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Algorithm 1. Parameter Optimization for TSKGC

Input: KB ¢, entity set &£, relation set R, embedding
dimension k, batch size b, 12 regularizer A, pre-trained
embeddings produced by TransE'*’

1 Initialize variables for each v, ,v,,v,

//Using a truncated normal distribution with init_fil-
ter_normal = True while using [0.1,0.1,-0.1] with init
_filter_normal = False

2  For each w initialize with init_filter_normal

J6 J6
Ex[Q]+1 VEx [02]+1

4 Fori=1,2, -, n, n=epoch number

3 w<—uniform( -

5 Forj=1,2,---,|i)7l

6 Batch<«—Sample(£,b)

7 1Batch=¢ //1 short for invalid

8 For each triplet in Batch

9 (h,r,t) <« ISample ( )//sample a corrupted
triplet

10 IBatcheIBatchU (h',r,t)

11 Batch«—Batch UIBatch

12 For each triplet € Batch

13 f(h,r,t)=concat(g([v,,v, v, ] *0)) +w
14 compute [, .

15 VL=

lg (1+exp (l<h,m> :

(h,r,t) e Batch
f(h,r,t) ))+%| lwl |2

16  Update weight vector w and filters {2 w. r. t.
VL

TR =T o AP
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RIS TR = TE 4L A E W = T84 (h, v, 1) ,m,
m, e B FE BN B Sk S AR A A Sk X I R SR Y

R, T AR A (B, r, 1) A
nh +7’1 nh +771

(h, r, t,> Eg*E}L%o
S TRME BARSC  BEPLEE £ KG TP FTE =04,
BRI B )
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16 YAGO11k 1 Wikidatal2k 5084 I 347 5
OIS ] 0K TSKGC 5955 TranE t-TranE |
HyTE 1 ConvKB 3 4 Ff i 59 b3, YAGO11k M
YAGO3“ 85 45 R LA & occurSince Fl occurUntil
P i 0 25 5 SRR R = 1 10 B oG R I L bR o
BRAEAR . Wikidatal2k B9A0 PRI AR AR, BE£E 5 H UL )
24 FXFR, FURESIHERINE 1 PR,

®1 BRESIHER

Datasets Entity Relation ~ Train Set Valid. Set  Test Set
YAGOI1lk 10623 10 16298 2038 2038
Wikidatal2k 12554 24 32536 4065 4065

3.1 gEREEF

B IO A 65 7 S Z RSk SR ol B S AR Y i 4
P S, SCrp ] MR (CE4HE4 ) Fil Hits@ 10
(HEAAETT 10 457 1A RCEAR 1) 43 b ) 18 R dFAl 48
PR, SERME IS 1 20 ik A TORURRAS , B IE4E I
Hits@ 10 1543 f5 e AR AL -0

TransE B SEWIIHILIEWT .k [50, 1007,
FREGEMN[1e™, Se ], L1 JL%L, margin y e [ 1,
3,5,7], EYAGOl1k I, 2 k = 50,2 >) K =5¢"",
L1 Juk,y= 1 W55 5 e ; 78 Wikidatal2k |, & =
100,y =3 HHAMSEAH RN 1550 e

t-TransE BHIIATR B N ke [20, 50, 100] , %2 &K
elle’, le?, le?],y, v, e[1,2,4,10], 1€
[le™, 1e?, le7, 1le™*],Y k=100, K= le’,
Y, =Y, =4,A =1e B FRIHAL

HyTE WS40 t5 1k 1% & 4 . batch size =50k, k e
[50, 100, 200,22 & e [le?, le, le*],L1 {
B,yel[l,2,5,10],8Ek=100,%%JF=1e",y=5
iR Bl A

TSKGC ¢ X YR E e [1e?, 1e™,5e7 ],
batch size 1% K[ 128, 256 ], kernel %% 7 [ 100, 200,
5007, % ¥ epoch e [200, 500, 1000],12 IEMIfL A =
0.001, {5 ] Algorithm 1 H ik i IEZS 73 A5 0] 4 Ak U
28 HH] Adam DEALES B ReLU 1 Ry Al 2 05 pR B
TE YAGOL1k b,k = 50,223 %K =5¢™" ,7=100, {i i
[0.1,0.1,-0.17] A9 5F 08 28 43 1 B 2 90 5% 13 ; Wikida-
tal2k |-, Mk =100 ,7=200, truncated 43 1F ,/ﬁ\fﬂi"ﬁ&
AR 1535 Fe s B4R | batch K/NVER S 256,
epoch=100,



58 P T S R N

I #2

X F % % 37 A

BRI T 25 0 3R 2 Frn (et R E N
i HR i E N FRIZ) , HyTE . ConvKB F1 TSKGC #Y
MR 1843 F1 Hit@ 10 %S5 H AL T TransE F t-Transk,

1M TSKGC W& E AR A% HyTE Fll ConvKB XA fir$2
15, VDR AR )55 B 4 Al 28] S 4 G R e B v A B 10
PURN 4 (1 FH 2230 38 A R 45t F1) 2 B4 SR RRAE

2 YAGOI11k M1 Wikidatal2k [ %54 i TN 25 51

YAGO11k Wikidatal 2k
Method MR Hits@ 10/ % MR Hits@ 10/ %
Tail Head Tail Head Tail Head Tail Head
TransE 613 2652 4.9 2.5 738 905 17.4 15.8
t-TransE 338 1840 5.7 2.8 592 784 25.3 17.9
HyTE 225 1549 9.2 4.1 305 437 43.2 36.5
ConvKB 214 1775 8.6 6.5 213 368 38.6 34.8
TSKGC 196 1388 10.8 7.9 247 348 47.5 35.4
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HyTE JEA 57 7F Wikidatal2k FHBgA 32 TF, 7 EFA]
TR A IR AR AT R S S [ S R

F# 3 WA MR 1553

Model YAGO11k Wikidatal2k
HyTE 4.36 11.12
TSKGC 4.45 9.38
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Knowledge base Completion based on Temporal Mapping and CNN

CHEN Xinyuan'?, XIE Shengyi’, CHEN Qinggiang®, LIU Yu’

(1. College of Computer and Control Engineering, Minjiang University , Fuzhou 350121 , China ;2. Department of Information Engineering,
Fuzhou Melbourne Polytechnic, Fuzhou 350121, China; 3. Experimental Training Center, Fujian Vocational College of Agriculture, Fuzhou
350300, China ;4. Information Science and Engineering College , Fujian University of Technology, Fuzhou 350118 ,China;5. Modern Education
Technical Center,Fuzhou Melbourne Polytechnic, Fuzhou 350121, China)

Abstract ; There are a lot of missing facts in the existing knowledge inventory, and the facts often carry time information.
Aiming at the problem that the time dimension is often ignored in the knowledge completion of mainstream embedded
representation methods, a time sensitive knowledge graph completion method ( TSKGC) is designed. By assigning hy-
perplanes to the timestamp, the time series information is merged into the entity relation space, and the three-column k-
dimensional matrix representation of the mapped triple is further used as the input of the convolution neural network
(CNN). In parallel processing in multi-channels corresponding to different hyperplanes, and triplet features are extrac-
ted for knowledge completion. Experiments on YAGO11k and Wikidatal2k datasets show that TSKGC has a certain time
prediction ability, and can effectively use time information to improve the performance of link prediction, especially in
1-M,M-1 and M-M complex relationship types have certain advantages compared with mainstream models.

Keywords : knowledge representation; KB completion; temporal embedding; CNN; link prediction



