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Graphs vs. Vectors

* Data Science tools for prediction etc. FeGelOD
— Python, Weka, R, RapidMiner, ... Cemmmm
— Algorithms that work on vectors, not graphs o2

* Bridges built over the past years:

— FeGeLOD (Weka, 2012), RapidMiner LOD Extension (2015),
Python KG Extension (2021 )
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Graphs vs. Vectors

* Transformation strategies (aka propositionalization)
— e.g., types: type horror_movie=true
— e.g., data values: year=2011
— e.g., aggregates: nominations=7
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Graphs vs. Vectors
e

« Observations with simple propositionalization strategies FeGelLOD

eration from Linked Open Data

— Even simple features (e.g., add all numbers and types)
can help on many problems o

o
— More sophisticated features often bring additional improvements &%
* Combinations of relations and individuals
— e.g., movies directed by Steven Spielberg

* Combinations of relations and types kgextension
— e.g., movies directed by Oscar-winning directors

— But
* The search space is enormous!
* Generate first, filter later does not scale well
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Towards RDF2vec
e

* Excursion: word embeddings
— word2vec proposed by Mikolov et al. (2013)
— predict a word from its context or vice versa

* Idea: similar words appear in similar contexts, like

— Jobs, Wozniak, and Wayne founded Apple Computer Company in April
1976

— Google was officially founded as a company in January 2006
— usually trained on large text corpora
* projection layer: embedding vectors

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

w (t-2) w (t-2)
SUM
w (t-1) w(t-1)
w(t) w (t)

w(t+1) w (t+1)

w (t+2) w (t+2)
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From Word Embeddings to Graph Embeddings
-

 Basic idea:

— extract random walks from an RDF graph:
Mulholland Dr. — %" David Lynch —"ationalty g
— feed walks into word2vec algorithm

* Order of magnitude (e.g., DBpedia)
— ~6M entities (“words”)
— start up to 500 random walks per entity, length up to 8
— corpus of >20B tokens
* Result:
— entity embeddings
— most often outperform other propositionalization techniques
— fixed number of features

Ristoski and Paulheim (2016): RDF2vec: RDF graph embeddings for data mining
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The End of Petar’s PhD Journey...
e

* ...and the beginning of the RDF2vec adventure
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Why does RDF2vec Work?
-

* Example: PCA plot of an excerpt of a cities classification problem

— From cities classification task in the embedding evaluation framework by
Pellegrino et al.
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Why does RDF2vec Work?
-

* In downstream machine learning, we usually want class separation
— to make the life of the classifier as easy as possible

* Class separation means

— Similar entities (i.e., same class) are projected
closely to each other

— Dissimilar entities (i.e., different classes) are projected
far away from each other
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Why does RDF2vec Work?
-

* Observation: close projection of similar entities
— Usage example: content-based recommender system based on k-NN
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Ristoski and Paulheim (2016): RDF2vec: RDF
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Close Projection of Similar Entities

* What does similar mean?
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Similarity vs. Relatedness

* Closest 10 entities to Angela Merkel in different vector spaces

RDF2vec TransE-L1 TransE-L2 TransR
Joachim Gauck Gerhard Schroder Gerhard Schroder Sigmar Gabriel
Norbert Lammert James Buchanan Helmut Kohl Frank-Walter Steinmeier

Stanislaw Tillich
Andreas VoBkuhle

Berlin

German language
Germany
federalState

Social Democratic Party

Neil Kinnock
Nicolas Sarkozy
Joachim Gauck
Jacques Chirac
Jiirgen Trittin
Sigmar Gabriel

Guido Westerwelle

Konrad Adenaver
Helmut Schmidt
Werner Faymann
Alfred Gusenbauer
Kurt Georg Kiesinger
Philipp Scheidemann
Ludwig Erhard

Philipp Rosler
Gerhard Schréder
Joachim Gauck
Christian Wulff
Guido Westerwelle
Helmut Kohl

Jiirgen Trittin

deputy Christian Wulff Wilhelm Marx Jens Bohrnsen
RotatE DistMult RESCAL ComplEx

Pontine raphe nucleus Gerhard Schroder Gerhard Schroder Gerhard Schroder
Jonathan W. Bailey Milan Truban Kurt Georg Kiesinger Didna Mészdros
Zokwang Trading Maud Cuney Hare Helmut Kohl Francis M. Bator
Steven Hill Tristan Matthiae Annemarie Huber-Hotz | William B. Bridges
Chad Kreuter Gerda Hasselfeldt Wang Zhaoguo Mette Vestergaard
Fred Hibbard Faustino Sainz Mufioz | Franz Vranitzky Ivan Rosengvist

Mallory Ervin

Paulinho Kobayashi

Fullmetal Alchemist and the Broken Angel
Archbishop Dorotheus of Athens

Joachim Gauck
Carsten Linnemann
Norbert Blim

Neil Hood

Bogdan Klich
Irsen Kiiciik
Helmut Schmidt
Mao Zedong

Edward Clouston
Antonio Capuzzi
Steven J. McAuliffe

Jenkin Coles

Portisch et al. (2022): Knowledge Graph Embedding for Data Mining vs. Knowledge Graph Embedding for
Link Prediction - Two Sides of the Same Coin?
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Back to Class Separation
e

* What is a class?

— e.g., cities per se

— e.g., cities in France

— e.g., cities in France above 250k inhabitants
* Or something different, such as

— e.g., everything located in Strasbourg

— e.g., everything Strasbourg is known for
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Back to Class Separation
e

* Observation: there are different kinds of classes:
— Classes of objects of the same category (e.g., cities)
— those are similar

— Classes of objects of different categories (e.g., buildings, dishes,
organizations, persons)

— those are related
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Intermediate Observation
e

In most vector spaces of link prediction embeddings (TransE etc.):

proximity ~ similarity

In RDF2vec embedding space:

proximity ~ a mix of similarity and relatedness

RDF2vec TransE-L1 TransE-L2 TransR
Joachim Gauck Gerhard Schrider Gerhard Schrider Sigmar Gabriel
Norbert Lammert James Buchanan Helmut Kohl Frank-Walter Steinmeier

Stanislaw Tillich
Andreas VoBkuhle
Berlin

German language
Germany

federal State

Social Democratic Party

Neil Kinnock
Nicolas Sarkozy
Joachim Gauck
Jacques Chirac
Jiirgen Trittin
Sigmar Gabriel

Guido Westerwelle

Konrad Adenauer
Helmut Schmidt
Werner Faymann
Alfred Gusenbauer
Kurt Georg Kiesinger
Philipp Scheidemann
Ludwig Erhard

Philipp Résler
Gerhard Schrider
Joachim Gauck
Christian Wulff
Guido Westerwelle
Helmut Kohl

Jiirgen Trittin

deputy Christian Wulff Wilhelm Marx Jens Bohrnsen
RotatE DistMult RESCAL ComplEx

Pontine raphe nucleus Gerhard Schroder Gerhard Schroder Gerhard Schroder
Jonathan W. Bailey Milan Truban Kurt Georg Kiesinger Diana Mészdros

Zokwang Trading

Steven Hill

Chad Kreuter

Fred Hibbard

Mallory Ervin

Paulinho Kobayashi

Fullmetal Alchemist and the Broken Angel
Archbishop Dorotheus of Athens

Maud Cuney Hare
Tristan Matthiac
Gerda Hasselfeldt
Faustino Sainz Mufioz
Joachim Gauck
Carsten Linnemann
Norbert Blim

Neil Hood

Helmut Kohl
Annemaric Huber-Hotz
Wang Zhaoguo

Franz Vranitzky
Bogdan Klich

Irsen Kiiciik

Helmut Schmidt

Mao Zedong

Francis M. Bator
William B. Bridges
Mette Vestergaard
Ivan Rosenqvist
Edward Clouston
Antonio Capuzzi
Steven J. McAuliffe
Jenkin Coles
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So... why does RDF2vec Work Then?
e

* Recap: downstream ML algorithms need class separation
— but RDF2vec groups items by similarity and relatedness

* Why is RDF2vec still so good at classification?
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Example

* |t depends on the classification problem at hand!

— Cities vs. countries
— Places in Europe vs. places in Asia
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So... why does RDF2vec Work Then?
e

* Many downstream classification tasks are homogeneous
— e.g., classifying cities in different subclasses

* For homogeneous entities:
— relatedness provides finer-grained distinctions
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Similarity vs. Relatedness
-

* Recap word embeddings:

— Jobs, Wozniak, and Wayne founded Apple Computer Company in April
1976

— Google was officially founded as a company in January 2006
* Graph walks:
— Hamburg — country — Germany — leader — Angela_Merkel
— Germany — leader — Angela_Merkel — birthPlace — Hamburg
— Hamburg — leader — Peter_Tschentscher — residence — Hamburg

~ leader ~ _country
Angela_Merke I<5 \5 aHamburg - __Peter_Tschentscher
Germany country ;{ leader ’Q
wEﬂthPlaciei/ regidénce
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Order-Aware

RDF2vec

* Using an order-aware variant of word2vec

* Experimental results:
— order-aware RDF2vec most often outperforms classic RDF2vec

— a bit more computation heavy, but still scales to DBpedia etc.

CWINDOW Structured Skip-Ngram
input projection output input projection output
W > O. W
W1 - ®) W-1
> Wo Wo >
Wi > Wi
W2 g oY | we
Figure 2: Illustration of the Structured Skip-gram and

Continuous Window (CWindow) models.

Ling et al. (2015): Two/Too Simple Adaptations of Word2Vec for Syntax Problems.
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Similarity vs. Relatedness
e

* Exploiting different notions of proximity
— Use case: table interpretation (a special case of entity disambiguation)

Country Name Capital Currency Official Language Head of Government
Afghanistan bl A fmbomi Pmmi Rnmninm: Donbis * Achraf Ghani
related
Albania irane Lek Albanian _.wnie Minister — Edi Rama
. . ) Arabic; Tamazight; Prime Minister — Abdelaziz
Algeria lgiers Dinar i
French Djerad
Prime Minister - Xavier
Andorra ndorra la Vella Euro Catalan
n Espot Zamora
Angola 3 uanda New Kwanza Portuguese President — Jodo Lourengo
Antigua and 9)1 . . . . Prime Minister — Gaston
aint John's East Caribbean dollar | English
Barbuda Browne
. ) . President — Alberto
Argentina uenos Aires Peso Spanish ]
Ferndndez
. . President — Armen
Armenia ‘revan Dram Armenian
Sarksyan
. ) . Prime Minister — Scott
Australia Canberra Australian dollar English

Morrison
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Similarity vs. Relatedness in Graph Walks
-

* Which parts of a walk denote what?
— Hamburg — country — Germany — leader — Angela_Merkel
— Germany — leader — Angela_Merkel — birthPlace — Hamburg
— Hamburg — leader — Peter_Tschentscher — residence — Hamburg
— California — leader — Gavin_Newsom — birthPlace — San_Francisco

* Common predicates (leader, birthPlace)
— Similar entities

* Common entities (Hamburg)
— Related entities
— For same-class entities: similar entities!

Portisch and Paulheim (ESWC 2022): Walk this Way! Entity Walks and Property Walks for RDF2vec.

07/17/23 Heiko Paulheim 22




Similarity vs. Relatedness in Graph Walks
-

* Given that observation:
— Common predicates (leader, birthPlace)
* Similar classes
— Common entities (Hamburg)
* Related entities
* For same-class entities: similar entities!

* ...we should be able to learn tailored embeddings
— using walks of predicates — embedding space encodes similarity
— using walks of entities — embedding space encodes relatedness

Portisch and Paulheim (ESWC 2022): Walk this Way! Entity Walks and Property Walks for RDF2vec.

07/17/23 Heiko Paulheim 23




Similarity vs. Relatedness in Graph Walks
-

* Classic RDF2vec walks:
— Germany — leader — Angela_Merkel — birthPlace — Hamburg

* p-walk (predicates only except for focus entity)
— country — leader — Angela_Merkel — birthPlace — mayor

* e-walk (entities only)
— Berlin — Germany — Angela_Merkel — Hamburg — Elbphilharmonie

Portisch and Paulheim (ESWC 2022): Walk this Way! Entity Walks and Property Walks for RDF2vec.

07/17/23 Heiko Paulheim 24




The RDF2vec Zoo
e

* We now have an entire zoo of RDF2vec variants
- SGvs. CBOW
— Order-aware vs. unordered (“classic”)
— Classic walks vs. e-walks vs. p-walks

07/17/23 Heiko Paulheim




The RDF2vec Zoo — Preliminary Evaluation
-

Table 1. Result of the 12 RDF2vec variants on 20 tasks. The best score for each task is printed in bold. The first four columns use
classic RDF2vec walks, while variants using e-walks and p-walks are marked with e and p, respectively. The suffix ,, marks the ordered
variant of RDF2vec.

Task Metric  Dataset || sz Sgoa_ chow chowoa| € sg e sgon e chow e chowos| P sg D sgoa p cbow p chow,,

Cl: 0.706 0.713 0F 0.717 0.703 0.600 | 0564 0.623 0551 0.612
0.818 0803 0.725 0 677 0501 0.707
0.623 0.605 0.575 0.600 610 0560  0.578
: ums || 0.586 0585 0.536 0.532 632 0560 0.667
Metacritic Movies || 0.726 0.716 0.549 0.626 | 0. 660 0535  0.663
Clustering ~ ACC Citiea and 0.789  0.900 0.520 0.917 |0.726 0.726 0.668 0.660 |0.605 0520 0.637 0.733
Countries (2k)
Cities and Countries|| 0.587 0.760 0.783 0.720 | 0.749 0.766 0.820 0.745 |0.687 0.782 0.787 0.728
Cities, Albums
Movies, AAUP, 0.820 0.854 0.547 0.652 |0.759 0.828 0.557 0.719 |0.508 0.798 0.663 0.748
Forbes
Teams 0.009 0.931 0940 0925 |0.889 0926 0916 0.931 |0.941 0938 0.940 0.580
Regression  RMSE  AAUP 65.085 63.814 77.250 66.473 |67.337 65.420 70.482 69.202 |80.318 72.610 96.248 77.805
Cities 15.375 12.782 18.963 19.287 [17.017 16.913 17.290 20.798 |20.322 17.214 24.743 20.334
Forbes 36.545 36.050 39.204 37.067 |38.580 38.558 30.867 36.313 |37.146 36.374 37.947 38.952
Metacritic Albums || 15.288 15.903 15.812 15.705 |15.573 15.785 15.574 14.640 |15.178 14.869 15.000 16.679
Metacritic Movies  ||20.215 20.420 24.238 23.362 |20.436 20.258 23.348 22.518 |23.235 22.402 23.979 22.071
Semantic 4 capital 0.057 0.864 0.810 0.789 [0.794 0.747 0.660 0.397 |0.008 0.091 0.000 0.036
Analogies country entities
all capital 0.905 0.857, 0.594 0.758 |0.657 0.591 0.359 0592 |0.014 0.073 0.002  0.052
country entities O
currency entities 0.574 0535 0.338 0447 [0.309 0193 0198 0207 |0.006 0.076 0.002 0.085
city state entities || 0.609 0578 0507 0442 |0.459 0484 0250 0.361 |0.009 0.048 0.000 0.036
E‘;lt:ﬁ;dneqs ?:Sda“ 0.747 0716 0611 0547 |0.832 0.800 Q726 0.779 |0.432 0.768 0568 0.737
goc.“m‘?“,t Harmonic 0.237 0.230 0.283 0.209 | 0.275 0.250 0.170 0.111 |0.193 0.382 0.296 0.256
imilarity Mean

Portisch & Paulheim(2023): The RDF2vec Family of Knowledge Graph Embedding Methods
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Which Classes can be Learned with RDF2vec?
e

* We already saw that there are different notions of classes

* |dea: compile a list of class definitions as a benchmark

Classes are expressed as DL formulae, e.g.

ar.T, e.g. Class person with children

ar.{e}, e.qg.: Class person born in New York City

dR.{e}, e.q., Class person with any relation to New York City
ar.C, e.qg., Class person playing in a basketball team

07/17/23 Heiko Paulheim




Which Classes can be Learned with RDF2vec?

* Formulating hypotheses
— e.g., dr.T, cannot be learned when using e walks

* Testing hypotheses
— using queries against DBpedia

y

\ iy
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The DLCC DBpedia Gold Standard
e

* Six classes (person, book, city, movie, album, species)

* Twelve test cases
— Sometimes also with “harder” negatives

* Three sizes per test case (50, 500, 5,000 examples)
— Each is a balanced binary classification problem

* >200 hand written SPARQL queries
 Dataset and code available online

07/17/23 Heiko Paulheim




Hypotheses (Overview)
e

* Different patterns require different signals, e.g.,
— Specific relations (visible to classic and p-walks)
— Specific entities (visible to classic and e-walks)
— Distinguishing subject and object (only possible for oa variants)

— ...and mixes of those

Test Case | DL Exprossion RDEFXwe | RDF2we o, | p= RDF2we | p= RDFwe, | ¢ = RODEFXee | ¢ = RDF2 e,
Im [ teil] r

Hin ek I

Hib | §ait i

HZa | taid T !

HZL | cail J{MED ! !
B | TN r 1zl

Hia LE% L) o |

Hibk | tc08 i |

HS Lk 2r. |

H5 tell 21

Hia | tell = 2T

HEb | tel2 s 317

Portisch & Paulheim (2023): The RDF2vec Family of Knowledge Graph Embedding Methods
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Which Classes can be Learned with RDF2vec?

* Formulating hypotheses
— e.g., dr.T, cannot be learned when using e-walks

* Testing hypotheses
— using queries against DBpedia
* Seeing surprises
— e.g., models trained on e-walks can reach ~90% accuracy in that case

PYTRT |

07/17/23 Heiko Paulheim




Experiments on DBpedia Gold Standard
e

* Most hypotheses could not be confirmed

* All problems are learnable with an accuracy >75%
— i.e., significantly better than guessing

* Also LP embeddings such as TransE work surprisingly well
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Portisch & Paulheim (2023): The RDF2vec Family of Knowledge Graph Embedding Methods
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Experiments on DBpedia Gold Standard
e

* Challenge: isolating effects
— Let’s consider, 3r.T: e.g. JalmaMater. T

— In theory, we should not be able to learn this with e-walks

— Frequent entities in the neighborhoods of positive examples:

Politician (3k examples)

Bachelor of Arts (3k examples)
Harvard Law School (2k examples)
Lawyer (2k examples)

Northwestern University (2k examples)
Harvard University (2k examples)
Doctor of Philosophy (2k examples)

— Those signals are visible to e-walks!
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Which Classes can be Learned with RDF2vec?

* Maybe, DBpedia is not
such a great testbed FORGIVE ME FATHER

— Hidden patterns, e.qg.,
for relation cooccurence

— Many inter-pattern dependencies
— Information not missing at random Y,
* Possible solution: A
— Synthetic knowledge graphs! W

— First experiments show FOR | HAVE SYNTHED
better visibility of expected effects

07/17/23 Heiko Paulheim




The DLCC Synthetic Gold Standard
e

e Same twelve test cases as before

* Synthesize a knowledge graph for each test case
— Create an ontology
— Create positive examples
— Create negative examples (double check for accidental positives)

* Test bed

— 12 different classification problems, 1k positives/negatives each
— Ontology and graph structure are similar to DBpedia

07/17/23 Heiko Paulheim




Experiments on DLCC Synthetic Gold Standard
e

* Hypotheses can be mostly confirmed

— Quantified restrictions (tc09-tc12) are very badly learned by all
approaches (as expected)

— 1c06 is extremely well learned by LP embeddings
* Classifying r.{e} is, in fact, classic link prediction/triple scoring
— RDF2vec,, variant is not superior on synthetic data
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Ses OS5 O5A3 OS5 53 s ] H ] s I8 oL | 3 i 518
i (o] LiEls ek ih. a ks 3 L &E
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Portisch & Paulheim (2022): The DLCC Node Classification Benchmark for Analyzing
Knowledge Graph Embeddings
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The RDF2vec Zoo — Breeding New Embeddings

* Combinations can be task specific
— Based on general embeddings

Combination can pick up task-specific signals

__— Classic random walks

—

Adler Mannheim - city - Mannheim - country - Germany

SAP Arena — location - Mannheim - country - Germany

Adler Mannheim - stadium - SAP Arena — location - Mannheim

— p-walks

—

city —» Mannheim - country
stadium —» location — Mannheim - country
location - Mannheim — federal state — location

—[ e-walks

Adler Mannheim — SAP Arena - Mannheim - Germany

Adler Mannheim - Mannheim - Germany
SAP Arena - Mannheim - Baden-Wirttemberg - Germany
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Current Challenges with RDF2vec
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Dynamic Knowledge Graphs

* Intheory, RDF2vec can
also produce embeddings for
dynamic knowledge graphs

isPartOf

Activity &

to a certain extent Workflow A - isUsedin
. . isUsedIn 1sPartOf isUsedin
— given that the neighbors are
all known
— Experiments are still = .
3 S isUsedin
under way ?U: B 1OF uses
e
~ulll
Worldlow B
l"spa” of spart0f
15Fal
% teaming.2 02 @y T
mwf ﬁ_ I..,"_;' i
— i 1
Workflow G Activity 3 K 9 7
Activity 6 (/ ;
' IN PROGE:ED
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Embeddings and Interpretability

* Hot topic: Explainable Al

— Knowledge Graphs are a favorable ingredient

— Human/machine interpretable knowledge — explainable systems
* However:

— Embeddings replace interpretable axioms
with numeric vectors over non-interpretable dimensions

— Where did the semantics go?

AMERICAN . -

[TOMORROW'S WEB WILL]

Paulheim (2018): Make Embeddings Semantic Again! et
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The 2009 Semantic Web Layer Cake

User Interface and Applications

Trust
Proof
Unifying Logic
Ontology: Rules:
OWL RIF
Query:
SPARQL

Schema: RDF-S

AydesBoidiin

Data Interchange: RDF

Data Interchange: XML

Unicode

URI
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The 2018 Semantic Web Layer Cake
e

User Interface and Applications

Embeddings

Data Interchange: RDF

Data Interchange: XML

URI Unicode
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Alternatives to Understand KG Embeddings
e

* ApproaCh 1: Iearn SymbOIiC Eg :br:vmcccmﬂ 11111111 )
interpretation function for dimensions T

dbr: 101 Dalmatians

o doriLadyand the Tramp

eeeeeeeeeeeeeeeeeeeee

* Each dimension of the embedding model

superhero

is a target for a separate learning problem
* Learn a function to explain the dimension
v :: A5 425 40 .nvﬁnsﬁiﬁgﬁf?‘i;:niﬂlts;u757100712571soi v
<
* E.g.: y~—|3character.Superhero| cartoon

* Just an approximation used for explanations and justifications
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Alternatives to Understand KG Embeddings
e

* Approach 2: learn symbolic substitute function for similarity function

RDF2vec TransE-L1 TransE-L2 TransR.
Joachim Gauck Gerhard Schrider Gerhard Schrider Sigmar Gabriel
Norbert Lammert James Buchanan Helmut Kohl Frank-Walter Steinmeier

Stanislaw Tillich
Andreas VoBkuhle
Berlin

German language
Germany
federalState

Neil Kinnock
Nicolas Sarkozy
Joachim Gauck
Jacques Chirac
Jiirgen Trittin

Sigmar Gabriel

Konrad Adenauer
Helmut Schmidt

Werner Faymann

Philipp Scheidemann

Philipp Résler
Gerhard Schréder
Joachim Gauck
Christian Wulff
Guido Westerwelle
Helmut Kohl

Social Democratic Party Guido Westerwelle Ludwig Erhard Jiirgen Trittin
deputy Christian Wulff Wilhelm Marx Jens Béhrnsen
RotatE DistMult RESCAL ComplEx
Pontine raphe nucleus Gerhard Schroder Gerhard Schroder Gerhard Schroder
Jonathan W. Bailey Milan Truban Kurt Georg Kiesinger Diana Mészdros

Zokwang Trading

Steven Hill

Chad Kreuter

Fred Hibbard

Mallory Ervin

Paulinho Kobayashi

Fullmetal Alchemist and the Broken Angel
Archbishop Dorotheus of Athens

Maud Cuney Hare
Tristan Matthiae
Gerda Hasselfeldt
Faustino Sainz Mufioz
Joachim Gauck
Carsten Linnemann
Norbert Bliim

Neil Hood

Helmut Kohl
Annemarie Huber-Hotz
Wang Zhaoguo

Franz Vranitzky
Bogdan Klich

Irsen Kiiciik

Helmut Schmidt

Mao Zedong

Francis M. Bator
William B. Bridges
Mette Vestergaard
Ivan Rosenqvist
Edward Clouston
Antonio Capuzzi
Steven J. McAuliffe
Jenkin Coles
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Alternatives to Understand KG Embeddings

* Approach 3: generate Global Local
symbolic interpretations /
for individual predictions - +,*. FL I;.
— Inspired by LIME: A » o
» Generate perturbed y . + o
examples : :

Complex Non-linear Simple Linear

* Label them using
embedding+downstream classifier

* Learn symbolic model on this labeled set
— Good news:

* RDF2vec can, in principle, create embeddings for unseen entities

* Those can be used to classify perturbed examples
— Bad news:

* First experiments have been discouraging
https://c3.ai/glossary/data-science/lime-local-interpretable-model-agnostic-explanations/
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Dealing with non-Relational Information
-

* Graph walks do not include literal (e.g., numeric) information
— e.g., population

* Two cities are closer
— If they share relations and entities with others
— not: if they have a similar population

R geurich
goeneva
4 4
a&em
grgzzaville
2 4
dliamey
0 - o amBRginihasa
@fenna &clgrade %EII'_IPE
Eydiapcouver artoum
| gucklangfmsterdam &aghdad gouagadgugou
27 dopenpieienki
-4 -3 -2 -1 o 1 2 3 4
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Summary

* Knowledge Graph Embeddings with RDF2vec
— Encode similarity and relatedness
* Explicit trade-off is possible!
— Variations visited: walk extraction, order-awareness, materialization, ...
— Additional insights that are not explicit in the graph
* aka latent semantics
— Challenges include, but are not limited to
* Dynamic knowledge graphs

* Interpretability
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More on RDF2vec

* (Collection of

— Implementations RDF2vec.org

—_ Pre_tralned models The hitchhiker's guide to RDF2vec.

— >50 documented
use cases
in various domains About RDF2vec

RDF2vec is a tool for creating vector representations of RDF graphs. In essence,

RDF2vec creates a numeric vector for each node in an RDF graph.

RDF2vec was developed by Petar Ristoski as a key contribution of his PhD thesis Exploiting Semantic
Web Knowledge Graphs in Data Mining [Ristoski, 2019], which he defended in January 2018 at the Data
and Web Science Group at the University of Mannheim, supervised by Heiko Paulheim. In 2019, he was
awarded the SWSA Distinguished Dissertation Award for this outstanding contribution to the field.

RDF2vec was inspired by the word2vec approach [Mikolov et al,, 2013] for representing words in a
numeric vector space. word2vec takes as input a set of sentences, and trains a neural network using
one of the two following variants: predict a word given its context words (continuous bag of words, or
CBOW), or to predict the context words given a word (skip gram, or SG):

INPUT PROJECTION ouTPUT INPUT PROJECTION OUTPUT
w{t-2) wt-2)
SUM
w{t-1) w(t-1)
w(t) wit)
w(t+1) w(t+1)
wt+2) w(t+2)

a) CBOW architecre b Skip-gram architecture
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More on RDF2vec
e

« Text book on RDF2vec o et Kwledgs O SYNTHESIS
— Includes all variants discussed
in this talk
Heiko Paulheim - Petar Ristoski -
— Python cookbooks for common Jan Portisch

tasks, e.g., node classification,
recommender systems, ...

07/17/23 Heiko Paulheim




Thank youl!

e
B http://www.heikopaulheim.com

9 @heikopaulheim
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New :Adve;\tures in RDF2vec

also includes Heiko Paulheim
thelatest  Ynjversity of Mannheim
adventure
Alert: —
contains spoilers 555 =
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