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Public university in Nanjing, China

Nanjing University, or Nanking University, is a prestigious public university,
and is the oldest institution of higher learning, located in Nanjing, China.
Wikipedia

Address: 22 Hankou Rd, Gulou Qu, Nanjing Shi, Jiangsu Sheng, China,

o  Node: entity / concept 210008
Total enroliment: 35,434 (2007)
o  Edge: attribute / relationship President: Lv Jian (S2)
Province: Jiangsu ...

Undergraduate tuititsas

m  Other famous knowledge bases

Know this place? A

o  DBpedia, Freebase, Wikidata,
YAGO, WordNet, Probase ...

o  Linked Open Data (LOD) cloud
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User Interface & Applications

RDF (Resource Description Framework)

= RDF=J04
property
resource » value
Window (computing)
knownFor ‘
Alan Kay
(d signer: Smalltalk
Turing Award \ )
prizes paradigm
, influencedBy
Ole-Johan Dahl prizes
prizes Simula
knownFor
Kristen Nygaard knownFor
knownFor
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Ontology

OWL

RDFS '

Query:
SPARQL
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*Data interchange: *
'. RDF
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Rule:
RIF

Crypto

XML

URI/IRI '

Semantic Web layers

Object-Oriented
Programming

—

“The world is not
made of strings, but
is made of things ”
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1. T. Dettmers, P. Minervini, P. Stenetorp, S. Riedel. Convolutional 2D Knowledge Graph Embeddings. In:
AAAI 2018

2. J. Lajus, F.M. Suchanek. Are All People Married? Determining Obligatory Attributes in Knowledge Bases.
In: WWW 2018

3. P. Mirza, S. Razniewski, F. Darari, G. Weikum. Enriching Knowledge Bases with Counting Quantifiers. In:
ISWC 2018

= SREE

1. Z.Sun, W. Hu, Q. Zhang, Y. Qu. Bootstrapping Entity Alignment with Knowledge Graph Embedding. In:
IJCAI 2018

2. P. Kolyvakis, A. Kalousis, D. Kiritisis. DeepAlignment: Unsupervised Ontology Matching with Refined

Word Vectors. In: NAACL-HLT 2018

= FIREE

1. P.G. Omran, K. Wang, Z. Wang. Scalable Rule Learning via Learning Representation. In: IJCAI 2018
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). I FR ETEAK IR AN SE A
s fF£5%: entity/ link prediction

o given (s, 1, ?), complete a triple by predicting o // or s given (?, 1, 0)
o ik FoR
o FHPEAEAY (translational models)

m TransE: model (s,7,0)ass+1r = o0

m  Jo2E0: TransH, TransR, PTransE, ...
o 1B X tEA

(Washingtors &apé%l@aﬁ,ﬂm@fimhr@

000 - 0000 0000

4+ Vector space
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Convolutional 2D Knowledge Graph Embeddings

m  J77%: amulti-layer convolutional network model
o HIR1&2: BIEIFGIFSLANI K Rembeddings
o H¥83,4&5: MALGRE, KRB —Dr4E=s], VLR fridk

Projection to

Embeddings "Image" Feature maps embedding Logits Predictions

dimension

O 0.9

O 0.2

O 0.1

Fully connected 2 Matrix O Logistic 0.6

_ Concat Convolve pro;ectlon o multiplication 8 sigmoid 8%

o [ & e 8 o0

entity matrix 0 0'1

O 0.4

O 0.4

Embedding Feature map Hidden layer O 0.4
dropout (0.2) dropout (0.2) dropout (0.3)

m ROR: FB15K-237IALE [ sEIG et Bt 7
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= B R B it — B 12
= {£%%: obligatory attributes (A E & %)
o  Determine whether all instances of a given class have a given attribute in
the real world — while all we have is an incomplete KB

®=  hasBirthDate is an obligatory attribute for class Person, while hasSpouse is not

s f£%%: counting quantifiers (112 &17)

o  Text often contains only counting information: the number of objects that
stand in a specific relation with a certain entity, without mentioning the

objects themselves

= Given the sentence “Trump has three sons and two daughters”, the output for
predicate numberOfChildren should be 5.

= Children CQ: Wikipedia 12%; name mentioned: 7%; Wikidata: 2.5%
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Determining Obligatory Attributes in Knowledge Bases

. DEEM

= ki
LB TIMES, MELLN T AN ACERARAE, B Ana Ao
2. JRECHEFRS: JoiE AW — A B S AR R B = Jn A i A

u ji?jﬁ Person Actor
o FET LSRRG KRR S Y c) N
W e 1k
O %Z’-‘{Eﬁ& * =hasSpouse * =actedIn

o LRI R S 55 e M E K TR T ML AR B ST 4R
o R NRPEEREAMES AR, TS R, )
ATEMENTE —E R A RFROS I BERE onfle\ e’ € p)

$p @)= confle N ¢’ C pk)
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Enriching Knowledge Bases with Counting Quantifiers

u ﬁ@&i*ﬁé@ﬂ

= PRk Non-maximal seeds; Sparse, skewed observations; Linguistic diversity

A} »
= 7k i .
WlKliJATA ‘ Stage 1: CQ Recognition Stage 2: CQ Consolidation | W'K'ADATA
> Seeds =
o $HB1:. HFlca > . e -
2Q Triples
sentence Jolie brought her  twins , one  daughter and three  adopted children to the gala .
pre-processed|Jolie brought her NUMTERM ,  CARDINAL daughter and CARDINAL adopted children to the gala .
outputtags | O O O COUNT COMP COUNT O COMP COUNT 0 O 00 OO

o PE2: AIHcCQ
[1: Angelina has a grand total of sixg.4 children together: threeys biological

land)o.¢ threey s adopted.
lo: The arrival of the firsty.s biological child of Jolie and Pitt caused an excited

flurry with fans.
l3: On July 12, 2008, she gave birth to twinsys: ag.1 son, Knox Léon, [and) 5
ag.o daughter, Vivienne Marcheline.
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o RS SEAAXTT & A4EILAC
O SR TN E A B PR S SR [ B AN R S
o AMEILEMERI B2 s ligZE. Bk &

01
N =
" iR
Prior
Alignment
Resources

Parameters Product
R -

;I T price
Al T e
Process Result / [, ~ creator -,

O SCAMHMME: iR, mEAS R

o ZEFAE: TR ...

:T‘I(Person](g)[Human} [Politics)—
0 ) BT —

S | Writer | _
‘subject <

Literature
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Bootstrapping Entity Alignment with KG Embedding

= Hir: #ilembedding/¥ &SRS

o PR 1) RO SR FR B RO S 25 2) RIS S e D
= J7¥: bootstrapping

s AR, %iﬁ%DBpediaU\lZ Parameter [ Likely | Alignment

o N swapping alignment |* editing
Hwikidata. YAGORY S A L J = =
T oS
N—— =
513
KG1 triples =
\/ ) 4
N
Prior | Parameter [~—— Alignment-oriented KG | Alignment
lisnment _ » Supervised = . — > :
a8 J) swapping triples embedding training predictor
N
~
KG2 triples
~
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Unsupervised Ontology Matching with Refined Word -E

~.

u E*ﬂ‘ %L’éﬁ%ﬁ%?ﬁ

= Pkik: tailor word embeddings to the domains and ontologies

= U7k antonym repel
O  Learn domain-specific word vectors synonym attract
= WordNet, PPDP, WikiSynonyms original word-vector distance

= FPIMEEE: Dual embedding space model

O  Extend stable marriage algorithm

. e-optimal mappings: NS EA ) Sys.tem Precision | Recall | Micro-F1
DeepAlignment 0.71 0.80 0.75
7y CroMatch 0.76 0.69 0.72
B /4
RUR AML 079 | 065 | 071
% ; DeepAlignment, 0.68 0.68 0.68
o OAEI Conference# i & XMap 0.81 0.58 0.67
_ . . LogMap 0.79 0.58 0.66
O  Schema.org — DBpedia alighnment LogMapBio 075 0.58 0.65
StringEquiv 0.83 0.50 0.62
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w A BB AR AR E AR RS TR AR R IZ B AR RS
= RS FN
o M P(x,y) « Pi(x,21) APy(21,22) A+ A Py(Zn—-1,Zn)
s ik
o ARG HANEEFE TR (inductive logic programming)
= i, AMIE+
o GUitTHINREAY: Ko

,4—‘ Eﬁ HasOfficelnCity(New York, Uber)
u \_\A CitylnCountry(USA, New York)
Y =USA

\ X = Uber v
O IEJ %Q In which country Y
does X have office? HasOfficelnCountry(Y, X) € HasOfficelnCity(Z, X), CitylnCountry(Y, Z)

@) &
HasOfficelnCountry(Y, X) ? X=Lyft A
Y =France

e HasOfficelnCity(Paris, Lyft)
CitylnCountry(France, Paris)
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Scalable Rule Learning via Learning Representation

Algorithm 1 Learn rules for a KG and a target predicate

B Tl Input: a KG K, a predicate F;, an integer len > 2, and two
H *T ?%T - E]/J %JLJ J s real numbers MinSC, MinHC' € [0, 1]

b BB . bt Output: a set Rule of CP rules
= EHES&‘ : ﬂ/TEFJﬁ ri K’ := Sampling(K, Py, len)

I:
NI 2: (P,A) := Embeddings(K")
u ﬁ/jé 3: Candidates :== ()
. R 4: for2 <[ <lendo
O K ﬁé /\ B = %ﬂ E jfT ﬁlﬁj*aﬂé 5: Add RuleSearch(K’, P;, P, A,l) to Candidates
o o 6: end for
1) SIEAZR RN 2 5K 7: Rules := Evaluate(Candidates, K)
N 8: Rules := Filter(Candidates, MinSC, MinHC')
O %75'_%@2 & %JI—IUF\“JTE%? 9: return Rules
CIR 2 3 ™ Sk SR K VR e P B KG RLVLR AMIE+
j\: J E ﬁ,f }“‘% — #R #QR Timeg #R #QR Time
WAL . ffA= B A PP YAGO2s 63 1.8 096|565 05 10.00
O T :
L) q:f AR AR m DBpedia 3.8 | 42.7 9.2 388|905 05 459
2 Wikidata 568 25.6 241|095 0.3 10.00
= RCR
Table 2: Rule mining comparison between RLVLR and AMIE+
KG RLVLR AMIE+
#Facts #QFacts | #Facts #QFacts
YAGO2s 1.IM 7K | 0.27M 1
DBpedia 3.8 | 16.6M 162K | 1.6M 1.8K
Wikidata 2.1IM 99K | 0.17M 4.6K
> FRANTE > HHRRLE > FRIERE > L4
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Table 3: The numbers of new facts predicted by RLvLLR and AMIE+
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o R ERZ AR ZA
o ABLPME: AL BHE ...
o MRS BB EBHUN L ...
o HNREIMRIA: . HEE .
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reasoning. In: EMNLP 2017

H. Zhu, R. Xie, Z. Liu, M. Sun. IPTransE: Iterative entity alignment via joint knowledge embeddings. In:
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