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Linking cardinalities ’
constraint

Y
[
\

H h(yyy4ys)
‘ Constraint factor Z!“ 7
. . 3

‘ Correlation factor

relation between y

Variable x: attribute vector of article pair

\

Variable y: label of article pair
(Equivalent or Inequivalent)

Attribute factor

posterior probability
of y givenx

[1] Wang, Z., Li, J., Wang, Z., & Tang, J. (2012). Cross-lingual
knowledge linking across wiki knowledge bases. WIWW.



RDFH#E £2 SEAR X 55+ T H

RiMOM AgreementMaker CODI LogMap SERIMI Zhishi.links SLINT+
Data Input RDF, OWL SPARQL RDF, OWL RDF, OWL SPARQL RDF RDF
Supported linktypes owl:sameAs owl:sameAs owl:sameAs owl:sameAs owl:sameAs owl:sameAs owl:sameAs
Configuration adaptive manual manual manual adaptive manual adaptive
- matcher combination weighted weighted weighted weighted - weighted weighted
average combination average average combination  average
N 5 Runtime optimization
s | | | _ _ | |
izﬁij:% - Filtering indexing indexing - indexing - indexing indexing
String similarity v v v v v v v
measures
Further similarity - - - - - geographical inverted
)FH /f [,)L }g t[%:‘ ,/ﬂ__E measures coordinates  disparity
S il Structure matcher - semantic iterative anchor- iterative anchor- - semantic -
1+ %: ﬁlz similarity based mapping  based mapping similarity
generation generation
Use of
- external dictionaries ~ ?* ¥ - ¥ - - -
- existing mappings - - - - - - -
Post-processing - - Coherence Inconsistency - - -
checks repair
Parallel processing - - - - - MapReduce -
GUI/web -/-1- I/ - -/-1/- VIivi- -/-1- -/-1- -/-1-
interface/API
Download Tool/Source v/ - 1y iV iV VIiv V- V-
Open Source project - - v v v - -

[2] Nentwig M, Hartung M, Ngonga Ngomo AC, Rahm E. A survey of current link discovery frameworks. Semantic Web. 2017 Jan 1;8(3):419-36.
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TransR

B 02 0 9 5 i e 9 1 TreneE st
Rk R ATHR ] ot VAR Ao
- SEAR. RORNIA B r' d'r'ti B A/ .
A AR R Score function: Score function: Score function:
f(h,r,t) =D(h_+r, t)

f(h, r,t)=D(h +r, t) f(h,r,t)=D(h, +d_t,)

- BESE T

- = JCH R

[3] Bordes A, Usunier N, Garcia-Duran A, Weston J, Yakhnenko O. Translating embeddings for modeling multi-relational data. InAdvances in neural information

processing systems 2013 (pp. 2787-2795).
[4] Wang Z, Zhang J, Feng J, Chen Z. Knowledge Graph Embedding by Translating on Hyperplanes. InAAAI 2014 Jul 27 (Vol. 14, pp. 1112-1119).
[S]LinY, Liu Z, Sun M, Liu Y, Zhu X. Learning entity and relation embeddings for knowledge graph completion. InAAAI 2015 Jan 25 (Vol. 15, pp. 2181-2187).
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* Knowledge model

Sc=y Y lh+r—t]

LE{Li,Lj} TEeGqy,

Alignment model

* Alignment model .
Sa= ) Sa(T,T) \
‘(-T T'ES (L__l, _) oAl aligned triples e Space L,
I Spacel,

. . . (h’, r’, t')
* Objective of learning (h,r, )

— Minimizing J () = Sk + aSy
http://yellowstone.cs.ucla.edu/~muhao/slides/mtranse_slides short.pdf

[6] Muhao Chen, Yingtao Tian, Mohan Yang, and Carlo Zaniolo. Multilingual knowledge graph embeddings for cross-lingual knowledge alignment. In
Proceedings of the 26th International Joint Conference on Artificial Intelligence, pages 1511-1517, 2017.
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Translation vectors
* Encoding cross-lingual

Different alignment techniques transitions just like

monolingual relations

Translat
Tra nslateg
.\Translate\>
.\.A\. Space L; Space L;

Linear Transformations

* Transformations across
embedding spaces of Transformations
different languages

Axis calibration

* Cross-lingual counterparts \ /

have close embeddings ’

Space L; Spacel;

http://yellowstone.cs.ucla.edu/~muhao/slides/mtranse_slides_short.pdf

[6] Muhao Chen, Yingtao Tian, Mohan Yang, and Carlo Zaniolo. Multilingual knowledge graph embeddings for cross-lingual knowledge alignment. In
Proceedings of the 26th International Joint Conference on Artificial Intelligence, pages 1511-1517, 2017.
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SEAR JE M RISEAR R RAMLE G JAPEUL, AttrELS]

1. Predicate Alignment r ) Transitivity Rule
G, Attribute Triple
. . . (1gd:240111203, lgd:population, 1595) (1gd:240111203, :population, 1595)
overlay relationship graph vector representations (1gd:240111203, rdfs:label, ‘Kromsdorf’) (19d:240111203 ,pog{]fation 1595) (1gd:240111203, rdfs:label, xmmdo:z
) el(l,z) L (19d:240111203, lgd:country, lgd:51477) (lgd;240111203: ;label, ‘Kr(’)msdorf') (dbp :Kromsdorf, rdfs:labgl ‘Kromsdorf’
input ’Q @ Joint attribute 0.58 .. —0 81 e§) Elgd:240111203, :country, lgd:51477§ (dbp:Kromsdorf, :population, 1595)
~ - . . dbp :Kromsdorf, :label, ‘Kromsdorf’
Structu!'e preserving : .. l 3 G, (dbp:Kromsdorf, :population, 1595)
embedding ) 0.62 .. 0.73 eg) (dbp:Kromsdorf, rdfs:label, ‘Kromsdorf’) (dbp:Kromsdorf, :country, dbp:Germany) Relationship Triple
embedding (dbp:Kromsdorf, dbp:populationTotal, 1595) (1gd:240111203, :country, 1gd:51477)
(dbp:Kromsdorf, dbp:country, dbp:Germany) (dbp:Kromsdorf, :country, dbp:Germany)
similarity L - —
atent u Transitivity Rule
constraints :
. alignment | s e e e e o e e e o e e o oo m oo - - -—-—---
(matrices) 9 . <tv Ali B 2. Embedding Learning
searchin g 3. Entity Alignment 1
1
@ |
(e;”,ay”, Integer) AE-based EG1 EGz : v
(e 51), gl)’ String) Attribute Similarity RN : Structure Embedding Character Attribute Embedding
i et 2 ) se h€1ga; Tiave ¢ c
N (952), aiz), Double) embeddlng calculation Eeé ): {eé ), ) }E ,8,. < > : h*“1ga:24111205 Teountry  tiga:sians update 19d:24111203 Label 'k Cr C S
e | el : A JHE
attribute value abstraction Yo K / 1 + = 194:24111203 + =Ja
' =
Ppnap= argmaxyyyg, cos(hy,h,) : h*1g0:20011203

JAPEL!] AttrE]

. ﬁﬁﬁ skip-gramﬂ%%”ﬁ)%ﬁ% B TR N2 2] o X EMAEMAT FFFEmMbdding 1120 &
o SMMEE. JBHE SIS Embedding o <SZAK B B TEE>TE IR TransEVFE 70 B B 3E AT VE 40

[7] Zequn Sun, Wei Hu, and Chengkai Li. Cross-lingual entity alignment via joint attribute-preserving embedding. In International Semantic Web Conference, pages 628—644. Springer, 2017.
[8] Bayu D. Trsedya, Jianzhong Qi, Rui Zhang. Entity Alignment between Knowledge Graphs Using Attribute Embeddings. AAAI 2019
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WL SRR F5: IPTransEL], BootEAL

° o
e o
o — o]
o o
o o
e1 e1
8 o)
o o
~
R Reliability = 1
o) o
Newly €3
e Aligned %
' Entity Pairs? - -
KG o AV o
2 .'62 ® + ° Reliability = R(®, @)
o o
e2 e3
Knowledge Graph Relationship Among Embeddings
[PTransEP]

A5 FH BT A I ) S5 7 S A BE T SR 1) ) s

[9] Hao Zhu, Ruobing Xie, Zhiyuan Liu, and Maosong Sun. Iterative entity alignment via joint knowledge embeddings. In Proceedings of the 26th International Joint Conference on Artificial
Intelligence, pages 4258—4264. AAAI Press, 2017.

[10] Sun Z, Hu W, Zhang Q, Qu Y. Bootstrapping Entity Alignment with Knowledge Graph Embedding. InIJJCAI 2018 (pp. 4396-4402).
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W SRR 5545 RV

- HE LR DBP15K
+ DBPISK | Approaches | DBPzi1-eN DBPja-En DBPgr-EN |
- DWY 100k | Hits@l Hits@10 MRR Hits@l Hits@l0 MRR Hits@1 Hits@l0 MRR |

IPTransE 40.59 73.47 0.516 36.69 69.26 0474 33.30 68.54 0451
JAPE 41.18 7446  0490*  36.25 68.50  0.476*  32.39 66.68 0.430*
‘ AlignE ‘ 47.18 79.19  0.581 44.76 78.89  0.563 48.12 82.43 0.599

MTransE l 30.83 61.41 0.364*  27.86 57.45 0.349* 2441 55.55 0.335*

Datasets # Entities # Relations # Attributes

BootEA 6294 8475 0.703 6223 8539 0701 6530 8744  0.731
DBPzi_gx Chinese 66469 2,830 8,113 - T - ‘
English 98,125 2,317 7,173
DBP,A_gn Japanese 65744 2,043 5,882 DWY 100k
English 95,680 2,096 6.066
DBP-WD DBP-YG
DBPrr_gn French 66858 1,379 4,547 | Approaches | |
English 105,889 2,209 6,422 | | Hits@1 Hits@10 MRR Hits@l Hits@10 MRR |
: MTransE 28.12 5195 0363 25.15 4929 0334
DBP-WD afkpjg‘;z i%'ggg g;g .3,; IPTransE 3485  63.84 0447 2974 5576  0.386
’ JAPE 31.84 5888 0411 2357 4841 0320

DBP-YG DBpedia 100,000 302 334 AlignE 56.55 82.70  0.655 63.29 84.76  0.707
YAGO3 100,000 31 23 BootEA 74.79 89.84 0.801 76.10 89.44  0.808

[9] Sun Z, Hu W, Zhang Q, Qu Y. Bootstrapping Entity Alignment with Knowledge Graph Embedding. InIJCAI 2018 (pp. 4396-4402).
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Translational Models (e.g. TransE)

> * MTransE (Chen et al., 2017)

* [PTransE (Zhu et al., 2017)
g * JAPE (Sun et al., 2017),
 AttrE (Trsedya et al., 2019)
* MultiKE (Zhang et al., 2019)

v

Encoder

—»  Encoder |——»

s 2T Trans ESCHAR S IR 1

. o o RN P P S ) S 2R R 0 5 2R
AT b

o BRI = a BRI + bR SR, R LT

I
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WL T B AR 4 X 4% B SRS S AR Y
+ LA )6 57 95 5 o SEAR A TR FE R
i G AR 22 I 25 A DR R S B 8

__________

KG1E E\QE
o) |

__________

Z0 0

__________

pR AR L= > Y [dle,v)+v—d(e, V)]

(e,v)GS (e’,v’)ES(/e v)

[11] Wang, Z., Lv, Q., Lan, X. and Zhang, Y., 2018. Cross-lingual Knowledge Graph Alignment via Graph Convolutional Networks.
In Proceedings of the 2018 Conference on Empirical Methods in Natural Language Processing (pp. 349-357).
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hf;l“) _ .

O

h'Ow

O
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0

3

O
Oo/\o

L hOw
)
JEN: “ij

o

N; : neighbor indices

C;j : norm. constant
(per edge)

Input

X =H

Hidden layer Hidden layer
o 2
{ ] { ]
[ S [ SS—
° X ° X"
e o ® o
[ ] [ ]
o L RelU | o /"
( ] ° O’() ] Y
L ] L ]
° °
[ S [ S
¢« ° o« ®
[ [}
e ® %

[12] Kipf, T., & Welling, M. (2017). Semi-Supervised Classification with Graph Convolutional Networks.ICLR

Output
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BGCN-Align V.S. MTransE . JAPE. JE.

| pBPISK | FR — EN | EN — FR | JA — EN | EN — JA |
| | Hits@1 Hits@10 Hits@50 | Hits@1 Hits@10 Hits@50 | Hits@1 Hits@10 Hits@50 | Hits@1 Hits@10 Hits@50 |
| JE | 1538 3884 5650 | 14.61 3725 5401 | 1892 3997 5424 | 17.80 3844 5248 |
| MTransE | 2441 5555 7441 | 2126 5060  69.93 | 27.86 5745 7594 | 2372 4992  67.93 |
SEw/oneg. | 2955 6218  79.36 | 2540 5655 7496 | 3310 6390  80.80 | 2971  56.28  73.84
JAPE SE 29.63 6455  81.90 | 2655 6030 7871 | 3427 6639 8361 | 3140 6080 7851

SE + AE 32.39 66.68 83.19 32.97 65.91 82.38 36.25 68.50 85.35 38.37 67.27 82.65
SE w/o neg. | 28.23 60.99 78.47 24.68 55.25 74.19 28.90 60.61 80.03 25.34 53.36 71.94

JAPE’ SE 27.58 62.03 79.98 24.93 58.95 77.79 29.35 63.31 82.76 26.37 57.35 76.87
SE + AE 30.21 65.81 82.57 31.42 63.86 80.95 31.06 64.11 81.57 32.45 62.21 79.08
GCN SE 36.51 73.42 85.93 36.08 72.37 85.44 38.21 72.49 82.69 36.90 68.50 79.51

SE + AE 37.29 74.49 86.73 | 36.77  73.06 86.39 39.91 74.46 86.10 | 38.42 71.81 83.72

[11] Wang, Z., Lv, Q., Lan, X. and Zhang, Y., 2018. Cross-lingual Knowledge Graph Alignment via Graph Convolutional Networks.
In Proceedings of the 2018 Conference on Empirical Methods in Natural Language Processing (pp. 349-357).
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Translational Models (e.g. TransE)
* MTransE (Chen et al., 2017)
* [PTransE (Zhu et al., 2017)
* JAPE (Sun et al., 2017),
- AttrEAttrE (Trsedya et al., 2019)
* MultiKE (Zhang et al., 2019)

Encoder

GNNs

* GCN-Align (Wang et al., 2018)
- RDGCN (Wu et al., 2019)
* AVR-GCN (Ye et al., 2019)

—»  Encoder

+ AttrGNN (Liu et al., 2020)
* NMN (Wu et al., 2020)
» AliNet (Sun et al., 2020)
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W25 8 R AR R RFIE R 5 AR

Input Dual _Att Dual _Att Multiple rounds of
Layer Layer_1 Layer_2 interaction

G O x s X o
/
[ <\ A -

\ ey X X7 X’
1 e_init U e Adl > e e Add ye
X
KX G X X ()X

G: X’ XX
12 .| Primal_Aet Primal _Att
| X

>

>d(el’e2)

‘ Layer_1 Layer_2
\\Gr @Wjﬂ) Xr_ini[ X~r ¥ X~r
) 1 > I >
Input Dual _Att Dual _Att
Layer Layer_1 Layer_2
RDGCNI!3]

- MERARE, ETokmEitHERRRE
o KRR EMH TR RS

m
=
=4

] 'Relation: 1
Shamed *._.._. ’ Relation Entity

Weights —j- Loss

‘Relation

’

......

AVR-GCNI4

o [FJE A 3] SAR AN OR R Y A
o GCNGFRERAE FIRF BT S2RF15C £

[13] Yuting Wu, Xiao Liu, Yansong Feng, Zheng Wang, Rui Yan, Dongyan Zhao. Relation-Aware Entity Alignment for Heterogeneous Knowledge

Graphs. 1JCAI 2019.

[14] Rui Ye, Xin Li, Yujie Fang, Hongyu Zang, Mingzhong Wang. A Vectorized Relational Graph Convolutional Network for Multi-Relational Network

Alignment. IJCAI 2019
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SRS AT SR IC R AR

:KG2 ————————————————— i :

|
I :*_( f :’j I I
(o=~ T T TTTTTTssso oo nlniniulnteiiiiisiatetytaint B
= il 7
e B W = .
X | ST TN, el Graph Channel
!y | 3271 Alignment |\ Ensemble
X o Graph 1/ 4 A — O | :
X | | Partition Al A = o
:: | L2_| | :
R S A i o
e D e A GRS | o
| O Ocerj 177

|

o Attributed Value Encoder | | Mean Aggregator| | Similarity Matrix S*

AttrGNN5]

o RIS R B S ETRERE L] AN TR (SR, SO RN BdEEME. BEM)
o JUANGNNIBIESREUSEAR T M 3R as, 7B A EUE J8 MK F BERTZwtS

[15]Zhiyuan Liu, Yixin Cao, Liangming Pan, Juanzi Li, Zhiyuan Liu, Tat-Seng Chua. Exploring and Evaluating Attributes, Values, and Structures for
Entity Alignment. EMNLP 2020
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W O AR R Tk

KG Structure Embedding Ne;il:: ;;:Z()d Neli\%::::oh?::d
Ges e )
I gl A
Q Q /O /O Q Neighborhood CF-2ko L8O
e \@\ \@ \1 Assregaton {5l FE-O
§ o < o , OG- ) Erea-E-0
\ - i, i h .
:> :> :> /1 d(e 1 82) . -
Q o - O
G, @ Q & O %@/ (i@/ /J Neighborhood neighborhood of i gated neighborhood aggregation gated neighborhood aggregation neighborhood of j
C{' ({' Aggregation
@,
NMN[16] AlINet[17]

[16] Yuting Wu, Xiao Liu, Yansong Feng, Zheng Wang, Dongyan Zhao. Neighborhood Matching Network for Entity Alignment. ACL 2020
[17] Zequn Sun, Chengming Wang, Wei Hu, Muhao Chen, Jian Dai, Wei Zhang, Yuzhong Qu. Knowledge Graph Alignment Network with Gated Multi-hop

Neighborhood Aggregation. AAAI 2020
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Translational Models (e.g. TransE)
* MTransE (Chen et al., 2017)
* [PTransE (Zhu et al., 2017)
* JAPE (Sun et al., 2017),
- AttrEAttrE (Trsedya et al., 2019)
* MultiKE (Zhang et al., 2019)

Encoder

GNNs

* GCN-Align (Wang et al., 2018)
- RDGCN (Wu et al., 2019)
* AVR-GCN (Ye et al., 2019)

——»  Encoder

+ AttrGNN (Liu et al., 2020)
* NMN (Wu et al., 2020)
» AliNet (Sun et al., 2020)
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B AR RN R B A on 1% B (Pair-wise connectivity graph, PCG) , BS2/fk

X (Entity-pair) 1E X GIEATRAE R 22 2
WL SO R AE A 2 S S R R

__________________________________________

Alignments

e Te ] e
‘;\ﬁbq .b E- Encoder ‘
5 ii . @@ @9

____________________________________________

[18] Zhichun Wang, Jinjian Yang, Xiaoju Ye. Knowledge Graph Alignment with Entity-Pair Embedding. EMNLP 2020
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B4 PCG
« PCGH Y BN SEARXT (AR

ERNEIFSINA SR
- PCGH L BL R R S

KGs to be aligned

G =(E,R,A L T)
G = (E,R,A,LT)

Rule for generating PCG
{a,r,b) € T N{d,r",b) €T
< ((a,d’), (r,1"),(b,V)) €T

PCG of Gand G
[18] Zhichun Wang, Jinjian Yang, Xiaoju Ye. Knowledge Graph Alignment with Entity-Pair Embedding. EMNLP 2020
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Zi

Name similarities H
€; € G \

Alignment
Ay A Ay Ay - Ay ®— prediction
Ay - Xj
4
43 GNN
e €G' 4, Layers
- o
Attribute similarities
J J
“ | \
CNN-based attribute feature extraction GNN-based feature propagation

® SN A4 BRAH AL RF AL ® L R P 28 o 2% () R IE AT 328
© L5 A 22 X 25 1) Je8 P ATHBUBE AP AL S HY

[18] Zhichun Wang, Jinjian Yang, Xiaoju Ye. Knowledge Graph Alignment with Entity-Pair Embedding. EMNLP 2020



FF CSRRXS” R WX ST

LES e p s

DBPzu-gn~ DBPja—EN DBPrr-EN DBP — WD DBP - YG
H@l H@l0 MRR H@l H@10 MRR H@l H@I0 MRR H@l H@l10 MRR H@]l H@10 MRR

MTransE 0308 0.614 0.364 0.279 0.575 0.349 0.244 0.556 0.335 0.281 0.520 0.363 0.252 0.493 0.334
IPTransE  0.406 0.735 0.516 0.367 0.693 0.474 0.333 0.685 0.451 0.349 0.638 0.447 0.297 0.558 0.386
BootEA 0.629 0.848 0.703 0.622 0.854 0.701 0.653 0.874 0.731 0.748 0.898 0.801 0.761 0.894 0.808
MuGNN 0.494 0.844 0.611 0.501 0.857 0.621 0.495 0.870 0.621 0.616 0.897 0.714 0.741 0.937 0.810
RDGCN 0.708 0.846 0.746 0.767 0.895 0.812 0.886 0.957 0911 - - - - - -

AliNet 0.539 0.826 0.628 0.549 0.831 0.645 0.552 0.852 0.657 0.690 0.908 0.766 0.786 0.943 0.841
NAEA 0.650 0.867 0.720 0.641 0.872 0.718 0.673 0.894 0.752 0.767 0917 0.817 0.778 0.912 0.821

JAPE 0.412 0.745 0.490 0.363 0.685 0.476 0.324 0.667 0.430 0.318 0.589 0.411 0.236 0.484 0.320
GCN-Align 0.413 0.744 0.549 0.399 0.745 0.546 0.375 0.745 0.532 0.506 0.772 0.600 0.597 0.838 0.682

Approaches

MultiKE - - - - - - - - - 0914 0951 0.928 0.880 0.953 0.906
CEA 0.787 - - 0.863 - - 0972 - - 0.998 - - 0999 - -
CNN 0.612 0.840 0.694 0.569 0.820 0.657 0.777 0.930 0.833 0.840 0.986 0.897 0.780 0.975 0.854

CNN+GAT 0.726 0.916 0.803 0.764 0.936 0.836 0.758 0.960 0.839 0.945 0.967 0.955 0.980 0.999 0.988
EPEA 0.885 0.953 0.911 0.924 0.969 0.942 0.955 0.986 0.967 0.975 0.981 0.977 1.000 1.000 1.000

[18] Zhichun Wang, Jinjian Yang, Xiaoju Ye. Knowledge Graph Alignment with Entity-Pair Embedding. EMNLP 2020
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