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Abstract Learning graph embedding is a crucial research issue in the field of statistical relational
learning and knowledge graph population, and it is important for the construction and application of
knowledge graph in recent years. In this paper, we perform a comparative study of the prevalent
knowledge representation based reasoning models, with detailed discussion of the general potential
problems contained in their basic assumptions. A semantical symbol sensory projection based neural
network model is proposed in order to learn graph embedding, whose basic idea is to utilize the
recurrent neural network for encoding the compositional representation of symbol strings (composition
of entity-relation) onto their target grounded symbol according to the existing relational data in
knowledge. In addition, we introduce the inverse image of the relations into the system to deal with
the symmetric/asymmetric properties of the relations, which makes the proposed model more
adaptable to different types of reasoning tasks on a variety of homogeneous and heterogeneous
networks than other solutions. The proposed model is suitable for large scale knowledge graph
representation learning. Experimental results on benchmark datasets show that the proposed model
achieves state-of-the-art performance on both of the knowledge based completion benchmark tests and

the graph based multi-label classification tasks.

Key words representation learning; graph embedding learning; reasoning; link prediction; multi-

label classification; knowledge graphs
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SR Eh T AR I 3 rh A R 5 A G i 2 A 1 R
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FR L IR 6 R L 928 = Jn 4l i X Fom 517464
SR ] 38 28 O M ELIR 4 A R Lk A
A = I64H Chead s rel stail) ¥ 38 552 , head »
rel Fl rail 5y 37 Sk SEAR G R AR SR,

T AT AR BT H I AER B A AN 8]l LA 53
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3 PR A R 1 PR P11 R A 2 s 0 A Ry 1 RN 340 S )
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i M BE R AT E 2 AL RE ) 2% A B
il R 5

R TR AR ) A SCR T T A S T S
#} (semantical symbol mapping) B (1 455 4E gnl |
LI SRR R ME— PR B R AT S
27~ (symbol representation). S T il #l 4% fE 9% X,
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JES 22 1 ) 4% vh 2R BE 45 3 L Skip-gram #6858 5 B
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AR ) SR A SR W R) B AR R T BT R A AR
s SEBR b A B A Y SR A SR I 5l T T T A S
B o0 FLAN 25 77 A o g€, [t B AL i A B 7 45 5
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TR 38 5 T Ao N etk A 5 F ARk
HERT.

YRV 2 pR A 240 & 5 F - RESCAL, TransE ,
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2Rk i R 4y ff AR, ComplEx & DistMult £
FHCES R YR, HolE (41 438 8 4k 8 Xk 52
A 1) et ) 4 BB B SR RS UE B L 7 DI R X ) 4R
[ 3t it I — 22 B 29 5, W) HolE 5 ComplEx #& # J&
AR Y R PERE R (B TransE Fil DistMult) (1) —
A 3 ) R AN R AR A bl Ah 3G BR R X RR G R L T
ComplEx fR & 1 fift e 73X A~ [n] 81, B 2% 58 T SR
A8 (VA 3k SE AR Bl 2 S 140 o S A 1 5% el ol 1 &2
B0 7 N IV B N2 Al N 9 =l 1
R TR TR O R0 R P T R, AR SCAR HR ) A S A
MREMCRGIAT =D W L REBR” W 3 1T
7. A 395G F B AR BIL ] 5E RY BE 8 D KNI v A 3R
B 2A MR, 7 B R R 2 AT 55 b R T 4r
P e

5 SCHR Ay R R OC BR B B D) Y R R R
Dettmers %5 A2 H1 ) ConvE LRI 2 FE embedding
R 4 A RN 22 )23 A 2 R R AIE 4 EBOke X TR A
TEPEATHAE. ConvE M4 B& B0E XN

score(head srel stail) =

o(flvec([h DF]*w) + W) + 1), (D
Hp, fE LT =M ELM T, 0 J&— 1 sigmoid
PRI, % e ) Xt N v B T R AM T h M r S R AN
r 4 Ak [h @ r 1K b AP SEAT BEEEAE B
J2 00 i A B A B A AR W SR A — A d 4
fo 1) L T3 eRERAY i HE SRR 46— 0 SR G &R
XF Chead s rel) WL B R 5 1 2 52 A tail HIRER. 53
— A T AR R ProjE AN, R — ANk
head = rel + tail ¥ 1Y 2 2 A AL EL AL, 8K W
ProjE Wy it+5H 2 J: i  MERE L AN BE 5 ConvE Al
ComplEx #f It.

D B &, ConvE HASCH AR SSME £ —
AR o e AT ST — B A A {head
rel VEHLA FR BB RS X B rail W00 4 W5 AL
K 2£>) embedding. It 4h, SSME 5 ComplEx f#) B
FRAE T EANTER I X4 1 SR G SR B 5240 /Y
T SCIIRE » LA R G 28 000 X5 R AR X Bk 1 J5T X A A8
R B 5 M, AL DRI B AT L A B AR DG TR T S
Tz AR E

2) 5. k1M SSME Fil ConvE f 2 b EEH R
DX : D ConvE fifi JH 1 45 U 28 19 £ o Xof 52 14 5 &
Xof ) Bf 45 7S BEAT R AE B B0, O Ao 5k R R 5 R AR
o 52 BUMARAIE W 5 A 57 1 SCAL 5 KR, T SSMEE
— T RNN 35 F AL — 4> 2 Bk RNN A
FHA T SE AR -5 BRI 55 G AT 1R b AR 5
T — 2 2 EHL (multilayer perceptron, MLP)
TS R LB B H AR5 5 . O FREHTIA
THOCRBR . SSME 7] LATE — 58— By R AL rp 58
JR ] 4 B, 3k e A5 455 7Y B 6% B 4 b ) ] IRT b i
FAGAR B e Bl 2 72 A 10 B b (i ConvE (1% 2 4 H
2 B 1D S IR B AR SCAR HY 0 AR T R AT R A
PEF) 100 R AR5 HXE R 09 IR OC &R I 1 SCOCHR
XS FRIC F (U antonymy 3¢ &) FEE X FR OC £ (4
hyponymy Fl hypernym 5¢ &) , fif 1 5 G 1 [ £ Ff
AN TR 2 B Rl KLy | 54 T 4% 11 56 28 B AT 55

2 HSEXHMHGER

TEAT P e HA T = 5N



1776

HENMR S R B 2018, 55(8)

RG22 J5 N T A LA AR A U0 R AR VA B i AT
W,
2.1 HSRSGHR

2 R F MR EE AT DL —~ 3 i) — ook i
G, H & — DY X — O R IEAY rel (LB HEH
M G,... 515 riR, H Chead s rel s tail) K Fm — 4>
I, Horh head s tail € E 43 5| 378 3k SR F 2
SRLE RREWRE S rel BFERBRELSR T 19
— R RN AR B R — A SR RO R 4
FE T ME— I SE A ) &L SEARFIE R Y embedding i
F AR A9 4k =5 [8] 7, embedding W4EE R d. AT
X555 KR FARIRER R, H r RERIR KR rel 1)
embedding [i] & .
2.2 EmEBER

A SC ) BB B R B T —Fh A IS A R
PRI 3 A0 TR 2 2] T ik R A% AN [] 2 700 ) 4%
N T A BAR AR T TS E X
ISP 1 A 2 O 26 S R, RE 8 (] B 2 1 B AN [ 9 2%
T HL B8 B O [R) AR ) Gn A 1)/ TG 1) R B/ S B L 3X
BRE ARS8y — AR R 545 5 IR
E &R, HP AR S (elementary symbol) 45 iy 44
TR R R A L 2 FAEFF 5 1 embedding. £
w25 78— 35 (BOR L F 3, 2= 10 o B A A
TR R A R T O TEVLA e g X )
XA T R AT A N AR R R B SR
K FR ) embedding. #K 17 40 2R AR 227 o] H CHOR
T D AR IR RN T SR LA 2 )

1) o] 5 F RO 3 8 B BRI 3RO b i —
MEIE I 3 RR 7

2) ey g N7 — > AT S 4 S8 N 150 AL A SR T
CRROIR S0 D B R E P Ry i 51 5 HoA & 188 19 HE
B G X A3 Ik

AT Seq2Seq R 3G T — 28 LK L %
FERY L 2R B AAF 5 17 91 o 2R iU & Ros g2 Al AT
() o [ B 2R A EL AT 5 K ) i RS D) i L BB B 4 & 3R
7N AR SR B B A R g dtl, AT
SSME [ JERE AL, B /) B A5 2 R A1 TR EHE i
B — SRR OC R 2% 2 — A d 4E W 2 AE 0] 1 RoR
embedding. Bl 1 25 1 T SSME & il A5 Y () 7 =
. SSME [y s 455 J % 2 1) B — /> 1 4 i 28 ) 2% ok
BEHC A 7 51 Chead s rel) s 5 — A~ B [a] 25 H 32 B
JEAI I — IR LR AE R — D X FRSAHE
(IE-R R U B iE X R C. 7 SSME f C J&—
A d 4y . SR 5 R MLP W 45 & 5r 4l & 18

YR C B HAR S tail BYRBAPLS. MLP A |-
E— LU A F 31 R & B embedding §H 15 455 Y
R, TR A R EF 2N 2, 8 TR
MR i SSME i H T — A~ b5 1 (19 RNN S i 17 2
iy, 24 9%, ml DL A T RNN (41 LSTM 5%
GRU) , 8 # 2 (fE & (1) RNND B A AR K 4 5 25
AR SCR FH I 4 B 4 — 7 A % A E 2R 5 Cho %8 A
Sutskever 48 A1 TAEAH T, Al AT 09 T 4F 7 &
EMT T ME & o SR A i AR s B RoR ]
171 IF Hix — i OO D) B F 2 50 A 2805 5 Ak
AT 55, INHLAS B %

Encoder t
A
----- \
[ RNN-Cell H RNN-Cell ]—y c ! -
T T Hidden State Y
h ' Decoder

Q Operation Set

Schematic illustration of the basic SSME model
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Fig. 2 Network structure illustration of the SSME model
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PR Ak At 2, AR SO /NIt 2 (mini-batch) Y11 2556 g
AT, BREAR L R N I, SF 35 28 SO 4 2K 2R
B R E LA

L(3) =— 1D logGluil ). (5)
i=1

Horbrod 2 YA ISR P 8 @ AN REAR  tadl, TSR
TNER T AREA B ARARZE . — A B AR BEHLES BE T B
AL a8 Be 1 04k 3 i B AR 28 SURE 2% pR AL

MO FNCE) [ LU o AR SCHR Y (4 5 A0 mT )
FHE Wi B i 7 SR AT U1 2. B8 O R 75 B T s bRl
B D A DR PR 3 e AR Y S S AT DL R AR R
“A BRI L BT LR TR A I 2
2.4 SSME &%)

AR RATE A4 SSME BRI S T an & 1 fF
718 [ S RIS B TS Y 1 45 ARG 00, AT AT T 0
TR R

1) S T Ak S R) — A~ B S5 A 22 A S 44 0 A
Fe ZWIMAT S5 . T 11k SSME JEREFEAI S| A T —A
BRI 255 B URAT: 5 A B, B R E R T I WAL A
IR Chead s tail) B B bR K R KA rel 1y W8 X
N1 R SR R R AT X Ay, FRATTAR XA AR
R ZR TN ARE B, ik B il 452 750 Sy S5 0 T80 9000 455 e L ¥ 4
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Horp L{y(tail| head ,rel) } F1 L{y(rel| head ,tail)}
SRR 4 28 SRR =X (5D L. BAT
SR LB ey R Ry 58 SO 4 2k AT DL R Ol X T 4
7E i A LEE ) AR A0 5 00 B0 Bl AR A AR T
SR, 2 AR S HC AR A 2 (6D [F] i 247 B ) A%
& BB

2) R TR 2 FR R A X BR R DL i H AE TR
— embedding HE 42 F 3 47 3k SE A B FN R S A i
AT 55 FATRE OC R A AR T A R GE. X RWIRS
FAg—A rel € R, E WK RBEAR rel B plm A 2
o 2 e, SSME B it #o2 R s eI 2k 2k
A Chead , rel , tail) i A 2] 3 52 (tail s rel’ s head)
RS I A 1 embedding (AL 4§ 6 ¢ R BER rel)
YIZRE] 07 A T 2 YN 2 9 B i g ax b 5 =X
SSME figf DL 306 i L 248" N S0 b A7 22 >, X 5
N ZETE 2 2] 7 = 0 s AR AR B0 s 3 AT £ 78 K Mg v €01
— N AN WS AR Y 37 5 O T B B A R ). BE R
1) /& . SSME #5 A fig % 4b 38 OC F /Y %5 FK P /E X FR
PE. A0 4.2 35 BT R . SSME 2% 2] 15 1] (1 43 A X % om
embedding RBHE A &50Hh X 43 ¢ R 5 Hw ¢ R AR M
T SCFE BT X ).

O FR YR FRARE VAR R R AR R UL T i ke
K FR 2 [ U, 5 R B A (6] 5Pk 25 S BOUR [ 26 7
4t 3 7 . SR IE 40 Trouillon %8 AU 45 Ay,
REBOAT I B 7R 27 2 Bk Bl =2 X 96 2 19 X R P/
A X BRPERG Aff ABE A RE T DR T TS BETEAS 77 2 o
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TEA AR AE 5 IA R 8 SR 30 B e S %k
Bl A S B b A R T U A R ARAT: 55 RO
SR HT o A9 S A 2 R LA L B A S ) i LA
VB %m0 J5 i, T £F 4 Mikolov % AW A
Pennington % A" X 43 A X R R 19898 5 2 S, B
A SCAS T L PR v 2 2] B 3R] R I 1 S AE o3 A 20 3R
NI T APz M4 2 T N T A R B AR TR Ab
AT 55

25 F T A SCHR Y SSME A5 8 EA 4 R AR
S D) AR SRR MY A AR TR Ay S A I R G R S0 AE: 55
T A F N RREIER, TGS 24
AN TR 55 SR AL 09 15 8P 35 DR o AT L B el ) P
AR E RS 254045 25 2) 38 1 8 0 1R B o B A
PE LIV ETIEYE 38§ AP PO 7t
A X R A ) T A, 3K A ML AT DL 2R3 Ml S R
B R E Ry 2= B I BT LA 82 R
T v FH

3 XBWERELHN

AT 2 KON B FRoR % T AE 5% LRk
SSME #5743 2501 AT 55 19 Bl 4 B B AS ) ) f
FAEL,F 1 MK 2 A THMMSETHEE. Ak
X SSME #5841 0 5 1 Jmy FR #E 47 T A i e 5
I3,

Table 1 Statistics of the Knowledge Graph Data Sets
1 MRAEEBEENSITER

Dataset # Relation # Entity # Train £ Valid # Test

WN18 18 40943 141442 5000 5000
WNI18RR 11 40943 86835 3034 3134

FB15K 1345 14951 483142 50000 59071

FB15K-237 237 14541 272115 17535 20466

Table 2 Statistics of the Complex Network Data Sets
x2 EXMEBEBEENRITER

Dataset # Nodes # Edges  # Categories  # Labels
BlogCatalog 10312 333983 39 14476
PPI 3890 38292 50 6640
Wikipedia 4777 184812 40 6770

D https://everest. hds. utc. fr/doku. php?id=en; transe
@ https://github. com/TimDettmers/ConvE
@ http://snap. stanford. edu/node2vec/

3.1 ZLBRHEIE

B IR EEY 4 (knowledge base comple-
tion, KBOME4 1%t SSME # % #E 77 34 . 6 i 9
BN S 2 v B 45 FBISK A WN18Y L L K g 11]
M A IEE FB15K-237 1 WN18RR?. FB15K £
Freebase ZIN 2 i F 45, H AR SR IR 2 4 2 A5 B,
FBISK i) $ 48 K 8 43 55 i 52 AR & 3 8 A0 OC.
WN18 % dfi 5 J2 Ik WordNet FIHRJE iR R 2 1Y
B F AR S O R RE G &R L I B R DL
& 1R 55 9 07 X HE A7 4 21 X S B4 4R © & 9k HAE
FERCVT il A9 ik ok B4 4. S8 T Toutanova 55 A 4
L FBISK Fl WN18 fy il i 5 A 6 K it 5 I 2R 4
=LA B = e, B Chead s rely s tail) J& T
Gt AFAE (tail s rely s head) J& TR 4E. T 31 Bk
X i DR S 56 45 2R B 2 W, Toutanova 45 A 5| i
T FB15K-237, K45 7 FBISK 1 HA7 H ) 52 44 X 1)
=T TR B AR SO K E Dettmers 55 A2 43 1
WNI8RR #ds 4 - i 47 I

FUR AR SO Ao 7R 52 2% ) 2% AF 5 40 e i)
F K B9 £ F5 25 43 25 (multilabel classification, MLC)
1155 VEAl SSME (94 %501 7S SCfdt Y i i v 552 56 4K
¥ 4E B #5 BlogCatalog, protein-protein interaction
(PPD) il Wikipedia®. BlogCatalog & — /> M Blog-
Catalog Pl b ReFE N AR A 4152 W 2% , 2 i 19 32 2 18]
S IR 2R 8 HE R 1 T ) bR AR T AR AT R %
WA SR T PPT 4% 02 — A A W I 4%, R B
TR NEE B B AR W &%, Hh 45 5 G E B [H]
1) 5 F 27 8 1 BT [R5 7 78 38 BAE . Wikipedia
B AL ORE o] 3 B R g%, e Y AR A R
Grover 28 A\ F) A i1 W 30 48 ) POS-Tagger T. A
(part-of-speech, POS) #fE Wi ity 1) M ¥5 3. 78 3 25K
B IR AT S — D SRR
2 bR 28 43 AT 55 D) J2 S0 0 3 A T R Y bR A
3.2 EWigE

51 AME 55RO T I IE SSME B8 AE R ]
WY AT 5 LA . S T AT SER N L AR SO
BT ARG A B 52 5 K 4 SR Sk Fe Y R o
£ 95 LA RE fe 4 19 2 DA EY ComplEx Al ConvE,
DL AE G 1/ SCHR 5l 45 77z i AL TransE Al
DistMult.
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TEF RS P 28 450, P@ N 48 b /2 7E 68 40 H7
o PP FE AR B R s Bl P A = S H BLAE I
25 RN RFT N BHEAR. ASCHRIE 785 1) P@N
Fe b o BVEEGE i b S8 i ok i 4wt T A 19 2 g 5.

ARSCRT A ) SSME #8040 & 4 DS T
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Table 3 Entity Prediction Results on WN18, FB15K, WNI18RR and FB15K-237 Data Sets

% 3 WNI8,FB15K, WN18RR #1 FB15K-237 #{iE & F LA MR &£ R %
TransE DistMult ComplEx ConvE SSME

Dataset
P@l P@3 P@l0 P@l P@3 P@l0 P@! P@3 P@l0o P@l P@3 P@l0 P@l P@3 P@10
FBI5K  36.1 59.0 76.2 54.6 73.3 82.4 59.9 75.9 84.0 67.0 80.1 87.3 79.8 852 89.2
FBI5K-237 17.6 29.6  44.6 10.7 21.2 37.7 11.9 22.5 38.4 22,0 33.0 45.8 21.7 33.7 48.6
WNI18 44.5 85.9 93.8 72.8 91.4 93.6 93.6 94.5 94.7 93.5 94.7 95.5 94.1 94. 6 94.9
WNI18RR 2.7 33.1 42.7 35.6 36. 4 37.1 37.7 41.4 44.0 30. 6 36.0 41.1 39.3 41.6 44.3

Note: The best result of each column is highlighted in black boldface.
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Fig. 3

Multi-label classification results on BlogCatalog, PPI and Wikipedia data set
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Table 4 Relative Similarity of the Models Measured by Overlapping of the top-N Relation Pairs in p-List on FB15K

F4 IRME\FBISK EB p-list HEIET N X AW W EEHENEXWENBEULRER %
Model
Model SSME ConvE ComplEx DistMult

top-500  top-1000 top-2000 top-500 top-1000 top-2000 top-500 top-1000 top-2000 top-500 top-1000 top-2000

SSME 9.20 20. 00
ConvE 9. 20 20. 00 27.25
ComplEx 0. 20 0. 26 6.70 45.00 36. 10

DistMult 8. 80 11.70 14. 25 51. 80 50. 40

27.25 0. 20 0.26 6.70 8. 80 11.70 14. 25

45.00 36. 10 29.75 51. 80 50. 40 45. 40

29.75 67.60 60. 60 57.15

45. 40 67.60 60. 60 57.15
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Al — AN X FR O &5 WL (ailsrel’ s head) 7] fig
AT B rel B —ANHEXF R FR. HIL. X R 5 H
H & ¥ ¢ & 1Y embedding Y 4% 5% AHBLUEE AT LA Ok
iy e Bl S e G R R X R X R A

5T WNIS HiEE T X R G HW LR
FRRHARLEE . F AR BLBE RS S X f 2k b i on R U L 4%

55 $EATHE T HE T RO 45 SRAE 2 5 15 1 5 rh R OR.
[vi) Bt A AR 43 B0OKE 7 56 R A id B B FRAE R 5 BUEE
2~3 B . BN rel, 5 ER rel’, BIATEH
LB 0. 999. S HipE X F R ZE09 , | R EATE
XF AL b B 56 R SRR 0 06 RN R AR B Y

Table S The Cosine Similarity Between Relations and Their
Inverse Images on WN18 Data Set
x5 WNISHEEELXREHFEXRHWRZBLE

!

sim rid Relation Name Type rid"  sim
0.999 rel; _derivationally related form nin  rely 0.999
0.988 relyy _verb_group 1:1 relis 0.988
0.954 rely _similar_to 1:1  reli 0.954
0.727 relyzr _also_see nin  reli; 0.727
0.194 relis _has_part 1:n  relis 0.996
0.191  relys _part_of nil  relis 0.998
0.163  reli» _synset_domain_usage_of nil  rely 0.985
0.160 rely _member_of_domain_usage 1:n relis 0.957
0.137  rels _member_holonym nil  rel;  0.998
0.136  rel, _member_meronym litn  rel; 0.997
0.031 relio _hyponym 1:n  rels 0.999
0.030  rels _hypernym nil  relio  0.999
—0.314 rely _member of domain_topic 1lin rely 0.987
—0.315 rely _synset_domain_topic_of nil  reli 0.996
—0.342 rel; _instance_hypernym nil  relly 0.993
—0. 345 rely _instance_hyponym 1:n  rel; 0.991
—0.440 relys _synset_domain_region_of nil  rely 0.991
—0.445 rely _member of domain_region 1in relis 0.976

Note: sim means similarity.
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