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Liu et al. Generalizing Tensor Decomposition for N-ary Relational Knowledge Bases. WWW

® ZITKRE

m 3 JG . Purchase (Person, Product, Seller)

m 4 JG . Sports_award (Player, Team, Award, Season)

o ZBITREINRERY TR
n [AREEN : L87E n TTRFEH (n-1) MBS , FRiERSAIBBANLE
s PETIF
0 ETEFEIEERRE > RIXEEI5E
0 ETHENERIRE > SES
n A  ZUWKEDE (275> n7T)
O — n JTRERIRE > (n+1) ANRERE
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Liu et al. Generalizing Tensor Decomposition for N-ary Relational Knowledge Bases. WWW

BIMGE
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3. 18I1J Tucker Ring 3%
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Table 4: Link prediction results on WikiPeople dataset.
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7IERYTIE GETD, n-CP, n-TuckER fLTETEiFEEERY RAE IREFIE TR/ ZZHT NaLP &8

Table 5: Link prediction results on JF17K dataset.

Model WikiPeople-3 WikiePeople-4 Model JF17K-3 JF17K-4
MRR Hits@10 Hits@3 Hits@1 | MRR Hits@10 Hits@3 Hits@1 MRR Hits@10 Hits@3 Hits@l | MRR Hits@10 Hits@3 Hits@1
RAE 0.239 0.379 0.252 0.168 0.150 0.273 0.149 0.080 RAE 0.505 0.644 0.532 0.430 0.707 0.835 0.751 0.636
NaLP 0.301 0.445 0.327 0.226 0.342 0.540 0.400 0.237 NalLP 0.515 0.679 0.552 0.431 0.719 0.805 0.742 0.673
n-CP 0.330 0.496 0.356 0.250 0.265 0.445 0.315 0.169 n-CP 0.700 0.827 0.736 0.635 0.787 0.890 0.821 0.733
n-TuckER | 0.365 0.548 0.400 0.274 0.362 0.570 0.432 0.246 n-TuckER | 0.727 0.852 0.761 0.664 0.804 0.902 0.841 0.748
GETD | 0.373 0.558 0.401 0.284 | 0.386 0.596 0.462 0.265 GETD | 0.732 0.856 0.764 0.669 | 0.810 0.913 0.844 0.755
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Bhowmik & Melo. Explainable Link Prediction for Emerging Entities in Knowledge Graphs. ISWC

FTSESLR ( emerging entity )
s SEIHREEH EB LA XEIFRER

—PMEARNFRZEIESR
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Bhowmik & Melo. Explainable Link Prediction for Emerging Entities in Knowledge Graphs. ISWC

o SLIRTE
m FB15K-237, WN18RR ] NELL-995
n WEREHITEHES |, EEUNEPEETIRERUITAIF AR

o LGRS

WN18RR-Inductive FB15K-237-Inductive NELL-995-Inductive

Hits@N Hits@QN HitsQN

Model MRR @1 @3 @10 MRR @I @3 @10 MRR @I @3 @I0

TransR. [24] 08 0.6 07 09 50 40 52 6.6 53 49 53 6.5

TransH [40] 00 00 00 00 62 54 63 80 3.6 3.4 3.6 3.6 ETF embedding AURBTTRL I
RotatE [32] 00 00 00 00 00 00 0.0 0.0 00 00 0.0 0.0 SR FoEH TN S R SR
ConvE [7] 1.9 1.1 21 35 26.3 20.0 28.7 38.8 43.4 32.5 50.3 60.9

R-GCN [29] 14.7 11.4 15.1 20.7 19.1 11.5 20.9 34.3 58.4 50.9 62.9 71.6 TR TR D A B e FE S YT
SACN [30] 17.5 9.7 20.3 33.5 29.9 20.5 32.8 50.0 42.4 37.0 42.9 53.2 EFE*"EG*EI'XELBT%FE@@E’J
CompGCN [36] 2.2 0.0 22 52 261 19.2 28.5 39.2 42.8 33.1 47.9 61.0 KEER

AnyBURL [25] - 48.3 50.9 53.9 - 28.3 43.0 56.5 - 8.7 11.0 12.3

MultiHopKG [23] 45.5 39.4 49.2 56.5 38.6 29.3 43.4 56.7 74.7 69.1 78.3 84.2
Our Model w/ RS 48.8 42.1 52.2 60.6 39.8 30.7 44.5 57.6 75.2 69.7 79.1 84.4 —> E[& 7= EMEIX RN




Xu et al. Temporal Knowledge Graph Completion Based on Time Series Gaussian Embedding. ISWC

o AZEIMABATREIEFRRFIRE B 7 EETERINEFRHER

o Af[E)REANIRYESSE
m (Obama, wasBornin, Hawaii) // August 4, 1961
m (Obama, presidentOf, USA)  // from 2009 to 2017

e ATISE
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Harting et al. LOREM: Language-consistent Open Relation Extraction from Unstructured Text. WWW

o FHERARMEN | RGN AR RIS [BIFNERIE M REX
m “Turing was born in England in 1912” - <Turing, was born in, England>

Combination layer

e LOREM
= {5 AMEBUSTEESRYENIRFIZMERRY NLP TH
0 FAES —BHRAR SRR SIESHIMERE :
O (EASIES M FTHHARAERR R HEESATEA CRF layer cre

Model prediction :

5 5

. S , ) .
O —/l\ﬁﬁﬁfﬁiggﬁ(J*Eﬂ Concatenation layer g é

0 —MEBFEIESHIRE 3 2i

O —PMHESE CNN/BILSTM layer CNN BILSTM CNN BILSTM .

Input embeddings

Input sentence Turing was born in England

"
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Zhang et al. Relation Adversarial Network for Low Resource Knowledge Graph Completion. WWW

o AIREIEHNE fiﬁi‘)‘lﬂiﬁ*? "E!%iﬁ%l‘fﬁ?&%ﬂ’\ﬁéﬂ%
n [RRIFALE ,TE,,J\JJIJEI’JEE?
o FEFRE | MA— I UNIIEREMENSRIRERZAMFRIRIANR/ FHEEECRIAREEHERAY

TN OO

PN

o BIMHGE : IIBCRERRITMGS
» HKRRER | SRS EEARRXED BIESIXERF IS
m IIBCRERIEHR lﬂﬁﬂ%%ﬂ’ﬂiﬁ%ﬁ/ﬁzﬁﬁﬁﬁﬂﬂﬁ {BEE , LIRS BT

Input Encoder Adversarial Relation Adaptation.............- Ao \Weighted Mechanism in Relation Adversarial Network
....................... Target Relation(s) o
RSTutrce (Source! ) F(X) =-------c-cmmmmmmmm e e o= - L Forward Pro pagam"
High Resource | o Featu Weighted Mechanism <y Back Propagation
— 0| Extract i >
- )2 \/;‘ Auniliary Instance %
_ . Js .
- s Relatio D rlgln t Iﬁ'> Weights 3 A:elatlor.I |
| b g versarial
i ——Relat Inst X sty {\dvers_a L S e Relations > R : Discriminator
! (& Discriminat 5
1 D F(x) )------------ - -~ D
”””””””” Target (Target) g =
' Relati 5 @
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Cao et al. Open Knowledge Enrichment for Long-tail Enrichment. WWW

o <ESLIR

m Freebase FLYF 210 FNEARDTF10MISEEL

A 7,655 LB —F IS
0 BE5D 7 (power-law)

o MBETIE

n (IR FEERIEP DA

n TR I ESLARRYF BT
o ASEEK

n SEITEIARTARITSEARAO 2R FBRY Web EUE
0 ERH—PNARMA , iEFEMAREHA

0 —ERESARARENREPRZSEL , MARER
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1,000,000
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(A
°
3 1,000
g
=]
Z 100 !
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10 entities | entities
=2.1IM ! =17,655
1 | | G ¢ ¢
1 1 Iw‘
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= s
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KESERFEE (cont’d)

Cao et al. Open Knowledge Enrichment for Long-tail Enrichment. WWW

e OKELE : 28 /$
R . Property prediction
» ETFERERSHRE T sonato

T

predicted

" entity " properties
n H RSN/ FLER LAREHRERIEEREY ;5
. E$¢E%$¢Eiuﬁg$$’ﬁiE HE R pop.Ll.lar HEE R Valu?
entities extraction
1 7AY /= = ::
o SLIGZERR " /
facts about u values from
NP NP th tit Y the Web
m Freebase 126X 10 NE , B2 50 MKEELIAR e entity (3 e We
Fact verification 4/
S NP —1<n N ab
n NEMKESAFTN 10 NEME N AT sERIEE
E—— = n =g
Models actor |a|bum. book building drug | film . food mountain ship software | Avg.
#Verified | GMF+CATD | 280 = 134 I 205 218 170 = 417 | 65 183 254 207 4.27
Props. OKELE 264 I 167 | 266 209 170 I 432 | 70 182 260 199 4.44
#Verified | GMF+CATD | 485 I 153 l 228 328 375 I 722 l 402 275 303 248 7.04
facts OKELE 508 = 198 | 418 320 547 =1,027] 615 272 301 247 8.91
Precisi GMF+CATD | 0.845 IO.2O4i 0.312 0.527 0.710 |0.846' 0.501 0.440 0.837 0.444 | 0.567
recision . .
OKELE 0.805 ;0.290 0.464 0.531 0.831 ,0.890 0.665 0.446 0.870 0.446 | 0.624
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Zhu et al. Collective Multi-type Entity Alignment Between Knowledge Graphs. WWW
o SLURXYST | IRBIARERNREIE PIeFRESCtH FRERXISRAISER

o 3T
n SN AR SRS BRI TR IR B BEAE
n SEITHISCURX SR B A BRI B — R B XY 55 25 SR BU LR
o R : SRR
s BiZiTRYES NG  BRFRIRAEZESEER
{ENEEIHE , B A RIREZRIREILE
e CG-MuAlign
m Node-level cross-graph attention: fH{LASPE

GNN encoder

Graph A

Align
Model

Graph B

m Edge-level relation-aware self-attention: SAEIETE

@ self representation

neighborhood

) final representation
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Chen et al. Learning Short-term Differences and Long-term Dependencies for Entity Alignment. ISWC

o TERER  FERBEELZHSHATIE SR BN —EERRZE
m FEHAXBIFN AR

_ ——  One-hop Dependencies Long-term Dependencies
(a) Short-term differences (b) Long-term dependencies

E_ N Long-term Dependencies Capturing
° ; . .
S / K x ]\ Short-term Differences Capturing

| Cross-R—
- s Com %Y Sy T | 4 )
[ H ﬁ EVLEEE + B = KG |
IR : WA + B (o o) | LTI [ L ]
= = o (o)
m GHAXEN : GNN RS R 3
p aligned ‘g)—bly?,}—bu%—{—bg.éﬁg | > =§
> — o
| F 0w | |7 ARl
\_ L__MLR_J/ b - 1
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Zhang et al. Multi-Context Attention for Entity Matching. WWW

e Entity matching with textual instances (ZUHEZESla)
m DeepER [VLDB 2018] : GloVe + LSTM
m DeepMatcher [SIGMOD 2018] : @I F=EIHEIY E RNN

e MCA (multi-context attention)
s TEEE  WFELANAHEAY |, TSR AREINEN LT
u E\.ﬂiﬁﬁf ———— TextEncoder ~_ _ __________________ .

Self
Attention

O Self-attention T

Pair
~ . Attention | 4

i e e 7.0 ‘ 2l : S |\ TA TB

O Global-attention pmmmmm e e A . ([ Pusion }——{ Softmax |-+ P(yI7".7%)

Pair ' sB

Attention

O Pair-attention

O Attribute-attention

Text Encoder

18
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Liu et al. Entity Summarization with User Feedback. ESWC

o SCIAfEE

Solson Publications <

Comics company

=laak

N/
N
Solson Publications was a New York-based black-and-white comic
book publisher active in the 1980s. The company was founded by

- MMt I
Z RIS VANTE :
Gary Brodsky, son of long-time Marvel Comics executive Sol
. D R ESS E D Brodsky; the name of the company was derived from Brodsky's
name: "Sol's son” = Solson. Wikipedia

Founder: Gary Brodsk:
n TREE  KAPSINERIRE | RERP&RIR e
I . "B 753 e et

o0 FFBIE BRE R ERE

replaced Solson Publications <
Comics company
rE N,
label : "Solson Publications” 0 x foundjng year : "1986" NG founding year : "1986" NG
. A . re laced . o Solson Publications was a New York-based black-and-white comic
key person : Rich Buckler key person : Rich Buckler Ve key person : Rich Buckler book publisher active in the 1980s. The company was founded by
C r r - Gary Brodsky, son of long-time Marvel Comics executive Sol
§ - . : . . Brodsky; th f th was derived from Brodsky'
Subject : United States-themed superheroes 2 Subject : United States-themed superheroeg x |-|nduslry : Comics ~ n;m: 'Ysa'z ;‘z:je:osmseo?nvl?z:isi:s erived from Brodsky's
. : s 22 2 . 5 E Founder: Gary Brodsky @
extinction year : "1987 ’“ extinction year : "1987" extinction year : "1987 E Founded: 1985 =
. R E Headquarters: Brooklyn, New York, United States B
founded by : Gary Brodsky founded by : Gary Brodsky >< founded by : Gary Brodsky R S Defunct: 1987 =
S S S o wn | Key person: Rich Buckler B
0 1 2

20



SE{RFEEE (cont’d)

Liu et al. Entity Summarization with User Feedback. ESWC

o B{MHIA
5 HERENR" HRER Markov IRRISEE
m SBUEFES
O SRERRIZS

Solson Publications Feedback ¢ B
[ state: Z; = (S;, F;,C, fi), ] - Label: “Solson Publications” , 88 §*
[ action: A; =7, J - Key.person: Rich Bucker &
1070 - Subject: United State-themed superheroes 83 - Si
licy: 7.) — exp(score(t|Z;,0)) - Extinction year: “1987” 3
policy: 7e(t|Z;) ; !
>_vec, exp(score(t’|Z;,0)) - Founded by: Gary Brodsky &3 _
rel(r;) LurrentSummary__ _ _ o o —
[ reward: Ri+1 = p(Zi.a Ai) = m y ] Candidate Facts . Replace —
— - Industry: Comics ="
[ transition: Zi+1 = 7(Zi, Ai) = (Si+1, Fit1, Cit1, fi1) ] - Name: “Solson Publications” @ _ C.
EEVERET . - l
[ initialization: Zg = (Sp, 0, (Desc(e) \ So), fo) - ] - Founding year: “1986” =

21
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Lyu et al. Rule-Guided Graph Neural Networks for Recommender Systems. ISWC

® ?ﬁﬁqjﬁg;%}%ﬁ]ﬁﬂ%ﬂ Users Interactions ltems Mapping
s ARELERMH TYRENARXR RN
O BIRFEDREIXDNREEFIRRET W ALK ME ) ® ‘
——=/ - o v [}‘bjng(?ﬁ)g
. ERIERRO SR TN ® s o
» . GRAPH
o AN : MUZFES] + EIfREMILE . e °
u *)nu)n\u 8 . ®
O user M Red Sin—get Taylor Swift MStyle
0 BIKAPARENERKIBE Y o

n EERERLE
O RESMXREL , IRHEFENER
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IR E g R iESF (cont’d)

Lyu et al. Rule-Guided Graph Neural Networks for Recommender Systems. ISWC

. R G R e C ]_ "__i_'___f_'___._‘____._'___;'__.;T;T;T;T;T;_.;T;T;T;T;T;Tl 1 'T_':_f_;_f_;_j_;_f;_.;f;_.'__,'__,'__.'__,'__,'__f__.'__,'__.;_.! 1

; linked entities : ,l . linked entities !
_ H | Avg. | ! j | i
. EF IR e S ' -

% i
|
|

|| D : l C /:zew statei | :: __________ C new state
SHETRE et o @
1 (i+1)-th i 1 (i+1)-th
| self entity iteration ;i 1| self entity iteration
; P -_i_— ______________ i i S -_i_— ______________ i
o 1 o e e ' - e - i
Representation hy ... ... L hj,
Dianping- AUC F1 per rule r1 urj u,,
Food 20%  40%  60% | 20%  40%  60% o train \ l /
SVD 0.709 0.762 0.787 | 0.648 0.704 0.729 procedure ‘ w m item
LibFM 0.812 0.814 0.809 | 0.761 0.766 0.766 —-— 17,
LibFM+TransE | 0.798 0.819 0.820 | 0.747 0.760 0.761 user y —— q(w'm)  Probability
CKE 0.710 0.743 0.773 | 0.614 0.671 0.703
RKGE 0.703 0.811 0.847 | 0.628 0.719 0.766
KGCN 0.774 0.807 0.842 | 0.719 0.742 0.774
RGRec 0.882 0.884 0.884 | 0.808 0.809 0.809

23
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KR HETR

Banerjee et al. PNEL: Pointer Network based End-To-End Entity Linking over Knowledge Graphs. ISWC

A \‘ >
o ETAIRENE
User Question Entity Linking Query Building Answer
Who founded Tesla? Who founded Tesla? 478214
Span \ " Nikola Tesla (Q9036)
Detection LT

Serbian-American inventor

Who founded Tesla?

AN Tesla (Q478214)
American automotive,
energy storage company

_—Entity
Disambiguation

) o tesla (Q163343)
Candidate ' s1 unit of magnetic flux
Generation ' density

e Entity Linking = Span Detection + Entity Disambiguation
n EERE [ IREER
m iRZRliRIREY | R/ Span Detection , EMI =4 KXEIRFESLIR

25



SC{REE4 (cont’d)

Banerjee et al. PNEL: Pointer Network based End-To-End Entity Linking over Knowledge Graphs. ISWC

e PNEL |

Which country is San Francisco located in ?

n TERE  ERIETTNSAERIRE imSEiRiEE ——
n BINEGE - FETRE

1. 4 n_grams + tOp-L matCheS 1. Q2374 1. Q62 1. Q1174 1. Q2374
— iy -~ 2.Q1123 2.Q1123 2.Q1123 2.Q1123
3 M T > = ! . ! 3. Q62
2 NEMB , THE O MSME , BHEAL 1142 g [oe ([eme | aem |0
A = = . . . .
® *gﬂgn 30. Q45456 30. Q45456 30. Q45456 30. Q72495
Francisco San Francisco Francisco located San Francisco

m F—PMRET LC-QUAD 2.0 HiRE FRYER

[

LC-QUAD 2.0 | Precision Recall F1 TextMatch + Description | PoS T E Word Sentence

Rank + ngram | Embedding | Tags rans embedding | Embedding
VCG 0.516 0.432 0.470

L

OpenTapioca 0.237 0.411 0.301 '

1142 1142 1142
Falcon 2.0 0418 0.476 0.445 gim | dim | -+ 200 vectors oo | dim
PNEL-L 0.688 0.516 0.589 Vk1 - Vk2 Vk200

26
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Mihindukulasooriya et al. Leveraging Semantic Parsing For Relation Linking Over Knowledge Bases. ISWC

o RERHEE

A 4
u *Jtﬁt g l\\\ll:l H’Jljix |\§E =72 1%~
(a) Relation Linking
o S LI N G Question Metadata ("Distantly Supervised )
Generation Statistical AMR |
Ml f N} V= | Predicate Alignment
u Eg LJ\ILJ\ AM R JE*EDIL é Input ) Neural Relation Output
AMR graph to AMR triples T Score -
Question Text | N \\ Linking Aggregation KB Relations
E_ N AMR Graph Entity linking and answer ' - | and Reranking Triples
~ / type prediction Unsupervised
[ Word Embedding
A ¥ Eﬁjz_( A7 L Similarities
I A = s
1. EEJ)\I jLJ\ *I:I AM R Knowledge Base
- \_ Analysis )
2. QMG RRFE=FTHIE  [©) [ovwstonten [
' = S A= T riple
Who is starring in Spamsh movies | Triple 1
) AM R EjTGQH %I:I ‘EUEE‘_MZ'S*D P"Oduced by Benicio del Toro? Il Who is starring in Spanish movies ! AMR predicate: produce-01.argl.arg0
"""""""""""""""""""""""" i _ produced by Benicio del Toro? | KB relations: [(‘'dbo:producer’, 3.60),
SKF Esanl) 3 w - ZZZZZZZC (dho- ; ,
7:;__42 «&%xifj\dﬂu arge arg2 ,Triples: N (Idbo.executlveProd’ucer ,0.71),
k [ N n (‘dbo:manufacturer’,0.21)]
| unknown movie | AMR predicate: produce-01.arg1.arg0 r biect
" " mod / | Subject: subject:
3. RI— *Eik@lj:ﬁﬁ*q] * ~ argl " v — | KB type: dbo:Film :: ) | KB type: 'dbo:Film’
country | Object: 1 object:
FH ol 4> I | produce01 , _
*Edé*ﬂﬁ*q] I é*;ﬂ:.] s~ argd nam’? N : KB entlt'y: db.r:BenCIo_del_Toro : : KB URI:'dbr:Benicio_del_Toro’,
person Spain L 3 _K_B t_yp_e._db_o._PeisT _______ 77 KB type: 'dbo:Person’
N =g e /B/\ r TEEsssssssssssses - F
- BESEMRENEDFHHEF

< Benicio
del Toro AMR Graph

Intermediate Triples

Output (Triples)
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AAIEER

(1 BaF I
FIXIRISEUERIR IR ENS ILEESSAIPkEL . 23 Column-Type Annotation,

SemTab .
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