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Multi-modal entity alignment based on joint knowledge representation
learning

WANG Hui-yong, LUN Bing, ZHANG Xiao-ming'®, SUN Xiao-ling

(College of Information Science and Engineering, Heibei University of Science and Technology, Shijiazhuang 050018,
China)

Abstract: Knowledge representation learning (KRL) based entity alignment represents multi-knowledge graphs (KGs) as
low-dimensional embeddings and realizes entity alignment by measuring the similarities between entity vectors. Existing
approaches, however, frequently primarily focus on the text information but ignore the image information, and lead
entity feature information of the image to being underutilized. To address this problem, we propose an approach for
image-text multi-modal entity alignment ITMEA) via joint knowledge representation learning. The approach joints
multi-modal (image and text) data, and embeds multi-model data into a uniform low-dimensional semantic space by a
knowledge representation learning model which combines the translating embedding model (TransE) with the dynamic
mapping matrix embedding model (TransD). In low-dimensional semantic space, the link-mapping relations among the
aligned multi-modal entities can be learned iteratively from the seed set. The learned link-mapping relations can be
applied to unaligned entities. In this way, the multi-modal entity alignment can be implemented. Experiment results
on WN18-IMG datasets show that the ITMEA can achieve the multi-modal entity alignment, and it is useful for the
construction and completion of the open knowledge graph.

Keywords: multi-modal data; knowledge representation learning (KRL); knowledge graphs (KGs); multi-modal entity
alignment; translating model; seed set
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N [ RN SCAR SEAR R I 1) R i A A B 1 S
SR SFE B
4 SIS
41 HIEE

AR S A N AL AR ORT SR [ 2 A A
P54 WN18-IMG. WNI18-IMG H ) S A ¥ ¥ sk 5 T
SCAR J1R R WordNet, & 504 K B T BHE [
ImageNet, 311 WN18-IMG FEHL 2> A I 2R 4 . ik 45

FESTESE. S T ARAIE e SE B 2 R3S SR NS 5%, B A
WNI18-IMG H it 5 () AR S 4 B A X6 7 ) SC A 812
K. BT F H WN18-IMG %45 42 I 1% 45 ¥ B 1l 5
(1) G745, A SO A DA R 3R 7R 2 2 151 AU 18:.16.25.37)
(R A7 08 A 7 925, = e 4 1 Sk SEEAA R SR B AL
B4 mi g, HLAE RS g B AR S R, O T
REAS 36 A SCRTHE H 1 5 vk B A a3 FH 1, 3 1o P
WNO-IMGB 47 T X L siit:. B 4e 5 B sk
1 7R,

x1 BEESRIHER

Ktk KE - EE I RiEsE Bl

WNI18-IMG 18 5684 13634 466 766

WNO-IMG 9 6555 11741 1337 1319

42 ZWFE

A SCAH F VGGNet 5256 #4521 1) U R0 i e
SR IXFER] T A R BB TAL BRI ). A, AR S
K BERUBE FE R %92 (SGD) X b 3k 5 92 i AE 23R4T
A AR, X T A S A A JKRL A2 B3] L 47
1) 2 [) e /N [) By y BE BN {0.5,1.0, 1.5, 2.0}, & 56
> BE Y 0.0011821 3% AR R E v {500, 1500,
2500, 3500,4500},0 % & N {0.5,1.0,2.0,3.0,4.0},
XTI R P K kR E 9 {0.05, 0.10, 0.15,0.20}.
TE 5256 o B F 5 Eb 51256 1) TransE #1 TransD 1% 24 1) 2
B R S AT R, TEASCH, G RRHIE I & d;
N 4096, 5 Z2 FSZAR RN 4E 50 n ¥ B O~ 100, 38 T 58
BAFRIABRMM RS E Ny = 1.0,k = 05,0 =
1.0.

KRR A ERC E T Intel Xeon E5-1620
3.6 GHz Y] CPU, Nvidia GeForce GTX 1070 Ti ¥ GPU
F132 GB W A7 BN N AR EEAT 0, 8 4E RGN
Ubuntu.
43 HBIEEIXEIIFT
43.1 VM bRAE

% WAS SRS SR AT 45 19 B 2 ) W AN [ A 3
H i rh oA [ SRR AL ) S A4 B A ST — E IR 5 R
A AR SO S AT 551 A A S AR 15 43 o B 1 o
YJ#E44 (mean rank of correct entity, MR) 1 il £
BHT 100 (Hit@10) T 1 70 (Hit@ 1) SEAR [ HER %
1E RV B AE, PR, AR SC 48 Hit@ 10 Hit@1 A
MR 1 R 2 155388 SEAR R SR VPN FR e, 2R 1 EAT AT LG
SIS, A8 H MTransE 2R B4 O P AN AL (T
TR AR TR RN 5 T e M Ak AR Y. RIS, PEAR Gi 3R
T SRR TransE A TransD X 2 #5508 4T RN
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() BE At A58 B AT 55 LU (AEA) S5 3 20 A5 S A4
K 5 [ S8 Ok dE — 25 36 UE ITTMEA J5 7 1A 250tk A
K5 MTransE HJ 9 AN 15 84 43 53l 4y 44 9 MTransE(T)
F1 MTransE (L), #4158 F 1% A %+ 55 # W] ) TransE A
TransD 1% 4 5y 44 A TransE+IEA Fl TransD+IEA.
432 SEWER

R2 gy T AE 2 S e 4R WNIS-IMG Al
WNO-IMG - Hit@10. Hit@1 fIMR {145 . WFK2h
ATLLE e

1) TransE+IEA . TransD+IEA F ITMEA [1] 45 541
F MTransE (T) 1 MTransE (L) 77 v%. H 3t a] BL s B,
TR ) D B OO 2 Z A1 58 R (F R
i o SIAAHS 55 (1) 45 G i o, BLRR % K IR D bR
BRI TAER.

2) FEA I AT 5 U ¥ 77 %, ITMEA 1) 45
B 5 TransE+IEA 1 TransD+IEA [ 45 B AH L, £ — 2
TR A A. XGRS BN AR5
FooR 2 YRR AL 22 B B AT RN SRR N, £E
—EAEE o R — e B A S5 AT 5 M X 5 4
R R, 856 2 P3R5 IR A0 s B % S EI BE
ARGV 1) S A4 06 5%

®2 BEREILBEIFER

WNI18-IMG WNI-IMG

Trik

Hit@10 Hit@l MR Hit@l0 Hit@l MR

MTransE(T) 61.0 385 2377 79.2 46.1  419.2
MTransE(L) 354 13.6  547.7 62.4 30.8  647.6
TransE+IEA 62.3 354 30.0 84.7 589 1389
TransD+IEA 724 47.7 27.1 84.3 50.2 1599

ITMEA 79.7 52.8 38.4 86.7 619 1393

4 J& 7R T fE WNO-IMG % ¥ 4 F, AN [[] ##
B 3% A 7] Uk B0 FE B 15 L. AN B4 e] DUE
MTransE(T) #E I #5255, 10 A ST H 1) ITMEA J7 ¥
FER B K. MTransE(T) 155 28 B 422 530 AT AS [F) AR 28 S 4
T8) ) AH B 45, A% F TransE #3E47 11 25, Hei 1a] &2 4%
FER O(NT). [FIFE, B AT A [RIAS S Sk (8] A0 B v 531

160
g
£ 120
*
T80
=
Z 40
0 O ) N &
S & &N ¢
&&"Q &@Q g?) (@Q &@
N R

MTransE(L) 5% 84 1 T 75 2 147 2 M A8 46, i ) 94
FE LU MTransE(T) . 2R T, A% SCHE H 1 ITMEA J7
T 454 T TransE A TransD 5 F E 58 115 /5 v Hoi%k
AR 5 AN TR 25 S A, LA I 42 2% 88 v 1 6 L ABE AR,
SHFER K.
44 =N LE
4.4.1 FFFRAE

SR AT B IR AW 4 I =
(hyr,t) 275 IR, HARJ U — A 0 28 8. AN
REFRIOG R E — AT B BIE 6., 30 IE AR X BRI E
S, BEATARAL. FEDRIT B, A6 FH 3.2 71 R4t 4 2k R
Bt MR AR P A = e AT B, (8N T IRIME
I W7 R 23 28 R A, 75 RS . RIS, R T SRR
IMEGAE B R EH BT =0 A5 R0, R
IE545 B i WordNet T4 WN 11 R 3E47 5T L.
442 SLIGEER

3T 25 T TransE. TransD #1 JKRL #1iR %
IR SRR E WNT1. WN18-IMG Al WN9-IMG =
ANEE AR E AT = o RIS I 45 B It B
F 3RS R LLE B £ WNIS-IMG 1 WN9-IMG
ZHRAHHESE L, JIKRL B A 54 F TransE A TransD
B (E 7E 20 SO A 04 46 |, JKRL #5284 48 T TransE
B AR T TransD A% 2, 1% 2 B T~ JKRL A% 284 S &
TR 2 () B 43 ) 2 31 T AH R AN R, {E XS SR AR A 4
AT IR B 2R T 505 B, T Bl = Je 20 53
g R, Bt b = o2 5 2845 B mT LUR L AT
B Pl R R R % S BB AE 2 B AS SR 4R WN 18-
IMG A1 WNO-IMG |- 75 21| f#y &5 JE IR T S B £ s
S WNILL. R B, ) SCAR T i B85 B R 2
T+ = JCH 53 AT 55 (e 2.

£3 STANHLER

e WNI11 WNI18-IMG WN9-IMG
TransE 75.9 89.4 90.8
TransD 86.4 90.6 924

JKRL 81.6 91.7 93.8

94

90

86

TG MR R /%

82

‘ —o— TransE

s 15 25 35 45
EARIEL 107
El5 ZASLKERE

TransD s JKRL |
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K5 @R T 7FE WN18-IMG Z A HdREF, =7t 90

YL 53 SR B AR VB A AL R L. T DA M, B §+ —

FERR VOB I, = TG4 5 26 I 5 R WL T, (8 £ %

HEAR3 500 K2 ST, B 1 34 BT 2. S

45 ST B

4.5.1 THIFRHE 60 : : : :

BERE TN B H 2 M s M4 = o2 R i ok Sk s
R o8 FRER SR AT B — A, S BE6E R D TN
iR 2R PR S AR B DG 2R B TN 3= G I 1) o SR T
W IXANMESS 4T3 B T AR R 7R 2 2 B8 )
M. AR SCAE R P AR A B AR D VT DU 4R A 1) IR
T SEAAR AT 0 2R B F £ HE 44 (mean rank of correct
entity, MR); 2) i 10 /> SEAR ¥ IE i % (Hit@10). #L4h,
AL ) TransE AR A8 H K “raw ” F1“filter” 1§
MV TEbR. o “raw” RN JE G AR 2 40 B B,
1M “filter” &7~ Ml F G749 A2 A 55 v 72 AR 1) 1R A =T
A (AR 54y =Iud). 5HAR, fEAR S5
HrIE A T SCHR (3814 Hi Ao R B 29 3R (TransE(N)
TransD(N)~ JKRL(N)) f175 25 Z) 5 (TransE - TransD.
JKRL) IR FRAVE VRN B, Horb R 2 i 4
()72 P A O R [ B S S A4 R 2 S AR PR 2R Y.
452 SLIEER

6 &7~ T 1£ WNI18-IMG £ #5245 $ 8 4 v, 1F
Hff SEARAS 70 bR B0~ 3 HE 2 (MR) B 15 A TR 30 1) A8
fhi& . vT LU, BE A AR S 3G, TR A Ak
1347 AL BP9 HE A (MR) 1B 8T PG T e, H
TransE. TransD A JKRL # & (1] {5 £t T TransE(N)-.

TransD(N). JKRL(N) f/{4.
250
~o— TransE 8- TransE(N) TransD
TransD(N) =#- JKRL JKRL(N)
% . ‘\‘S\‘\‘*—\’
~ 150
Hm
2] 100
o
50 ’,\
N D S
5 15 25 35 45
AR UEL/ 107

E6 MRBEEERREHTK

£ WN18-IMG £ H3 #4f8 45 1, Hit@ 10 #E#f 3
B IEAR R B AR S an 7 Bros. L7 H T DL
Bl AR B 18 0, Hit@ 10 O HERG A BT 32 7,
[ i} TransE. TransD Al JKRL A5 % () #E i R 540 T
TransE(N)- TransD(N) JKRL(N) [F] #ERf 5.

M 6 F1E 7 AT LTS H: 1) TKRL AR AL 7F A3 sz
BERETUNAE 45 AT TransE. TransD B84, 15 B 6T

é 15 25 35 45
WAL 107
7 Hit@10REE KRB AT

2 RS B RN 75 2 5 I 38 ) R SR IR 2% S B
5 2) X SR 1 28 B HEAT 24 5K 8 1 B T S A 2 T
MIENEVE S

F 4t — R T MR A Hit@ 10 78 2 A3
PEHE WNI18-IMG A1 WNO-IMG _E B (R e il I3
4] PLUR I 1) JKRL #2284 /£ MR fTHit@10 | B 15
() 45 B 948 T TransE M1 TransD #2850 B 4019R 7R
2 SRR JKRL B89 45 Bl 22 155248 25080 (104 N 2) 7E4H
I B £ v, A SR B L) BRI S 45 R e R A A R
S 45 SRR LA BN B S B T, 6 Sz g 2 7
BEAT L0 50 Bh T3 R iR 3R R % ) B s R 3) A A
1R —FPRIHER R 5 SRR 2 S BE 34T RN,
)t At T A S 0 5 BB AR TR 0 b B 1)
K, i BH X BE B AT TAL BEAG BT S B R T 45
RHIHETE.

R4 SUHERTUNER

WNI18-IMG WNO-IMG

Y mean rank Hit@10 mean rank Hit@10

raw filter raw filter raw filter raw filter

TransE(N) 111.1 47.8 74.8 77.7 230.1 221.6 71.4 83.0
TransE 89.7 262 81.6 852 1428 1344 720 832
TransD(N) 166.1 61.7 639 745 260.8 2529 723 84.2
TransD 1415 34.1 703 823 175.1 1673 75.0 859
JKRL(N) 1475 472 743 793 236.0 227.7 74.0 84.7
JKRL 126.1 25.9 80.2 88.3 1624 1241 752 87.5

5 4 ®»

LA 5T HIH 7R 2 2 1A SEAR X 55 77 7 b 2
i S N R —, A, AR SO T — R T
A AR IR 52 2 (1) 22 4538 S 0] 55 77 1. ITMEA. 7E
PRI B 5 T, ITMEA 8 FH A R0 iR 3R s 22 SI Y
JKRL, ¥ B GNP R SCA TR RN B 48— (R 4815 X
2% 6], L TEA T RIE R 2 S X R Ptk A 2
X 55 25 RS SR A) 1) 5% &R, 4 2 21 B 1 56 & B H
F) A FR A DL S 2 A5 SE AR 5 a4 IR AR
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BH, 5 SCH 1 22 S SEAR N 5% 07 15 S LA SR
FEOTIEAR L, X SR 2 A — e R B B g Tt it
Ah, AN SCHE 22 B E R A 1A P SEARBERE 000 A1 = T
7y F0f Fri th I IKRL A RLEAT VP4, SR &h
7, JKRL BRI T~ J o 26 75 B F AN 7 TH, A 3042
HH I 22 RS SRS 55 5 V2 B T I 22 RS iR
e i A 2, [ BT Dy i S 2 2R AL 3 i) 255 5 A i 1
TR B AT

RSO R AR AR HORT R B SR R AT E
15 BEVEAN, 31X ] BE 22 4 1R 1Y) 2 RS SRS I n 21 Fh
TEA T, WM 2 J5 IEARR. N T R Rix —
v @, 5 2 TAERE LA JLRANT 1) 5NN 7
AR 0T S () S ARG EAT BLAE FE VR AL 2) PR T R
BRI FIR TN 2 ST A 22 RS R R SE A AR R
N 3) BIF 9T B v 25 BB AR AR B BRURE TR I 5] N7 =
IR, AT S IR R S RRAE BRRS f F2 X
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