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Abstract Knowledge representation based relational inference algorithms is a crucial research issue in
the field of statistical relational learning and knowledge graph population in recent years. In this
work, 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. The major problem of these representation based relational inference models is that they
often ignore the semantical diversity of entities and relations, which will cause the lack of semantic
resolution to distinguish them, especially when there exists more than one type of relation between
two given entities. This paper proposes a new assumption for relation reasoning in knowledge graphs,
which claims that each of the relations between any entity pairs reflects the semantical connection of
some specific attention aspects of the corresponding entities, and could be modeled by selectively
weighting on the constituent of the embeddings to help alleviating the semantic resolution problem. A
semantical aspect aware relational inference algorithm is proposed to solve the semantic resolution
problem, in which a nonlinear transformation mechanism is introduced to capture the effects of the
different semantic aspects of the embeddings. Experimental results on public datasets show that the
proposed algorithms have superior semantic discrimination capability for complex relation types and
their associated entities, which can effectively improve the accuracy of relational inference on

knowledge graphs, and the proposed algorithm significantly outperforms the state-of-the-art approaches.

Key words statistical relational learning; relational inference; representation learning; knowledge

graphs; multi-relational data mining
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FRWB TAFANFRXZELGRTAR . RBEZERRET —AH X ZERERT E, R
AAEEME BN T ERBRERTFIFTHEL>HEFAL ENTHESE Lo T RKNA FTIRE 6
HENERXZFERA AL ZRLA RFHELR A A 2R &5 4t B35 Loy X R E a5,

AR B FAL T B BT 2 A 6048 £ T AE.
*42iA

HEESES TP391

A SO 2 0 TR 3 b 06 AR A ) L OC
FUMEIAE 5500 B A2 5 T AR S b 2 0 5R
K G PR 2% > 7 i H 3l #E 3RS AR X 22 18] 7T fig 77
TERY SRR, BRS¢ &R 2 ) G 0 OC 1 7Y K&
iy FERL 5 ] A 1, 2 T A T 4k 11 O S AR

PR 2 — A~ i SR 5 56 ZR A B 25 44 Ak i
SCRERPE  FEp s ARG 3R L AR &R 21O =
JCLH WY IE 2R IR FNAE At o 2R 18] 38 o OC FAH B4
A AR R 2 L R T B R R AR Ak
FR BEAR B 2R 1 U T AR A A R LA A% O S
Mo AT o S AE Ok A2 B 2 R B T OGN SR i 2
SR 135 17 FH 7K 18— A S Bt (] SR N IR B AN 58 2%
M, BRI AR SR A K Knowledge Vault, f#i# Satori
H1 TBM Watson 45 H1H & 1% 35T 5 AN W Fill #7145
0% B W AR AR SR A 6 R 15 BBk,

K FREBRER T LU 8 N H T R B S 0 A )
A4, ] L5 I A5 B 4l X Copen information
extraction, OIE)EZ RAHEE A, FHF % {5 2 il B4l 2R
HEAT R PPAR 4 v AR RS 0 E sh Ak CE

MEIC R MM MR B FE A 2 2
T3 A 00 174 DG R A AR D L T 3R R 2 2  O6
FR A BRI B G R HE A 1 R T AN I HUA
EJ L B4 R B 4 AE 3 R Mk ™ i b RS 1 H L )
4 Knowledge Vault Wi H g2k H] 1 2 5 A1 ) 455 4
B3R5 S BERAR 25 4 TR G B AL AT N TR BT
PEAR.

53T I B0 0 OC AR A FEBCRUAR L kTR
TN 2] 1 5 FR HE B AR 8 08 T AT A0 kb R TR R
LA R AT B ARG L B R A
BORTE TN R IR 2 2 U B TS W B AL 2 T3
TN R R ME A LA s A TR R L 2
AT AT 206 O 2R HE LA 5 40 45k T 0 SR AR A AR )

SR 38 3o SCHR A I FRAT] A 30 BRAT A i T 3R0R
2] MR R BB AEXT AR S R =4l (hor,0)
AT R R MEH AT YR H T Bordes 58 A H A9 ]
FREARBBE h+r=r, NI AEAE— A B,

Gt X AFI R RABEE AT F I ;o Bk 5 AKX A RBEILR

RIS TG vk #3856 R 0l R R, d s X
5 B XL T 6 R [R]— M 1) 22 A SR 1 43 B
2.

Xl ER I fole o e TR ) 2 SR 20 1 S Ak A b
X TR N R S R O S R A L
TEUL 2. 1B TSR T 5C 58 7 00 S5 44 43 J31) 55 it 2 46
Tt 45 31 A e B B 22 PUR 67, X T 27 M se ik
1 X3 BE 7 B S 458 25 . AR SC S 6 958 o o I AT B
MIFie. 57— AR IR Y LR R 2 TP E R
.2 E X E BRI, BN SR (R t) Z ]
BEA LT KR AR K F T 5L )
FEIRIR Y AR H S AR B k=1 7] LIAH
=R IR .

B OF b 3R ) FB, 7S S — ORI Y A A R B
T R A 2 AR B SR ) R R T R LR
HiE Y )5 1 % £ (aspect factors) . fEA[E B R FE
s XA TR R M BTN TEITH RN
A S 4% [ 2 v (8 S 7 G 3R kR AL A A5 B B R A
18 1 JE T 3R 2% 2 1 ¢ R e SOV Y SR A kL 4
R RIS 5C R IE L2 RFEE Y X A RE ). I8 SO R
TR ALFE -

1) T — T 0 G 2R B A 08 S A X
Chot) 22 [] 1 3 Tl 56 2R o e 114 2 O 32 0 0 5k 7 it
SRR (I SO TR EE R B O, AT DL o X S8 AR
(R T8 S T B 2 TEA T BE BRI AU 23k F1IX 43

2) WA T 2 PR O R AEFLRL N R R
PEAT T S 56 50U . 52 50 25 SR 26 WA T 4R B0k B 5 A 1k
AE 2 B0 25 00 1 24 A1 2 A 0 A OC TAE.

1 #BXIE

RS 4 5 AR 4 B vk IF 5T T B T — i 1 2
B O ) 0 DL et 30 B e N T S A — B9 1
T2 R LU 55 AN () S TR A AR R PRI TR AR 45 4 M Bl i A
O 14 32 8 ) 0% R AT A 38 AR AR 1 iR R R T
TEALHE Markov 12 8 [6 £ #5510 FLEE 1 D1 it 307 ) 2%
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{0 MR 3 0 R AR AR L0 S I AR AR R % /N A 45 458 1
T b US55 i 119 O 28 2 R A e e o T AR
B R I R RN, ELASE AR A A B R b iy i R
e B DL K BB AR | X 7 BT %
BRO

1.1 ETFEEANMXREERZER

Shy ik R RIS 1 TR % v G R A LAY R i)
A, Lao 58 N 7E 4 T — B Horn /4] #fE 3L (1) FOIL
(first order inductive learner) B kLAl FHEH T —
P % 42 HE P 4 7 (path ranking algorithm, PRA)!M2,
PRA F: % FI A R 09 S AR 0] 5C R AR R T A4
() Horn FAJ4E Ry 3¢ & 4 B 094K 95 IF R 1 BE LR
FERY 7 2B ARTF 28 8 R DU B TSR, PRA Bk
AR T FOIL 558k 19 ¢ & e B0 14 . 0 H. 42
TR T ROR.

B )5 . Gardner 8% A 46 PRA BRI C R
PEAR MR AR B TH B8 TF 4 3 K I 4l Jt R T AR AE 25 (A
AL B B S SCRRAE R LRk BT R A S 4
F AT A PRA BT 1 ek, $2 1 1 HEwf VA0
B R T 19 SFE(subgraph feature extraction)
R

SRMT , SFE B2k 78 #E B 0 M LA ok 5 24w
FU Y T R R A A B O RAE LA P Lio 55
NFE T PRA I SFE 5892 >R H 0 5¢ 28 58 1) ik
BEAEAE () Ta) 8L, IR FH OB B AL 31 26 58 i 4 v 1 38
205G R BEAR ISR AE T 1 L T 4 19 2 AL Bl AL
W E #E PHAR AU (hierarchical random walk inference,
HiRD7E A FF 84 5 IS 100 T K7 2 > B
PERER .

SR TR | 32 R HE SRR R 1Y) R R i A 1 4
FrRT N TR 0] A A 2 i A B ASE R0 O ¥ AT
P RFAE A B R FIAILAS 27 > J7 vk BEAT R AR 2 A5
il 24932 % 4 38 A 1 i 5 Y 32 [ R BTGRP B
SRR R BEONE YT R 22 H R A
AT R RE A 20 A i DA R A o B AT /D 8 SE AR
5500 F A T 0 B g R 4 SR O R Y
tE B AR AR, F I S B0 0 P () 0 2 R
B R MR RE S A KL Rk H AT 2E R A 5
IR X B A0 A g P A O LRV R O AT Y 3R A HE
PR
1.2 EFRFFINXEERERR

FE% word2vec Fll GloVe 55 a] ] 1 & 7K 745 7Y
HARTE— R 5 B SR1E T b BT 55 b B i et
LR E I INEIRAERZ B T iz RIE. 7R R ER

UL L TransE 8306 AR 1 OC R HE BRALAY, [ H
LA e SR A P R R B T R AT ST T 4
WESE RS B AT AR PR K R o A e
TransE #LEIZ% T Nickel 25 A 32 3 1) RESCAL
B G AR AR T (tensor factorization model) ™77, %5
AR = B ok i 6 R S b B $ 58 Ch e o) 3147
AR RO Y iR LR TR
fCh,r.t) = h'W,t = 2 EWM,,,/’I,MZ/), (D

Hr h t e RV =J0H W) 3k R SLARTE & 425 (R 1Y
W iR IE W, ERVIPRIRCR r RLEHFE.

% RESCAL #i 7 j5 & , Bordes 46 A\ $& 1} T J&
F4E My fk F ik B SE (structured embedding) 3¢ & #
BB LY S OB Y pR AR R ANT

f(hor.t)=|M,h+M,t|,. (2)
Horb M, FUM, 53 5 R 7R 56 & r TSk A SR 1Y)
L. BT SE Al RESCAL 5735 18 K HUE B 51
PR AE b il 4 PR 7 P 541G . Bordes 8 A 5% word2vec
FRBE NS KRB T TransE S S T
RESCAL 57k % F G 5 40 B 7228 4 ) 52 A e 5 7 =X
B R ht-r=1t (47 AT HERE . SHOR R
f(horot)=|h+r—t|,. (3
Horp 755 x|, Fom i x (9“0 TransE 81k
FR) AR S R R LT P ) S AR G 2R S A 3
RF A 2 BE 1 52 ] £ A5 JR) L A B SR S OC R Y ) i
23k (FR A embeddings) , 56 2 #fE BRE A A9 B bR 2 X
THEZECHMEL b0 AHE fhor, o F{EE T 8
NI, X T4 % = gt 4 (La La Land, Director,
Damien Chazelle) , fi 15 52 1K Fl 5¢ R 2 5% 3] — 4k
[ i as [|) G0 1 R, TransE Bk N Sk “La
La Land” [ & £ 3k 0 I 3¢ & “Director” (1 [1] & &
JK N 24 % ak 32 9F 524K “Damien Chazelle” f) ] &
ik,

/{‘\\ Director
LaLaLland / r o=~
'/ \\A
,' 4

h
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Fig. 1 The example of TransE model
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TransE 83 HHRCR & (7] IF47) FEE A
IR 25 735 117 52 ) A S0 v B G R L SR i A Ik e Ak
PRI I 5 RS AU AFAE Pk BRI 3, Ry el i TransE 5
EHERE 2R LT AR AT T R %S .

i an Wang 55 A4 1 9 TransH 5.3 R S04k
FEATR Y 26 22 R R AN TR) (1 ) 5 83kt AR L i
SETE TransE FEA B3 FL Al b 35 fm 524K m o8, B
et S NS ESI PO S R AT

h,=h—w'hw,; t,=t—w'tw,, 4
Hrp,w, € RVERHER r Frff @ B I A% Pp 7
Pl L RIG RIS b, r=1t, JEAR S AT

Fan % AN$& 11 (1 TransM 55 #9500, 3 3 ) £ 4k
Hr R 51 A5 X R ARV SCHALE K+, LLig
& TransE BRI SLARAY X 70 BE 1. SHOERINT

fhorit)=w, |[h+r—t|,. (5)

% bR TAES &, Lin %8 NZE 5 % TransH,
TransM I RESCAL B E K. 28 T TransR
R A CTransR SEyEMY . LA BB 2 6 5
A 5 56 R AR AN TR 2 Y (4 6 520 07 43 0l 4 L 45 5 )
ARG 1) B 25 (8] o, TransR OB (f FH 4 S 44 it B A

h,=Mh; t,=M,, (6)
Hr M, € R TR KR r MM S BUE .,
FLAE FH R S 1 ) o 3k DA B 2 255 ) 8 48 31 OC 3R
r FIRTER d 4i25 6. T TransR 3L S 402 3R 8
Bt o T B AR AL AT e B B B X KA TR
S HE P 55 0938 AP Lin S ANIBE— BT
kY CTransR 32 3l Jok 4 Jn R 181 3% o 1) 52 1 42
M YOG R R AT IR 7R 48 v T B AOR 1 ) B
WHGIN T SHRAEARE E R BT S0y X 43 L 7E FBISK
SRR AR TR SR RE A T R A AR,
1.3 XX ITERE

B T T2 B RN B T R S I OC R R
TidEAh AR PR 5 1T — L 0 A Tk T SR A
Socher 85 NI X SE A58 X5 R 2 25 44 15 B A AN
R HE R E T R BN A (single layer model,
SLM) , SLM 75 2 i % Xf S AR 7E 45 2 X Rl LT Y
AHOCHE AT HEAE , SO R Ny

f(h,r,t)=r"g(M,h+M,t), 7)
Horp oML F ML, 53 1 3R0R 6 & r 06 Tk AR A
SR 14 W SR B B0 R g (o) S XU GE U (tanh)
PR X SLM 81 A 3R IR 2% 2] fig I N 2 1Y Bk
Socher & A #f — 25 & T #f 28 5K 4 B A (neural
tensor networks, NTN) il il ¥ SLM 9 28 14 45

o 2B 8 o0 XU P Bk i, 0 — A 4R T % Ak L
BPES . AR, NTN S35 A ok i3 4 2 R
s B TR SR R & 5 S S B0 2R R
UG BT LA R 0 2Rl ik — 25 5 B AL
YRR M.

PEAb . Lin 45 A 22 380K 32 45 4 20 55 3% 8 4k 1 )y
AL A 42 T PrransE 85350 U 2% 5040
FIHE T R B 5 R I m B KRB RE K.
T2 R A SR D00 Sy [ Ik BRAE. VE S sRECH

fChor,t)=ECh,r.t)+EM,P(h.t),t), (8)
Hrr Phot) = {prsposes pu b R TAR ] OC 5
BES b= (riorys o) LRI — 5 M 12,
ECh.r .M TR (3, E(h.P(h.t) O R

Eh.P.)—— > RGpIhOEM.p.). (9

Z pE PChsD

il ETRRFEINXRMEE AL R
Ao G 2 4 3 A0 I8 OC 1 19 R A TR AL A TR R
SRS S RN R A E S SUE B R ARG A ] rh
() SEARL ) & R T OC R HEFH G, TransE 51k
JE R IR ALY SR AR SR L DR L B O i HoAE
TRV 1 v A 2 T R R H AT T R B
FEECE

SR+ 38 35 % be DA b Bk ek TAE WA 2L el
Ja B BIE AR BE AR AR I fff Pt TransE JEA i %
FETER )6 B0 2SR 5 56 R AR TH L E R ZHE .
i, TransH 1 TransR 835, BAAR T AR Y
AR AL E SR H A RET h+
r=t AR TR S50E ) B TR Tk
XFSEARTERF OE & b F SCHRBE T B35 S X 4y,
DAL I 7 75 31 S AR Y 1) it 3R 08 S . B R e O e Pk
A 4G R 1 v X SR () o 22 00 1 43 B RE 0 S R R T

ARZ BRAOCTAER R & 42 AR Lot A2
e 19 7 1 SR Mgt D 3 i 2 20 B3 SC oy PR ) L i i
P0G FR 3R IE W R A DG SR SO T E FR A AL
B AT A LB A BERE 98 IR B TransE BEA i 19 &
PR, S B HL 28 X SRR G R 7E R R LSRR R
NS o A I D0 I = 7 e i o L 0 N 3
PtransE I CTransR 55 & J& H Hij 22 & i 1) ¢ &
e A v ke 2R LR 4P 1 B E L (H PrransE B9 ¢
RS R BT A A% B o v o M DA 3 I R AR A
R B Y 4 B AT 55 SR Bt AR SCF R
CtransR B4R P RETE bR L ECXT 4. 41, TransE
B Wk I AE 52 56 B Baseline, J5 R 2 12 28 AT LA
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AR SO A SR Rl R A R SR A

A LU R A SCS 2 g 3. i T RESCAL Bk H
TR T — S R b o P v PR o o AR Ay S
B LS 52 o H AR o X e 3 0 T B ROR Rl
PR A f s A SCHR B SR R R A M E AL
SR {E.

2 ETRFRFINXREERT X

9 2GBTS KB SRR AR EiE T E
A =JCHES. E R R 535 375 LR 3% il s
REAGSXAES. 55 (hr.0) EKB R —10E
ARz K fF S bt e 53 50 3R R SEAR NG &R )
b 410 & 32 3K Cembeddings) « b B8 H 3k 824K (head)
t B R R AR (tail) o r FRORTARXS Chot) Z (8] (1 56 5.
2.1 HEKigItRE

WA T ERRFINKAMEHBEERLZHT
Bordes %5 A#& 1) h+r=t FARB R A1 5E 1)
S ] R IR IR E T A SR SR A
XA E R R 7 2] O 2 T HARK RiE L £
FEVE 2 T B0 2 B8 0 M R A A R 5 1 1) R ARL I

UG T TransE BIETE 4 FOCRER B Ry
S 45 B, R Y Prediction with Head replacement
FRFRX T4 € = ool 38 i B4 Sk SR 1 T
Py F a0 e B S 06 45 B, Prediction with Tail
replacement Bt K 7 18 i 85 4 2 9L AR 8 T 40 5
AT F 1y 45

Table 1 hits@10 of TransE on FB15k Dataset

* 1 TransE &% 7F FB15k #[{E&E i) hits@10 &
%

. . Prediction with Prediction with
Relation Category

Head Replacement Tail Replacement

1:1 79.5 78.2
1:M 83. 4 49.5
M:1 45.4 83.3
M:M 74.6 76.3

M 1A LU 40 5 ) 56 2 9 ) 52 A 43 1) s
Jiti B 4 T W0, TransE B AE 1: M il M= 155 3¢ &
R AR AR R A AN M. 3R 1 rp 4 A OC
REBBPRARYE R X FHRERR r B L —HS
_ # facts;

_ # facts;
hpt; 2 tails;

s tphi= # heads,’

(10)

Horb, facts, o AEREE P& X R r 19 =04
(HIDES, # facts; KR facts, THITTRAEL
# heads; F1 & tails; 53 5 /R facts; A E H)AE
KR SRR EL PR E S 4 FOCREAL
hpt;y; tph9=1:1,
Jhpt,-<7;; tph;=n=1:M,
hpt;=y; tph,<<g=>M:1,
hpt:=n; tph,=n=>M: M.,
BIMH p=1.5, LAE 58 5C TAERRE 287,
F 1T LAA Y, TransE BILAEAL I — X 22 (1: M) 2K
AR FR CRI — A Sk SE AR X5 B T 2 4 )8 S8 440 B
1 2 SR — ) 1 M e 2R 0 G 3K T Sk S AR — . 2%
B0 B4 Al K A AE 22— (M 1) 28 0 1) 56 2 4 BT
S5 X — IR R AN R A E A ) SR ROk R
IR AE htr=t BT TG 6 AR BL S A4 1 4 £l
T 22N HEAT I, T O B SE SRAE AR TS SO PR
[F) L.
Sy Tk — 20 BRI AR R B R R R AR AE B
JE ABRBE SRS Chy ) Z [ A 75 22 R A [R] 89 56 & L LA
FES riary,eor, 3R XSS R, M TransE
(LA htr=1t 7] LIF5 H 2598 .
h—O—rltl

(1)

h+r2:t

. r=r,=-=r,. 12
thr,,ZtJ/j>

BISCER ryvryseeeor, W) 3R B[R, J0 3 A0
SRR BN g e 3 A HEAR S S (RERKM 5
TR 5 R CRERKR BI/E N TR AR
) R K CRBROR AL g ) AR i+ 5 R 3 . =0 (12)
AL, TransE A5 BUKE X« 5 3807l AE N7 Fi 4 il
X3 G AT A [A] Y ) 3Rk HAB T TransE
F14) 9 35 i FEAR AR 1 A AR ]

H DAL T G T BAS E S I A R 3
BERIXS 56 R i L2 FEME I IX 47 fE

% SR H) ¢ F YIS L B 2 A SRR 22 ) al LA
R —Fp 22 & (U0 TsA 32 & fl Affiliation 5% &
B R SORE O FR Y ) e R A R Ry R S SR )
R s F M A SE KR JE MR 5 % R (aspect
factors). YEILTE h+r=1 FEAR B a9 Fal F, 8215
BB B AN - SR XT Chy o) [8] R 45 Rl DG 2R SO B T 7
S AR R S 5 1Y J7 T 2SR A SCER T DL i
Xof SR [] 5 1) 5 T B ER AT Ve BRI A B SE O
i L X 5.

DAl B A BREAE B R L 2 A =00
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Syt CRe A, AR, S8 D R CRE S, e T, 35
ED. #0082 i W h+r=1t X
A LIS AR =R AE T IR IR A 1B

AR 4 A% SCHE H AR 15, BRI G 2R e e 1) 2
SR (1) Bt S AR R Ty T R Y G HR N 25 S, AT LA A
Ly e 27 e CIE T R I ESE e S 9 g ST PSR [
PRI ZE A R AR b AE T T R VB SC & T JE A T
O FR S W (18 2 T A0 S5 K ) E LA A T A5 7 T ()
PR B IRR. A SO 78 SR 1) i R A P RS
AR TORE A 7 HE B 38 X R AT S
A Ak B L AT LSBT 5 R A 2 3k FO G RO
SCEY DR Gy A e OC R AHEIR AL R IT  RWE .
2.2 HiEHEiR

XFRREE TR rneR LV EXFZ
AH G SEAR 7 B3R (G SO R ) i g€ R HP G
F or ARERIIE SORE R 5 52K ) 4 1 T 2 A0 X
() T SCAS B (B P 2 B A o) k. SR RR AR ALl

fChor ) =|hep+r.—tB], . (13)

o, fChyr ) 2 =04 IV 45 oA 5. bR B R /)N
FORTARRS Cho ) Z ) BAG E & v 1Y ] BE M B
|- | s R ) i Rk X — s 55 e BoR
X ) & 3R hadamard AL CHI ST W e Z AT . T
SRR SR ) B A 4% T R IALE IE.

KADEKRTEGEM R REL T A =Jxdh
1) 3K Jg S A ) s SR A [R) B AR R Bk A Ak B L DA
2 L X RN 5 T 2R 04 52 ) [] N 555 Ak AN A O T2
ENiE A NE £ PEN DRSPS EN LIS N
A BEAEAE & 8 25 5 o DRI O o) i 3R 8 1 2 1
BERUAEREZES. DFE. FE.LE R
(MR NS AP S YN B N i
B R 2T NI E R S AR IEE R B
SRIE TO T S I —— X N 0 o D] I AR S — 25 2% ROkt
O 22 T 00 A SE AR TR AT 3 0 A AR BB, T R A
WP OCR reRY L E X 2 A5 Z M K0 ik
D5 T B R AE [ & B e R BERY, A TR
F T SR A 1Y ) B 3R TR HEAT A AL B, BR 7 A
ANy

fChorst)=|hep!+r.—t-p:|,. (14)

M C13) F1 (14) AT LUE i, AL E [ & B, B!
B MoTRBUE N 1,20 13) (14) 2 AL 55
T TransE A, S T X4 Bl AL, A SCR 2L (13)
R h Gt — AU Y (unified weighted model, UWM) ,
B2 (14) FR SR Al 57 i AAEE AU (independent weighted
model, TWMD). "F i/ 24 1L B (1 S 500 Ak 11 77 k.

2.3 #AEI&FHE
A AN LR RE A 1 R 3 7 . AR GG 1A
AR A A R R E A R = e AR I R
ARLVEFEAEA RS A R X TAEESEIE
AR r.t) €A EHAREALS .
A={ r.t)|WEENW ,r.) €A} U
{((hrt) | EEN(h,r ') EA}, (15)
H (W or, O M Char ) 53 I R R REAR (hurst)
TSk R SR HEA TR A5 B ) = oo L. 15 B YIZRE
REAF RN A BRI (maximum margin) 77
AR SCER I UWM Rk 5 TWM 5k 1 2 40
e B Chor ) €A FRBIFL, (W ri)H €
AR R A 5 R SR s I R RE AR A SCIE R
A 1 S A 22 R BN
JChor.)=f(h.r.t)+y—f(h .r.t'"), (16)
Hrp 5% y £ A SH8CHFIREE . AEARD
T SO 22 ) B A e i — 2D OB R 280 1 0
AR E &)
L= >, > max(0,JGh,rit), (17

(h.rpDen (B .rihed

Hor, BB max (s y) iR 1] Fly HEE R I(E. A 3C
¥ F B HLER BT [ (stochastic gradient descent, SGD)
Jr R A Ak B bR R BT 1 55 6 (8 o o B ] )
FRFAAD A ADSHL
2.4 BHEERESH

2N TAE M UWM Hl TWM 5% L
RYLL B —S6 28 PR G L W S A B R 4 . v
S SE 78§ (parameter complexity) 25 H} T 45 #l
it ZAG TS A B ) A2 % (time: complexity)
25 TR SGD SR i T 2 50 L A i AU
TEPAT 0 37 RO STk 14 B A 5B B R

Table 2 Analysis of the Model Complexity
R2 RBESREENN

Algorithms Dimension Parameter Complexity Time Complexity

RESCAL k=d O(N k+N,d?) OCR?+E)N)

TransE k=d O(Nck+N.d) O(N)

TransR k#d O(Nck+ N, (k+1)d) OQ2kdN)
UWM k=d O(N k+2N.d) O(2&N)
IWM k=d O(N¢k+3N.d) O(2kN)

2SN AN, 50 2R i 3 b
CA MR R S5 CREH N R EE e
A =T BBk RN SER ) i A M d R
TR R ) A 25 () (2 B AL S TransE 76 9 19 2 80
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&5 F VRN SR OC R A5 B W) 48 B 1) 23 ()
BRI k=d) B LA F8 53 51 R A ] 4 B2 1) 55 4
2 & Ia] & 23k (U TransR Ml CtransR 8.

M 2 Al LA H RESCAL 8 Fil TransR
AU R 2 B0 7% B RN B I (] 2 2 B 349 vy s AR SO 4
H g UWM S35 A TWM 523 25 2 A 50 2GR &
Al d BBUER 10° 5D . REHA] A& i, UWM 83k
A IWM BE S8 I BE S TransE A7 (K 8
WAEOLT N> N IR I ) & 24 0 e TransE
Bykm iy 2 e kel W AR SO Y 2 RO
RIEB AN SEE R TransE 55k, H ik
AENS PR 4 TransE 535 X5 Y 25 B0 98 75 oK i 38/, R
S 0 B AUL A Ta) B0 B0 st 5 T 030 B ) 52 2% B DU A 1
TransE 155 4 2 R AL 2 [6] , (H g1 + UWM 8.3k
L IWM B3R 9 I 5k f 32 55 V0 [ H 5, IR 0 &)
FEMIHHAT, & GPU Jni j5. Bk L hrtEag
TransE #H24. B, 28 SCHE 9 OC 5 #2050 32 ] 5
TR AR S T PG

3 XRERELHN

Shy B UE AR SCARE H 0 AR R 5 00 A R BIATR
P35 r 1 DG 22 AT LA S 2ok % HCRH DG IR 9 5 44k 1) 1 1 7
T2 R AT PR INACR R 3h . AR SCEEFE T 4 Fhik
TR S AR e U 5 8 ) 12 H A0 A R OC T A kA7 52
0 PO o A A4 ik Tk i 00 i Y AR M AR A RESCAL
B T RIR 2 S AR MR TransE 516, DL K&
TE TransE 30l ok 152 TransR 2 3EF1 CTransR
A AR G A 5 3 R T Y 2 20 8 I Bl 4
XF T4 9 UWM B35 A TWM 3k JE 4703
3.1 SRIEHE

AR ST A T A ST 56 KR v 1 D LV R R A
) Antoine Bordes % A\ %% H Jf: & A7 . 43 5 Fx  WNI18
1 FBISk e dla 4 B 4o it 5 B an 3k 3 s,

Horb , WNI18 %45 8 Ik WordNet IR R FE 4
#), WordNet & — A5 TN HE 7 %, H B o 0
BT B R B S SO BOHE . WNT8 $is 46 45 18
FhOC AR (40 943 D SLAR (151 442 =04l Bik
SO BRI 43 3 Al 43 i TR T S B0
(Train) R IGUE (Validation) F1HE GE I ( Test).

FB15k %t ## 4 M\ Freebase ¥ £ 5 %], Freebase

D https://everest. hds. utc. fr/doku. php?id=en: transe

T30 9 A PR R R 4 R TR L R A W O 4
I R 2 R f R B I DR FH 2R R R 2 2 — L R
110 B o B0 S 1 P 1) 4% 4 O . FB15k Hide 4 f
1345 FOE AR 14951 ATk 592 218 A =04,
[l FE 3 FB15k iy = Je 2w BEAL R 43 3 2.
Table 3  Statistics of the Benchmark Datasets
®3 BEEHESEHSEITER

Datasets WN18 FB15k
£ Relation 18 1345
# Entity 40943 14951
# Train 141442 483142
# Valid 5000 50000
# Test 5000 59071

T WNIS & my R MER D, H FBISk iy
IR IETE S =5 L BRI AS SCKs F 5 {8 ] FB15k %%
P G X R MR RE AT LR o . &2 581 L 9= 1.5,
FBIok if 1: 128 A0 = el B 24 /5 1.51%,1: M
KA = J0H 29,515, 26 %0 . M 12 R 5 = Jo 41 5 i
2505 9. 49% , M: M 2B = S0l 2573, 74 %.

3.2 ZXWHESEMIER

X B R i B I 5 A DG AR v BT R T S5 56
D5 AR FE— B0, BV P08 R HE P . X Tl AR
A — A = J0d Chory o ) B2 AR 3 b T A7
SR e g Cheory o o) TR Sk SIEAAR DA i 8 4 E 0
S CRPRR RS E A 0 = oo 4D 380158 1 4
TN Ak TG RN

hlist={(h .r;,t)| YK EEN (W' .r..0) & A},
(18
FELHh L He 1E E THR SR AN E

tlist={(h,r; st )|Vt EEN(h,r, st & A}.

a9

SRIG R E R EH LT T R b A =
JCLH (53 - # BRAME 3 BT 3k LR T8 R AT
HERF  MUZG 58 52 Cho v o 0 7E K I HE P 45 3 vh BT b
(A B A DA O 28 4 B 2% 1L A 6wl B L 43
K orank(?,r ) rank(hyr; s 7). % . F K BI{E 15
F & R HE LB R0 45 2 = oo B £ A T HE A

rank(?,r;st) +rank(h,r;?)

rank(h,r;,t) = 5

(20)
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RZEGHEA R T — P 3 3 Fh & Tt X
SR REVEAT VPR - B AL A th R IR AR (hits@ 1) LTI
10 Ay o A5 b5 Chits @ 10) | F ¥ 18] % HE 4 38 b5
(mean reciprocal rank, MRR). hits@1 & XU0F :

hits@1 = . E ind (rank Ch,r,t) < 1),
| T | o55er

2D
Hi 575 TR ARMKE, | TIRAMAEF W =TT
HABL. ind () RFE R REL, E X -
1, x=True;

ind(x)= (22)

0, x=False.
hits@ 1 $8 bRAE 7R HE 42 55 — 9 S 0E HE L 45
SRy TE A TR 0 AT RE M LRI LURE A OC 2R HE L Y o
B R AR AR AU AT LLE X hies@ 10 FRFRA07F

hits@10 = —— > ind Gank (horot) < 10).

| T |0 iFer
(23)
hits@ 10 8 bRE 2 7 1E 5 45 5t BUAE HfE BE 25
T 10 037 Gl AT 152 32 19 #7251 32 R Y BE AR
A LA A O 2R 4 PR X IR A A [R] AR AE AR
#E— 25 X MRR 8 k51938 K

1 1
| T‘(h,ge’rrank(hyrmt) 24

MRR 8 b5 2 73 X I 20 4 o i A 3 52 A 41 3L 2%
B P HEA BV EOR - Y. | T 45 8 S S AE e
FRZE b i HE 24 R A HEUECE BRI MRR
LS 757+ 2 I 0 ) 9 M BBt B A Ly T (S AR
BV PR COL LT IX IR, BT DA HE 4 56 5 19 45 SR % MRR
1B 1 52 0 452, PRI MIRR {1 fik % 4> TG i Ik 285 v 1
Zra R,

3.3 IRERSHW

AR A UWM fl IWM B3k 3 i
SRR LAY ZR 2 10 LUB o2 - SGD B33k (1 2
R o HRBHy U S Rk a3 [ LT .

S UG AT R FH A% 18 R 7k (grid search) Xt ik &
BORATIERE. 25 M OC TAER LI S8 B o 1948
RILE H{0.01,0.005,0.001,0.0005},y #ITLFHE K
{0.5,1.0,1.5,2.0}, & (7 Bl K {50, 100, 150,
200}. 7£ WN18 Fl FB15k {40 3iF 5 - 53 B E 47 45
R hits@10 48 b5 e 8 B 1) S 8045 1E b A SC
S S8 fE WNIS i 4 b, S8 BA N o=
0.0005,y=1.0,k=50;7F FB15k $t¥t4E I . S B
K «a=0.001,y=1.5,k=150. 74 3L [ T 45 52 B
o, SGD Bk AR B g — & 1000 4.

3.3.1 BILMERELE G ITAL

FAMES GG T UWM AL TWM 5k 5
MK TAEAE WNI18 #l FB15k iX 2 S ¥d 4 F 52
B %t HUAR . 3% rh B 51 46 AR T 1k fE 2R B a1 — T
FIHLRFR . T TransE 83kl LIAMFE 2 UWM
AIWM Sk A [0 8 e R BUE 28 1 191
i s L AT AR Baseline 8345 TIPS A SCHREA R
A .

Table 4 Experimental Results on WN18 Dataset

x4 WNIBHEELMIBER

Algorithms MRR hits@1/% hits@10/ %
RESCAL 0.431 10. 2 52.8
TransE 0.495 11.3 89.2
TransR 0.605 33.5 91.7
CTransR 0.502 17.3 92.8
UWM 0.676 46. 4 94.2
WM 0.698 49.4 94. 6

Table 5 Experimental Results on FB15k Dataset
x5 FBISKHEE FHNIRER

Algorithms MRR hits@1/% hits@10/ %
RESCAL 0. 354 23.5 44.1
TransE 0.451 29.8 72.9
TransR 0.346 21.8 65.5
CTransR 0. 385 24.4 65.3
UWM 0.536 39.8 78.2
IWM 0. 555 41.3 80.3

4 M 5l W, UWM &k A IWM 5k
16 2 DR R MRR Fl hits @ 1 545 1 R
—HHBFEMRTSH IR CHE . 7/£ WNI8 %
WL MW hits@10 F8Fr £ 5 TransE, TransR I
CTransR #3412 . 7F FB15k $¥s 4 19 hits@ 10
6 b0 ) P R B W 2 00 #0020 3R W R SCHR Y Y
BB RS A AL

3 X b UWM B A TWM 5509 i M g = i
Al LAE H L TWM Bk 7E 2 20 5256 v i BT A PERE S b1
FHRIEET UWM Bk, SR o8 A 3,
B WNI18 $4ls 4 E i hies@ 1 154540, — 3 16 HoAtb
PEREFE AR LI 22 5/ T 500, i a5 R R B, i [l Fh 2k
TR 5 2 TR ) S A e ) R AT A A B, A B T
Pt G A HE AR 0 VA R R A [l R (i el R
AIPEBESE THIF A 18 2, B R A T i i Y gk Sk AL
ST A T RE IS B [F AR B ROCR.
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IR A R UWM FI TWM 5 4 F8 % 8 34 &
Hom AR JE L R R UL TWM B9k R H g —
5 S 1 S0 25 SR HEAT . T Tk Ay
fi# ) RESCAL S3L7E 2 S b iy SR B W 251K T
FEAR AR O AR o PR OB HE B A8 1018 8 [l =2 4. it
Hh, TransR B3 f1 CtransR &3 19 35 1 1 & AH T
PR A SORE A F AT 118, B 58 LA TransE I
IWM & .

an 2.2 Wik, TransE B 0] DL gkl TWM
BIE M) 2 TWM AU [ & 19 F A oc R ¥ BUE
Hy 1L IWM B35 B A6 TransE 83k, D52 5 45
HokFE 7E WNI1S fl FB15k $c#i 48 [, TWM & 3
MRR $§#55 TransE B340 A4 M T 41, 01%
23,062, Ui B TWM g | A (A 3 b AL ] 2 2%
HusZ e T IERR R (C MO T R b i A
fiff 2 1) 27 3R 08 TOUS A B o DA TG 3 — 25 B T A ST
PR G EE B B3 b 1 OC 2 AT LA 2o % A
DRI B S A 1) 2 114 7 TR 3R HEAT IR PRV AR AT IX
438 1 A B, T DU R T HE A S 0 HER R

HE— 20 %F 3 0 W R A ] R A AR AT L
Xt 0] LLF F7E WN18 fil FB15k $#i 4 . IWM &
LI hits@1 $8 455 TransE L AH 0 54 & T
337.17% F1 38.60%; hits@ 10 845 MR & T
6. 052 M1 10. 15%. 5 R F B, B ol A Rk e
Xof 4 R Y (1) v A RN 7 [ S [R] IR 7 A BA R
AESKF T B3 3 A A 23 1 5 e B A B L U R R
Bl T 48 1 2w 2 S AR X T[] 28 A0 SR CH B 7 TR

Tt 56 28— () S AR B 5 19 20 9 R, ol bt — 25 E B
A SCHE A R B A R

B IWM B3k 5 TransR fil CtransR 3k
PR b 1 45 2R gE AT LB, AT LLFE B 7E WNIS Al
FB15k 48 4 I, IWM ) MRR $8 #5554 /5 T
15. 37 % F1 44. 16 % s hits@ 1 $8FR 4B TH T 47. 46%
1 69.26%. hits@ 10 8434 W& T 1. 94% Fi
22.60%. IZZE TR M, 5085 SRR 56 R 43 B e it #)
AR i 7S [ ) TransR Fl CtransR 835 4 [0,
TWM 53k 0 & R P B A HOX SR OC R L 22 57
(1) 53 B ae 1 AR,

i b S5 TAEM L, AR ST T ) UWM A
TWM Bk A5 ¢ F M 3 e 48 A5 (hics@ 1) R
P20 0] L 7E WNI18 Hl FB15k i |- 5 M e
B2 IR A AE L R R B S K P T 38, 6000,
AN TWM B TE IR B 4 1 Y 4 BEE A 5253 )
IRE 49,400 F0 A1, 3%, UK AE — G R HE BT
% U BERE LLIE 40 Yo IR 2 2 Bk A i 5 —
THAE P2 L DR HL A R A Y S B N
3.3.2 TEARMFSCHRIEH By rEae s

Sy — o UWM Fil TIWM 83k P RE AL 3 1Y
B L A SCHE FBISk Bi4ils 4 bl 7 56 R 7 KL 5.
5. ¥ FBISk il o 4 4% B =X (11D J) 43 B 4 25, 4%
Je 43 AR LS AT OC R AERR LA G5 R AR 6 FEk 7
FroR. BT A B Lo, AH DG TAEBERE T T B S A
SCHE Y AR A i TransE 580 3 A OC 80 vk v 2%
APERER I B (1 CrransR B yEAE 5296 2 % 4 42

Table 6 Evaluation Results of hits@1 on FB15k Dataset

# 6 FBISk HBEL his@1 HEHER %
Prediction with Head Replacement (hits@ 1) Prediction with Tail Replacement (hits@ 1)
Algorithms
1:1 1:M M:1 M:M 1:1 1: M M:1 M:M
TransE 26.8 37.8 14.4 30.9 27.3 15.4 36.5 31.7
CTransR 28.1 31.6 10.3 24.4 28.0 10.0 35.6 25.6
UWM 35.4 70.7 20.5 36.6 34.4 25.7 69.8 38.8
IWM 34.9 68. 6 23.4 38.6 34.2 27.1 67.8 40.6
Table 7 Evaluation Results of hits@ 10 on FB15k Dataset
F7 FBISkHIEE L hits@10 LW ER %
Prediction with Head Replacement (hits@ 10) Prediction with Tail Replacement (hizs@ 10)
Algorithms
1:1 1:M M:1 M:M 1:1 1: M M:1 M:M
TransE 79.5 83.4 45.4 74.6 78.2 49.5 83.3 76.3
CTransR 76.9 72.6 37.7 67.1 75.3 37.3 75.1 69. 6
UWM 86.3 94.6 50. 8 78.0 85.8 61.1 93.1 80.9
WM 85.2 94. 2 54.0 80.5 85.5 62.1 93.8 83.1
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A UWM fl IWM & 5k (gt fg £ 8. nf
PIE HTE hits@1 Fl hits@ 10 3845 b, —F £ L2
KEF R T R (ZE S/ T 500,
IUAERLBE M= 1256 2 Sk THL 0 it R B &
Gitk2% .5 UWM Bk IWM B hits@1
Febr FUERR B I 14, 15 % 7F hits@ 10 $8 4% - B
[l 5 6. 30 %6, SR, H 45 ZAHXT A 12 M 2k
R RRB TSR T LA H TWM Sk 7E 1k 2 4
Febr b R Ar 0 T UWM Bk 5.45% Fi 1. 64 %.
AR R R RE R 25 R R T R S
IR H5CHE 23 A R R BOHE AN R A O IF AN R LR
B TWM 5k b UWM 503 19 1 BE 50, X ot 78
T — 25 AR o LSS IE.

Rk B AR BN UWM fil IWM 5k 5
TransE I CtransR B ¥E 9 HEREXT . N3 6 0] LIF
X F 54 2 A2 H AL UWM R TWM 53k
FEFITA 8 AN F 00 (1 4f B o ff R R PR 7 4% T 0
ML U HIEAEAL B 1 M FN M = 156 R 28R, o
B SR T Ol 3 i LU0 4 R — 2D R AR S 4R
I B B A A AR T SR G &R 1 ) i R A I
B 1 XTI it i S AR 43 9 232 (] Bl ] 4 138 W) AR S 4
I AR B EL A A B BP AT DL O X o6 2R
F8y S AR o i A Y TR R BEAT AN AL A AR A
Xof G Z 0 ) k. R RE I B0t BAE SR 7 S
B2 b AR SCHE I Y 2 BB TE 4 B OC R
BERAE bR b A G AR 1M M 1R
KRR N B . JF— LU T A SUR A
.

EAF IR A R LR AR IEY] T UWM Al
IWM 58k 8 9% 7 IR 5 4> TransE 3 A B 5 77 78 1
) R, 8 v 0 R S AR R G R R 4 BERE L AT
RUEHE T OC RHERLAE A R (H 2R 6 FIR 7 1y
BRI AN HER H, UWM fil IWM B ke b 1: M
FIM = 156 2 TRE i) o [R)RE A7 76 W) 0 i P R AN 34
k. B, UWM Bk e 8 1: M OC R AR Sk
THeFFent  hirs@ 1 HERHFIKF] 70. 7% P AE b PR
M:1 AR Sk TR F) R B, haes@ 1 HE#H F H A
20.5%. KL HHE B AE R 6 A R T8 3L LA &
27 g RT LAER B i g R R U AR SO A R
BB AL 78 T 3 o0 & WA, IR & A 8 4 i R
TransE SEAR 1 A7 78 1 28 Ji 0] 8. AR T . DA 52 56
SRR RS 5ok F A SO TARTE —
JE bl e T R R AT A R — 8 AR R T — A
A A B S H HIRTT R,

4 LERIE

AR SCHFFE T AR P L 6 AR 9 B ), 45
T YT HE TR 2 2T 11 G FR A B AU T S8 3k SR 1Y)
SEAABR B A AR BRIS [0) L, I 40 4 1B 0 AR A
WHIBCF KR, fE WN1S FI FB15k 45 5L S i 4 |
F 07 L5236 3 W A SCRT 4 1R A SEVR E BT A 4R A
(M e 2R I — B 3 I T A S i AR e AR
HAE R ERCR . nE T R 6 R
HEFRAT 55

TR ARG 36T R 2% 3 10 5 R HE B L 41
b TR A A BRI A T S [ LR R T — gk
{ELA5 4k 20 52 59 ) L, B 40 - TW ML BT 2R F B9 57 i
BOTURER T UWM gk i3t = 2807 X Ak
SCEEH I RVE A AR R IR R 1 M ORI M1 E R
TR A T A R ) () I 0 R B Y B AR N O R
] S 4% (1 4 2 BE g 9 AS 389 i ) . 7 S 2 AR R R
BEX AR S R g — 5, HAR RN A
T (14 O 2R 4 T AT R PR B Ay s 0 T A 1

& % x #t

[1] Nickel M, Murphy K, Tresp V, et al. A review of relational
machine learning for knowledge graphs [J]. Proceedings of
the IEEE. 2016, 104(1): 11-33

[2] Liu Qiao, Li Yang, Duan hong, et al. Knowledge graph
construction techniques [J]. Journal of Computer Research
and Development, 2016, 53(3): 582-600 (in Chinese)
CRg . 2k, B 55, SR TS B 4 R 253k [T ], 5L
Mot 5 kR, 2016, 53(3): 582-600)

[3] Wang Yuanzhuo, Jia Yantao. Liu Dawei, et al. Open web
knowledge aided information search and data mining [J].
Journal of Computer Research and Development, 2015, 52
(2): 456-474 (in Chinese)

CEJGHEL, BEAE, XM, 5. 3 IF R0 24 R 5 Bk
R SRR MmO ] RO S &R, 2015, 52(2); 456-
474)

[4] West R, Gabrilovich E, Murphy K, et al. Knowledge base
completion via search-based question answering [ C] //Proc of
the 23rd Int World Wide Web Conf. New York: ACM,
2014 515-526

[5] Liu zhiyuan, Sun Maosong, Lin Yankai, et al. Knowledge
representation learning: A review [J]. Journal of Computer
Research and Development, 2016, 53 (2). 247 -261 (in
Chinese)

CAVHGE , FhERS . MRATEL, . R ERR ¥ I W kR[],
TP 5 & 8. 2016, 53(2): 247-261)



1692

B S AR 2017, 54(8)

[6]

[7]

(8]

(9]

(10]

(11]

(12]

[13]

[14]

[15]

[16]

(171

(18]

(191

Dong X, Gabrilovich E, Heitz G, et al. Knowledge vault: A
Web-scale approach to probabilistic knowledge fusion [C] //
Proc of the 20th ACM SIGKDD Int Conf on Knowledge
Discovery and Data Mining. New York: ACM. 2014 601-
610

Liu Qiao, Jiang Liuyi, Han Minghao, et al. Hierarchical
random walk inference in knowledge graphs [C] //Proc of the
39th Int ACM SIGIR Conf on Research and Development in
Information Retrieval. New York: ACM, 2016, 445-454
Getoor L, Mihalkova L.
relational data [C] //Proc of the 2011 ACM SIGMOD Int
New York: ACM, 2011:

Learning statistical models from

Conf on Management of data.
1195-1198

Richardson M, Domingos P. Markov logic networks []].
Machine Learning, 2006, 62(1): 107-136

Friedman N, Koller D, et al. Learning
probabilistic relational models [C] //Proc of IJCAI 1999. San
Francisco, CA: Morgan Kaufmann, 1999. 1300-1309
Schoenmackers S, Etzioni O, Weld D S. et al.
first-order horn clauses from web text [C] //Proc of the 2010

Getoor L,

Learning

Conf on Empirical Methods in Natural Language Processing.
Stroudsburg, PA: ACL, 2010: 1088-1098

Lao Ni. Mitchell T, Cohen W W. Random walk inference
and learning in a large scale knowledge base [C] //Proc of the
2011 Conf on Empirical Methods Language
Processing. Stroudsburg., PA: ACL, 2011: 529-539

in Natural

Gardner M, Mitchell T. Efficient and expressive knowledge
base completion using subgraph feature extraction [C] //Proc
of the 2015 Conf on Empirical Methods in Natural Language
Processing. Stroudsburg., PA: ACL, 2015 1488-1498
Pennington J, Socher R, Manning C D. GloVe: Global
vectors for word representation [C] //Proc of the 2014 Conf
on Empirical Methods in Natural Language Processing.
Stroudsburg, PA. ACL, 2014. 1532-1543

Mikolov T, Sutskever I, Chen Kai,

et al. Distributed

representations of  words and phrases and  their
compositionality [C] //Proc of the 26th Int Conf on Neural
Information Processing Systems. Cambridge, MA. MIT
Press, 2013: 3111-3119

Bordes A, Usunier N, Garcia-Duran A, et al. Translating
embeddings for modeling multi-relational data [C] //Proc of
the 27th Annual Conf{ on Neural Information Processing
Systems. Cambridge, MA: MIT Press, 2013 2787-2795
Nickel M. Tresp V. Kriegel H-P. A three-way model for
collective learning on multi-relational data [C] //Proc of the
28th Int Conf on Machine Learning. New York: ACM,
2011. 809-816

Bordes A, Weston J, Collobert R, et al. Learning structured
embeddings of knowledge bases [C] //Proc of the 25th AAAI
Conf on Artificial Intelligence. Menlo Park, CA: AAAI,
2011

Wang Zhen, Zhang Jianwen, Feng Jianlin, et al. Knowledge

graph embedding by translating on hyperplanes [ C] //Proc of

[20]

[21]

[22]

[23]

the 28th AAAT Conf on Artificial Intelligence. Menlo Park,
CA: AAAI, 2014. 1112-1119

Fan Miao, Zhou Qiang, Chang Emily, et al. Transition-
based knowledge graph embedding with relational mapping
properties [ C] //Proc of Pacific Asia Conf on Language,
Information and Computation. Stroudsburg, PA. ACL,
2014. 328-337

Lin Yankai, Liu Zhiyuan, Sun Maosong, et al. Learning

entity and relation embeddings for knowledge graph
completion [C] //Proc of the 29th AAAI Conf on Artificial
Intelligence. Menlo Park, CA. AAAI, 2015. 2181-2187
Socher R, Chen Dangi, Manning C D, et al. Reasoning with
neural tensor networks for knowledge base completion [C] //
Proc of the 27th Conf on Neural Information Processing
Systems. Cambridge, MA: MIT Press, 2013: 926-934

Lin Yankai. Liu Zhiyuan, Luan Hanbo. et al. Modeling
Relation Paths for Representation Learning of Knowledge
Bases [C] //Proc of the 2015 Conf on Empirical Methods in
PA. ACL.

Natural Language Processing. Stroudsburg.

2015: 705-714

Liu Qiao, born in 1974. PhD and associate
professor. Member of CCF. His main
research interests include machine learning
natural language

and data mining,

processing, and social network analysis.

in 1992,
of CCF. His

Han Minghao, born Mater.

Student member main
research interests include natural language
processing and machine learning (hanmhao

(@ gmail. com).

Yang Xiaohui, born in 1993. Mater. Her

main research interests include machine
learning, natural language processing and
data mining (yangxhui @ std. uestc. edu.

cn).

Liu Yao, born in 1978. PhD and Lecturer.
Member of CCF. Her

main research
interests include social network analysis,
machine learning, data mining. and network

measurement (liuyao(@ uestc. edu. cn).

Wu Zufeng, born in 1978. PhD and
Engineer. Member of CCF. His main
research  interests  include  machine
learning, data mining, and information

security (wuzufeng@uestc. edu. cn).



