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Abstract  Entity alignment, which aims at finding entities that refer to the same thing in different knowledge
graphs, is a key step of knowledge graph fusion. The traditional methods used various characteristics of strings to
align entities. In recent years, with the continuous development of knowledge representation learning technology;,
researchers have proposed many entity alignment methods based on knowledge representation learning, the
effect is obviously better than the traditional methods. However, there are still many problems and challenges in
the research of entity alignment, such as data quality, computational efficiency and so on.

Starting from the concept, datasets, and evaluation criteria of entity alignment, this paper makes a detailed
and in-depth overview about traditional entity alignment methods and entity alignment methods based on
knowledge representation learning. The traditional entity alignment methods are classified into the methods
based on similarity calculation and based on relation reasoning. The character feature, attribute feature and
relation feature in each method are investigated in detail, and also the advantages and disadvantages of different
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methods are analyzed and compared. In particular, the paper emphatically discusses the entity alignment methods
based on knowledge representation learning, and abstracts these entity alignment methods into a unified
framework, which includes three main modules: embedded module, interaction module, and alignment module.
Also, the methods are further classified into eight categories according to the structure information, attribute
information, entity name information, entity description information, and integrated information. Further, this
paper makes a deep comparison and analysis of these methods. Finally, the main challenges and further
directions of entity alignment are discussed and summarized, including the processing of sparse knowledge
graph, the lack and noise problems of annotation data, and the efficiency of the method.
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SR Z AR B = TR EIR: (6,7, e5), WIAF
TEERE SRR, 1,y), HE X fun(r,x)N:

fun(r,x) = 12)

ly:r(x, y)I
Horbly: r(x, y) |38 243K S0 x T I35 A2 5%
RARrREAENEE. RE, € CRRTRECN:
fun=l(r,x) = fun(r=1,x) (13)
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B i XR R R fun(r):
oz 3y:7(x, )|
Tyl (14)
FEUCEEA b, MREE A X A5) PR RIER A,
DK SR ILECE R AL, BRSPS SE R AT
BE VLD M
3r,,y G Y) Ar(x,y ) Ay =
y' A fun='(r) is high = x = x (15)
W L T P 4 2R 2 M 2R A0 AT LAAS 31 i 2 (16)
7R B SAR T BEDLRC AR A P (x = x )

Pri(x=x) =

fun(r) =

1-— 1— fun=1(r)
r(x,yg/.y')( (16)
X Pr(y=y))
H PR Pry SRR P AN S A 1T RE DT T A HEZR o
B T 7E SE PR e B R Hh [ R A AE AN LI S 0L, BT
DA S — 2 58 LIS SEARANILIC M2 Pry, AH
82 R SRR S (A7) o -
ar,y: (x,y) A(vy :r(x’, y )Afun(r) is high
=yEy)=xEXx
W b Th A N SOME AR A AT LA 3 P S SEAR A
VEHE R 22 5(18):

(17)

Pry(x=x):=
1_[ (1 — fun(r) 1_[ (1
r(x,y) T(X,,J/I) (18)

—Pr(y = y’))>

I Ja 5 A K A2 A 5K (16) #1(18) & F- 15 2
B 22 IR SEARSS FEMER Py, 0A (19) TR :
Prs(x=x)=Pr(x=x)
X Pry(x = x')
M oL B S AL A Py SR S P> SRR 75 %)
5o

3.22 IR AL RR K SEARNS 55 U7 ik

Lacoste 25 A®M2 1 T SiGMa(Simple Greedy
Matching for Aligning LargeKnowledge Bases)#.y%,
ZEIER M DL BAR, R SRR TR E . B
SERAE B AT R 4 F R 52 A A R P 1 2 )
(SRS 55 o SN S5 B 2 B AR 7 (i)

(19)

oy it 3 J 1A B AR A R 4 (i) R LIS AT )
SR R AT . SIGMa BRI T SEAA R @ 1
SEAKRELR, XEM= xR = ot T
TR, RIREUE 555244

B VSt F T A SR B R SEAR R E, X By, FIE
MryFoR, Wy, = (i, )):i € Ey,j € By, #HWATAE
iv jONICESEE, Wy, =1, &My, = 0. 1ESK
VG P I o 55 S S AR UL S, 71K R AR AU
Gij» WIESARVLEC H b5 8 obj (y) i F 22 3(20):

obj(y) =

Yij [(1 —a)S; + aGy; (J’)]
(20)

(i,jJEE1XE,
where G; = Vil Wij
(k,DEN
Forb s A8 SR ARABUME AT DG ZR AR A 22 TR 1) P
WBH, S BB N 0.25; N FrRsA i A j i
JRIFBAR LSRR s wyj o Fom CRISEAR k A1 ILACH)
T, SR RARUEG,; MALES AL, & 2R
SR AR TTHRAE B B A Fowyg g > VLA I
(1) AR
Wij kl = YiWik T VW (21)
Horpry My, R IENE S HL, ABRBSN Rom LAk
FEHIRAETE G, i ) SR SR g, ) IE WA 2401 v
A (22 FiR:

-1
1
Yi i§<1+ Z Wik)
kenN; (22)
-1
1
=gt Z Wi

[eN;

SEARRIARAES; BITHSE D P o SEAR R )
PE 7 55 R LY string (i, ) A1 Mk 42 AH AL P
prob(i,j), AXW23)Frs:

Sij = (= p)string (i, j) N 23)
+ Bprob(i, j)

Hh g zdg, Sinh&E N 0.25. Rk
Tk e BB pLpy e, HIBYEMEN
V1, V2, ey Uny o iﬁiez@é\)%‘@ql.qz, v (ny o HJ&
YA N, U, o by o FHF AR string (i, /) A
PEEMBEprob (i, ) THE A X (24) Frr:
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string (i, j)

_ ZVE(WiﬂW}-)(Wg +wy)
~ smoothing + Zoew, Wi + Xy ew, w2
(24)

prob(i,j)

2 .
_ Z(a'b)EMu (Wpla.va + qu:lb)Slmpanb (Va) Ip)

ni 1 nz 2
2+ Za=1 Wparva + Zb=1 qu'lb

Hr W, FoR Sk i P A ESE, wlFRiiE v
TE SRR E, T SO AR IDF(L 3.1 ),
smoothing & INTESS REF RSP, S 745
R AT R £ SR A . M, RFE R
FHUBIESE, w) , For S he, B ILME Y IDF, wl, ),
FooR ke, IMYEMLIN IDF, Sim, o (v, ) R—A
[0,1]E %0, #v, = L,WJ 1, A 0.

3.2.3  JET IR R AT A R H ) SRS 5505 1%

Song 25 NITHR 7 R T4 R M) S Aot 5% 4
7% HistSim(Candidate Selection Based On Instance
Matching History)#fll DisNGram(Candidate Selection
Using DiscriminatingPredicate N-Grams). HistSim ==
BAREE—H B R ATTEAT IR, AT 2 BRIULAS A]
REPEIR /INEI 2%t s DisNGram AN T4 ] S b
(R SIAAR DL e 50925 Re i 12 AN DT C A S5, e BTG B
BT A SRR SR XS, R R I HR v 4
R B AL ST, e LR Ik B0 S s B ) 7
T AR FEE 5 R A ol e 248 34 S5 X6 o

X F— AR FF{eq, ey, ..., e }» HistSim M
—Aey FFAAMK I [F) J T 1) SSARBEAT ST b, 5 PR S A4
AL N NAB AL SEAR R G H (eg) o A T 38E G SEAA K
PR, Bk R R H S T SR AT ILRC T
B BRI TR ERATZULAD, F Ha sz el
KTHR5E BME, WIMAAHLSEAASE S, H(e) )
SRR AR ML AT B P HET o XL PISEAE (eq, €7)
RIFRALTER, T3 HSim(H (e), H(ey)), A/ (25)
FiR o 45 P SAK (e, ep) RIARALA SEAARAE AEAR AR BE 1)
AEBAE (B I A4 2 sigmoid BR E B A ] E) , W45
B AR T 45

HSim(H(e;), H(ey))
+o, H(e;) = QorH(e;) = 0
= | HHe)nAle,)| , otherwise (25)
|H(e1)UH (e2)]

DisNGram 5k E 7 AWM. ()% BH

DX R 2% R E T o (2)MR 457 2T 5% Rk AT REDL
TE ) 2451 o
(1) FAERA XK RE
AREE R R =T0H (e, 7, €7), FEIH
KA r K Xtk dis () F17E 5 cov(r) . REC,,
TR ke WFZRELBIHE, WA 1 dis (r) A
& ditkcov(r) FITHE IR A (26) M (Q27) i :
dis(r,C,,,G)
_ l{ex|t =< ey, r,e, >EGANe; €C. 3| (26)
B |t|t =< e 1,6 >EGANe; € Cel|

cov(r, Ce1: G)
_NHelt=<e,r e, >€GNe; €C}| (27)
|Ce,
(2) EFEVTHEVLAC 1) 5451
I o) B A X R C R r, EFE
IR R B = J04H t, XS] = Jo AT PR EE A
HEPIAFA ZIed (e t), FRREBAT T A
X (28) TR
S(t,t)
Ingram(t) N ngram(t)| (28)
- min(Ingram(t)|, Ingram(t)|)

N T DR SEBIBEAT HUEE, OS] Y e 1A
ST TARBMESim AT L% Ratio TH . X T A&
Y (py, po) IV N 22 2K (29) #1(30) -

Sim(py, p2)
|tokenset(p,) N tokenset(p,)| (29)
- min(|tokenset(p,), tokenset(p,)|)

Ratio(py,p2)
_ min(|tokenset(p,), tokenset(p;)|)  (30)
"~ max(|tokenset(p,), tokenset(p,)|)

Hrhtokenset(p,)Fn =Ju T A UUgMEp,
JAE A T (2 = I 1 objects) FIEER
3.3 G LA RN L 24

B ESCHTR, ARG SRR 5 i E AT
RIS T, RIAE S0 54T 25 _E A R — I
e LU - 3% 5 A& G SEARKS 55 7 VAT T X EE AT

M ERTFERT LR B, TS R 2,
SEAA R &R R AN R DL S S U AN [R], AR A
25 4 — I ARBURE VAR ek B [ B 3 P g 155011 e
GRS T 2 07 T FR S IE SUE 2 (1 o i 14 2 1A
(R SR IRTE LA e = O A 2540 2 1R (i S B 4), 1
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FRFERORA IR B, TR, MR r 2
TFUa SR BT A SEAR FEBOR (PE LSS 4 719)

*® 5 KGR F AN

R Pl 3rir S R g R
Cohen %5 A TFIDF, 5, 7
E, X E, TR, SitHE INY %
(2002) %
*® . S\ B 5 23 )
Sarawagi % A\ E; X E, & 7 FERI N AR TS 44: T
ER B BB+ 3 3N%5] =T 70 R 1
(2002)[12] KFEIL e [[RIE[F I
bic} LbERfE
) ) A COEER, RBSAR
Jean-Mary Z£ A\ PR, ID. HER+FE SRR, 2T
# E, X E, ‘ BIFAME B, AR
: (2009)1**! SUIRIAEHE SUIATE RS 5 HORG FEE ‘
it s ab 3 e 2
# e 45 B PH ZE bk £ A0 DU G R
Arasu FEN Ey X E,FHIE R JEVEAE+HLAE 2 2+ - RE RSN
B, WSRO ,
(2010)14 itk B ]+t B RS B
3K, IBATHEE IR
XHR Liapial 3w g REMH g R
Suchanek %5 A\ KEREFEMMWEIM R DU T, [F X
E, % E, R AL B — % — (26 B
#* (201 1t FRHEMH
F e \ \ TR F Il %
Lacoste %A BTGRP MRAE R R R M T SSENEEES ~
x ZHEME, HFEKER
(2013)1 T A S AR Fgstafs B
FA €T
i » AT T A A T B 5 B AT IR B AR S 5
Song FA IR FF I i A i
H AR RIF W ik, BB, A% RMEER, WEEiEsL
(2016)14" ZibaEES L
BRI R i S

4 ETHRRRE ISR 5T 73]

R 2] O i 3R AIE 27 2] (Representation
Learning), F& H 2 F| HHLES 2 S H AR IR %
TN RGNS () ) &, PR [ TA) PR PR 2 e
B2 PRNT GZTAIE R R W3R E I T
MR R R o, B AR R R % 2] (Knowledge
Representation Learning), H A& SZE &0 B 1 o sk
PRFISAR Z 20 R A B3R N, 8 PR e 4 544
MK R, 19BMELE R 2P EIERTR.

BT R IR R R 2 S BRI SEAR R OC R 3R
NIRRT IR ), WA ENTRE T3
TFRRFERFZIRRAENF T, BRTEERA
H A0 AR P S 55 e B EE R . IR AT
KETTE, RXHFEIFMRH — G — L 55
LR, Wl 4 Fros. HEARAR R B odd Al
TR F I HARN R E RS AT RN, RIRR SR ;
2Z e MR T 55 19 SISO K A () 2 3 P 1) R N

2 (Al e B[R — AN E b, B B, &a
AR A5 7] £ 2% () o SR 2 [ P B 2 i A AL 15 3
AR FFEE R, RIS, IhAh, KRZH07EIE
FINTIEARHLH], A SRS 5525 RN 2 &5 5%
SRS

AHTER T RKe X I T AR R S I SR
FHERTELINA. HHMTREES. H%k, K
P 4 FE3 (1) =AM (R AR 22 B HURIT
FRRE PR — VAT TR . TR, AR
RN I, X BT 75 A R 0 0 R
FRIANEREAT T VRGN 3280 4.2 715) AR e i —
WINZETEAT T IR EG, X e Rt AT T
WA (0 4.3 1),

T 4.1 TR A HIE F AR R R )
FOR, ARG G2 U1 B fU SRR B T AR R IR 2 2] 1
SARXS T, FEHEATIRAN IR L7347
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RTINS

AR

R
HITREE R AN
1

XSG

B 4 B T RIRERIR S 2 (1 SO0 55 TR SR AHE L

41 MIRFETEIHA
I B 2 R T A =K
BIBUR. i SUTREBUN, JRPE RO ),

4.1.1 AR

T word2vec [ [ LA, Mikolov 55 Ak
DL 545 2 1 3] [ 5878 18] 7] 6 2 () JEAT P S 41k
Z )5, A MR R AR AR HO I 40 C(king) - C(queen)
~C(man) - C(woman), F:H ¥ C(w)3R7~ word2vec
AR 5 5 B B w R [l i, BIE A T2 I AR
JE R T Z PR . BRI B
ALFE TransEM2 J Hod FR AT, S RBIRKE 5 AL N
3k SRR J2 S AR R RH R

£ TransEMAe, Xt FRA=IT4 (hr, 0, ¥
KAFNER KRB RERE, HHRXREET I,
TransE 470U (Bl AE A, HpkH, @il 5 For,
T HAN=ZI6H Ch or, t) R, TransE # &
h+r=t.

\

5 TransE #E 7Y

7E TransE 1, =74 Ch, r, O FIBES s En
FARBL), EHESSEERA Lysk L FE
frth ) =llh+71 =t 1, (31)

R

K6 1-N B4k Rl

SR, TransE SR IFAEE 2 R PRI, ffE:

(1) AbFEE A0k R R PR, IX LR ok R
TR0 1-N. N-1 F1 N-N. & 6 Fios it — A it
R 1-N BAR R, KE MG S48 2 AR Sk,
1M TransE £ 75 1% £ B S [ 7~ A ], S 1 = 512
B, CHREAYE T STURR BT SURIFAEE G L
AIE, RS T TransE X SEA ) X 431k .

(2) TransE LI A=J0H, WAFES
HRAME, MARBETHEHSETLZHHGR.

B IR EE S FR 14, WFFCEN IR H TV 2 TransE
(I R BT, &0 455 A AL, TransHI¥iL [F]—
MR R TR RAR, TransREHERF
(1 R I A R B8 A3 1H], TransAMSME 723 5
P S MO D KBRS, IR — 42 S AR AL
B, M E B REE, RIT PTransE ),
7 Ji7n, fE PTransE H1, 05—k REEASHE EIH
TERR— KR A, A2 A K REEEE
KRR,

HIZERTT [osgioEs)
57 »( M > WA

frFHER
D

Kl 7 PTransE 7
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4.1.2 15 X VLA AY

VB ST O 2R 2 T el FH T AR AL 1) 7 R
HEWT - 2 F 52, A FE DistMulti*”), ComplEx(Complex
Embeddings)®®!. HolE(Holographic Embeddings)™*”
%,

DistMult™ IR 5 5 i 10 W2k 7 ok % &
SRR R Z AR, =t (h,r, ©) IPE5 8
T ~3(32):

f-(h,t) = h"M,t (32)

Hor M2 R & r X RIEERE, T IRD R FR S
Bt EE, DistMult ¥ M BRI AT R RE .

ComplExMIZE ik NI 2% /8 T E 80, X E 15
ComplEx Reff X & Fh —n KR REAT B . 1E
ComplEx 1, =564H.(h, r, OB B in A R(33):

fr(h,t) = sigmoid (Xp,.) (33)
M= JCHAFERT A N 1, AAFAERS 15455 B
N-1o ot FITHR TR 22 K (34):
Xyre =< Re(w,),Re(h), Re(t)
>+
< Re(w,.), Im(h),Im(t) > + (34)
< Im(w,),Re(h),Im(t) > +
< Im(w,), Im(h), Re(t) >

Horb wy RKRM N EE AR, Re(X) &R X
MRS, Im(X)FR s x 1R

HolEM Mt F 17 185 A ARG B A 5 R SEAA KT, 778
> Ry X Ry = Ry W5 77540 R A 3(35):

d-1
[a * b)) = Z ;b +kymod d (39)
i=0

£ HolE #1, =Ju# (h, r, ) IV R A
3 (36) AR :

f.(h,t) = sigmoid(r"(hxt))  (36)

4.1.3 VREREAY

VR A R 3 A P VR 2 ) B R EAT R R
%], ¥ ProjE(Projection Embedding)®” .
ConvE(Convolutional 2D Embeddings)?®!
R-GCN(Relational Graph Convolutional Networks)®
(UK 6 AiRn). Hrh ProjE A £ EBAINLIET
AR ConVE | FH 5 AR A A 452 |2 0 SRR O¢ &R 1)
Ik AT A R-GCN U A B89 4 (GCN) P!
BEATEEAE; ConvKBP g sz R 56 2 7 AR AR 7] K

NIRRT, RS = e R NS B2 B — AN
ONFERE; ConvRIP AN [/ Rz 550 i — 2 1) B 6 s 2k
AR RGN, = o145 0 2l it R4 &
22 2% %t 45 311D ;. CapsEPCISR i fise 2 1 4% (Capsule
networks, CapsNets)® i 17 5z 4 il 3¢ & 2 £ ;
RSNV it L i A 77 sk B sk F 2 5] = el
IR R IR

< 6 B RERE
REHRT BOBR REEK
pp— LEFMIARA FRUESEE RIS
HEFr B (Rank)
ConvelY THARIRAEETN R
R-GCN2 ZRRBENEBRHENGE R
ConvkBP! KRREE, —HEIoRR TS BELR
ConvRP WNARR#THRDBR R R
CapsEl® ERAREMEHITER T BELR
RSNEE FEALSE R E R 2 BEIBER ]

B RFNRERB 5 SCUCHCAAY PR BB (1)
YA 28 0] 2 DL SCHR[38] A1 [39]

4.2 BEFMRFRTEINLERFTEE

BT RN IR IR 52 ) B SR S5 TR T A N
AT A o SR 55 ] = BLEOR, HHUE T
IR, G AR 48K 22 B 1R A FH R TR A 28l ] o
25 4% (Graph Neural Network, GNN)PgE4T %11 %
N, BRUOREATA B BRI G R AR

IR DA I, 3K T v L AT AR AUUAE 42

Can ECB 4 frs) s e R . GNN &5

IR R IR 2 ST R AR FR B AT N (B RN A5
Y, HEEEAS [F DR R R RN T AR R . 2 5
R 5% 55 P S5 A X o AN [0 R 10 P i F i N 2 [
WIS 2] [R] — S Rl S () vh . A S v i 7 s v
B A A FE AR EE R, A A
7] 2601 U P il e B 81 (] — A ) R A ) e (B AR LA
B o $5 S5 MR A ) 2 ) Hp S 2 T 110 i A A
JEE A5 38 S A4 0] 55 45 S (RPN AR o

A SCHRYE P 7 SR AE REAT SE 4 X 5 I AR A
FIER EREE BAE, K OHTEYS RNE,
MR 7 Pron. N EMN BT, FRET
RN 3T

4.2.1 SR 05 2 BEAT SEAR RS 57
T2 I SRR T 77 1545 B S B 2 a4 R
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TR T, BffoRkY, SHERER: (O)RIRE
WA =oodl, #208 (B, R, B), #lln (HhH,
HHS, dERD. QFRAHE. Q)MIEEL.

EAERHE, XA TSR, S5
BARREA A T2 K 2 B Aot 55 75 2 # A
TEMER. A%, AR ERE R RS E R AL
I, XEFEHIBCR T RE ELBCA R

(1) AR AR =TS M5 BTk

R VEAE R R = e R e S s e, i
I RNIR R 7N 2 2 5 B PR, VF 2 VAT
I 45 #15 JEL B B R FH L SR S
SCHR[60]HE HE T — NS 1E 5 R H B i A\ B Y
MTransE, ZARAL 3= EAFE A HL 73
a) fHH TransE BERUARYE K R =Judl s Hxt
PR R BB ) SR N oG RIEAT RN, PR
ATV IR (1 N 25 B AH O

b) e Y P SR IR A R N 4 8] 2 T 1
Feit ik, BRpREn R 2~ 3X(37):

L= S,(T, T
mmg?m)

Hrr, Gl Gy AREMZPAAFNIE F AR
B, §(Gy, G)RERMZ A AR B D25 55
(= TC T RS, S, (T, TR 2R 55 1)
I RAT VR T . AR T =M
(W70, S — R 3T P B 1A v, AREE AN =
JCLH 2 (] () FE BN H g AT P s B8 Rl P2 )
&, HREES AR I o S A — G &R, X
KAWMM NI R R 56 =Mt e, e
SCEEREHERE, PN XS 55 1) = a2 TR ik % A% 4
BT I 5 B AR R B (1 4R N34T S Ak
FF, SRIGAERERN, RN RO B AT

@37)

® 7 ETHRRRE LR TT 3 AL

25 FIHKER R
;b BRI
MTransE") KE=d
BootEAPY KHZZ I+ 2SR

Multi-mappingRelations!®? FRE TR

I HiffE R

MuGNN! AR R ER S
KECG!™ ARHEAS B+ R R BGE
Sspes ARl Rk R =04l
TransEdge!®® KA ZTH+R RN
AliNet®” AR B (5 K37 B S
MRAEA®! AR B+ R R T IH]
VR-GCNE EIEZE) SN
SelfAttention-GCNI®! AE(E B+ IX 2

Schema-Agnostic™

JAPE!

CTEARY

GCN(SE+AE)I™

SEEAPY

COTSAE

il ZEHfE R

AttrGNNI

JarkAl™

Attre

R SURIZS 13 R 10 52 3 5 7 11

P T L A4 5 1 52 5 7 4 )
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vV

Cross-KGError! Reference source not found.

HGCN™

RDGCNL™®

pGmcl

o ] NMNL®!
SRIEE. A ER

RREA™!

RNMEY

DATEY

CEAP2

BT HHET (AR S o 7P

SHER. TR RRE R — P T ST A R 1 A DL P A 75 52 e A )

grER. RIEGEE. SEHEMiRER HMAN+BERT®?

MultiKeZ!

EPEALY

VI

EHEE. SR ER. SRR ER. BERT-INTE!
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X HR[86]4E ! T AKE(Adversarial Knowledge
Embedding)#:7%!, 7E 4 ] TransE BT # A\ A2 A i
AN TPz, R T GAN(Generative Adversarial
Network) B k4T SEAR AR SRR - AKE HE 8 11 B
8 7. KEZRFRINAE Al AN BURBTHR R AL (1O
TRAHESRE4E = AMEE,  RORIRASEH . LS AR HRA %
B oA F PN SL ) 4 i 258 5K 27 ST R
SR TS AT H bR R B ) SR R R s RS e
R TE BRI SR SRR 55 X BuAsiEh
YEFF RN S A R0 55

W B

Omm “fﬁ#\ N - )
. D . » <O\OO O/ I : O I
T | o—0O |
-~
WA f CICEON IR O—0O |
oo | (@ 0! (550 = . . I
1 lie o, x I
e v e I. Ol (»:me\ +—--| Q—QI
! T :~-| ?/ D o— — v
Tk | N
: - S ‘.I___I i K
|
| %X |
i E E I : :
| R i |
|

& 8AKE %Y

SCHiR[88]#2E H T OTEA(Optimal Transport-based
Entity Alignment) #& & , f& % Optimal
transport(OT) BV 771, 78 Sefdont 5 28 H R H T
PP Ll T AR 200 . SCHR [62] 4
TransE Al ComplEx 45& e kg iT SN, Bel
AR B — X — 2 AP E ARG R . SCHR[90] £ 15 H
TransE HEAT IR AR RIS, S SERsRBET T X 59
SCHR[66]4# ] TransE HEAT SRR AT, B 7 %5k
P Z A K R RN T B

() fEHRABARE NEHE B RITE

GRTTEAE R R AR P P AW RAE, (E AT
FNRFR R 2] J7 1l R R PR

SCHR[29]2 T T IR i TR R A B AL LA
RISERXS S5, SRS 3 M

a) o> AR R AR B KO8 R = e AN G

B A5 A5 P 3 R A TR0 S AR N 56 2R HEAT

RN, AZSE B = TIPSR, JF

BEAT TS B R OC R = Ju AT iR

ANBIMEDL, ZFEM R )72 TransE; X T
TR R AT IR BIIE O, 2 EEAE
FA ) 7& PTransE. SEI8ZRHH, f# ] PTransE
B AR B AT

b) ARHE LR 55 SRR AN [R] R
TN 2 (] SRS 21 5] — AN SO R R, 1
AT SR IR AT T . 5
— PR B TR, K SR SRR AR
e FRRRI K R BB R R R R RE AR
B, B MR, XSRSk 2 (A
IS R R AT et SR =R SRt
R, LRSS SRS A R RO -
SIGRI, SHILERI RO AT .

) TS AN ) R P R S A T RS S
PEES, BEARRTHE RS 5 0 A
R, RE S T35, 25,
A8 P v A P 1 T 0T 5 ) SE ARG A )
B R N BEATIEARTE B o 26T 3 1) SR
AR, B EE AN 55 B 55
REH TSt =5, ERkaEsE
(1) 38 X5 5 1100 S A4 i N 381 2 %6 5% S 4R xef
W BRI, M5 NERX SRR, BN
PR AL RE I 08, (R T 30)
55, N B TR HTN 5 I SR 1
BTSNV S, BOMSREA TR P
WA AL, SEEG R, BON RO BT

(3) MEFHARERAS BAF NGRS A

XTI A [ R R S vh R 0k B SO )
(SR B AL AR (S B, XEERZ A E
P25 W 4% (Graph Neural Network, GNN)B¥347 %
Ao

R [30]1# ] VR-GCN(Vectorized Relational
Graph Convolutional Network)# 74 5 %15 B i o 1)
SRR BTN, ZBLEEFHE T GCN 1)
B SRR S R R . Z SRR B AR AR
SEAARRIOC FR RN R BT SEAR B RN, i B Ak
SIAAR SRR BN SR BB O R RN o 1 EET]
DAREFH T A 2%, 22 2 B X 48 ] LU 42 21 51 R 3
MEEHME R . BIEIR G AR R B R0 X 0 AN 5 £
TSR, R R0 TS TR P TR 2 2] S Ak
FRRBIRAN, MITA B TE4MER. 25,
ZOCHRIE— B T T VR-GCN BLAY [ St
FHESE AVR-GCN, HEZE IR L7 AR
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a) MR OS5 A SN AR B 2 1 = Jn A,
I INE ER B b, AT AEAS RN B AR
=, MR AER LSS F R
b) FIFH VR-GCN AL 557545 2 A EniH
TR, FRARHE OO0 55 B SEAOG T 5
SEREHE R, TR FH e A% B P A SR
R HR N BILSRS 2) [R] — AR ST, e E il
P N\ 2 [ BE B AT X0 55
5 Bl SCHR[30] () AR R AL, —LeT7 vkt 2
T ET GNN SR X 55 07 ¥ . SCHR[75] 472 H
HGCN(Highway-GCN)# %Y, 7£ GCN %At s
7o # O OML W 3 Wk [76] R Ot T
RDGCN(Relation-aware Dual-Graph Convolutional
Network)#%4, fiH GCN #HATHR AR IR, XEXT
Sk Z PR RME T ANEXRE, 2
GAT(Graph Attention Mechanism), {3 /] KvE= /141
AT SR 2 8] 20 R 0 FEAS R A EE . SCHR[63]42
t# MuGNN(Multi-channel Graph Neural Network)##
A, 76 GNN JEAl BP0 7 B S LA E A X
wOE O JON M. 3 MR O[B4 R oH T
KECG(KnowledgeEmbedding model and
Cross-Graph model) B %Y, 3@ ik 5 FH #5052 M B 2 3R B
RN GAT # A8 XA, I H 2454 TransE
2] HR B R R &R R o 3C R [65] 42 HY
SSP(Structure and SemanticsPreserving) 5%, fifi F ¢
BR[75]H ) HGCN AT &/ AN, H44E
TransE X &R 4% S04k 2 18] (1) 56 RFEAT RAR T ) o SCHR
[65]#2 ! AliNet(KG alignment network)f# 7%, {5
GCN BEAT S5 M5 BN, I = ULk 6 1t
P B9 AT 2 S . SCHR[68]42 HH MRAEA(Meta Relation
AwareEntity Alignment)#i%!, ] GNN ik A\ 2514
TR, KSR RO R EAT AL 7 AR [A] Y
X3, R BT SEAAR 2 T8 9% 5 40 FE AN [F)
HIRLE . SCRR[78]4 HY NMN(Neighborhood Matching
Network) 5%, 7E GCN R AR, A FHE K= )
B 1) SR 3R B AL 2 Sk 1 22 S o SC R [91] 42
REA(Robust Entity Alignment)#£%!, g ] GNN &
AN E RN T RS EE B AR BRI . SCHR[77]
#H1 DGMC(Deep Graph Matching Consensus) %!,
] GNN SRZEAT RN S R SRR AE DTS, HF2
T TR B AR BT SR AR AR B, AN
FFA B A0 4 92 ik % B . TR [79] 1R W
RREA(Relational Reflection Entity Alignment) 71,
¥ GNN FIFHEEEAZE &, RN R RN A4 ik

N BEAT &5 & R 58 S AR X 5 . SR [26] 42
CG-MuAlign(Graph neural network for Multi-type
entity Alignment)f%4Y, g F] GNN X AN [ 2 8 fy s
PBEATER G0 55, SR s WU R =)
B, & S AR AN SR F) 50 REATRLEIX 730 3
HR (GO H 41542 Si s 1 4 2 89 22 e M S B A4t
] GCN A B VR o AL 4 S e 8 222 S R BE
BHUE B

4.2.2 T JE A AT SEAAR 57

R 421 WA AR E S S5 RS
By XA RN AR B B AR R 25 4 — 2 B PR 1
SR B ST FAZAE K A B iR B o DRk Sk
[70] & 4 T #& X T8 X 0 L 4k X 5 ik
(Schema-Agnostic). 14 S 7B 1F & 7 Il
Az BSAGE 3E SRR AR 2 (VL FC B AR VT AC) o K S A4
J& Pk 8 % %, {8 H BERT(Bidirectional Encoder
Representations from Transformers)iE47 )l %%, Al
i 9 ok

E={e),..,en} ME ={ej,..,e,} MK
H ARV RN R B R S A s I R R E 2 5 3RS
IR SRS ¢y, oo, o} IR B MR, Hh
{41, .., A Y€ Ag, {A), .., A} e Ay o [CLS]E R
FERIEIIT 4G, [SEPIRRFAIS R, 45d BERT
o3 88 B a TR AR 25 o

4.2.3 B &5 R A5 B AR VEAS B AT LA 55

IR 4.2.1 A1 4.2.2 T 7S IR T AR
KIE 1) g5 415 BB S BT RoR % . (NFIH
SEREBRE, 2T RREENEEE R, mEk
5 AL VA R T R R, REEE R T SN 55
Fo S R ARG B OLZNE T R1R B 254
MR Z AR R . NIk, —S 4t T 2247
F 4545 BAE M AS BT S 5%

AR, BYESBIE 02 HR B i 14
= o, ¥ (E, A V), il (John, £, 24),
—LESTARNT VAN T B S B AN R E
B, FES N

(1) FASMEEMEER AR

JEMEASHE RN S T B 1 R AR G,
RENEMEL T —RHTHEA—A Sk, A2l
NEATRMEKR . BN, ZLEMAREHR, BN
AIEH A O, H TR — S
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SCHR 18 B AR A S A B AR DG JE e, 1%
FIEAREAMEEE, 2 RS O¢ R = Jn 15 2
S5 K9 %\ (Structure Embedding, SE)FIARE J& 1k = 7t
YH 15 3 1 J& M -\ (Attribute Embedding, AE), )&

E E’
e e1’
(™ ey’
|
I
| i |
E B’
A | ] A

c1

Ck

\ MR \

E E’
Al oo T]A

C1

Ci

\ T HLAF 5 |

. L

|
" { ‘
o LL{ [CLSIAIL IAJISEP AL 1A, JSEP] |
— HbridddE
BERT i

53287 (Rt 4 22 ) 46 +Softmax)

. g B
Al] oo TIA

C1

Ck

K9 Schema-Agnostic #5 %1 [&]

¥ SE Fl AE 4G B KA 2PN F1 R B b i sk
BTN, 1% JAPE IREZ NI 10 s
HARG LR = AP 8%
a) SE: M, KOAMKR =IuHIENIIZ
IEF], FEARYE EF A= B, 2 JEHRE

TR S B3R T I, 45 30 SR RIOC R I
N EFHEEIE, TEIZRE T 51
SR LA R RN -

b) AE: ZEIEB I OO IR SEARXT B 12
(2 ARG, EAHSC BB PR HR N 1) 22
FHAE (), AR X P A 45 218 14 1 ik
No ZHEEIEAFIH B R ARE, TR
FIH T BRI AR

c) ARAEEERRATH R SR R AR, 2
J 1 45 B 1R AR ARL RS R S S MR N S A
1RBEATIRN, MG B AR RN ZEAT X
7o

CHR [31] $2 i T CTEA(Context and Topic

Enhanced Entity Alignment)f£22, #n/& 11 fis.

CTEA HEZRAUHE =AM B IR

Q) AR ST 1) JE MRS BN R AN YR SR AR K
fEIESE . HAkHh, ZHELLTE SRR
SRR RSk RS R, i S R A
BTM(Biterm Topic Model)® 1) i i Az
BTM4EA X S @il dh AT @A, < e HR 4
JS P2 (Jensen-Shannon divergence) % H
ik se. BT BMEMAREIME, ZHELK
A FI R T 1 B AR

b) R SR 1 4 A5 B AR s S A 5 A RN
ISR B R XCRR. ST SR gE iR,
TZAHE LR /2 TransE #E7Y, R R =
TR SR ZE R RN, For X551
SR AR F RN s TS AA BTRSC
P, ZHMESRAE R 51 N B I
Z B IE L B2 M 2 CNN(Convolutional
Neural Networks) 5  , AR5 SR 4885
BAE AR | SRR, B 1)
NIECFE SARFISC RGN, FTX)
B () ZH AT AL

c) AR SR MR AN TR SCR R 4
S5 HEOGE 2 PRI AFBL BEHE B, 0 P AR AL FE S
B IAAR D015 21 55 28 B AR ACL BE AR R, 3677
FEXT I PR 126 B2 FR 4R 0T 55 45 5
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; . n®
r .

HEEME

|2 2N AT EM A TR

& 10 JAPE HEZEE

TREBF IR

LTSGR

KGR
PR

[EESEERLYsy —»

. LERE -
- Eitges e
(e )= () = (Com )) =5
=

A

FEREEIE (AR

I ERRET I

FLfe,

[ B
o |:> S TR

ETSTARBARE

[0.1,05,-,03]
FEARAE

BAAELE

ST .
ERDA e,
[ E— .

11 CTEA JiEHELE

JEMAE . AtrE AEZL U 12 Fos.

(2 BINEERAEAE FUkHE, AE B =40

— LB J7 VA ) S5 A AT S5 1 A B R Al Q) IEI LR X5 HHPA AR ERE
by HPEINT BRI AR & M FE % R, B a0 “bornIn” Al

Bk [24] R 8 T SEEA(Self-learning and “wasBornIn”, ix FL{57 F ¥ 2 9 48 BE 55 HL ik
Embedding based method for Entity Alignment)$y2, BEALE RME N 0.95, 2 JaH & SRR
I A SR R — PR S N 45 OC R, RARFEH 4 AT, IS H
I HAZEEPCH X —F R REA . ZEIERE R AN BT 1 06 R ERNTE [ — AN ) 2 5
REJUH B =R A R A AT EIEEN
N, FRXSEYESIN TAENLS], EERE IS by WA XFT4iMERN, ZE %A

WA R AR, a3 AT S 440t

T AR RIERS FE IS R RN AT IRACE
SCHR[A9]H 3R H—Ff AUrE J7vExt @ PR AT

RN, XFELE N ZRI ik e A B8 Wi 1

TransE FLAY,  HAESE ) 5RO IR 52 B AL
A& OX R = e, BAREE R A
5 S G R IR AN SN X TR
BN, ZENEIC B I = e A R
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R, h FoRSAk, KEEaWEER
Wi (KRR r, HTHEEEELEAR
HAR B ) R s T e AN ], il an
50.9989 Al 50.9988889, K IMtiZH LR &
PEAE AT TR RN, 2 J5 180 FH ek 4
fo (@O¥ A R TR NG I —A =,
AL B P B A M B oR, H
a X JBMEE A TN, WA
(38):

h+r= fi(a) (38)
ZEIEE LT AR, B2 SUM,

G 5B
B
<1gd240111203 led: population, 195> Lkl

<lgd-240111203,rdfs label,” Kromsdorf’ >

R B E AR AR N 28 /M2 LSTM,
BIfd A LSTM Y28 % 7 ik N 3EAT gt 5
5 =AM N-gram. f¢J5, BRI ZRER
b A — A SR I 25 R R N R M AR ik
AN
C)  SEAARNSFE: A AR AR UL AR S (R
NHEAT 55
AR, ZEEE A T AR — R
SREMEE S, HAEMERANE MR AT, X
PRV AR B 1R 5 (1) SR PT R 2 S 80 R

) gt el

E#=uA

<1gd240111203,population, 1595>
<lgd:240111203,rdfs:1abel,” Kromsdorf’ >

<1gd-240111203 Igd: country l1gd-51477>

[
<1gd 240111203 populati

3.
<1gd: 240111203 label,”

<dbp-Kromsdorf, population,1395>

<dop:Kromsdorf sdfs:label,’ Kromsdorf” >
<dbp:Kromsdotf -population, 1595>

/ <dbp:Kromsdorf :country .dbp:!
6
<dbpKromsdorf rdfs Tabel ' Kromsdorf” > g
<dbpKrom sdorf dbp: populationT otal 1 595> KR=mA
<dbp-Krom sdorf.dbp: country. dbp:G ermany=> <1gd:240111203 -counry,lgd:51477>
<dbpKrom sdorf_-country, dbp-Germany>
{ ’ RN
————————————————— e e
33T [ 2HAES)
E Ea |
|
— |
A !
< | L
: RN ) TR
r | B
! 2 = g a w3 ca
| 17 1g6240111203 T Peowniry = Bigaisiar e Ao B g 20111203 + Praoat = (€5 Crvon Cny)
! -

12 AHrE J5iEHELR

SCHR[A1HE T8 SEARIE B B FREMEE. B
WAS B G M. MR FEVIGHES, HREE S
R SCRA RS, FEPINLA R o a2tk
T AN B B A 78 2 > (Joint. Embedding) i 544
XA, SRR A T R SEAA N 55 45 SR ARG Bh =
%, SEPLE SUE B REME B RRAA, AT se
XS ROR . AR, P2t R s 2o, PR
RN GRad R = 2R RS, RIAR I o 2% 2T RN
T T R 53 @ N SEAR T AT VR4, 3% BT R
XSRS o IZEIERR T R FHE SUE B4, IEF|
AT REEGER, HEREZNEEE Ltk s
WSR2, ZEETESCHR[27]H X3 7 —
ANEL, 5GP EIEAF R, ZEER A
TSR R, AR 55 A B R RHIE I £ AN )

oM B HIRIRE, ARHREN L E BT
VRO, kb TN TSR AR AN HER I, T2 TN
JIEAR

SCHR[7L]HRE EAE ] GCN g Sz 4 4 il s 44 &
PEBEATERG RN, 2 Al A 1 SRR S5 M RFAE A
PEREAE, fEN GCN W% AN . SCHR[72] 42
COTSAE(CO-Training of Structure and Attribute
Embeddings)f %, {#F] TransE #EAT45 /N, ¥
JE LRI A AT F R ol N, [FI IR
B IIHUHI X 7y AR

CHR[73]4E ! AttrGNN(Attributed Graph Neural
Network) 8, 5t 45 K15 B A& A5 Bk A7 IR A
i, fEFH GNN S5RHR N, SRJE BT SR 1A 6] &
PE, SRAVERIVHEEIREGA R RE . SCER[74]42
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Hi JarK A(Jointly model the attributes interactions and
relationships for cross-lingual Knowledge Alignment)
BB, AZ AR ] — b 3 T 58 EL A JR M AR R SReAl 3K
JEVEZONIAZ ., DAl SEAR A AR B .

4.2.4 P E5H(E BSR4 A5 AT SEARX 5

HHT, Ko SN 55 5 i 2 AR 45 15
S MEAS B ATHEWT, (FR A F et AR g
Ko SR EA &5 E B @S BAERA
B Joitt, —Ledy vk it — b Sk 245 Bk
AT AR 55

ik Error! Reference source not found.$2H
T Cross-KG(Cross-Knowledge Graph) &%, iZ%HE
FIF AR B il o () & A A S RN S AR 42 43 R AT R
F5o WAL, VR TRt A IR RN R R R AR
FRERERE R, AT DSBS 5 0 B g AT B
BREHIIRN o ZEER % AR SR i iR 1]
W Gy, KeME AR EEAE Y AR AR G @
PR ENR B b B BT SRR OC R RN, A
EE S E bR s T 2 2(39):

P(Gy,G,10)
= P(G1|10)P(G;|Gy,0)

Bikth, ZEIEARE AP

(1) XN L m ) SIEAART G R ABEAT BRN o Ll
T A 5(40):

P(G,|0) = P((h,7,0)|@) (40
(h,rt)eGy
He, (h, r, ORFEMIRERE G HIRR=IC
M, HRINRSEM. RRMBSLAE. TERAR, 1%
SRR BRI, i TR TR R PR, 1 Ck
HARST T BR )y TransE F1 TranSparse I ()4 %51k .
(2) ik AR AR RS 45 B 6 H AR AR E
Tl R SRR O RIEATIRN o H BRI )3
I3 SEAR S YR HTR S I SR AR AERERE 1D M={(e,
fle A Gy X FISEAR, N Gy FRXt R SEiAS,
A (41):

(39)

P(G,1Gy,0)
« ] plspole) || priee @D
(s,p,0)€G, (e.f)EM

Hrp, (s, po o) N HAREIREE G, IR R =
JeH, RISRSA . KRB, ZHERA
FA T AN R B (0 S 2 TR A Bk, R SR R 2
(A F B BE M o0 R —JuZH R N 42 3

(3) W AR FI S5 A5 B A 45 B USROS B4 &
R, THEAS R FIR B I Se R 2 ] AR AL o« X
TEFFRILEAEE, ZHEIEMH Jaro-Winkler P2
(—MNEEWA /T 5 2 8] [ 2 18 FE 5 1) 24 o
FE AR AE) TH SR 42 - 2 B B ARABARE s XJ T~ 25445
B, ZEVEE ST M EEARRLEE, 2 RN
(126 R = oA H (1) 28 R = e T SEARURE . &%
JEERE R N A X(42):

SIM(f,e)

=a

e maxiGsimg, (f,€),simo (f,)) 2
+ (1 — A)simyar o_winkier (f€)

Horb f A e 230 AN AR S G, i Gy H Y
TSR, o NHSEL

SCHR[22] B 5IN T ka5 R, HHE40E
REEG AT SR 55, R T — T HA T 1%
RATRXSF573%, WE 13 Fron. ik, H5,
F) B % F1 M 4 GCN(Graph Convolutional
Network) i it &5 K RFIE 13 B 5 M i N, FFI FH 3%
] [r) B ) VAR R SR A RS B SR A N, H
o] ) B AL A FastText®™., 2 5, R4
R R N F S AR 42 RN 3 ) o B H 65 ) RN (%) BE Y
SR AL RN EE RS, RaxX PR A EE B I 1S 2
SEARIAT I RE R, SEmSCBLSE Ao 55 . B AR T
BT RS ) kAR S , E0 N R ST KRR A
M Ty 2 M 1 32 45 vy AT FE S AR G AR A 0l R AR
1TH 78, FHorb B 5 FE RS ol SR s B R Rk %
H, EHRERSAMSMEEREFREE, HoTX
55, T FEBCBAR P SR T A O 17 5 A — e M . B
Ja, TEEAREEH G, A iR R PR B A A 3k — 2D 5 sk
s B TIZHE, B e R T EH T, 2t
SNSRI R . HARHh, 7EIEARES R, A
— MRS SR OR R 2 ANk SR, 2 5 R R RS
PR BRI B B SR L 2 [RI I ER B, IS A 4G
FIRANTT B B AR SR 4

Wk [81] $t H  DAT(Degree-Aware Entity
Alignment In Tail)#i7%4, i T RSNs(Recurrent
Skipping Networks)PBl iR Fe R BEAT 25 M RN,
W SLARZFRIAT T FRF oM, @i THE AN S
PR 25 A AR UL FR S A 2 FRAR A, R AVER )
ML K W 4% MR 45 A . SOk [82] 1R
CEA(Collective Entity Alignment)#%%4, {#f] GCN
AT RE B RN, FHRs S 4 Fam] [a) &2 BT 418
AT o
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K13 B E R A0S A SR AR T 7 A HE AL

FRISEpAf

T
: AR R 1
_*,10%).—03
I 1 i
L o—O O )
‘e[ w ) *
}1 @O mn
| BN RS B A T A )
Tt PRSI (
o] }
N eo(wm] |
o O
77777777777777777777777 / AR |
A BB B RO e U S @O

4.2.5 M S5H 15 B SRR 5 B AT L4005

— BB SR S T A AR A T SR AR B AR
FR. AR T SR RBERER,
Wikidata 524k “bus” HIHR(E SN “large road
vehicle for transporting people”.

SCHER[28142 i T —Fh 4 & G kA5 B SE Ak A
15 BT B0 5 SRR SRR . 2 =R
73

(1) AR TransE Il 2545 22 T 454915 &
PSR b PPy =y R e g itk L NP AL
T PR A ) R B[R] — M R ), SRS

TR (1 SR W o 58 15 A () e U P A 1Y) 50 5 S A =
FRIFIHRN ,  3E 1T 4R 2 ] BEARRT 5% R S A0

(2) 45Er SRR AT 2% H I 28 (%o 5 Sk o 2L
A3, ¥ 21# ] CBOW(Continuous Bag Of Words)
R 43 A 55 15 55 i) ) B, -2 ) AN )1 5 1A
) B ) (R 2 P ST, K AN [0 5 1] 1) £ 2 ) 4
FEN [ —ANE SR, 2 a8 ot JE ) s et
FEIERT FAFTE 5 SRR R R ARBLRE,
T 346 HH 5 28 FR 0] 55 S

(3) 1B IE XSS T NEE AT AP IR, UK
FIEZ S K, AT ZEE R AR,
SRR T RRR RS, — Rk AR A
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WKE, e, B, RS

o SLARX A LRR 23

R RIS, R, 1
5 AR SR B — 4

4.2.6 P SHIME B IR YEAS A SRR (5 BT
SRS FF

SCHR[83]42 8 FH 22 77 A5 B 4R A AT S Xt
55, s SUAFREE. RIMEE. RREM. JEHEA
AR, EFIH GCN R A 5SS [ IHn
ANZFHER, 1 HMAN(Hybrid Multi-Aspect
Alignment Network) 58!, ¥ 3HFME B KRB
X =J7THA S B FBAEN GCN AN, AL
TE AN BIE B . &R SRR E B F A
BERT kA%, &I AFSCARRR(E B
LG, CREHHTSEX T, BRAWE 14 Fos.
ffHZ 2 GCN RKIFHUFIREE K IME S,
AR R A IR IEAT G R A E RN,
JERRIME R KRG EMBENEE BEEZEXR.

4.2.7 FIFHZEME R RGBSk 45 BT
PR 55

R [23] & T MultiKE(Multi-view KG
Embedding)fE22, [FBSFIH T 450E L. JBIEEE
MR A E R X Tsiths, whex e g
WA AEATIRN, AT IR REARFRIE T T
FOIE SR, an SR B A R A A A RO, 1
DU FH Z FF RN PS8 N B JE 1 T e in]
R N HEAT 42 1 DA E B i 7 R 4o — A 4
FRIRN o ST SRZ G &R, 1ZAEZLAE ] TransE
REICRIRN . X T SRR JE M, 1ZAE S0 AR
22 k3 2% CNN(Convolutional Neural Networks)Jfi
B R AR MEE, BRI
IR EREE SR, FfANE] CNN 3 E4i )5
[ JE RN -

) (e ) D
) (e ) (D

—e— el — o e

GCN

GCN

(
(
(

14 HMAN HE A 5]

N T HRX =AM RN A A SR RN, 1 HE
BB T SRR . B MR R T A NS AT A
Ao B = MRAIIBUH I E A AR RN o 28— Fh
RETHERNPATHS, BRI 2 @
T 2 Bl S O ke S5 28] [ — A (B o B = )R A
NGRS X BT RN AT ER G IR, AE157E R — Mk
N 25 ) HR R S AR N IR = AN RN 2 T ) — 350k
R fg

AR, 9 T R G A S AN R I 2 ] I
R, HMESRSE T T PR U S AR T, AR
ORISR S8 R BT AT HER, DL RCE
2 =04,

I Hik [84] #% Y EPEA(entity-pair embedding
approach) 15 & FH g % sz Ak % 32 & (pair-wise
connectivity graph, PCG)>R 2% > Sk iR ARow, f#H
LA A 2% (CNN) AT B TR RS2 L, 3 —20 4
BINGIE R I GNN AL 35 SR A R AE AR AL o
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K 15 Rt R E (PCG)

ik 15 fs, FoRm N RRERE G A G, 1)
JRAEREE PCG, e Fllr, KR Gy I SEARFIR R,
' Mr' 2R Gy SRR . PCG 1T R

Z

S MR I\’

PRAN IR B e R SR 2E e, T 32 0 e o Rt
W TESERRERIE, kb= A AN Db B (1 SR X
AL, EPEA Y X 25 18 Sk 42 R PERFAE = AR
BAA SRR o

7E PCG A= SRR 2 J5, il CNN H 33k
SEAR (A1 SR PERFAE AR K SR PR IE R BEAE
CNN [FHIN, 2 SIS R N A iR/~ . EPEA
BRGNS SEAR I B M R — B R S b3, 115
JEMEAER) Jaccard AHABATE . T SEAAR 4G BAE N — iRy
RIJEYE, [ CNN 1% R e A7 %82

e, MR PRI RREL % . R
GNN B S = L), i i U 3R A 40 15 Al
(RREAE ) B 25 211 AU A R RN, IR BEARRAE 7] S R
A B AT SRR E RN SE M (5 R e Aittok. ATt
— DRk ST RN SR UG SR EARFAE, 75 GNN 54
g BN T R %

U 16 BT 2 REAE S URIRRAE A% 7R AE 2L 1,
AME Gy e Stk B, A ARE Gyrhe Sefk
R, ;7% CNN fr IR &, 2, 38R s2 ik
FHHIE, hy#on GNN [T 5S4FIE, B/ 40 GNN 2
Je A2 BRI (45 SRR AE

X FE

- N -
e G, @—
AAAA---A N
All 1
Al N
e\ eG, A, M
A,
Al" 5 g
JR AR DL \_ J \_
| |
H:FONNIH) B K R HETGNNIRHE 64

Kl 16 FFAESEHURIRAE AL 4R HE 2R &

428 MIHZME S JRIEE R SHR A (E Bk
FIRAE B AT SR 55

LHR[85] 45 A UL BT A B R, R
BERT-INT(BERT-based INTeraction model), 5 ik
[P0V F )2, FRRA MBS SR BERT 1)

BN, T A A S A4 42 B R SR IR A5 AR AN
WERIR RN TR, B SR 2 B A0S B
KAMEEAS Bt EALE. 5 SR8 A F1E
FEATH TG RRNGIRANL R EENHA
Fide: BERT ik AFiHe (BERT-INT-1, #1& 17 fiizs
A FH Sk 42 BR AN SEAR IR M5 BAE NS Bl



WKE, ke, s, F

Hi: LRI TR LR IR 25

A& F%E T BERT B H AR (BERT-INT-2,
Wik 18 AR ).

BERT-INT A 156 BERT fENIEAME
INHLICRIR N SLAR ) AR IR JRYERVE, JRdsr
210 PR P A e A P A AR SR T X SRR N 2
T AE . R BEPE A SEAREEEFE 43 Bl ok B R [ 1)
HORERE, Hd{r, .., 5 00 ey, ..., e, RN LAREE
e RFNSAER, (), ., 1 T ey, ..., e }EETR SR

P ARRTAZHR ¢

E'MIRBMEN: {ay, ..., a vy, ..., v, IR LA
LERNBEMBMAE, {a, ..., a, v, ..., v, }F&
TNSAREEE I 8 MR AN 8 VA - 7E T8 A5 B A BRI,
5 0 AR SR B B A @ B, C(a) F
C(vy)s TERNHEAT B AT BB BNk RANSEAA,
C(r)FC(e;) . i FT BERT ({38 H AR 45 & T 51
RAEAT B ARSI RAB LG B ai Gt sk
AR K 56 G S A4 X 55

-

las|[n] |[m
BERT
‘ EpcLs) ‘ ‘ E ‘ E, Exn

w
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BERT
(&l (8] [ (=]

& 17 BERT-INT-1 %I &
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18 BERT-INT-2 &7 [

4.3%ttE o tR

AR T 38 H s 48 (DBP15K) A A i
BRI SRR FFINEREAT S (e 8 MIZk 9 B
7Y FF k20 0k B 3 T B R A R iR AR A
S ROR MY R BEATIR A RS EE 2T

4.3.1 BB R0 b

Yo, WRIEFTRRGE B, BETHR
TN ST B SEARN S5 50 R R AR g5 kM5 2 R
SERE BAEAME BORMERE B L4 E R 9k
IRE B AR HBIMEE =K. ARG, &K
AN IEWIAFE, #E—LaM5 T TransE. GCN
1 GNN =25,

RAAEHER:
(1) % T TransE

g MfE R A M,

TransEdge(2020)"°°3i 45 T S IF AR R, i W
SR B E RN TR, AN B X Sk R S Ak
BT E RN, I SR 2 [R] 9% R R\ 7]
DS 4 3 2% SR BT . TransEdge(2020)°°),

Multi-mappingRelations(2019) A
KECG(2019) 55} szt 2 A1 i 5% R 4T T %
&, =F2Z2H R GAT hrikx & ALE M
KECG(2019)* 3k 15 iy S U6 AL it % . 1
Multi-mappingRelations(2019)%4 %% (& T sz ik 2.
W% 5%, 7E MTransE(2017) % 3nt: I
X} TransE 45 77 bR HOMI45: 2K R HR A 250k, [ s
FERNE RN ComplEx X% % A HEATIE
MR, MTITESEI R Pk T R,

BootEA(2018) i i I N [ 26 2 5Hmg , Sk
RN SRt FE bR SR B = 1) 1), EAR R
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Z N SE AR 2 A B R R E R, (H A2 [H
KECG(2019) L3453 T S 47 HORLER

(2) T GCN Z5kyfZ BHFIH, SSP(2020) sk
i % PR B &I T AliNet(2020)7% .
SSP(2020) VAN 6} 42 J& 45 K 45 B AT H &
[F I 25 FE SR Z (AR R, 45 BRI A I
SR 5% R IE LB L, T AliNet(2020)7
FHEEMARRER, AN 2Bk X 5%
&, EX EEAR SR N G — X R, RIATESS
FfE BRIRI R, XS SR 2 0] 58 R I % S
TE SRS FEAT 55 A AT LASRAS BE A (R RO

(3) T GNN Z5#(5 KA1, MuGNN(2019)%,
MRAEA(2020) 1 RREA(2020)1" ) % 52 f&
Z 18 fl15% RHEAT T %8, H RREA(2020)1%)
sz B 2% W & I . MuGNN(2019)1 i
MRAEA(2020)1®1 34 4 ] i 1 7 WL X s Ak 2
][ 55 24> B AL , MRAEA(2020) 8%t 524
Z IR Rt — DX R A 7 [ A AT AT
THERE, FEMAZSLERE NG, BT LATE S
M B T MuGNN(2019)% . it 4f
MUuGNN(2019)"37E Il 24 rf A (XA 75 B2 75 4l %f
FEIR, BTEXFRAR, (Ebmd 2 dm
FEBRIT AR /7. RREA(2020)7%i it %t %2 ik
SREEIARII S L, it — DR SR [l [R)OC R L
Hemst, AR5 0E Btk 1B Xt 55
(e
MEA S #r T LLE AR 4545 B R SE ik

X7 775, 2T TransE MR 5 153 4A L3RRI

825, FEJFR R TransE #E% R =04, Gk

Z XRS5 BB RS, TR R4y

giERE . b, MEET GCN/GNN [ EmT LLE

H, AT MuGNN(2019)%HI MRAEA(2020)1%),

RREA(2020) Ve Fi| FY 5 K915 8 10 S 36 ROR | 3145

THATIISE R, YHAIE T GCN 5 GNN ik A F

INJTE, TERINSARFIR RIRARS, #5A AT R

HIFIZI A, 2 FEUER e 145 R E A R

SRS B RIARE, AT TE SRR FAE 45 R AL

TEo
FIF &M BABIME B -

(1) 2T TransE IR A TS, CTEA(2020)BU7E
Hits@10 LRI LF, 2RI G A2 M 2%
SOV AREESARI BRSNS, b S A
IR RAE T — 52 I1E F - JarK A(2020) 7415 T /&
Y= BRI EARRFT JAPE(Q017)ME, 541

)

RN RIS I B PE = Je 1B & 2 S R oR )
B, T JarkKA(2020)7 0 F) R it = T4 UL K
JEMHEAEE B G AR R R RS S B E
AT 55 SE4R, MG AR, TR
37 APPSR ISR

xk F GCN B ik N H E H o,
GCN(SE+AE)(2018)" i il GCN X &5 #(5 2
FE AR BBATIRON, B2 5 Sk 2 (8] ok &
e, WA SRR G — X £, R SEIG L
RO 72 . H b RDGCN(2019)% |
HGCN(2019) NMN(2020)™  #1
CEA(2020)® i F it s B A stk 4, 3F
HAAEVI UG A R T Sk 4 10 )N 25 38] )
£ . RDGCN(2019)"%Vf1 NMN(2020)2 %57 H]
THEE AN, BT NMN(2020) 28 5 %14 T
BIR H B R L, R p8 A0 s
(ARSI, T RDGCN(2019)° ) g 4T
SEARZ B OG R ECALE, S8 T R LT,
DR 1 3 TR 2 « NMIN(2020) AR 7 4]
GEALES A Sk 245 S, I BLAS R SR 42 Tl
Sy ) B 0T AR SLARBEAT R IE , SR RCRIL T
RDGCN(2019)"° fl HGCN(2019)®%, 2 HH3A
F& FT A B AH AR S AR F T SR R N RN A T
Biko T CEA(2020)B28 i 754 FH Se A 44 BN
[FEF, IO T SEk B F s b, FFH3EH T
HiE IR B2 5% 5 (deferred acceptance algorithm,
DAA)K TR e ILHL, AR 7 B aF IR
JtHAE DBP15KJA-EN fIRIL L1528 TR Kt
H, IXRIAFET SR B ERF R L, EES
Z= s oNm Bl %E bR EInNE A
RDGCN(2019) HGCN(2019)
RNM(2021)% f1 HMAN+BERT(2019)5" % %
SEARZ AR RIAT RN RN, HHEAEH T
EETINLH 2 GCN B A iR 1E 3%, 1
HGCN(2019)%F1 RNM(2021)% FH T H 2615
Smg, Rk HGCN(2019)% 9 2 5w 11 T
RDGCN(2019)1, i RNM(2021)BUAAY AL
HORAE BTN, JF i@kl §E, [
BFUCECAREE SRR R, R K ARG AL
FER, TESRIGRCR B3RS T R E A
HMAN+BERT (2019) 3R (A% 2% & T 24 2 ]
KR, TBEHEGEE, SN T SEARM RS



28 THEALER

’

B, FEFH BERT TR ALY LR iR N 7] &=
TESEIOROR L3RS T R ER S, X185 T Ak
= B BERT HIFIFH .

(3) T GNN IR ATk, EPEA(2020)Bf %
MR BT, XSRS IEEZEI(PCG). CNN
SR EERFE, FNLL GNN W43 & Ji16 4%,
TR PR N 7 75388 VA 5 A A0 1 S IR R &
A LA E S GG R, RGMRIE T
HHRERE R EARE S . A TSR L2 ER
ff] RREA(text)(2020)™ & Bl ik 2, 3 W48
GNN AT RN AR e A 1 20 SRR ], v DR 47
R R A R E R
DGMC(2020) 7 VR FH 5 xof 5% 01 [ H31 JE A 36 5%
B, 5 Hits@l [ =2 3 2 3 e 8 T
AtrGNN(2020)13, TifE Hits@10 b#e. #
1 AttrGNN(2020) i it J& 145 B 4 7181,
SR IE AR T BRI A 575, ] OB SEARG 5%
(AR T 5 SR G IR o0 76— e X3k, (L2
PEAREE, BRI Hits@1 4570 54K
T U Bt FIHSHAE EFEIME B s

XSS5, 2T GNN B A 7 V5 I SR E A

BB JE IR R I LT . £ REEERMEME

GREKE, GCN HIRIMAREEAL T TransE, HH

HMAN+BERT(2019) 3 [y sz S L R B B 1, 2047

A5, HF HMAN+BERT(2019)BU F 7 sz (4
RMER, KM BERT X A5 B T4k, 1ML
R IA(E B ok 5 24 F DBpedia, i #iiAE R
AT AR GF ISR ECSEAR IS XS B, TR A B 411
X 73 FE o

RFFBSME B

M 8 FHTLLE F], BERT-INT(2020) 75 % fk
BOR RS T BER S, RO IE G S0 A 5 2 A
FIAAME B, BERSIR YRR 1 3RAG SR E UE B .
HMAN+BERT (2019)"7e fif il 45 ¥ 45 B RO LA I,
WAL TR ARG R, HEREA W
BERT-INT(2020)®), ix % B44ME B L 45 #15 BL
T SRR 55

HeAh, B 8 nTLLE R, KT I ZRiA 1A
IR, 41 RDGCN(2019)%, HGCN(2019)%),

NMN(2020) RNM(2021)! .

HMAN+BERT(2019)" |
AttrGNN(2020) RREA (text)(2020)7!  #0
BERT-INT(2020)® , ix 6 & A ) 52 56 2 S 76
DBP15KFR-EN FI# 4 1 & =T DBP15KZH-EN F1
DBP15KJA-EN, IX 3 BVETE FIOCE f AR, fd
FRTRI Zm] ) FEAE 45 B sz, AN UC e RECR
BT

DGMC(2020)"4

= 8 T DBP15K HIBERISLIRIT 57755k

DBP15Kzpen DBP15K;aen DBP15Keren
WA v
Hits@1 Hits@10 Hits@1 Hits@10 Hits@1 Hits@10
RFFAEHER
MTransE(2017)1! 30.83 61.41 27.86 57.45 24.41 55.55
KECG(2019)14 47.77 83.50 48.97 84.40 48.64 85.06
TransE BoOtEA(2018)[! 62.94 84.75 62.23 85.39 65.30 87.44
Multi-mappingRelations(2019)"*?  68.07 86.74 65.53 85.90 67.70 80.84
TransEdge(2020)! 735 91.9 71.9 93.2 71.0 24.1
AliNet(2020)! 53.9 82.6 54.9 83.1 55.2 85.2
GCN
SSP(2020)! 73.9 92.5 72.1 935 73.9 24.7
MuGNN(2019)! 49.4 84.4 50.1 85.7 49.5 87.0
GNN MRAEA(2020)*! 75.70 92.98 75.78 93.38 78.04 94.81
RREA(2020)™ 80.1 94.8 80.2 95.2 82.7 96.6
FI AL fs BARBSME B
JAPE(2017)R8 41.18 74.46 36.25 68.50 32.39 66.68
TransE JarkA(2020)! 70.58 87.81 64.58 85.50 70.41 88.81
CTEA(2020)*1 90.5 - 91.4 - 923




WKE, B, B, RS SRR TR

iR

GCN(SE+AE)(2018)™ 41.25 74.38 39.91 74.46 37.29 74.49
RDGCN(2019)™ 70.75 84.55 76.74 89.54 88.64 95.72
HGCN(2019)™! 72.03 85.70 76.62 89.73 89.16 96.11
GCN NMN(2020)"® 73.3 86.9 78.5 91.2 90.2 96.7
CEA(2020)*2 78.7 - 86.3 - 97.2 -
RNM(2021)! 84.0 91.9 87.2 94.4 93.8 98.1
HMAN+BERT(2019)® 87.1 98.7 935 99.4 97.3 99.8
AttrGNN(2020)" 79.60 92.93 78.33 92.08 91.85 97.77
DGMC(2020)"" 80.12 87.47 84.80 89.74 93.34 96.03
CNN RREA(text)(2020)™ 82.2 - 91.8 - 96.3 -
EPEA(2020)! 88.5 95.3 92.4 96.9 95.5 98.6
RFIABIIME B
BERT BERT-INT(2020)™ 96.8 99.0 96.4 99.1 99.2 99.8
RO FFBARBEENIENTFTEE
g titl BN BrmERIR e
MTransE (2017) TransE DBpedia. WK3I Hits@10. MR
SEEA(2019)4 TransE Cora. HJ%¥. Tl Precision. Recall. F1-measure
DBpedia. LinkedGeoData
AttrE(2019)1% TransE Hits@k. MR

Geonames. YAGO

R T SORIZ5 H15 JE A S

‘ TransE Cora. HE. Sl Precision. Recall. Fl-measure
X35 7714:(2019)
AKE(2019)(! TransE DBpedia Hits@k. MR
VR-GCN(2019)” GCN DBpedia Hits@k. MRR
REA(2020)1! GNN DBpedia Hits@k. MRR
3 B 34 49 ) St 5 -
TransE Cora. HE. il Precision. Recall. Fl-measure
J5£(2020)B4
Cross-KG(2017)Error!
Reference source not TransE DBpedia Hits@ k
found.
ST EHEP RE AR Ak .
GCN Cora. HE. &l Precision. Recall. Fl-measure
(202022
— e S AR R A S
AR S 5 SR 5 TransE DBpedia Hits@k. MR
%4 (2019)1
MultiKE(2019)%%! TransE DBpedia. Wikidata. YAGO3 Hits@k. MR. MRR
OTEA i ALizH 20195 TransE DBpedia. WK3I Hits@k. MRR
SEA(2019)*” TransE DBpedia. WK3I Hits@k. MRR

CG-MuAlign(2020)©°! GNN IMDB. Freebase

Hits@1. PRAUC
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Wikipedia (Precision-Recall Area Under
Amazon Music Curve)
F1-measure
SelfAttention-GCN(2020)[! GCN DBPedia. YAGO3. Wikidata Hits@k. MRR
the publicly
Schema-Agnostic(2020)1" BERT Precision. Recall
available datasets on Github™
COTSAE(2020)"? TransE DBpedia,. Wikidata. YAGO3 Hits@k. MRR
DAT(2020)! RSNs DBpedia Hits@k. MRR

https://github.com/anhaidgroup/deepmatcher/blob/master/Datasets.md
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BEAh, T AR RIR B3 25 U 55
M AR, A SO EE T FIRER IR S I S0 5%
JTE R TR AU 5 AT T (i
R0 FoR). TEUWHIIE, XEIEIFRIEMF

Hya sk Lt AT sege, B H TR 10 XF0H 1 & A
THEAEATFIE R FINLEI (7 [, JFR S i seia ik
RERE . AEARR AR, ASCH il DAT R T
T FIHUR PR S AAORT 55 S B8 b Ao

* 10 RAEENINHELEXTT A%

ki) BT EEINE
RDGCN(2019)"®! GCN EIAERHLHI(GAT), LA40 8350 ik 4 R AL
MUGNN(2018)" NN E VR IR AR RS2 SRRy, 2R A e SR AN OG
AT E
KECG(2019)*" TransE EERANUR], ARG o AL
CTEA(2020)FY TransE TEAAUZ NN 2 I HLH 48 405 He 5 ok - e AN A
AliNet(2020) GCN TERSINUEI, 4z B B SR 4 B A
MRAEA(2020)®! GNN BRI, A R ERUE
NMN(2020)"8 GCN 255 R i ML, 4R AR S A Ay A R
CG-MuAlig(2020)P GNN W RGN R S IHLRI RN GO = L
SelfAttention-GCN(2020)! GCN ZSKIER N, K Se Ak ) B R
COTSAE2020)"™ TraneE MZE GRU, ARE & M BRI R M A B B = 0,
45 )@ LS AL E
AttrGNN(2020)™ GNN RN, SRS B A E
DAT(2020)%! RSNs TR INLE, LS5 KRR AN Sk 42 ML 23 A 2
EPEA(2020)%1 GNN UL SEN=Dal K PO T E R USUE: S St Wy S
43,2 KRR, H 1 HGCN. RDGCN F1 NMN {518, 7

T R R AT L AT, A SO
I8 FH A 42 DBPLSK (W RLAE [F]—F & L HET T 5K
5. BAMEALSE DBP15K zp.en U5 I AT HLIRGR
1R PIaa AT TR], 84T 45 AT LA T AN R
R, 286498 — 14 ] IntelXeon E5 2.10GHz [
CPU. 64G W77 LK —/> NVIDIA GeForce GTX
1080Ti GPU, Jf-7E MANJARO 1% FizafT.

w19 Fros A [F) B A A — B0 AR
DBP15Kzn.en FIEATH (AN L. oA 5 38 7 R A
R BREAL, 16 R] 45145 BRI
FEBIBAY, R EIR S MAFKET TransE. GCN
F1 GNN ffE#, *HGCN. *RDGCN. **RDGCN
3 27 ] ) B R N AEFE Y 100 B HGCN i 1]
B NZERT Ny 100 B RDGCN. Ll [l R N
YEREJy 200 I RDGCN(UEARRS HI R N 4EFE 1K
300).

IEATI I AR H A L, 1 X = AMEE A )
() 2% B vy, 0 2 ) () 75 SROK T AR AL . R 4
BA% A 200 IF, A4 RDGCN 1] LLIZAT; FA% N 100
i HGCN 7] BLizfT, NMN 3 ARmisf7T. mtkthnr
DA 322350 W 25 8] 52 44 F NMN>HGCN>RDGCN>H:
Ay R g5 R S AR R S A, IR
U1 4.3.1 F AR E], Hoh NMN 7528157 K5 Bt
AR SRR PR B INLRIEEAT I, b 75 228K
fR)75 A T HGCN KA B 25 5 R& AT A4, F7fh
FSLpRX, PRI 2= KT RDGCN.

sk, BB 19 Wl LA R, FIASEME EM
BAME 5 1) SR 5545 B4 138 AT B[R] 2 44 KT
RAFH 505 SRR, 1X R 5] NEAMS B TH
I o AR I R FE A vy, AT Inig 47 I [A]

FEh, HBERFRIRA T E S RE, £
F GCN Fil GNN # A2 ATH [A], /N F3EF TransE
AR o g R AR SCR ILEE T TransE (R, i
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GPU #R#ERE D, H 2 MeHEH CPU, HENE,
fEXF 23 (A7 sK /N : 1 GCN F1 GNN K& H GPU
A, BRI, (EX AR K
E, MWE 19 hafblEH, EREREZE
W (PR AL IZ AT (B4 K, 201 BootEA FiT HGCN, iX
FEEHIEAALHI G I 1 AT, (R 3E m 7
AttrGNN = 2336.46

RNM mssmm  1848.16
*HGCN

M, NNz 2 4% . HGCN A RDGCN
22 ) 52 2% BE AN (8] R FE e vy, AR BRI NG
RIS T B AT ARG, SRR ANE & KT
KRB L 755

8961.59

**RDGCN maaasssssssss——— 7348.09

GCN(SE+AE) 1 202.3

=il
L)

& RREA 3430.2
MRAEA 3148.96
MuGNN 2161.97
AliNet 3406.4
TransEdge 2600.35
BootEA
KECG 2830.41

0 2000 4000 6000

JAPE e | 5427.94

9113.84

8000 10000 12000 14000 16000 18000

TEAT I [H](S)

B 19 A FEIRERLE [F] — %085 85 DBP15K oy 3B AT I H) %5 B

SRR, CRE R RR R AN S Ak
F, RNM MRIVEBF . 7458 b 2 [ A A 2 pf
(B 5L R IE B T AR ROR . XRUIEET LR
THEIULE, Jf BxP ARk ir it 5, RiEs
FAR P SR AR S5 XT3 T BERT [R5
%!, HMAN+BERT Al BERT-INT Jf: AR5 A& 19 .
A H H BERT A #3815 22T T fr i 7]z KX
FHARERL, ] BERT MY B AR Rt it
SRR FEROR, EREREREN A s, A%
BLECHERA I SEAR IR (S B, X AESEBR R AR A
S/ o

5 FANEESRE

IR ESCHTR, JEAFERSEAXT TR 22 T
ZRTE, AR BT 2SR SR . AR,
W AN U T 75K, SRS T BRI IR A7 AE
VR 2 I R AR A A o

5.1 FFERYE)EL
5.1.1 A i PR 1 e A 3

FURT, R S 55 7 v A B AR &
WL E BT 5, X ETE N TR 13
Yt FIUS T B SRR AR (R, TEAnSCHR[21]
H R, N A A A A R R b s
T RN RS A A . BRI, RS AELE
PRI G, 4R 2 Bk AR Sk R — A
B, BN RS2k (long-tail entities), H A %117
P o R 7 SRR R A R SR, X SR St
F LAER— KRR, KAKZHEAEB G R
AHEH.

bR TSGR, —RIEMEINT BHE
BUARAEMER, KRBERHA N H— R
Wit = A . HR2, IEQSCHR[95]H R
R 2 H AR B v SR B 0 & 1 AE B AR AE
ARG ERZ AR, A, AR SRR R RS i
HEAIME B, AHR R ZHIN SR I A £ 8 ik
BR, XMERXRERINEFRZREANME.
BR[22]42 T FIH SR 2 R T Zrla &, fE R
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B RN 1P S 2 T — ERE L 2 f . BEAh,
2 TLHR X S U A )45 U2 DO B SR AR RO A 5%
{5 BT A FE A FT R oy — Rl R 7 =Y. A
5&, BIHATALE, AR E B K R SR 5F
e KA 2875 95 o

5.1.2 briEE sk =

NT EEEREH A IRERE MR, REKE
FIARAC O FIR FF SN o SRTAT, A7 FIRRTE LT %L
P DI, N TR R 20 TAEE AR K.

N T RIS L, — TR g N T IEARHL
i, MEEAT B S5 F ik e B AS B SR xT,
T =4Ik, SCHR[29]7EFIEXT 55 25 R ik
B S, AW R TN SR SR . AR
A5 FH O 55 B 22 f B R AR R I I, I (S AR Y
WIGRBT R, TR E . SCHR[94)3E H T B A5 I 45
(bootstrapping) HEZE, i 1 #&m ¥ 78 I 2R 1) HE
R, ZAERMAH T &R E bR, HEXA
KRR LR

IeAh, FETH A K B ST AT I RE R, X LR
AT 1R R B 20 & BAS B R SR, Xk
SR RS B MIET. HAl, E%a
R B AR DR U Bk = 1))

5.1.3 AnvE i b g s A H

A0 K 22 B AR 0] 55 5 1280 5 AR A b v
B (TN 57 SRR FEAT X 55, X L8 VAR R bn
R IR TR ST, Wi 20 P, bRiE
B h BT RE S AR IR, RIWRAS, XAEAR
RAEFE LM T X5 HIROR o I LN A 40 ) R
FEAWA, — NN TARER LR A,
ARSI RS, B S
X557 5N T IS ACHL LA R b 3 2 sk = 1)
[, fEL R IE AR T 2 B SEAR NS I A — S #
I o

MR

20 Mgl (S MR Sk B MRS S, ROz
PR D)

0T 7 N e R, SCHR[9114 T REARESE,
TR B T BE AR R A 1R, AR S N A SR
WRE - NEEE, ZHELOREPAEE. g
ST SEAAR o S AR HRURIE: 75 R AR . A SR 5 N T 3%
ML, EIRAZAT, B WA CARTE ST
B, Ak, K— e IERSEA i B A5 )
BIH 1, KA A TS A 1) ST 1 A FE A
G 0. FREIERNE BRI

(L) M 7 BN SRR SR AR . A o 2 X %
GNN(Graph Neural Networks)4h & s2iixd it 815 FE
S ETR BB (0 5 W AE BEATIRON , A3 31 i
AR BN o

(2) M PSRRI : A S AR A 1 S A
X AR R — N 7 SR, 2 S A P I R R A SR
SXof Mg P AGH AR R AT I o 3K AN 5 B S A LA 7
(R0, A 8 R e P SR FH T Mg P ke IS 2R 311 2
T e 75 A 00 A 75 SR Xof A= ol e 7 2 A e ) 5% s 3
ATARAY, A5 A R A M 7 SIS AN 25 5 4 B (1 g
PRSI AR AL A

(3) TREEAEARIR 55T, A5 FH I R 207 P Mg 5 e U A
RS S A4 1 A5 P AT BT

BT Z50E R E BB ARSI, B E R S
IR TEAT X 55

ZHE SRS AE — B R L R0 AR B
S, SRTHZAERAIRAAEEE AL . 55—, 1E
AR AT T B CARE A W EERE, AT
TRUEXS - HROR e Ab i CAR i et R gg i A
TR 7R, B BRI SR RvE R 5,
N P AT I AR U A 45 R T A — e 2 IERA, AT
ST X SRR
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52 RE

MR EAHFERTLE L, HArE T AR E R
5 YR SEARONS 55 O VR R AR =M, R R
AN, A8 B BLHURIRS SRR . B AARER H A 32 2
H =M1k, — R R TransE A oiuisk 2 513047
KRAGHEEHN; —F2EH GNN ML
REATIRN s — P24 GNN Sz GCN
BT ARG BN IRNBLHUR (015 B =2 A W
P, BPZEMME BAEMAS R . 3 BRI A 32 2
TR AN AN 5] P10 2201 R P33 e B 38 ] — i o2 ), o
R R 2. H RTBE R B A0
(AR G2 2 S TOUNS 55 () SAAX,  d i FIORT 55 1 SE A
X AEAN R [ 12 2 R RO B FOA 1, G — AN iR I
B o X SFEASEH A 32 R AR T RN 1 SR 1)
ERUEIEE, A, B REIEI — LfE T SR %
XS S R SEAA

EAF RN, BRETHIRR RS S sk
XS ARG T BN IR, (HR IR AR
AL G SRS S5 EA R A FANME . a0k
[B]tH 48 tHIX P 2K vk ARG A R, 25 &k % 18
S AT BRI B AT (R

b ER B AW e, 1V 2 AR S AR
FRORAR AT %, P RERER K,  JRA [ S RxT 5%
TR B — P EHAT R FUHER % . N T Rk
AR, FRAT A BRI SZ 3 7ok 2 Hh O TE
H BT 78 T AE A 47 4b 3 4R B 3 5244 5 554 F
S (R T, A S R R R i ) St
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Background

With the rapid development of knowledge graphs in recent
years, a large number of knowledge graphs have emerged.
However, there are serious heterogeneity and redundancy
between knowledge graphs. Knowledge graph fusion aims to
align and merge the heterogeneous and redundant information
in the knowledge graph to form a global unified knowledge
identification and association. Entity alignment is a key
technology in the fusion process of knowledge graphs. The
main purpose is to construct entity mappings between different
knowledge graphs, which will refer to the same entities for
matching.

In the early days, researchers used various characteristics
of strings to perform entity alignment. In recent years, with the
rapid development of knowledge representation learning
technology, researchers have proposed many entity alignment
methods based on knowledge representation learning, using
deep learning to mine the structural information, attribute
information, and description information of the knowledge
graph. However, up to now, there is still a lack of
comprehensive and in-depth methodological reviews on entity
alignment technology.This article reviews and compares
traditional entity alignment methods and entity alignment
methods based on knowledge representation learning in detail.
Aiming at traditional methods, the classification introduced
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entity alignment methods based on similarity calculation and
relational reasoning, and in-depth study of the use of character
features, attribute features, and relationship features in each
type of method. At the same time, the advantages and
disadvantages of different methods are deeply analyzed.
Aiming at the entity alignment method based on knowledge
representation learning, this article focuses on discussion,
analysis and comparison. First of all, this paper abstracts this
type of entity alignment method into a unified framework
composed of three modules: embedded module, interaction
module and alignment module, and gives a detailed overview
of each method based on the three modules. Further, according
to the different types of information used by the method, the
existing methods are divided into eight types of methods based
on structure information, attribute information, entity name
information, entity description information, and comprehensive
information, and each type of method is described in detail.
Then, an in-depth comparative analysis of entity alignment
methods based on knowledge representation learning is carried
out. Finally, the main challenges of the entity alignment work
are discussed, including the processing of sparse knowledge
graphs, the lack of labeled data and noise issues, the efficiency
of the method, etc., and the future of the work is prospected.



