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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 methods are analyzed and compared. In particular,
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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
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efficiency of the method.
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STk,

Arasu % N R 0 25 R BB [ SR 43 2
PR M AEZS G 7 2 BEAT o 3] 3 I 25, BIDXE BA
SRR SR AT 4 2% eR BT 3 38 S A S M X
FTVEANTE . F 2T R AL R & sh 2 2 45 G, nl DAk b
Xof b B 1 T K

Tk WAL A A P 1 — 0 2 R B A =X () B s

B: E, XE,—true,false 9

Xof T P L S x5 A Bt e U X B (e s
e;) =true [ SC A AT 5 236 40155 5 A i 1 52
PR IEAT AR AL T B30 s R T S AR Y s M 1R R T
Jaccard g™, 4 (1) A1 (1D PR -

|€'1 ﬂ 62|
= (10)

J |€1U€2|
dy(€19€2>:1_j(€1962) (11)

3.2 ETFXREENIAEMFHZE

BETOR AME B SEAR RS FE 07 FEAHA T
PG SR 22 T A O 3R L o R s E % e A
KRAMAREL R A R BT OR M C R 2
(1] 719 T SCAE M B T 52 B 56 R AR VL 1Y) S 44 22 ] 1Y
Xt 5.
3.2. 1 TR ek B S AR KT 5% U7 i

Suchanek 25 A5 42 4 T PARIS(Probabilistic
Alignment of Relations, Instances, and Schema) &
2 R G K O R AT R A BT R R
I F ) FE AT R AR B R SO SR A AL L 7E T S
R NPOE S E

X SR 2 ] Y O R AT R R R
T Z B K R Z I KRR Ceraraen) s MIAE
FERBER (x,r.y), HE X fun(r,a)ly

1

Sun(r,o2)=———"— (12>
‘yir(fvy) |

Hort [ yerCasy) | 3278 23k SEAR o o 5 I 3l 2 6
r B RS R ARG R R R R HC

fun ' (o) = fun(r ', x) (13)
B E LR FRBREL fun(r)
Fun(r) =12 3ver] (14)
|x,y:r(x,y)|
TE LAY AR (15t e R HE RS L HE
— DB S A DT BCARE 3R Ak o A T P A SE AR T B
U e 1) HE 5.
Aroy.y iz ) Ar(a ) Ay=
V' A fun ' (r) is high=>xr=2' (15)
W b T Y A R SR AR AL AT LA ) a0 =0 (16D iy
I LR A REVE L M ME R A K Pry (e =2")
Pri(a=2")=

1— I A—=fun ") XPriy=y") (16)

(e (2’ sy

Hh LA Pr RR IS SEAR AT RE DL BC A ME . h T
T 52 B A BEAE 2 ey [7) R A7 LR A DR G A 1 00 . Br LA s
B — 08 LIS TR D TE 9 E 3 Prey o AH IV 1Y
KA X AT PR
Ir,y: () ACYY r(2’ sy A fun(r) is high=
yZEy )= a7
W I T A 32 FOME AR AL AT LAAS B A SE AR DR
e AR A (18)
Pr,(e=2") =[] (1= fun(») [] A—Priy=y"))
ey (3 (18)
G 2R H IR A L (L6) F1(18) 5 115 3
B LA SRS SRR Prey, L9 PR
Pri(x=2x2"):=Pri (2 =2") X Pr,(x=2") (19)
i3 f Je B AR SR AE Py SR B 5 P SE AR
Xt 5%
3.2.2 BT OC AR AR R B 1 SRS 5F O v
Lacoste & AP 3 H T SiGMa (Simple Greedy
Matching for Aligning Large Knowledge Bases) &
5 SR T AR F SR B AT e L e
FEEF {5 B HE AT Ja 8 48 2R 0k 58 AN ) 0 TR 3 2
(] #9592 A X6 55 SRR 5 o AR A A S S TR O
(1) ¥4 3 1k °F J P A5 B RO AR PE B 5 (2) FIHTE DT
i 14 S 44 6 g 40 2 141 SIGMa B3 1L T 5244 1Y
JRIEAE B ARG R X B = e MK R =ocd
HEATIHB R AR O 57 S 44
R BERT T WS HR & 3 1 S iR 4R B XE, TR
4 y Syl vy =, )i €k, jEE, ,%WJ/I\SEPIK
inj HVERCSEAR ) v,y =1, By, = 0. 78 SE A DL L
WP E R SR R S MO R AR G
Ha) 3 SR DE TE H A3 iR B 06j () 31 (20)
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PR, FEAREE — 215 S A7 B PRAT O L DA T 2 B DE TR
where G;; = 2 VHWij 20 1] REPEAR /N 19 SE ) X 5 DisNGram A 4K i 4L fa] 52
DEN;

Horb o SRR S AARARL PR OG22 AR L PE 22 1) 0 °F- 1 2
B I PR E R 0. 255N FRoR SR E Ty 1 R ERAR
PRI 5w 0 FROR TSR kAL L DCTC A IS B0, 2
TR RAUNE G, BT S50, 7 TR 2 4 5L 1
(1) TR B 8 AN w0 THREE A AN 2D FR

Wi =Yiw, Ty 2D
Horpoy Ay 2 IE NS 8 AR RN, FoR 2R« 76 A
RS G i QB S AR U T DAk 2 8o H 58 4
K2 FFR:

Yl’iéﬁ—’—Zw,k)ﬂ s

kEN,

1 _
7 i?<1+2wﬂ) 1

IE/\//

SEARBIARANE S, BOTHEE 20 R W 20 - S A R e
FAF AN string G ) FUB A RIME prob (i) s
= (23) fiR

Sy =0 —=pB)string(i,j) +pprob(i,j) (23)
Horp B J& V-5 2 %, 92 8 vh BEE O 0. 25, R SE AR
e BT JBIE pis pos et s Dups HIBWEMER vy
v K e LB RIE g1 qp g RN £
Lysess s by PR EBAANE string Giuj) FE PESE AR L
P prob Gy HIHH A KN (20 PR -

D (wFwd)

vE W, NW))

’
- 1 2
smoothing+ E w! + E Wy
vEW, JEw,

(22)

string(i,7) =

2 .
Z (u,;“ A + We, 1, )SZmPu " SRV

(asb) €M,

711 7’2
1 2
AR DL
a=1 b=1
24)

Horbw ORS¢ PG AR s wl, FROR TR o E 5K
K5 E i S48 R IDECIL 3. 1.1 35) , smoot-
hing J& INAE 53 BE v i 7 3 50, A A5 52 45 H oh R ap
AE M f 5 5 2 0 L i L ie]. M, AR E X SR R
VESE o), 7RG o) JRHE (10 IDF <ol , %77 5%
K e, JBYEAE Y IDF, Sim,, ., (o, 500 2 —1L0, 18R
o 0, =1 00 1.0 0.
3.2.3 LT OCHR AT LM R B S AKX 55 U7 i

Song % NN T RR AT R 1Y S AR 5
= HistSim (Candidate Selection Based on Instance
Matching History) il DisNGram(Candidate Selection

prob(i,j)=

R 1 S 4K D 50 580 125 S8 B 328 A DS TE 1) 52 X s B ARG
W B 7 32 20 ik S AR T L ISR &R 5| e AR AT fif
247 1 8 ALY S 491 XF I L 2ok B 40 R B Y
FRF AR B R A i e 2%k 16 52 491 %o

P —ATARFF] (e s ess oo se, b s HistSim ML
B e FRURMRIR [R5 18D A S AR E AT X B o T S
AR I AAAL S AR G H Cey). Oy 1 3k SR
Xof B A A g — A SE AR HUTR] S TS A AT DR G
T A5 SR A5 H T ZR DT IC I FLAR sZ AR L
K48 BAE U m A AL SE AR AR A H (e ) H Y 52
PR 8 AH PR 2547 R 7 HE 7. X LU SE A (et ven) Y
HIAPERE 38 HSim(H (ey) w Hey)) sk (25) fip
TN A P SEAR Cey s ex ) R RHARL SE AR A7 EAR R 72 52 1) AH
I GEL ALY 7 sigmoid pRES) 2545 1 B (ED , W 1%
B S AR KT 55 45
HSim(H(e,),H(e;)) =

+oco, H(e,)= orH(e;)=(
H(e ) N H(ey) (25)

1H<el>UH<e2>: , Foft

DisNGram 53 F 253 A PIER 43« (1) # 2 BA
AP 6 FRIE 1) 5 (2) AR > 1 8 R e FE rl g
VT T 1 55 31

(1) 2 2] HA X0 56 &R )

FREEF R RR ZT0H (e v rve) s T B ITTA
KFR r W] X dis ) FE 8 1% cov(r) AR C,
TR AR ey B[R] S S 20 45 W AT X 43 1k dis o) Al
B cov() THE N (26) F1(27) PR
[{e,|t="{e,srre;)EG e, eC, ) |
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(26)
[{er[t=Ceysrie) €EGNe €C, }]
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‘ C., |
27)

(2) He+% 7] B VT i 1) 52 41

M2 S B BT XK PR S R VE A o, B
W OE R = J0d ¢o X SE ] = JU A AT AT G L AL
BEWDAR ZJ0H ) FRAR BT E W
A28 PR :
| ngram(t) N\ ngram (") |

S(t,)= (28)

min( | ngram () |, |ngram’H|)
R T 2% S AT R X S 1) S A
BT TAHRIPE Sim #1H R Ratio 1158 X F WA
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| tokenset(p,) [ tokenset(p,) |

Hod tokenset (p ) TR ZJTCHP A LUE M po HIE

min( | tokenset(p,) ,tokenset(p;) |)

min( | tokenset (py) stokenset (p,) |)

(29)

max( |tokenset(p,) ,tokenset(p;)|)

TA) 1) 18 (it S

=Jed Y objects) ARG
3.3 REXREXNFHENILLSHF

TEAN bSOk A% e SEAR RS 55 O i AL AR
AKX 55 o P A S AR X AT 55 Wik 48—

P

(30) AELL AL, 3 5 XML G SR N FF kAT T X EL A dT.
£5 EHETEXMFH AL
ik i I 1 52 P T e 25 R
Cohen % A (2002)11] E\ XE, TFIDF, 45 8, o0 R, 535 AP R 22
N X At B 3 e
Sarawagi 5 ) (2002)017] @g?ﬁT&ﬂ LB ST+ a2 UL RTE T R KBS giﬁgﬂ%*wjmd
T I 45 19 4 35 ) ‘
WL ‘ FFE A g 45 R B
o . bR ID R SRR 9 o fiH S I )
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. EXEBERE R+ PR P8 18 5 T B R £
Arasu FA (20100047 ik T R T IS bidl s B S 1
it i e 1 52 SR A T3 T
Suchanck A 201D Ey X E; S R AR AL g%ggz;w*ﬂ“ PRI B — % — K R
EF e e RPN T  RSCRRGRME RN TR RRIER R BUEA S R A
xg  Aostew ‘ SRR ES K A AL 5 8 TR T B b B
i . R AT (] AR LM 7 SR R 5 K U
Song 45 A (2016)017] ﬁﬁﬁﬁ“*% B R D s B T N S
IR AR B e S

MBS TT AT LA oy T SR Sl A L 52
PR B 25 Tl AR [] A B 9 % ) 4503 A ] AR 3 45
H 58— AR R DL B . [] Ik ol A S M £ B 22
W1 2 5 THT R B T SCAE R O s A 22 ) B S Hk
T LA S = e A5 0 22 ) (4 1SS B 55 (A5 X 5
RHORA R R 3 AF R 1R B 22 19 27 35 0T 06 2
T SE RS SFHR GEILES 4 9.

4 ETFHMIBERFIZ=INEEIFFAE

oot ) W AEFRAE - > (Representation Learn-
ing) , H H W2 F AL 2% 2 BRI R T R KR
AR AE AR %3 1 [ £ o T i) S 22 ) ) B 5 5 I 1 i 7
X G Z A 1 SR FR OB R 2 2 T T R R R
A, B H 3R R 2% 2) (Knowledge Representation
Learning) , H (1942 52 31 0 B i rp 52 4K Fn 52 K 22 (8]

SR AR i) B 27 3 R AR o 4 S AR A O R L A B
2 17 1 1 RU{E R

BT RN 2 T HOR BB SR AN R AR
AR 1) R 25 (] ) RE T F 2 WF TS B T 4R I T T

RN IR 2 2 W) SE AR X 5507 ¥k %2R D5 i st H

HITfife R S A X 5F [ el A 3 B BOR . Tl TR A58 5%
%ﬁﬁi7ZIK§C$%¢£3-JFEEI%EHQ/I\%ZE*E"J%1ZIKXHFTE
20N 4 . FEREAS SRR R 1 Se il R SR
57 B FR T BEAT A S B AR s Z 5 AR
3 5 5 1R S5 U8 X A (7] RS 3 4 i A 25 i) Bk B
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AR EE A

]
A
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T4 55 A SR xS
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PEBEAE S
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A EIRS SRR AN R Z BTk GI AT AL
] 3 K SR 55 45 RS N 2 2 40 5 Y S AR .

AR T HE TR R X TR R OR 2 2T 1 SRR 5
T5 AT E A 40 R O A AL, B AR AT 4
2 ) A = A5 B CRI i AR B | 38 B S B X 5% B
O X —Fp 7 B AT 7RG 41 TRl A S
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AN FEHEAT TR 43 28 (I 4.2 9. R s ik — 2
XPZIE T IEDEAT T 4 0 % b, IF X 25 R k17 7 3%
AHIGHT (UL 4.3 799).

U 4.1 W E GRS A A R R IR
PR RIG IR EE LY B R R R L T R R R 2 S 1Y)
SRR 507U I HEAT TR A B X LG 43 T
4.1 FMRTREFIHK

H i3 2 1Y R IR R 7R 7 2 FOR AT LAy o =36
RV 18 DG e A | 8 I A5 0000
4101 BHIRRER

T word2vec B3R ] S A, Mikolov 28 A
& BN R 3 019 30) 1) B 7 ) ) i S 6] AT R AR
ZJE S LR FEAZL. #il i C(king) — C(queen) &~
C(man) —C(woman) , 2 d11 C(w) F R~ word2vec
REAY 27 2] B 1) BLAR] o 1 3] 6] &, BIFSE & 132 M B4
JA RPN T Z R BRI B QR Y R
f 4% TransE-"™ J JL4™ A6 A0, 530 ALK OC R A0
h 3k SEAAR B SEAA Y R

& TransE 41, %0 PR Z00H om0 AR FR
ARk R IR e JF HORRAFTE DT 9] TransE
4 U AR TR AL HL AR, 8] 5 s s 6 T A
ZICH Chsr )R Ph, TransE F 8 h+r=t.
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B 5

1E TransE W, =J08H Ch, ro ) W PE 43 B8 2010
KGO IETER IR L3 L B E
frChsy=lhtr—t|. ., 3D
SR TransE ATy SR A7 A6 46 1 22 Jmy B A0 465
(1) fb PRAZ 2% 5C R I 1Y Jag B X BLAY &2 2% 6

TransE #5581

ZAE 42 1-NN-1 #1 N-N. [& 6 7= iy & — 4> it
R IN B ER, FEM BRI EZ A BEL
A1 TransE £ ff £33 46 1 52 1 ) 20 A [ L R 1
F bR SRR R TSR S
AIE] X FEAR T TransE St SZ {4 (14 X 4 4.

I

5 [

K6 1-N 230 RmR )

(2) TransE JR57 %% 2 A =04l "k H &L
B RABE MARKREPESETZHRHER.

Bl f 3 2 R B R X E T4 T 15 £ TransE
4 AR, BF X 5 4 6 R AL B, TransH™ ik 7] —
A LRAEARF KR T M FRR AR, TransRY LA [H]
(5 ZINA A F A IE LA ), Trans A D E 5 bR AL
oI BB O T TG B B OO B — 4 2 2T AS TR AL
&R 2 R A T PTransE" I 7
JT7R o #E PTransE H, 40 — A4S 56 5 B 42 0 21 19 1F
FAA— A2 R AR L B 250045 3% A 06 R B A2 B 1 2

— KR
ey inin

+
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7 PTransE &%

4.1.2 i L UCE AR
T VG P Y T2 A AR AL B 1 R A
Wi o6 R 552, U DistMultt'™ | ComplEx (Complex
Embeddings)™**, HolE(Holographic Embeddings)™*! £5.
DistMult™"™ 5 F 56 5 R7 5 9 WLk M8 20Kk % 18
SEARFISE R Z BIER R - = T4 Chors o) B9 PE 53 PR
=L (32):

u

|

£ (ho) ="M, 1 (32)
Hot M JE R r X AR FE O T R RSN
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B, DistMult™ ™ ML B Sk X £ 5 1
ComplEx"* 7E #ic AR 58 T 5 BUfE X {75 Com-
plEx RE#% X 45 Fl — 70 K& R 47 #BL. #£ ComplEx
L =00 (hers O B PRS BR BN (33)
fr(hat) =sigmoid(X,,,) (33)
M= IJCHAFAEW AR 23 IR 1y AN A 7E A% 53 B
=1 X BRI R B4
X ={(Re(w,) ,Re(h),Re(t)>+
(Re(w,) . Im(h) ,Im (1)) +
{Im(w,) ,Re(h) ,Im(2))+
(Im(w,) ,Im(h) ,Re(2)) (34)
Forb w, J2& G F X By 1Y S B 1e] £ Re (o) KR o 1Y 52
#B, Im(x) FoR x B BEHP.
HolEM (i F i 5 1) 76 B8 A G o 26 7 S5 R %
PEIRAR K % : Ry X Ry =R, 3507 =0 (35)

a1
La * b:lk:zazb(l+k)rnm]d (35
i=0

7E HolE w1, = J62l (h.r.0) B9TE4 B BN 2 (36)
B
[, (hyt) =sigmoid(r" (h * 1)) (36)
4.1.3  REERETY
TR PR 2 S I B 2 ] R AT RN IR RO
223 A33E ProjE(Projection Embedding) ™ ,ConvE
(Convolutional 2D Embeddings)™" , R-GCN (Rela-
tional Graph Convolutional Networks)P 2 (155 6
JrRD. Horp ProjE A H 2 J2 2% 0B iE A7 A AR
ConvE F| JH 4 LRI 42 % $2 J2 X 52 4K Fl ¢ & 19K &
HEATHEAE ;s R-GCN ) ) Jel 45 B R 2% (GCND P i
FTEEA ;s ConvK BN 2 A 1 G 2= 2 455 4y A ] K/
FR R A ) 4 6 A = JC AL i A E R B — AN A
J B 5 ConvR™ R[] 137 250 Ay — 4 T ek 2 7% S AR 4%
AR R A, = J0H W 50 &l o s R g
0 2 I 4 it A B 1Y 5 CapsENY SR I 2E I 45

(Capsule networks, CapsNets) P #4752 & Fi1 6 &
HEAE s RSN fii F BB LT AE 7 s e B s iRk 24 > =
TOL IR R AR,

R6 MOREEE

TR AR ¥ AR 5 2% bR AR
ProjErst] 2%%@?‘5@/\1’4%/\%%?)@5“”:%5 B HE#
FEHE ¥ 7] 5 (Rank)
ConvEL!] YR R R A e T 28 U
R-GCNI52] 2 9 F B 1 B 4 B 22 ) 45 2 X i
ConvKBU*! SC ZR @ itk il 4 4 3% UIRORAEIES
ConvRE! XF K RIFAT I B X i
CapsE%] o T 2 ) 245 00 AT s A PO EINES
RSN Rl BIL Y A SRR A S AR 22 1R) 7 3 £ 38 U

A G THPERL R TR SCDC OB R | TR AR Y A0
AR 2 0 SR 38 ]399 .

4.2 ETHIRARRFIWSEMENFHE

BT HER R R 2 ] S AR - ke & |
I R SRR 5 [R) A T EEROR RIS T B
ROR  Ho b ot R 22 007 0k 8 feT P I3 A5 AR [ ol 2
M £ (Graph Neural Network, GNN)P #4711 32
AN EATAR B R R B Iz AL RE

T 3 43 A AT DA B 3K 26 Ty i B AR AL HE ZE (Can
S 4 FR) S SR BRI  GNN SRR R
A 2] B FH B AT N (iR AL L I
B [A) HR B i i A 25 RS [F Y. Z e AR 4 2
Xof 5 1 S AR K A [ 0 L1 33 ) A 5[] Bl S5 3] ]
— ™ ) S () L Ay i 3 TR B UE A Y Bl
BN FEV AR B S g o0 R TR R R R
e B S 38 [] — A ) o A ) A R SE BB HY) . i )i AR
5 ) Sk ] o SR 22 () B Bl R R A B AR
Xof 55 25 5 CR X S5 A )

AR SCHR AR B o T VR AE R AT S A X 5 B R
HEREREAF B A A 7 48 a0 /N2,
7 FUR. P EE NN BRI IR TIRA
X% B4 Hr .

x7 EBTHRRTHIMEXFHEI L

251 R B HL TR
FoL TR BARF

MTransEL60) KR I

BootEALs!] KFRZJudH + B2
Multi-mappingRelations52] X R ZIond + A

MuGNN [63] PR+ ERET
L P KEC(}{“ @Mﬁiﬁ B+ i’%j{i
SSPreid MEEE+XER =04

SelfAttention-GCNL69

TransEdgel 6

KAE=ZTTH T KRIRA

AliNet[67] A3 8 3 I o Ak
MRAEALS] K A RS A ]
VR-GCNE30] MR B

LB B+ HE R X 5y
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JAPEL8]
CTEARBY
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SEEAL24]

COTSAEL"?
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AT SCRIZE 8 15 B R SE R 57 7 ikt
1 3 7 i e 5 1) S 4 5 O 112

N ZifER LA EE

Cross-KGL20J
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RDGCNL76]
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RREAL™!
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— R T S A A A R AR 1 A AL 5 O S A S A

Vi SGHER JREFER KRR ER
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I SR REFER AR FR
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4.2. 1 FHEMAE B AT LR 55

ISR 55 05 A8 B A R S 45 4 A5 B kAT
SRS S Bk U 25 A0 B AL G . (1) HNE R
PR =0 B (ELRVE) .l (p L 15
#L AL 5 (2) KRB () FIEMF L.

(ELAS 1 0 2 X S AR SR AT 55 Sk Ut L 5 M 5
Ew A ME. BG4 R 2 80 RX 5F kSR T
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(D G &R = oA R A5 0 (5 B0 7 12

BT IRAE SR R = o4 A 4 45 R R AE L B
F PR R 2 2] T VR 38 Ry BRI 0 2 07 A
TR PR35 g £ st 88 2R P IO 5 e

SCHRL60 13 T — AN B5 18 5 AR R i A B 7Y
MTransE, {88 B 3= B A5 35 5847

@ i Fi TransE ARG SC R = 04 4 5%
AN S 1 SR R0 OG R AEAT IR BN 0 TR
R ik A 25 [ J2 AH BB ST 1Y

@) ) g 1B T 1> A T A ik A A5 T 22 ) Y
7 4R R BN X (37)

L= 3

(T TH €N, .Gy)

S.(T,T" (37)

Horb .Gyl GoARR 12 IS A [A] 38 5 1 0 LR
8(Gy GO AUFR 2 > HR P B 23 55 1 =
TCH R R A S, (T, T JE %t T 4% 55 19 =t
RS HEATVE SR 07 ¥R IZ BB B T =IO 1
53 B — i R T IR Y R L AR R S =t 2
(] £ B 0k LR AT P53 5 28 AR P A% 1) i RIS 25
FIPLEGE 10 FF ALy — R OC &R X FP C R WA
B b 5 50 = Al R PR 4, B S B8
PSR 55 18 = JC2H =22 18] 3 3 5 7 30 B R A7 5 4. e
J5 FEEAR A R 3 ik A AT SE AR XS SF L LG 45
FHT 2 I ROR B U

SCHRE86 J#R H T AKE(Adversarial Knowledge
Embedding) #1587 {# H TransE #E17#r AL
AT i T GAN(Generative Adversarial
Network) ™" 15 B 7 52 {05 5 R A% . AKE #5514
Bl 8 JIr 7. M 2 7 Az Al A X BT AR B 42 A 1 T %)
S HE SR A 5 =R, B R R A | I S A RN )
PO P, FR A FH PTG B 4 R 27 ST TR
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AT B AR o 9 2 L SR (62 14 TransE Al
ComplEx 255 8 R FEAT I A A, BE 4% 4b PR — X
—Z AN AR AL SCHR 90 JFE ] TransE i 47
HRA RN X SEAIAR AT 1 Xy, SCHRL66 148 H]
TransE A7 SR ARSI T XS24 Z 8] 3¢ & 1Y
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(2) i G R BRARANE Ty 4045 B i J5 ik

KR TTIEAE O R BRAE P i S 25 M R AR, 16 A Y
FR R 27 2] J5 v T8 02 R AL

SCRRL29 J4R 1 38 T 1K £ R i i A R A G AL Al
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XFFE R G R B AR E AT O B B0 9% Bkl
M4 PTransE. 5246 & B, f#i | PTransE B} 19 %k R
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@ HLAE & X 5% 1Y S 1A 8 AN T 103 18135 b R g
NS [A] B S 30 [] — > 1 SO ) b R AR I T =
FlRE R - 43 Sl EAT T S 300 5F — b R 5L T R R A
B SR X 55 AR — AR IR I 06 22 5 58 —Rh2 2
PEFE R B 38 L — GRS H W L X 5 1) Sk 22 [ 38
b BB B R AT e 4t 5 5 = R S B LAY L LB X
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(3) i 4B A5 BAE M &5 M 5 B 7 i

X K7 AR B A [A] 0 TR BT 3k SCAR TR]
1 SR HA AR LR &R 45 5 B X R 5k K2 T
25 W % (Graph Neural Network, GNN)PY 3 47
AL

SCk[30 18 Al VR-GCN(Vectorized Relational
Graph Convolutional Network) £& %1 %} 1 {15 & i 1 1)
FARFIRRIATIRA BRI LR H BT GONTY
O LR R BT 3 1) O B M BT 3% 5 i ok 2 AR 4B
ST G FR iR AR BE BT SE AR A T R S
SR SR Y i AR BE BT 56 R IR AL RS T
DA HI T4 28 W 4% o 22 )22 1) 99 4% 7] DA 42 31 3 R 3%
25 R A . B4 1 6 B ek BB 1% X 0 AN W) £
R SR I T AR 3 7Y 7 7% M BOR 27 ) SR
FOE R I HRA N TTA B3 T4 E B Z )51
SCHRPE— 23R T 3T VR-GCN A58 9 52 44 % 5%
HEZE AVR-GCN,HEZRL i1 i A 20 S P 2

@ AR X 55 1 SR X AR BUE 2 09 =l . I
T s 0 P 5 DT e A5 e A TR A2 L 0 1 2 T
TEX AT 55 R B
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AR A FEAR R 0 55 B SO0 1158 Y 6 B8 4 1 L )
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s[RI AR A R A 22 ] 1 B R AT 0 5
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HGCN (Highway-GCN) 851, 7 GCNU* (i Z: iy I
AT T TALA. SCERL76 142 1 T RDGCN (Rela-
tion-aware Dual-Graph Convolutional Network) f&
AL GON #EAT R A 7R » SCEF R SR 2Z [] 11 56
A T XHE 5 R KL $ 1 GAT (Graph Attention
Mechanism) , { F &l 13 & 7 AL 6 5244 2 18] 1) 6 &
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SYBCAS T[] i AL SCHR63 142 i MuGNN (Multi-
channel Graph Neural Network) £ %, £ GNNF!
LAt B AT B T AL A A 52 SO B
k6418 H T KECG (Knowledge Embedding
model and Cross-Graph model) 5 %Y, 3 13 i A 3% 52
FEMEZRE B L] GAT #3  28 B B A, 3
H&5 & TransE 27 2] JRE 35 10 & % 78, SCHk
[65]#2 Hf SSP (Structure and Semantics Preser-
ving) BEAY i I SCHRL75 1 b i) HGCON 47 42 JR) 45
PR S HF 45 A TransE X402 52 1 2 18] 1 ¢ R iF
F1R2 3], k(6513 AliNet (KG Alignment
Network) #78 , fdi ] GCN #E47 45415 B A Il
T AL e 4 0 B 6 40 4 S AR SCRRL68 14 iy
MRAEA (Meta Relation Aware Entity Alignment)
FRERL {1 F GNINU i A 25 46 {5 B X 52 4 22 8] Y
K FRHEAT A 5 ] A3 (] (4 X 43 R TR R TP
X SE AR 2Z2 8] 1 56 R 43 B AS [\ A A L SCHRL78 ]
#H NMN (Neighborhood Matching Network) #£
L HE GONE i AB o fff 385 el 1 2 0 WLk oF 3
RAE IR 22 5. SCHRL91 142 i REA(Robust Enti-
ty Alignment) 87, i I GNNUY i AL B A T
Mg P 500 1) A R AN ARG I, SCRRL77 J 4t DGMC (Deep
Graph Matching Consensus) B 7, fif B GNN s
HEAT ARG R 0 R AR DE C L 048 8 T (R 28 0 B A
128 3 AR BT S A 1 & Sl A R o O A 0 48 4 S
i FE Bk, k[ 79 )32 H RREA (Relational Reflection
Entity Alignment) £ %I, % GNNE F1 #2481 78 4%
B IR FR AR AR S AR fix A FEAT 45 5 Ok 58 iR A
%P5, CHER[26 148 Y CG-MuAlign (Graph neural
network for Multi-type entity Alignment) f& %Y, {ii
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TR TE AL 0 3 T A AL X 408 e SR N S
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BRL70 148 th 1 A 50T 56 1y 52 4 X 5% J7 % (Schema-
Agnostic) . B SRS 557 A 2 53 2 [n) L, A e i 5
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CTEA HEZR 45 =0 BR EE 6T 07 ) A B E S I o 79 1 R L R R B i AU AH
O AR A8 S A B J 1 A S D A R S AR AR T 3] dic 2 1 R R JBE 266 I 3 T XoF 2 ) 3 A 4R
Ve B ML % HE B TE SEAR Y JE M AE R b 4 AR S X SR A R
R EBAF L, i 3 A BTM (Biterm Topic (2) 5N & 1E i 2R
ModeD) "2 it g 33 it BTMAEA % 52 4K 3 585 3 47 2 — Sy g AR R T 45 A A L N M 4% PR B il
1, 2Z G MR JS B % (Jensen-Shannon divergence) FL =5 AT B A B,
B e e AL ol TR R AR R M IZRE R B A A SCHR[24 ]38 11 T SEEA(Self-learning and Embed-
ey =R N ding based method for Entity Alignment) 2 ¥, i%
@ M5 52 A 1 235 460 A5 50 A IS0 R 245 4 i A VLN SRR B R — P AR IR I 5 4% C R L IF
SR TR ORI R T IR G R A S IZHE SR T Y HZBEE PR X —F e REH. ZAERTE LR
J& TransE #1700, M4l 5¢ R = J0 4 A B SE A 1 235 4 S ICA R M = T AR LA M A A AT
A o H Y 2% 55 9 S AR 6] S S A [ A 5 X TS AR R PG A T ACEDLS], T B A
T bR SCFRIR M SR Y 5 AR R L Y B AN, 22 5 ek R AL ) 2R A S A 5 AR A
22 38 T8 A PR 25 T 25 A5 B L R A S AR ) AR 4 1 B AR SEEVE T 55 (R 45 SR X e A HE AT 32 AR
SR bR SCER R P R R ) i G A 4 S A SCHRLT9 I 48 1y —Fh AvorE J5 v6 X & R (E 47
R EE R A T X3 ) 2 5k AT Ak FREHARN X FELEYI s}l BE 0% b B A UL 3t Y
QO MR E S AR 25 # i AR SCER R il JEVEE. AttrE HEZR AN ] 12 fif .
(—\,{tﬁmﬂmu
( lgd:240111203,lgd(:};1>opulation,1595 ) @ i x5 (lgd:24011 ﬁﬁiﬁﬁmn,ms )

(lgd:240111203,rdfs:label, Kromsdorf’) |

(1gd:240111203,rdfs:label, Kromsdorf’ >\

(1gd:240111203,lgd:country,lgd:51477 ) G

G,
( dbp:Kromsdorf,rdfs:label, ‘Kromsdorf’ ) /

1.2
1gd:240111203,:population,1595 )
1gd:240111203,:1a el,‘Kromsdorf’g
1gd:240111203,:country,lgd:51477

p:Kromsdorf,:label, "Kromsdorf’)
dbp:Kromsdorf,:population,1595 )
dbp:Kromsdorf,:country,dbp:Germany )

(dbp:Kromsdorf,rdfs:label, Kromsdorf’ )
(dbp:Kromsdorf,:population, 1595 )

KE=IJTH
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o SCORH ] #8956 28 58T i 44 O AR (7] #9944 <7 AT 16 75
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@ AT X TR ZF ] TransE
BERY, HAE 2% 2] 458 4 A B 3T 8 A4 5% 2 %t 5 1 1]
) = J02H » BRSO S 1 27 ~T S F i A I 34 n A

BLH. X F I Pk A BRI = BB R R
PR 7 h R SEAK B B Pk 4 R A TR 28 iR
R F ), T[] A Ja M 1 A AS ) 0 BT 3 v ) 3R
AIE AT BEA ] L 4 40 50. 9989 Al 50. 998 8889,
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B SO B A B FAR A G IR — A i A R
1 J P A 2 AR LAY ) i R OR L o o FoR B PEE
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R SCT = ARG — A SUM, BKE
FT A FAF R AN 55 A2 LSTM, Bifii ] LSTM
WO 28 X FAF iR A ZEAT G 0 5 55 = > & N-gram. f )5,
3 3 FE Y S IR Ak [] — > S A A 45 4 ik A
{EL iR A

© AR XS 55 8 P A% 5% AR AR BE AR 48 S 44 1 ik A
HEAT X 5F.

W Ah AT W T A% 3 U — 2
ST PR L A5 P e A SE IR AL SR X R
TR TEAL P TR F R SE AR AT RE 2 T B R

SCHRLA 192 7R ST A5 B IR S5 1 15 5L Vs
PEAE B4 B J7 k. (A U RN ZRAE L R 4R 23
T SCHL A A0S R AL A o A S BT 23 0l I 25 T
A B B 3 A 2 75 % 2J (Joint Embedding) 1 55 14
X FEREAY AN [ AL A 1 S AR 5% 45 2R T i B 2
% S BTE AE AR RS B ARG T B T SR
XF 3 B RIOCR L [R)INF  $2 08 0 T e ik 2 o R ) B [
It Bt b= AE i BEAS . R 418 875 27 2 F0 N 48
SE A7 70 a8 M o S A o AT DY T S B T BE X 5
SN SRR TR T A BN e R TR
PEAG B IFTER M2 1 B 4R B B8 AR A4 B 1 1 AL
R ZJG B SCIRL27 I R T — AR
55 3CHRLA TR SRR AN W) B J2 i A 3R Y A 3 A TR
TR REAY  HLAEAT: 55 A B 1 5 AE 18 B A 1) #8435 2.
7 95 A R AN FE AT N LA E B AT VR4 i
TN LA MR A HERR IR 1529 T A1 AR,

SCHRE71 T4 H i F GON K 5244 25 ¥ 0 52 14 @
PEFEATIR B A 70 A T S K 1Y 45 44 R AIE AR
PEFFAE AFE R GON 9% AL SCERL72 ]2 5 COTSAE
(CO-"Training of Structure and Attribute Embeddings)
B i ] TransE #4745 14k A 8 8 1E 28 B AR
PEAE AT FAF GO ik A (6] I I ACIBE 5 7 2 0 AL
X7 BT

SCHR 73] #8 - AttrGNN (Attributed Graph
Neural Network) #5251, X 45 14 {5 & Fs £ 15 B 2E 1T
BB gt . i GNNUY SE kit AL SR 5 &1 X 52 A 1)
ANV P SR IR B 0 LA 2R A5 AN [R) /9 A EE. SOk
[ 74 14 H Jar KA (Jointly model the attributes interac-
tions and relationships for cross-lingual Knowledge
Alignment) #5871, 32 455 BY ffi F] — bk T 52 1Y J
A Sf A7l A TR Ak 2503 14 52 L S RAA T SR i AR AL
4.2.4 RIS HME BSR4 15 B k47 SRR 5

I RIT » AR 23 SR X 55 J5 1k 0 AR 408 45 4 15 5.

A1 P A B 2R AT HE BT » {FL I A 2L S A L R 3 e
KB3R5 A1 4540 A7 B R s AR B AR AR A
B A G, — 2607 gk 4R i — 25l S A 4 15 8 R i
RSB
SCHk[20 J#2 T Cross-KG (Cross-Knowledge
Graph) B3k 5056 R R 60 U B 3% v 1) 45 4 15 8 A
FARZ AT BT X 5. WA AF 2 46 i A IR B
R AE PR 3% A0 R 2 60 L PR 01 £ R R LA S B A
SRR RS R4 T SERE 2 i AL 25 1 R % R
TEAE A TR S Gy 3 g R B SR S B AR
WS G, .0 WA~ F R 3 b i B A S92 7R R G &
iR A KSR SO H AR R A = (39)
P(G,.G,|@® =P(G,|@®P(G,|G,,0) (39)
Bz Bk =P 0R .
(1) % 35 P 1B 385 vh |0 S92 14 F G 2R 3R AT iR A
40 .
PG o= || PUh.rol0 40

T, Chor s O IR ANRE BE GG R =04l 4y
g 3K SR G R R SR, A AR B
0 BRI L oy R R A B A 92 SR R TR
1% TransE 1 TranSparse B} #94 % 1.

(2) 38 b 3 A U5 RS 9 15 8 % B FR AR
L v A SRR G R FE AT AL B B 0 LR v
T3 S A 5 YR U R S 0 S IR AR AR BE B L Ie o M=
{Ces O le 2 Gy RERLAYSEAR, £ G v R B ) 52
Ay =D .

P(G. |G .@cc || PWs.p.0)|@ || P(fle.®

P €G, (. EM

_ 41)
Hrb, Gapao)  BFR IR ENE G h iy X R =04,
O3 R 3k AR O R RN S AR B R AT TR
SR T 1 S AR 22 [R] 1) B 4 L TR A G AR 22 1)1 i
BEME B ¢ R — S Al i A B2 2.

(3) B LR R S5 A5 B A P4 R ICRCAE R 25 &
LR o 1IN TR H VRT3 9 S 44 22 a) A AHARLEE . XS T
FAFER LA B A AE ] Jaro-Winkler #HEf (—
AN BE AN SEAF Y 41) 22 18] 11 G 8 85 1 A o R
PRUED T S A 44 5 22 [a) 9 AR DL BE 5 X T 450 15 5
TR E SCT WA BE AR ARLEE L 0 o) AR 4k O A Y G
R ZICH RN e R S on Al A AR B
AR N (42)

SIM(f,e)=qa * max(sim, (f,e) ssimo (fse))+
(1= a) $iMjaro winkier ([ 5 €) (42)
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PR S AARXS F5T7 86 Il 13 Frs. B, & 5%, R
K2 FL M 4% GCN (Graph Convolutional Network)
T A 45 AL AL A5 30 25 48 i A o 1A - 2 3 1) Y
T3 A P SR 44 R AR A ) SR 4 dix A H ] e
BT ] 0 FastText™ . Z J5 MR 4% 45 #4) ik AR
SRR A T S A RO A RS N SR 4 ik
NP B K 3K 7 A B m ASOR in A5 381 52 44k (8] ) B

H RS ) B TR AL

B RS2 DS AARS 5. 5 SR I T T IR AR A )
4 2 ARSI L BLO7 N e 27 o YR K A 5 ZE M St i 4
o B R SRR A 5 X I R A AT T 5T L H b A
oy T Iy SRR R R 0 R 22 i R R ) 5
PRI S5 R 5 S E 425 L B 5 T 00 5 o T B2 BB i 52
PRI FR X I 5 A — 5 ME . fe e 7R IR AUES A - 1l
JHR RS B B A5 0 BE — 20 % SR 44 5 S R AT 42 4 f
XS G R BEAT ELHR Y o B TR SRR S 0 R AR HLAA
M TEREACEE I o Oy B — Ao 0 5 S AR B 2 e
TSR 2 5 I FH A RS o A R R A SR 2
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Bl 13 T HE T 0k AU SR X 55 7 TR HE AR

R8T 4 H DAT (Degree- Aware entity Align-
ment in Tail) # &Y, {#i Ff T RSNs(Recurrent Skip-
ping Networks) " I 3 7R A5 R F 17 25 #4) ik A B
SARZIRIEAT T FAF RN 183 5 P A~ SE A Y
SRR REARL I 0 S A 4 B AR RLE O R T 22 0 PIL I 4
P i BB 25 5. SCHRE82 42t CEA (Collective
Entity Alignment) B #), fiff | GCN #1745 4 {5 &
HRA o I AR 24 B ) (] 2 BOT- S (B HEA T iR
4.2.5  F LA (5 B SR R 15 R AT LR X 57

— S SRR S 7 A 3 43 AT T S A Al A

TR TR A A P R I T SR Y R R AE R ] A
Wikidata B9 32 4K “bus” f 4 & 15 & & “large road
vehicle for transporting people”.

SCHRL28 48 1 — Tl 285 5 &5 4 1 5 0 S A4 4 3
15 BT BB 5 SR S BR824y = R4

(1) BRI TransE Y2545 2 3L F 4545 B

f R R ) L 2 A e 2 BORE RO ) R
Pl i 1 0 3 1] o R R B ] — AN XA ) S
BB R 11 SR S o A5 S [ R0 H P 1 2 %) 5% S K
R[] A i A 5 E TR B AT R B X S Y SIS A X

(2) 55 SRR AR Bk th e i ) 5% S k. B
#1268l CBOW (Continuous Bag of Words)
A 43 BN 2545 18 5 00 1) 1] 1, P22 2 R ) i 5 )
[ia) 5t 22 A 74 2 1 R SBT3 K AN () 3 ] ) s ] A
BN [F]— A~ 18 a5 (8] v, 22 05 i T el i e Y A A0k
FEOT BRI ARG T LA A Z 8] A AL R,
T 356 H fe 28 1) 6] 55 SR

(3) 3 2 2% A% 55 19 7 = HT A 28R L
BN 2 [ SE Rt o, O T 28 i R A% 1 )
IR AT T WA A, — 2 e 2 A P AR R
P i FOHTR) IR A AT N S . R BN 5 B O
— AR 5 SEAR X B E A PEAT
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4.2.6  FIHZMAE L B MG A SRR AR B
17 IR X 55

SCHRL83 4 1 1 22 Jy i £ 2 255 R A S A X
FF NSRS A FME B O RIS R PR SO
WA TEA T GON i AZ5H 15 B0 [ i in A 22 07 1
=5 . HMAN(Hybrid Multi-Aspect Alignment
Network) # A 41 M5 B L ¢ R A g M ax = Jr il
5 Ry GON B A T A S A A AE S A1 3R
B AE B e R SCAR R F BRI BERT i A%
2] R EE R IR AR SCAS $ R ME B A S & L 255 it
AT TARRE 55 RN 14 iR, ] £ 2 GCN 3k
AR R3S B9 40 FM 5 L A i 4 2= R e )
PURIR HEAT 2C R FNE PEHR A L 5 B MG R R R
R VA B e k.

JE T

| |
GCN ) ( i )
| |

cox ) ( mnmm )

B 14 HMAN 7 &

4.2.7  FBSMAE L B MG BSR4 5 BT
SEAAX 5

Yk [23] 4 B T MultiKE ( Multi-view KG
Embedding) HEZL, [/ i A ] T 2549 15 2 . @ HE1E B
IR A Y SN S R W AN S B O N Ll R B AR
3 M BEATHRA L Ry T A 4 BRI AR AR ] R s U7 U Y
T SCAE L G S B m) o ] i A DU T3 A 5 D] fef
PR AR - 2 g A I 5 4 B A7 B0m) 1Y ik
N EAT % 45 T DL JC W B i 7 X 4 o — A 44 FR ik
A X SR 2 805 R AE S TransE 73 51
KFRMRA XS TSR 8 A o 120 SR e 4 AR ol 8 0
2% CNN(Convolutional Neural Networks) i # J& 1

FOAEH 05 B 8 SR 8 P 4 i A FILE (B A
1) % ROk L TR A B ONN 15 8 K4 5 19 8
PEHRA.

N TR Z AR AL A A AR R R IXHE
ZREEH T =R M. B — bR B TR L AT 20
BB =R ABCH AR S SR B AL 5
e A S o A AT H A B R A R A 1) =S ] i
T A2 W 55 A B Il S 28] [7] — > 2% ) e SR =R U2
YIRS X BT A i AR AT 6 G I S5 s A A5 7E 7] — ik
A ZS [E] I S AR R AR X = AN A Z A — B R
Al RE K.

WA S 7 B G 2 2] TS TR L 2 ] Y B
FNESR S T PR TR R 0 4 B T i AR
T X 5 I SR O 3R RN B Pk AT HE R A AE B 2 11
=Jo4.

Sk [84 142 H EPEA (Entity-Pair Embedding
Approach) BRI, F g %t 5244 3% B2 [ (Pair-wise Con-
nectivity Graph, PCG) 3 2% 3 SZ Kk iix A Fon, fli
B B 22 P 28 CCNIND JE A7 T P R Ak 32 3, 0F — 20 4y
HE 201 7 T GNINU AL 330 ST AR ) R AE A AL

W15 fir s s A FIRIE S GoFl Gy 19
Xt B PCG e, fil r R Gy SERFIE R L el FI
riRR Gy PSRRI K 2. PCG 1Y S 2 i B
T 3% v 1 S AT 2H B i 0 DU 2 pl O AR X . A
S B B AR v Oy A AR O b B SR X Y
EPEA 81 H 2% 18 S {4 4% 1 4 5 v B2 A 8L A 52
A

B 15 ot i 4 E (PCG)
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1E PCG A i s R Xt 2 J5 - il i CNN H g4 3k
S AAR 22 () 1 Ja A AR A R AL & K T M R A A B AR R
CNN 8 A - 2 > SEAR X 9 ik A 1) 8 % 7~ . EPEA
B P SEAR Y J8 PR X G — B A F AT R AL
JE PR Jaccard AH AL . 107 524K &4 85 1 R — Ff g
R JE 1 L TA] CNIN i 46yt A AE 00 17 3 2.

I - ML 1 1 S O A R AE AL 4. A
GNN I A i 2 7 AL 38 3 328 V3 3 6 48 3 15
)RR AIE [r] B2 20 717 A0 1) B R 5 X BB RRAIE 7] i B

<

LA AL I\

¢, €G,
AL A, Ay A A

®4

5 Pl B Y R A AN 45 0 AR R4S Sl R, O Tt
— 2B AL S A A I SRR J8 PR R AL 7 GNN gAY
0 0 AT R AR i

U 16 i /s 2 A Ak i BBORI R A A 1 (1 HE 2R T
AREG o e SR B AR G rp S0k 1
JEVEAEL x, 8 CNN Haij H RRAE 18] 1 2, R SE R 44
FRAE 7R NN T SURFIE  h 41k GNN Z )5 42
BRI 91 R

XTI

o
i : ()

Z\f -

elEG, : > -
Cu

A, E E E

| R o |
SETONNHIRPEFIERUR ETCNNA AL

P 16 R 48 HROR R A A 47 HE 22 1

4.2.8 FIHZWEER . BEF R KA F B s
PR IR A5 BT S AT 5%

XHRL8S 45 & L LT 15 2 . #& i BERT-INT
(BERT-based INTeraction model) , 5 X E[70 ] A~
[F] A2, JF i A i 1@ PE {5 B /E 8 BERT By%a A,
T A2 (P S 44 4% R R S (A 3R 15 U8 A S i A I 45 58
Ry A R T SE R 2Z [ ) 4B 1R B R R &
A5 BTSRRI, 5 SCERES3 I AN [R) 76 F 8 A B
A5 BRI i AR, FE 4 M AELE: BERT
ik AR H (BERT-INT-1, 4n[&] 17 Jif 7 {5 i 55 4 4 Bk
FSE AR AE EAE T A e BN A ) i) AL T
BERT {95 B (BERT-INT-2, W&l 18 ffR).

BERT-INT # #1556 fff ] BERT fE B AR

o

[as] 7] []
BERT
] [7] [E

FETR BRLIC R A A SR 24 R /Al A s M A I
ST 408 JE AL T A T R ] A AR R R T B X S i A 2
] ) 28 HL AR PSSR 8 E R E 43 551K [ K 6] )
ARG o (e, p Rl e s oo se, ) 378 SEARSE
EWRRAMIR, (e ) e oo s el ) R SE
R E WL R AL {ar s a, ) Fl{v 0, ) R
IRIARSE E R ERE PR, (a) e d, ) R, e
U,V RN LR ETRY JE AR YA, 1R P S B xC
R T B A S AT A S 0 R C (a)
FC Qo) s 1848 1245 828 1 AR B 75 25 A 6 & s
H.COOFI Cle)). %I T BERT 19 3¢ BB He 45
AT ARG R AR R AR S B
T3 S A A AR ok 58 B S A X 5%

G DS BUE S HEN ‘ﬁ

[as] [7] [7]
BERT
] [E] [E

El 17 BERT-INT-1 # %I [&]
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1
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El 18 BERT-INT-2 ##I[E]

4.3 Xtk

AT X T 3 e 4 (DBP15K) #E i
B AR 1 SEAR XS 7 AT BEE (AN SR 8 FIER 9 T
7D s FFE— 25 0 B T AR AR B AS [R] T VA R R 1Y)
S0 A0 RIS B R AT IR AT LG43 BT
4.3.1 FERIGCR YT L

5 AR IR AR S (] B T R ROR
2 2 W SRR 55 05 1k 4 o ORI S5 R 05 8. R T 45
A5 B AEAME B OB YEAE B SRR 215 B AR

BAE R HAHBUOME B =28 K5 L IRk A5
LR i — 2405 R 3T TransE GCN Hil GNN
=K.

RAREHER:

(1) #F TransE 4515 B 00 F| FH , TransEdge
(20200 R AF T S 1 80 SR & U B 6 2 R 1
HRA BRI AL EE X 3k R S A AT 1) A
IR S A 2Z 18] #1856 22 A AT LS Bt 2 75 L[]
. TransEdge (2020)5% Multi-mapping Relations
(20191 KECG(2019) 1 34 36 92 7 22 18] (1) 56 &
AT TR, ZF 2P A GAT AR K RAEM
KECG (20191 e 13 i 52 5 25 R fi 22 1 Multi-
mappingRelations(2019) % % & T 52 {k 2 [a] f) £ %

Z L, 7E MTransE(2017) 5 4 3L il [ 38 258 % TransE
1541 bR BRI R oR B Bl S [R) BR E A 2R B
A ComplEx Xf 2 3¢ R #EAT 1 LFRIR o AT 7E 52 35 3L
WA T 8 5. BootEA (20181 5 33 i A
28 DI 5 11 SR oI 22 Ak DI 5 oo R v s T 5090 Bl =
14 [ L AR B 2 % S A 22 [0 114 ¢ 3R 2% R {H 2 )
KECG (2019 4 LL 3R 45 1 50 47 A R0R

(2) T GCN 5y {5 B A H . SSP(2020) 1%
(4 S 36 2% 903k SR W1 5 A8 T AliNet (2020)°7), SSP
(2020) A XF 42 Jmy S5 ¥ 15 B HE AT 2% 18 [l B 2% & 5
PR Z ] O R 45 Tl IR 0 Y o B 440 R B 1 O R
W SCfE B AliNet (20200 FF A MA R ZE B
117 2 % 22 Bk ST AR X 43 2% 1L (X B 42 408 4 S 0 46
— X o R AESE RS B R o A SR 2 [
KA M % AR SR X 57T 55 o w] DLAR 48 3 47 1Y

(3) #:F GNNPY 25 # 1% 8 19 F F» MuGNN
(2019 | MRAEA (2020)% FiI RREA (2020)
BIXp ek Z | o6 R EAT T % &, H o RREA
(202007 Fy 52 56 30 fie 4. MuGNN (2019 Al
MRAEA (2020)"% 3 { F 1 75 J7 L il 6F 55 4 2 []
()5 24 BC AL EE - MRAEA (202005 & % 52 {4 2 [
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* 8 E T DBPISK HIEBEMN XA FHE
A . | DBPISKZH—}?N . DBPISKJA,E;\ \ ‘ DBPISKFR,?\ \
Hits@]1 Hits@10 Hits@]1 Hits@10 Hits@]1 Hits@10
HFI A& 1E B
MTransE(2017)L60) 30. 83 61.41 27. 86 57. 45 24. 41 55. 55
KECG(2019)L64] 47.77 83. 50 48. 97 84. 40 48. 64 85. 06
TransE BootEA(2018) 61 62. 94 84.75 62. 23 85. 39 65. 30 87. 44
Multi-mappingRelations(2019) 6] 68.07 86. 74 65.53 85. 90 67.70 80. 84
TransEdge(2020)L66] 73.5 91.9 71.9 93.2 71.0 94. 1
GON AliNet(2020)067] 53.9 82.6 54.9 83.1 55. 2 85. 2
SSP(2020) 65 73.9 92.5 72.1 93.5 73.9 94.7
MuGNN(2019)L63] 49. 4 84. 4 50. 1 85.7 49.5 87.
GNN MRAEA(2020)L68] 75.70 92.98 75.78 93. 38 78. 04 94. 81
RREA(2020)L7] 80. 1 94. 8 80. 2 95. 2 82.7 96. 6
I 4548 15 B A AME 1B
JAPE(2017)L18] 41.18 74. 46 36. 25 68. 50 32. 39 66. 68
TransE JarKA(2020)(74 70. 58 87.81 64. 58 85. 50 70. 41 88. 81
CTEA(2020)31 — 90. 5 — 91. 4 — 92.3
GCN(SE+AE) (2018)[71] 41. 25 74. 38 39.91 74. 46 37.29 74. 49
RDGCN(2019)L76) 70. 75 84.55 76. 74 89. 54 88. 64 95. 72
HGCN(2019) 7! 72.03 85. 70 76. 62 89. 73 89. 16 96. 11
GCN NMN(2020)L78] 73.3 86.9 78.5 91.2 90. 2 96. 7
CEA(2020)82] 78.7 — 86.3 — 97.2 —
RNM (2021 )L80] 84.0 91.9 87.2 94. 4 93.8 98.1
HMAN-+BERT(2019) L83 87.1 98.7 93.5 99. 4 97.3 99. 8
AttrGNN(2020) 7] 79. 60 92.93 78.33 92.08 91. 85 97.77
GNN DGMC(2020)L77] 80.12 87. 47 84. 80 89. 74 93. 34 96. 03
RREA (text) (2020)L7%] 82.2 — 91.8 — 96. 3 —
EPEA(2020)[84] 88.5 95. 3 92. 4 96. 9 95.5 98. 6
HFHBSME B
BERT BERT-INT(2020)"85] 96. 8 99.0 96. 4 99.1 99. 2 99. 8
x99 FEHBEENXEXNFHEE
LR AT B B ok TR RN
MTransE (2017)L60] TransE DBpedia, WK3l Hits@10 ,.MR
SEEA(2019)[24] TransE Cora. [ JiF . 5t Precision .Recall .F1-measure
AttrE(2019)0197 TransE DBpedia. LinkedGeoData Hits@k MR
Geonames, YAGO
A T RN 2 A L SE AR 35 B (2019) 4] TransE Cora. [ J& . 5.3k Precision,Recall ,F1-measure
AKE(2019)86] TransE DBpedia Hits@k MR
VR-GCN(2019) 30 GCN DBpedia Hits@k ,MRR
REA(2020) 91 GNN DBpedia Hits@k .MRR
1 3 8 T B 10 S AR 55 07 1 (2020) L9t TransE Cora. [ J& . 0.3 Precision,Recall ,F1-measure
Cross-KG(2017)L20] TransE DBpedia Hits@k
T FHE I 0 3 AR S S R ) 5 (2020) L22) GCN Cora. [ JiF . 5t Precision Recall ,F1-measure
. LA 3 ] FE DL
ﬁgjgﬁfﬁ ;ﬂgﬁ‘g;ﬁgﬁ&g & TransE DBpedia Hits@#k MR
MultiKE(2019)(23] TransE DBpedia, Wikidata, YAGO3 Hits@k MR ,.MRR
OTEA H ALz iy 20190881 TransE DBpedia, WK3l Hits@k .MRR
SEA(2019) 9] TransE DBpedia, WK3l Hits@k . MRR
SelfAttention-GCN(2020) 6] GCN DBPedia, YAGO3, Wikidata Hits@k  MRR
Schema-Agnostic(2020) 70! BERT ;zia}:;l:)jlgfé;?}iﬁfg Precision . Recall
COTSAE(2020)L72] TransE DBpedia, Wikidata, YAGO3 Hits@k .MRR
DAT(2020) 81 RSNs DBpedia Hits@k . MRR

@  https://github. com/anhaidgroup/deepmatcher/blob/master/Datasets. md
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(1 56 R HE— 25 X S AU gy ) FHA] PR BEAT T %R,
A Z 3k I HLH P LR S8 ROR BT
MuGNN (2019, it #h MuGNN (2019) % ¥ I 4%
PR AN e B0 X 5 S A IR T X S O R L AE bR
TC VI R0 B E 2 B ) R A F7. RREA (202007 3
b X 22 Bk A0 4 SR 1 2 I E— 25 S A 2 1) Y G
F WL ORI T 45 40 15 SO B4 T B i 6 5%
ROR.

NS T RO = R DR EA R R SN TR N
X35, T TransE B A IR FRRE
P2, F BRI ] TransE #y# ¢ R =04,
B Z 0 H T RT3 R A 45 A8 £ 2R 25 L AT & 2R B
SraE R AR B A, 3T GCN/GNN #7535 1l LA
FHAH T MuGNN(2019) % F1 MRAEA (2020) 1%,
RREA(2020) " 72 R S5 F4 15 2 1 S5 56 35021 3k A5
TR 45 B U 3L T GON 8% GNN Ay it A %
TRITIE AE R LG A A BT s 5 A AT fo] BR 4]
A A 2 808 e e 10 45 S 05 2R U A 60 4 I 3 &%
Fa A5 1 B AR ALY « DU 7E SEAR XS 55 AE: 55 L R B 2.

FMAEHMERNEIMER

(1) 3T TransE B A J7 =3, CTEA(2020) Y
e Hits@10 b 38 B F , 3¢ W1 1 46 A M 28 ) 4%
2 o) AR AR SEAR Y N SOAE B BT B S5 AR A R PR
BT —EWER. JarKA (202007 % F @ M 15 4
(A R F JAPE (20175, 5 & 7E ik A 2 1
B A J& Pk = JC 4L Bk A 2F 2 FZon ) i, i JarKA
(20200 LA J 1 = oo 4l DL KSR A LA B I 4
B B A B SRAT = A B A TBORS 5 S AL A 4
P A G5y DT BRAT T B 4 1) S 6 3 B AR

(2) #F GCN Wy A F 1 H, GCN(SE+ AE)
(2018)" 7 ffi il GON Xof 25 44 {5 S8 R 1k 1% 8 2R A7 #k
A B Z 0 S AR 22 ] 1 O 22 7% 0 8 T A AR 4 SR 5t
— Xt o DR I S 6 sk SR A 22 Hod RDGCN(2019)7%
HGCN(2019M | NMN (20200 F1 CEA (2020)
o JH B 15 R 38 R S AR 44 L I HLERTE ) I Ak I SR
AT 524k 4 09 301 25 98] ) 5. RDGCN (2019)
NMN(2020) # &k H T & & S Ll i1 F NMN
(2020) 3 323 %1l 43 1 >R FH i85 613 2 0 ML i £ 1
g S A AR 4 2 AL T RDGCN (2019) X f
A BHEELARZ A B R 3 AL, BT ARG 1
P I 28 A5 R 5 2% . NMIN(2020) ASAYALAE 9 16 46 B
it HISEAR 24 05 5 5 I LA S 44 44 3 2 ) 2 X6) 48
Fe AR HEAT O 18, S5 B BOR T RDGCN(2019) Fi
HGCN(2019) , & B I AN I T A B 452 AH 28 S AR HR % 52

itk A F2 48 sk, 1 CEA (2020057 #& 4 76 fd F 52
PR A T R B A T SEAR 24 4% e A 38, 9 H 42
H T HE IR ;32 55 1 (Deferred Acceptance Algo-
rithm, DAA) R 4782 22 D IC , BUAS T 50 47 1 R4
JuHAE DBP15KJA-EN [)E3 FAR 3] TR KR X
FWIBE T RS AR 0 5 2 AT S 22 R/ N B
£E FHOINE . RDGCN (2019) .JHGCN(2019) .RNM
(20215 i HMAN+BERT (2019)5% ¥y % 52 f& 22
] 9 6 R AT R e A I BLARE T e 1AL A
Zzfi GCN g 45 R %46 . T HGCN(2019) F1 RNM
(2021 K0T A2 4R35 ms I i HGCN(2019) f4
BRI L T RDGCN (2019), i RNM (2021)5 R
IUE DG R AR B AT A I Hod i %143+ 1 [
I DG JiC QR 422 SR TN O 22 L IO R R AF BAE 45 vh i A
L 7ESCERROR Bk T 8% 8 m. HMAN+BERT
QOIDSH AL [ T IR Z 18] 56 R L AR & M5
BRI SR A (E S R R BERT il
AL Gt A ] & 7R SE IR ROR BRI T W AR
[ XA 55 T ASME S BERT (9 %) H.

(3) 3£F GNN g AJy i, EPEA(2020) "
1) 2 BRSO I O+ 3 3R B ) 3% 42 18l (PCG) L CNIN
B PERHAE B DL GNN 3148 19 3 S 1645 X Fi
R T 1538 3 A A JE 1 A 1 SRR AIE 1] S, W] L S i
J& HEAE BRI ZS K (5 B AR A R R T 0 UL
B s B mon AT SR A5 B RREA (text)
(20200 IR Z , F WM GNN i 47 fix A A2
W45 1 1) 2 o) R ), aT LAAR G b £ 88 D A A L A
TS5 H 5 B DGMC (202007 F I 1o 55 0 [l
Y B AL BN TE Hits@ 1 1Y 52 50 350 R & i T
AttrGNN(2020) M #E Hits@ 10 I3 2=, £ 8
AttrGNN(2020) 3l 5 J A5 8 X 43 F I SR 5 AR
It F R AR A 5 35 5 AT DL S8 6 55 1) b o 45 2R
AR G711 o3 AE — 8 DXBR H 2 e A 58, 5 Ik
Hits@1 i3 53 34K,

BT LA By B R 45 0 45 5 R ME L Y 52
TRXF 55077 5 F GNN B A J7 2 im A SE 14 45 41
525 W R R B AR P R A F M A AR T
FERE,GCON 1R BB L T TransE, H
HMAN-+BERT (2019)"* it 52 56 3 S 6 L e 4, 2
Hral4n, 545 HMAN-+BERT (2019 ffi f T 52 {4
R 15 5L 9F R ] BERT X fili i 15 8 2R 47 1 45
T S () 4 3R 15 2ok B #4 E DBpedia, i 1 il i
AT DAAR G b A S AR 1 38 SCAE B AT AR A
U1 DX 43 B
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SFAZImMER: (2020) , 3 SE AR 11y 52 55 45 SR 78 DBP15KFR-EN 1)

M 8 AT LLE F|, BERT-INT (2020) 5% 5 8%
RO EAR T B R, R S AR AR
AN A AN B, BE 8 AR E TR 3 4R S 2R IE XE .
HMAN-+BERT (2019 7 {fi B 45 44 5 5. 0 JL fil
L BTSN R S E RO E A 40 BERT-
INT (20200, 1 F WA &AM B o 45 44 15 B F)
SR 57

BUAb, 2 8 AT LA B, % 4 FYI Zhinl 1) o
AL, 41 RDGCN(2019) \HGCN(2019) \NMN(2020) .
RNM(2021) , HMAN+BERT(2019) . DGMC(2020) .
AttrGNN(2020) .\RREA (text) (2020) 1 BERT-INT

R B & F DBP15KZH-EN #1 DBP15KJA-EN,
X R W1 TR AL T8 (4 AL o (8 45 T DI 25 3] 1) 7R
452 b HUIN 3 AT D PE SR AT

W Ab o e T T R ML A R A 3 45 A 55
4 B A S AS SO T R R o o 19 SE AR R 5
JrdE R TR AL 9 7 i Rt AT 1 X Ee
10 Frae). i ZEULIT Y I 31X 2877 3% I F AR AE A [F] %
P dle BT SE . R F AR 10 AXHI M 1 4Rl 7 ik
EAE T T 7 ML S A 5 ) o O 2R 45 ) 52 96 4 B 4
Y. AEARR A A SORE 3 — 20 BEAT 6 T EE T I B
1] B S (A X 55 S5 38 X EE 23

® 10 RAFEAVGE B SEEXFHE

52250 AT e WIL i
RDGCN(2019)L76] GCN B B (GAT) , 45 48 128 55 4 Bt AL
MuGNN(2019) 63 GNN 3 T T AL A0 R % 5 X R T 45 AR R AR RN 56 AR 4y G A T
KECG(2019)64] TransE B B L S 25 48 OG5 (4 4y B A T
CTEA(2020)031] TransE TE FRUZ AR 7227 L 45 40 42 55 1R 43 il A
AliNet(2020)[67] GCN TR FIHLH S 45 70 B S S R 4y Tl AR
MRAEA(2020)[68] GNN B = L S 45 06 R A BUA
NMN(2020) 78] GCN 5 T R I LA 5 4 4R B S A 4y B AL EE
CG-MuAlig(2020)(28] GNN 5 GO A T 7 WL 0 i GO R T L
SelfAttention-GCN(2020) [69 GCN 23R TR FIHUH L 4K IR B SR S B AL R
COTSAE(2020)72) TransE X2 GRU , M 45 Ja 1 2 70 0 a8 M B0 R IR 5 0 B0 48 I8 Mk 43 L AR
AttrGNN(2020) 78] GNN TR SHLE 45 I8 T s 843 Fo A
DAT(2020)C81] RSNs T I S 4 G5 R R DL RS2 AR & A AL 43 A R
EPEA(2020)[84] GNN G TE TEIIHL % P S AR i 2% 2 oy Tl AL

4.3.2  BEAIYCRXTH

KT R R AT LA B s A SO ST
i Bl 48 DBP1SK p R B FE Al —F- & LT T
S, AN BLTAE DBPLISK i en B8 5 1547 LK
AT X AE AT (] L 38 5 32 17 45 R X He A A T AN (R
R A B S2 6 G5 — i ] Intel Xeon E5 2. 10GHz
) CPU. 64GB N 1& A & — 4 NVIDIA GeForce
GTX 1080Ti GPU, 37 MANJARO 3% Fi517.

g 19 fr s oA [6) B R AE [A] — ks A
DBP15K i en 38 47 B ] X} . *HGCN, *RDGCN

AttrGNN [m— 07336 46
RNM 134816
*HGCNp
FRDGCN — 137751
**RDGCNp
GCN(SE+AE)Rp202.3
g JAPE®
RREA pssm—33().2
MRAEA s 318,96
MuGNN = 2161.97
AliNet prm— 3106,
TransEdge e 2600.35
BootEAFP
KECG

8961.59

7348.09
15427.94

A

9113.84

2830.41

0 2000 4000 6000 8000 10000 12000 14000 16000 18000

IBETI /s

B 19 ORI BERAE ] —$di £ DBPLSK ey L1847 I (0] X LE

**RDGCN 43 3l 3 75 18] ) £ ¢ A 4E B2 100 B 1)
HGCN  iu] ] &t A 4E B R 100 B ) RDGCN DL J
i ] et A 4E BE S 200 B9 RDGCN CJE AR 5 119 ik
A4EJE Y 300).

H HGCN . RDGCN #i1 NMN ¥ A6 . 78 iz
A7 B HS BN A6 L 1 D0 150 B X = A AR AR Y 5 (]
O A% B R % s [ 1) e SR KT A S 7R o A4 AT
k200 B, LA RDGCN 1] LLiz 17 ; FEAIK R 100 B
HGCN 7] LU 17  NMN SR /] iz 7. ¢ s \] DA i)
B 28 (8] &2 24 B NMN > HGCN > RDGCN > H
RS, R 25 R 5 BB B R S G TR N
4.3.1 2 2], o NMN 7 281 43 7 1 9 H )
AP 422 SRR T 7 0 AL A AT O 2 o T A R
(23 1] 5 M HGCN SR ] B 28 5 g A7 648, 97 5 fb
TSR XS P Y %5 (3] KT RDGCN.

BeAh, B 19 L n] DUE B R 45 44 5 5 R A
HME B SE R X ST (35 4T i) (R AR R F A
FH 25015 BB R, 3 = WY 5| ABUAME B 1 R B 25
o A5 455 TR 18 52 3 B 72 vy o DA TG 38 i 47 i ]

3O HE AR TR I AT R VT
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GCN #1 GNN # # 32 17 B [6] , /N F 3 F TransE
AL, SEE0 R AR SC & B3+ TransE W BEAL, i H
GPU BE A, B 2 Wiz B CPU, 3 B 1%,
fEXF 28 [A) 55 3K /s M GCN Ffl GNN K & fifi Jff GPU
TR B S B P EN 28 ) SR K

TENE 19 el DUE i R AR A 28 5
F R Y 32 47 B A] 42 KL U BootEA Al HGCN., ixX %
B 3 A B 38 0 T SR ] R 3 T R A
ia B T3 4 & 42 % . HGCN Al RDGCN
18 225 (] 52 2% B R A () 52 % 38 6 v o B R IR A 4 3
AT L T B AT HS A SR 30K I A S & KR
UL 3 1) L 55

SRR F L 5 BT R RO R 7S 2 R R oK
A RNM [ BB AT. 76 Al 48 22 1] #7048 /b 1 [a)
MO0 TR S TR I RCR. X RV T RARM T
P DT TE 5 LK 408 422 S AR 1 A7 BE 2R 1153, AR E 6 iR
P S R 55 4T 45 % F 3£ F BERT A9 > 55 71,
HMAN-BERT #il BERT-INT 3441 A [& 19 H.
K2 #L A BERT Jin A 348 45 5 2E 47 15008 0 B[R] i
R F ALK (i BERT f KL% B AR AT 45 Hb 42 &
TS AR SRR AR R AR AR A A R e BT
B A 1Y) S AR R M R XA S PR N P AR
5 s 2.

5 FEHENESRE

TGN B SCRF IR AR R SEAR XS AL 55 2 3 1)
12 RTE [ s 31 22 b SRR S BOR. SR B
A AN () ST 7 P 75 5K 5 2 MR 5 H ARATY SR A AE VT
2 [va] 70 % 15 fif .
5.1 HFHEHEE
5.1.1 F g F0 R RT3 i Ak 3

T 00 18 S A 55 5 120 32 A B R
(45 K A5 S HEAT X 5, X S 7 R 7E N A At 1 5 30 4
AT SR A S IR AR AR IE A STk 21 ]
i Y N TG A Bt 4R v A0 0 R R 3 L S A B
F8 TR P O R . EL AR 30 A AN A A7 AE 1 TR E
T 20 R 2 B TR I AR S AR A — A A R
N BB SEAK (Long-tail Entities) , H 7 F11R B i H K
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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 tech-
nology 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 compre-
hensive 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 entity
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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 com-
prehensive 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.





