (which we will also refer to as integrated

ownership) of a company s on a company t in a graph G is a function O%(s,1) :
(NXN)—> RU {0} defined as (s,1) = lime_oOc(s,1).

Ouwn(x, y,w),w > €,v = sum(w), p = [z,y] = IOwn(x, y, v, p).
[Own(x, z, w1, p1), IOwn(z, y, wo, p2), p = p1l|p2, BaldonePath(p, v, €),

v = sum(wq X wa), = I10wn(x, y, v, p).



' Control

(a) Direct control. (b) Indirect control.



Knowledge Graphs

Control

Definition 4. A company (or a person) x controls a company y, if: (i) x directly
owns more than 50% of y; or, (ii) x controls a set of companies that jointly (i.e.,
summing the shares), and possibly together with x, own more than 50% of y.

Control(x) — Control(x,x) (1)
Control(x, y), OQwrn(y, z,w),v = msum(w, {(y)),v > 0.5 — Control(x, z) (2)
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Golden Power
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Golden Power Check

Golden Power Check

Goal:

Setting:

Question:

Insight:

The general goal is checking whether an acquisition (of shares,
stocks, etc.) causes any strategic Italian company to become con-
trolled by a foreign company.

Let S be a set of strategic companies and F be a set of foreign com-
panies. Let ¢ be a transaction (e.g., an offer issued by a company
x to buy an amount s of shares of a company y), with x,y € SUF.

Decide whether ¢ causes any company in F to control a company
in S.

Consider exerting “golden power” to block ¢.



| Golden Power Check

Golden Power Check

Goal: The general goal is checking whether an acquisition (of shares,
stocks, etc.) causes any strategic [talian company to become con-
trolled by a foreign company.

Setting: Let S be a set of strategic companies and F be a set of foreign com-
panies. Let r be a transaction (e.g., an offer issued by a company
x to buy an amount s of shares of a company y), with x,y € SUF.

Question: Decide whether t causes any company in F to control a company
in S.

Insight: Consider exerting “golden power” to block f.

0.31
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‘ Knowledge Graphs

PLC(HSBC, UK, London) = Company(HSBC)



| Knowledge Graphs

Vx,z PLC(x, UK, z) - Company(x)
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Vx,y,z PLC(x,y,z) - Company(x)
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Vx,y,z PLC(x,y,z) = 3l Company(x, )
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‘ Knowledge Graphs

"Ontology Axiom” ‘Constraint’

¢ - Y

_L..J_ —

Vx,y,z 3L PLC(x,y,z) - Company(x,[)

Knowledge

Dependency “Rule” “Logical Formula”

‘Named Query”



Knowledge Graphs

SQL (PostgreSQL)

CREATE SEQUENCE locationSequence;

SELECT id, nextval(‘locationSequence’)
INTO Company FROM PLC

Company(C,L) :- PLC(X,Y,C).



‘ Knowledge Graphs

SQL: NULL

v IS [NOT] NULL

* NULL indicates an “unknown” value
* many applications (not applicable, not existent, ...)
e often misused

* NULL is different from any other value, including itself
* NULL = NULL is not true!
* to test for null, use IS [NOT] NULL
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SQL: NULL

@ Y @ AND o @ OR Y NOT ¢
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Logical Knowledge in KGs

Warded and Vadalog

Emanuel Sallinger
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‘ Knowledge Graphs
Language Requirements

1. Recursive Reasoning:
Full support of recursive Datalog

2. Ontological Reasoning:
Expressive power of SPARQL and OWL 2QL

3. Tractable Reasoning: polynomial time,
sub-fragments that are fully parallelizable
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Dangerous

~
Emp(x) - 3z Mgr(x,z) Maqgr(x,y) A Pers(x) - Emp(y)

Ward

1. all the “dangerous” variables should coexist in a single
body-atom a, called the ward
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Ward

1. all the “dangerous” variables should coexist in a single
body-atom a, called the ward

2. the ward can share only "harmless” variables with the
rest of the body
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‘ Knowledge Graphs

Harmless

H
Emp(x) - 3z Mgr(x,z) Maqgr(x,y) A Pers(x) - Emp(y)

Ward

1. all the “dangerous” variables should coexist in a single
body-atom a, called the ward

2. the ward can share only "harmless” variables with the
rest of the body

Warded Dependencies

218
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Main Challenges

Recursion
unlimited graph exploration

Object Creation
exploring unknown parts of the KG
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Knowledge Graphs

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



Knowledge Graphs

flight("VIE","LHR","BA").
flight("LHR","SFO", "BA").
flight ("LGW", "OAK","DI").
flight("BUD","VIE","0S").

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



Knowledge Graphs

flight("VIE","LHR","BA").
flight("LHR","SFO", "BA").
flight ("LGW", "OAK","DI").
flight("BUD","VIE","0S").

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

@output("connection").



Knowledge Graphs

Binding

@input("flight ").
@bind("flight","postgres”, "mw_kg4","eflight").



Knowledge Graphs

Binding

@input("flight ").
@bind("flight","postgres”, "mw_kg4","eflight").

@bind("atomName","data source",

"outer container","inner container").



Knowledge Graphs

Query Binding

@gbind("flight", "postgres”,"mw_kg db6",
"select O,D,F from TestTable
where k _id between 394823 and 4458773").



Knowledge Graphs

Query Binding

@gbind("flight", "postgres”,"mw_kg db6",
"select O,D,F from TestTable
where k _id between 394823 and 4458773").

@gbind("atomName", "data source",

"outer container","query").



Knowledge Graphs

Query Binding

@gbind("flight", "mw_graph_db7",
"MATCH (a)-[o:Carrier]->(b)
RETURN a,b,o.Carrier").



Knowledge Graphs

In- and Output Binding

flightOnly(X,Y) :- flight(X,Y,Z).

@input("flight ").
@blnd("fllght" "CSV" Il/d2ll Ilsl CSVII)

@output("flightOnly").
@bind("flightOnly","csv","/d3","result.csv").
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Operators (Example)

a("meltwater").
b("san francisco").

q(yY,J) :- a(X), b(Y), J = substring(X,5,9).

@output("qgq").

g("water","san francisco").



Knowledge Graphs

Operators (Example)

balanceItem("loans",23.0).
balanceltem("deposits",20.0).

operations(Q,Z,A) :-
balanceltem(I1,X), balanceltem(I2,Y),
I1="loans", I2="deposits", Z=X+Y, A=(X+Y)/2.

@output("operations").

operations(z1,43,21.5).



Aggregation

s(1.0,"a"). s(2.0,"a"). s(3.0,"a").
s(4.0,"b"). s(3.0,"b").

£(J,Y) :- s(X,Y), J = sum(X).

@output("f").

f(6.0,"a"
f(7.0,"b"

C Q
~
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Knowledge Graphs

Conglomerates

Definition 5. The undirected e-Baldone ownership of a company s on a com-
pany t in a graph G is a function UC(s,t) : maz{OC(s,t), 0C(t,s)}.

Definition 6. The binary relation vicinity (VGG holds between two companies x
and y of a graph G (and we say — they are close —), if: (i) UZ(x,y) > 0; or,
(ii) there exists a third party z of G such that UC(z,x) > 0 and UE(z,y) > 0.

Definition 7. An e-conglomerate is an equivalence class of VXC, where + de-
notes the transitive closure of the vicinity relation defined on a graph G.
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Conglomerates

O(a,b,x), x >¢€ — Ua,b,x), Ub,a, x)
Ua, b, x),a > b — 3z ((z,a), C(z, b)
Uw,a, x), Uw, b, x) — 3z Uz, a), Uz, b)
Company(a) — 3z ((z, a)

Uy, a), Ux,a) > x =y

O =

W

Y N e N s N
U )
s N S S N
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Conglomerates

O(a,b,x), x >¢€ — Ua,b,x), Ub,a, x)
Ua, b, x),a > b — 3z ((z,a), C(z, b)
Uw,a, x), Uw, b, x) — 3z Uz, a), Uz, b)
Companyla) — 4z C(z,a)

Uy, a), Ux,a) > x =y
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Considering Collusion

Collusion Golden Power Check

Goal:

Setting:

Question:

Insight:

The goal is checking whether an acquisition (of shares, stocks, etc.)
causes any strategic Italian company to be possibly controlled by
a set of foreign companies acting in collusion.

Let S be a set of strategic companies and F be a set of foreign com-
panies. Let r be a transaction (e.g., an offer issued by a company
x to buy an amount s of shares of a company y), with x,y € SUF.

Decide whether ¢ causes F to jointly control a company in §.

Consider the possibility to exert Golden Powers to block r.
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Collusion Golden Power Check

Goal:

Setting:

Question:

Insight:

The goal is checking whether an acquisition (of shares, stocks, etc.)
causes any strategic Italian company to be possibly controlled by
a set of foreign companies acting in collusion.

Let S be a set of strategic companies and F be a set of foreign com-
panies. Let ¢ be a transaction (e.g., an offer issued by a company
x to buy an amount s of shares of a company y), with x,y € SUF.

Decide whether t causes F to jointly control a company in S.

Consider the possibility to exert Golden Powers to block t.

Considering Collusion

0.31




' Considering Collusion

. 051 0.31
‘

§
3

F(x), F(y) — Control(x, y)

@ > —(8) T(x, y,w) = Own(x, y,w)
Control(x, y) — Control(x, x)

Control(x, y), Own(y, z, w),v = msum(w, (y)),v > 0.5 — Control(x, z)
F(x), S(v), Control(x, y) = CGPCheck(x, y)



' Considering Collusion

. 051 0.31
‘

3
o

5 F(x), F(y) — Control(x, y)

@ > —(8) T(x, y,w) = Own(x, y,w)
Control(x, y) — Control(x, x)

Control(x, y), Own(y, z, w),v = msum(w, (y)),v > 0.5 — Control(x, z)

F(x), S(v), Control(x, y) —» CGPCheck(x, y)

(1)
(2)

o

e Y
5] BTN
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Knowledge Graphs

“Enterprise Knowledge Graphs must be
deployed into a Knowledge Graph Management System,

a middleware that:

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs”

2

Bellomarini, Fakhoury, Gottlob, Sallinger.
Knowledge Graphs and Enterprise Al: The Promise of an Enabling Technology.

ICDE 2019.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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Source: Bellomarini, Fakhoury, Gottlob, Sallinger. Knowledge Graphs and Enterprise Al: The Promise of an Enabling Technology. ICDE 2019.



‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);

3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);

3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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‘ Knowledge Graphs

1. provides a language and a formalism
for representation of and reasoning on KGs
2. can access a rich set of data sources (including big data);
3. can embed procedural and third-party code
4. provides reasoning services via a rich set of APIs.
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Vadalog

1. Recursive Reasoning:
Full support of recursive Datalog

2. Ontological Reasoning:
Expressive power of SPARQL and OWL 2 QL

3. Scalable Reasoning: polynomial time,
sub-fragments that are fully parallelizable
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Bellomarini, Sallinger, Gottlob.
The Vadalog System: Datalog-based Reasoning for Knowledge Graphs.
VLDB, 2018.
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1 : Company(x) — Jpds Owns(p, s,z

2 : Owns(p, §, x) — Stock(x, §

3 : Owns(p, §,z) — PSC(x, p

4 : PSC(z, p), Controls(x,y) — Is Owns(p, s,y
5: PSC(x,p), PSC(y,p) — StrongLink(z,y

iy

Y
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6 : StrongLink(z,y) — Jdpds Owns(p, s,
7 : StrongLink(x,y) — Jpds Owns(p, S,
8 : Stock(z, $) — Company(z
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Controls(HSBC, HSB), Controls(HSB, IBA)} Controls(HSBC,HSB) Controls(HSB,IBA)
Company(HSBC)
l ------- > OwnS(pl,Sz,HSB) g OwnS(pl,S3,H3A)

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p))

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSBC, s;) PSC(HSBC,p,) j

|
Company(HSBC) Company(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

/\ /\

OWHS(pz,S4,HSBC) OwnS(p3,S5,HSB) OWnS(p4,S6,HSB) OWHS(pS,S7,IBA)



| Knowledge Graphs

1 : Company(x) — dp3s Owns(p, s, x

2 : Owns(p, §, ) — Stock(z, §

3 : Owns(p, §,z) — PSC(x, p

4 : PSC(x,p), Controls(zx,y) — Is Owns(p, §,y
5: PSC(x,p), PSC(y,p) — StrongLink(z,y

iy

Y

)

6 : StrongLink(z,y) — Jdpds Owns(p, s,
7 : StrongLink(x,y) — Jpds Owns(p, S,
8 : Stock(z, $) — Company(z

D = {Company(HSBC), Company (HSB), Company(IBA),

Controls(HSBC, HSB), Controls(HSB, IBA) } COHU'OIS(HSBC,HSB) COIltI'OlS(HSB,IBA)
Company(HSBC)
l ------- > OWI]S(pl,Sz,HSB) g OwnS(pl,S3,H3A)

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p))

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSBC, s;) PSC(HSBC,p,) j

|
Company(HSBC) Company(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

/\ /\

OWHS(pz,S4,HSBC) OwnS(p3,S5,HSB) OWnS(p4,S6,HSB) OWHS(pS,S7,IBA)



| Knowledge Graphs

1 : Company(x) — dp3s Owns(p, s, x

2 : Owns(p, §, ) — Stock(z, §

3 : Owns(p, §,z) — PSC(x, p

4 : PSC(x,p), Controls(zx,y) — Is Owns(p, §,y
5: PSC(x,p), PSC(y,p) — StrongLink(z,y

iy

Y

)

6 : StrongLink(z,y) — Jdpds Owns(p, s,
7 : StrongLink(x,y) — Jpds Owns(p, S,
8 : Stock(z, $) — Company(z

{Company(HSBC), Company(HSB), Company (IBA),
Controls(HSBC, HSB), Controls(HSB, IBA) } Controls(HSBC HSB) COIltI'OlS(HSB IBA)

VL QIL Y\ LN

l ------- > OWI]S(pl,Sz,HSB) g OwnS(pl,S3,H3A)

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA, s;) PSC(IBA,p,)
Stock(HSBC, s;) PSC(HSBC,p,) j

|
Company(HSBC) Company(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

/\ /\

OWHS(pz,S4,HSBC) OwnS(p3,S5,HSB) OWnS(p4,S6,HSB) OWHS(pS,S7,IBA)
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1 : Company(x) — dp3s Owns(p, s, x

2 : Owns(p, §, ) — Stock(z, §

3 : Owns(p, §,z) — PSC(x, p

4 : PSC(x,p), Controls(zx,y) — Is Owns(p, §,y
5: PSC(x,p), PSC(y,p) — StrongLink(z,y

iy

Y

)

6 : StrongLink(z,y) — Jdpds Owns(p, s,
7 : StrongLink(x,y) — Jpds Owns(p, S,
8 : Stock(z, $) — Company(z

D = {Company(HSBC), Company (HSB), Company(IBA),

Controls(HSBC, HSB), Controls(HSB, IBA) } Coantrald HSRC UIR) Contrala HIR TRAN
Company(HSBC)
l ....... o Owns(pDSZ’HSB) - e OWIIS(pl,S3,H3A)

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p))

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSBC, s;) PSC(HSBC,p,) j

Company(HSBQC) Companv(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

/\ /\

OWHS(pz,S4,HSBC) OwnS(p3,S5,HSB) OWnS(p4,S6,HSB) OWHS(pS,S7,IBA)
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Dangerous

~
Emp(x) - 3z Mgr(x,z) Maqgr(x,y) A Pers(x) - Emp(y)

Ward

1. all the “dangerous” variables should coexist in a single
body-atom a, called the ward



| Knowledge Graphs

1 : Company(x) — dp3s Owns(p, s, x

2 : Owns(p, §, ) — Stock(z, §

3 : Owns(p, §,z) — PSC(x, p

4 : PSC(x,p), Controls(zx,y) — Is Owns(p, §,y
5: PSC(x,p), PSC(y,p) — StrongLink(z,y

iy

Y

)

6 : StrongLink(z,y) — Jdpds Owns(p, s,
7 : StrongLink(x,y) — Jpds Owns(p, S,
8 : Stock(z, $) — Company(z

D = {Company(HSBC), Company (HSB), Company(IBA),

Controls(HSBC, HSB), Controls(HSB, IBA) } Coantrald HSRC UIR) Contrala HIR TRAN
Company(HSBC)
l ....... o Owns(pDSZ’HSB) - e OWIIS(pl,S3,H3A)

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p))

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSBC, s;) PSC(HSBC,p,) j

Company(HSBQC) Companv(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

/\ /\

OWHS(pz,S4,HSBC) OwnS(p3,S5,HSB) OWnS(p4,S6,HSB) OWHS(pS,S7,IBA)
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Theorem

Let a and b be two facts in a warded forest. If they are isomorphic, then
subtree(a) is isomorphic to subtree(b).

Controls(HSBC,HSB) Controls(HSB,IBA)
Company(HSBC)

l ------- > Owns(p;,5,,HSB) | - - = Owns(p,,s5,]BA)

Owns(pl,sl,HSBC)E / \ : / \
O\,

Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p))
Stock(HSBC, s;) PSC(HSBC,p;) \

Company(HSBC) Company(HSB) Company(IBA)

StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

Owns(p,,84,HSBC) Owns(p;,s5,HSB)  Owns(ps,86,HSB) Owns(ps,s;,IBA)



Knowledge Graphs

Theorem

Let a and b be two facts in a warded forest. If they are isomorphic, then
subtree(a) is isomorphic to subtree(b).

Controls(HSBC,HSB) Controls(HSB,IBA)
Company(HSBC)

[ * Owns(p;,55,HSB) | - -~ Owns(p,,s;,IBA)

|
Ovwns(py,51.HSBC) ! / \ : / \
O\

| Stock(HSB, s,) PSC(HSB,p,) Stock(IBA,s;) PSC(IBA,p;)
1
Stock(HSBC, s;) PSC(HSBC,p;)

Company(HSBC) Company(HSB) Company(IBA)
StrongLink(HSBC,HSB) StrongLink(HSB,IBA)

Owns(p,,54,HSBC) Owns(p;,55,HSB)  Owns(p,,s6,HSB) Owns(ps,s;,IBA)

Theorem

Let a and b be two facts in the chase graph of a set of harmless warded

rules. If a and b are isomorphic, then subgraph(a) is isomorphic to
subgraph(b).
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Proposition

Let a and b be two facts in a linear forest. If they are pattern-isomorphic,
then subtree(a) is pattern-isomorphic to subtree(b).

Company(c,) Owns(Vy,Vy,¢)

l / \ Controls(c,, ¢,)

Owns(vy,v,, ;) Stock(c,, v5) PSC(c,,vy)

/ \ SiIongLink(cl,Cz)

Stock(c,, v;) PSC(c,,v,) Company(c,)
l ¥ Owns(vy,v,,¢)) Owns(v3,v4,C,)

Owns(v3,v4,Cy)

Company(c,)
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Algorithm 1 Termination strategy for the chase step.

function CHECK_TERMINATION(a)

l:

2 if a.generating_rule == {LINEAR or WARDED} then

3 if A\ € S[w(a.l_root)] s.t. A C a.provenance then

4: return false > beyond a stop provenance
5: else if 9\ € S[w(a.l_root)] s.t. a.provenance C A then

6 return true > within a stop provenance
7 else > continue exploration
8 if g in G[a.w_root] s.t. a isomorphic to g then

9: S[m(a.l_root)]=a.provenance
10: return false > isomorphism found
11: else
12: G[a.w_root].append(a)
13: return true > isomorphism not found
14: else if a ¢ G then > other non-linear generating rules
15: G[a.w_root].append(a) > and reset provenance
16: return true
17: else > the new tree is redundant
18: return false

Algorithm 2 A generic chase using the termination strategy.

I: function CHASE(D, X))

2 for all o € ¥ and x to which o applies do
3: if CHECK_TERMINATION(c(x)) then
4 D =DU{o(x)}
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B

BANCA D'ITALIA

Ongoing work on the reference historical KG for all Italian companies, including:

« 6 million companies

« 10 million people * 50+ million nodes
« 30 million ownerships « 100+ million edges
« 20 million roles (e.g. managers) « 1+ billion properties

« 200k company events (like M&A)

plus, adding derived extensional knowledge:

« company control
« family links between people
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e Probability that a borrower company will not default on its debt obligations

Credit DB

Company Total Debts Avg Debtto Rating
name Income
Ratio

AP TooD> 0 0.28 A

ACME 50k 0.46 B

Big S 20k 089
AP Tooling > 0 0.10 A

LOAN DENIED

AP Tool asks for 1M loan, with AP Tooling as guarantor
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Owns(0.7)

AP
Tooling

Owns(0.7)

AP Tool

Owns(1.0) Owns(1.0)
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Owns(0.7)

AP
Tooling

Owns(0.7)

AP Tool

Owns(1.0) Owns(1.0)



Knowledge Graphs

Company Graphs

We build graphs of company networks, to:

1. reveal power 3. evaluate and guarantee anonymity of

1. finding controllers microdata

2. studying the structure of market

3. studying dispersion of control 4. evaluate risks

4. global shareholding analysis 5. model propagations (e.g., of shocks)

5. intercept and prevent hostile 6. guarantee compliance

takeovers 7. perform enhanced due diligence
8. understand foreign shareholder structures

2. detect collusion and do forensics 9. know real cash flows

1. support AML
2. detecting ultimate beneficial owners
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DatalogMTL

Temporal Operators
=

flags(x,z) :- monitors(x,z), [0,5]&,3] signal(z).

[ ]

Intervals

Hidden Time
monitors(“Server1”,"SSH")@[0,0). Information

signal("SSH")@[2,2].
signal("SSH") @4.
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DatalogMTL

Temporal Operators
=

flags(x,z) :- monitors(x,z), [0,5]&,3] signal(z).

[ ]

Intervals
HiddenTi.me
monitors(“Server1”"SSH")@[0,00). Information
signal("SSH" @[2,2].
signal(“SSH") @4.
S S
—
0 1 2 3 il 5 6 7 8



DatalogMTL — Intervals g

o of form <t1,t2>, where t1in Q3° t2 inQ3° U {0}
[t1,t2], only if t2 # oo |

[t1,t2)

e (t1,12], only if t2 # oo

(t2,12)
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DatalogMTL — Rules

B*—Alj...,An

A:=T|L|P(7) |B,A|8,A| ®,A|©,A| AU,A| AS,A
B:=T|L|P(r)|m,A|B8,A
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DatalogMTL — Temporal Operators

P Q Q S5 P
| 2 | N
| | | |
1 3 4
| i | e“ﬁ] i
| | | |
1 3 4
P
~ - ~ 1,31 P
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Consistency Checking - Data Complexity

Rational Timeline Integer Timeline
First-order | Prop. | First-order Prop.
DatalogMTL PSpace-c
DatalogMTLy;, PSpace-c
DatalogMTL e NL-h NCL_
DatalogMTL;,_ Phard PSpace-c
DatalogMTLZ. . NC*-h
DatalogMTL. NL-c NL-c
DatalogMTLY,, . TC"-c in ACY[k] for k € N, not in AC"

Core:B:-Aor L:-A; AA, Linear: At most one A;isIDBor L :-A; AA,
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Getting Al to Reason: Using Neuro-
' Symbolic AI for Knowledge-Based

December 4, 2020 | Written by: Salim Roukos, Alex Gray, and Pavan Kapanipathi
Categorized: AI | Neuro-symbolic AI | Neuro-symbolic AI

Share this post:

EH in ¥

Language is what makes us human. Asking questions is how we learn.

Building on the foundations of deep learning and symbolic AI, we have developed technology that can answer complex questions
with minimal domain-specific training. Initial results are very encouraging — the system outperforms current state-of-the-art

techniques on two prominent datasets with no need for specialized end-to-end training.

Read more on IBM Research’s efforts in neuro-symbolic ‘common sense’ AI here

Source: https://www.ibm.com/blogs/research/2020/12/ai-neurosymbolic-common-sense/

<||I


https://www.google.com/search?q=ibm&client=firefox-b-d&tbm=isch&source=iu&ictx=1&fir=mG9Ctx6rkjZXRM%252Ccz89lLU9HDLmpM%252C%252Fm%252F03sc8&vet=1&usg=AI4_-kSBLI39u771i639lNePxPm_a1dKEA&sa=X&ved=2ahUKEwj-qoGx7oLwAhVioFwKHSM7CjYQ_B16BAhaEAI#imgrc=mG9Ctx6rkjZXRM
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Samsung Research ABOUTUS  RESEARCHINSIGHTS  GLOBALR&D NETWORKS NEWS&EVENTS  CAREERS  CULTURE

Samsung Research

"When deep learning meets logic": a three days virtual workshop on neural-
symbolic integration sponsored by Samsung Research

on January15,2021 ( c(g )

The effort to integrate logic with deep learning has intensified in recent years and has the potential to give rise to a new
computational paradigm in which symbolic knowledge is used to assist deep learning systems or extend their capabilities,
while offering, at the same time, a path towards the grounding of symbols and the induction of knowledge from low-level
sensory data.

The synergy of these two different worlds is the topic of the workshop “When deep learning meets logic” which will take place
online from February 15 to 17th, 2021. This workshop aims at the following: (i) present the applications that are enabled by this
computational paradigm; (ii) explore the state-of-the-art and understand its level of maturity and adoption by the industrial
sector; in particular, techniques and theory developed from both the deep learning and the logic communities will be
presented; and (iii) identify some of the big questions that are open in this area and single out problems that require further
investigation.

Source: https://research.samsung.com/news/-When-deep-learning-meets-logic-a-three-
days-virtual-workshop-on-neural-symbolic-integration-sponsored-by-Samsung-Research


https://www.google.com/search?q=samsung&client=firefox-b-d&tbm=isch&source=iu&ictx=1&fir=MC58Nyc5ECx6DM%252CQ6ZGEvHyYpmX3M%252C%252Fm%252F04zjj11&vet=1&usg=AI4_-kTM0SW2fdMgDNRCyIpIGXzWpchanQ&sa=X&ved=2ahUKEwiHrqas7oLwAhUBx4sKHUx_BmIQ_B16BAg8EAE#imgrc=MC58Nyc5ECx6DM

| Knowledge Graphs
' EMERGING TECH

Neuro-symbolic ALl is the future of
artificial intelligence. Here's how it
works

By Luke Dormehl
January 5,2020

Picture a tray. On the tray is an assortment of shapes: Some cubes, others
spheres. The shapes are made from a variety of different materials and represent

an assortment of sizes. In total there are, perhaps, eight objects. My question:
“Looking at the objects, are there an equal number of large things and metal
spheres?”

Source: https://www.digitaltrends.com/cool-tech/neuro-symbolic-ai-the-future/
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Data Models : .
Overview of data models Py 4
in different communities ,/
4
4
,/
,/ Logical Knowledge in KGs
Highly expressive, diverse
family of logical models.
n
[
]
I -
[
Graph Neural Networks KG Embeddings
Using the KG structure Widely-applied, large

as a neural network. family of ML models
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Logical Knowledge Graph
Knowledge Embeddings
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Graph Neural
Networks
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"Explainable Al”

Graph Neural
Networks

Logical
Knowledge

Knowledge Graph
Embeddings
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