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Ontology-Instances Joint'Learning Method Fusing Entity Type Information

YOU Leqi, PEI Zhongmin, LUO Zhangkai
(Key Laboratory of Complex Electronic System Simulation,Space Engineering University,Beijing 101416,China)

[ Abstract] The joint learning of the ontology graph and the instance graph that represent-the knowledge graph can effectively
improve the efficiency of embedded learning, but it cannot represent the ambiguity of entities in different scenarios.In this
regard, this paper integrates the relationship type characteristics of the entities in the triples when embedding, and proposes
an ontology-instances joint learning mothed, JOIE-TKRL-CT, that fuses entity type information to achieve the goals of
representing polysemous entities in joint learning and improving the efficiency of knowledge map embedded learning.This
method expresses the relationship within the view , integrates the entity type information based on the entity hierarchical type
model, and characterizes learning in two independent embedding spaces.Meanwhile, it expresses the relationship between
the views, passes the ontology and instance represented in the/two independent spaces, and uses non-linear mapping methods
for cross-view linking.Multi-group comparison experiments are performed on the YAGO26K-906 and DB111K-174 data sets,
and the results show that JOIE-TKRL-CT can accurately capture the hierarchical type information of the knowledge graph
and improve the performance of the joint learning' model.Compared with baseline models such as TransE, HolE , and DisMult,
this model achieves the best performance in instance triple complement and entity classification tasks, and has a better
knowledge learning effect.

[ Key words] joint learning ; entity polysemys;cross-view transformation ; hierarchical type model; triple completion ; entity
classification
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Fig.1 Example of ontology and instance views in

knowledge graph
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Fig.2 Example of entity polysemy in knowledge graph

AR 3 e AT 1R AN AL I 3l T &1 3 4 2
Iof FHAE AR B PR A J o T P 15 ik AR 2 o) e i v —
TCH B AR KRR RS o i —Tmd (h,r,t) M
T Ch o RN Sk SRR SR 2R SEAAR 22 R] 11 G
E SRS s NP S LN S S e BV Y )
) 5 25 (B ARY , AF f ABE L rp | 3 518 BE B AR 7R 1Y)
#EA A TransE'"®' | TransH''" | TransR''*' | TransD'"' |
TranSparse "' | KG2E""*' 4§ | 3 F 1 S UL Ji (4 455 50 45
DisMult'' HolE'"7'4% . ., TransE £ U 45 g 25 g, L
W BAEM AR E =T (b, r, O A htr=t, 8 IR
B d 3R ) i 2 (8] A IR S DR ML 2 ) B IE A Y —
TUAH A I /DN e TR 5% ) — T A ) B R
U HARUR RELAT LR R R

E(h,r,0)=|h+r—t| 1

H 2% 7 TR TR 1) A AR TR RN S B R 52
TEERE LA T A S8 B A U 1S B ik A 22 2 Tk
B SCHkR[ 18 48 H A A i A J5 75 On2Vee IO, A {4
B IOCAE B A KRR 2873z 6 . SCHRL9 82 ol
SRR L 3 7 2 18] 2 R A A4 2R R itk A 1Y JOIE 57
SR FH B 400 T R A0 Pl P A A ) T i, DRI IR 1 A
TR T2 WAL 2 R 5 i R 22 o

FEdR A AR Rl A SE AR 2 A B 0T LA Rk
RERIPERE o SCHRL 19 148 Hh — Fh 58 08 X 23 HE 2 i1 S5 451)
15 B0 TransC B AY A S0 TH RT3 rf 1 48 8 2 5
R S H ) i 3R R 7F YAGO Bods 45 i A BE
RB) T AR B o SCHR[ 20 B SE R 2R AU (5 AR R o
6 TR Rl A RS TR e A TR A B TN A 55 h R e R




84 Computer Engineering

Ttk 77% . SCHER[ 21 T4 H 18 SO 4 A () SSE #5
Y2 TR A% 0 T AR L R — o S ) S AR HE
A AS B AL BA ST . SCHk[22] 42 H TKRL BLAY
HoB R RE B R ERR, IEN LR FFE LR
S 2k AL R e O v i A 2F 2T RE A AR R A
T L LR R ARG B . Sk [ 23 —
Pl 6 F 3R 3R OR 2 2 B R AT A R T Al R A
PTCA, I I 52 & 28 AUAF B X% AR B9 v] {5 8 2R 47 11
B DT A RN R G R Y T A R AT
T PEAS .

255 A WFIE AR SCAE % TKRL LAY Hp o 25 77
E SVl e N s B e L SO DN N N ]S
g R H YRR SR TE N [ 3 5 i AN ]
T A R R R e B 2R 2T R

2 JOIE-TKRL-CT A%

R BRI AR AR - S 5 B A 2 2] B R BE X 43 ROR
Z UPESCR IR JE A SCHE ) — Fh il & S R 2R R (5
S AS AR -SE I 8K 4 4 2 J7 15 JOIE-TKRL-CT. % Jr
TN A A AN S R A R AT RS RS
PR PN 2 o R TR T 2 ) RTER A 2 2] 3 A A R
LT < N N R B S S B O R N 5 L S
TE AN [R] ) = S0 20 18 55 ™ I AH N Y 2R (5 8L AR SOk
SRR B4 2 R, 70 F B ST Y BEES G0 R
RAME B A IERZ AL A o L [a] /) 22 > R
95 0L TR 2 8y 32 R 2 20 AR A 43 [ NSl kA 55
IF1] 22 ) ) G BK , 7F I B AR T G RP 24 52 R A AR {4 [f]
BB R A
21 HERES
2.1, 1 ARRFSEH AR i A

TE AT AL P 327 2 B AR SCHE T TransE A AY
TE 2% 7% SR B K2 R0 (5 B A Ry SR B b 7 05 B — TR
WA o BRI KRR ¢ iy 2 M5 B 1 i d%
S HH I M, X RE Sk SR BRI SR ¢ % 0 ) 4 S 2 A
WA e, AN BEEA M, M, RR . FAR
P 1), v A5 RE 8 oA BORN 61 2 pR 0301 o

E(hr,0)= | M, h+r—M| (2

L= > > min@+Ehr-E®R. ) (3

(h,r,t)ye T(h.r'.tYe T
Horr . y>05 E(h,r,t) J& 1E B 19 = 0 40 19 5 5 ok 2K
E(h', 7', ) J& 55 1% 09 = J0 4 10 B o o8 8 (0, r, ) 3 0
(7, ) 5 8 S S0 R R S AR A5 21 AR EL B 0 5 19 =
TTHEMRE R AR F —DEG R XERD
HARE Trp e A S A R /NMEIT A ) = oo
NN

o] S (R ()], (4

Intra
| T| (h.r.t)e TA
(h.r.tye T

PR 7 >0 B R AL 2 3 TR B2 1 o ik 8 ok
PRAC, o " >0, 02— IER

TEAR A R v 75 B2 3 S 401 D A P A A
WAL o ASSCHT (WD, 0, 1) e T, 2R 8 2 IR, ]
THEAS 2 5451 2% R R, 1R AN 45 % pR B T 2
FUHE o, SR P2 AR AL I B 250 250 o LI A A £
HER 7 ] BRI AT RN

IR T R 20224E7H 15 H
JInlra = Jh:: + al JI“I;T ( 5 )
2.1.2 pJRZRAURR

AT FH 43 2 28 R R Sk R SUARFE R Al 37
A2 TIME 8, F2 B ) ) = o4 b S iR S R Y
1 35 3 o = o O R ALK AN = oo 4l (= E
SO VERF BB ) S A O FRCE T DA ) 5
P = SO T NS R S AR R
FR oy )20 R, R R AT LG s A ] 4 A R 2
AXF AR R, AR .

B SRAE n A28 50, W H KB E 50 KR A
c={c Cyr e, )y BN LIRBYER i) . R
AN R B 2 T2 T 20 4 s ) i R 3 R .
BT ECN m, W e, ={cP, c®, - ey Hi e
FEIR TR i BRI AR

E3 SEEBER
Fig.3 Hierarchical type model
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Fig.4 Schematic diagram of cross-view transformation
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