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Research of link prediction based on translation model in
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Abstract: In heterogeneous information network, heterogeneous nodes have multiple relations which can form heterogeneous
multi-edge information network. Knowledge graph-based representation aims to embed object entities and relations into a low-
dimensional vector space which can be used to learn the multiple relations between entities in heterogeneous multi - edge
information network. In this paper, we first leverage fused representation of multiple relations for heterogeneous multi-edge
information network in terms of attention mechanism. Then, projected matrices are adopted to map the types of
heterogeneous nodes into fused spaces of multiple relations. More, in the fusion representation space of multiple relations,
translation-based heterogeneous multi-edge embedding model is proposed to learn the link relations among heterogeneous
nodes. Finally, link prediction experiments of heterogeneous multi-edge relations are carried out on MovieLLens100k dataset.
The experimental results demonstrate that the novel translation model is superior to traditional knowledge representation
methods at the aspect of link prediction performance, which can effectively improve the accuracy of link prediction.

Key words: heterogeneous multi-edge information network, link prediction, translation model, representation learning

H4ewmH: B R A KB4 (61632011, 61603229, 61672331, 61573231, 61906112) , 1l P15 4 & #F & & CH br B £ & 1F)
(201803D421024,201903D421041) , 111 P54 [ SR Bh2¢ 3£ 4 (201901D211174,201901D111032) , 11 P4 45 5 25 27 4% R4 B 101 H
(202010001, 2019L.0008) , LLi V5 44 BBk F 5¢ — e 391 H (2018041015-3)

W B 1. 2020— 06— 28

* i T EE &R A, E-mail : jxzheng@sxu.edu.cn



- 542 - IR E 2R CH AR R

% 56 &

FE A IR B S e, A P T LA I B o A
H OISR N AL P 2R A R A B T
T BRI EREE  BG T P RS R R LB
= R 5 el U S SR S S R L AT i
JH 5 R i 22 8] 52 LA bk Bost %6, b R iy H
FUREIR 5 AR Z R b A T 2 A LR R 2% L A
SE G HL R g b B Z R R AL SE B4, 58
HXF M EARNFER LR, EN T 7B M
(Heterogeneous Information Network, HIN). %k
T 5 0T A 8 D90 4% R T I X 2 22 (8] ) 06 3R B Y
A4t 28 W 25 A, - 1 551 B BE N HERE R 4T
8 A S 5 T

TER A0 5 A5 B AL xRz
[ ORI REA Z 80, thln, #1238 M 2% P 5
AT R R FR T DA BAE@ kA e R I i
TP 3l e TP X6 7 i B AT S 06 R AT LA AR B 7E
Y PEIE KA 2 R 2 2R AT R I B f
XF G 2 [ BUHK R BN R R R Z A A BRI 2
AL R R W S R B WY AT
RXTRAT e A 2 H AR AT P9 a8 % 0]
AERA 2 H R IE M —FRRIR 1 ™ 45, B 5 5
L5 B W 4 (Heterogeneous Multi-edge Infor-
mation Network, HMIN). & 1 IMDB 5 Jit &
AT B W28 S fr s, 18 D1 A] e RE T8 1 LR
M1, W E# T M1,D15 ML EAZFEER; A
U4 BE T AE LA T M3, "] REITA T M3, U4 5
M3 EA ZMAT HC R . BT 7 5 B W 4%
H T R D 25 A AT DA R R 2 AR 2 R Y G
0 T TN A 52 0 25 B BB R R R ALY
FEUEPEA EZ M .

ISR SOWIE/ AL NP QS W
VT A 75 A R S N T A 2k 3 o AT R Ak Y T 5K
B 7R SR Z 8] OC R i 0 ARk Bl TR
A BORM K BT R ENGE R RoR e ] B TR
o S RN O 7R 2 7 A6 AR 4 B4 %% 1 1) a5 S A)
SEARFNOC FR 2 (8] AT DL EAT SRR L BB 6 AL
BB SR A S ARG 2 DA R X G 22 1] 4 A AR
KFZ . HRENGE R R O &)z N e B B 0
BRI W RS R NE R LER S Z A
J5 T A S b B3 L AN TransE'
TransD'® | TransH"', TransR"" 4§ i@ 6 = o4l

|

|

|

|

|

User :
|

|

|

Director :
|

|

|

|

Movie @ |
|

|

|

|

|

|

A
1 IMDBHEENFRENER MM
Fig. 1

HMINSL 1]

An instance of heterogeneous multi-edge infor-

mation network in IMDB database
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Table 1 Details of heterogeneous multi-edge datasets
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Hits@k, MeanRank(MR) , MRR 317 52 5 45 5 19
XFEE PR . HH, Hits@k J& HE 72 AY top@k iy H HY
S AAKRCAE S A A R B ) JE R R, S
FIEBR AT 5 MIR S T 00 1F ff S 4K 08 ~F- S8 HE | G
N F B HE Y AR T, A5 A B0 Mk B AT s MRR
2 TN T S AR 1 HE 44 BB S B E, HAE R R
Y 1) 4 i B A
3.2 XBSHIEE R Rh  CRAIBEVLAES B
TR AT SRR Y AR D 4G Ae ) R
TransE & B JE47 91 45, 27 > R A 0. 01 #E 47 4
W, GBS E y=7, ENfL REEE 1=
0.1,7=0. 1,17 i i A 4EE D& & R 100.
3.3 KWL HE  SLHad R, BaseLine 7y ik
% B TransE, TransD, TransH, TransR ¥ 47 45 3
HRF LG . FZETEN AT

TransE'" : ¥4 3¢ F F E s 920 21 )2 9214 1 B
VR, 52 SRR R

TransH'"' : 4 3k & 52 0K 76 88 °F 1 b ik 17 %
F 5 2] SEAR Y R A

TransR"" 4 52 R A1 56 Z2 78 A [a] 1) 38 S5 [ia)
HEAT 2R, 1 SR B S5 1) 3G 3R 4 ) 2 2 52 R G
EXHIINE

TransD™!: 7E TransR # &1 K il -, ¥ 924 18]
O FR I e SR R I T A Ay ) g 0 AR 7R G R A (R )
A AR A
3.4 KWHERRKSW AIKAEI7T-8750h 4k B
#1317, GPU gtx1050t, 25 45 Fun 5% 2 fi 3 3

R2 ARAAZERE—ZRXETHHEEER
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Method MRR MR Hits@5 Hits@3 Hits@1
TransE 0.0526 59.1370 0.0437 0.0136 0.0045
TransH 0.0613 55.5030 0.0738 0.0271 0.0030
TransR 0.0642 60.6901 0.0744 0.0372 0.0041
TransD 0.0711 49.8524 0.0723 0.0331 0.0075
TransE+Mule 0.7225 3.9593 0.9292 0.8524 0.5633
TransH+Mule 0.7132  7.3630 0.9057 0.8530 0.5627
TransR+Mule 0.7007  7.3991 0.9006 0.8298 0.5459
TransD+Mule 0.7071 10.3912 0.9029 0.8254 0.5431
TransHME 0.7511 7.4473 0.9322 0.8434 0.6250
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Table 4 Filtered results of TransHME method under

different values of y

b4 MRR MR Hits@5 Hits@3 Hits@1
4 0.6397 8.1205 0. 8946 0.8223 0.4398
5 0.7373 6.0979 0.9157 0. 8389 0. 6054
6 0.7927 4.7605 0.9262 0.8795 0.6928
7 0. 8190 7.0512 0.9503 0. 8946 0.7304
8 0. 8085 5.7771 0.9322 0. 8886 0.7189

Method MRR MR Hits@5 Hits@3 Hits@1
TransE 0.1594 46.7319 0.2199 0.1521 0.0693
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TransD+Mule 0.7663 9.8554 0.9230 0.8698 0.6409
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1.0 0.8063 5.7213 0.9292 0. 8889 0. 7139
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Table 6 Filtered results of TransHME method under

different values of embedding dimension

D MRR MR Hits@5 Hits@3 Hits@1
32 0.7610 7.4006 0.8931 0. 8554 0.6611
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