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Abstract Knowledge bases are usually represented as networks with entities as nodes and relations as
edges. With network representation of knowledge bases, specific algorithms have to be designed to
store and utilize knowledge bases, which are usually time consuming and suffer from data sparsity
issue. Recently, representation learning, delegated by deep learning, has attracted many attentions in
natural language processing, computer vision and speech analysis. Representation learning aims to
project the interested objects into a dense, real-valued and low-dimensional semantic space, whereas
knowledge representation learning focuses on representation learning of entities and relations in
knowledge bases. Representation learning can efficiently measure semantic correlations of entities and
relations, alleviate sparsity issues, and significantly improve the performance of knowledge
acquisition, fusion and inference. In this paper, we will introduce the recent advances of
representation learning, summarize the key challenges and possible solutions, and further give a

future outlook on the research and application directions.
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Fig. 3 The example of complex relations.

3 HARZMRY

R RAFF A AL B A AR T/E N £
S By b AR RSN AR 2 07 AR S
AHTE]. PRI S T X 26 55 7 56 R I AFAE . 73X TransE
520 45 B Y S AR R R X A3 MERIR.

T 2 7 > G ] 52 B0 3R 7R 2% 2 X 52 2% O R 1 A
We? Eeifi A KT TransE (947 R L8 223 i Peix
— P ) R X HLFRAT] AT B A o 8 M RER AL,
3.1.1 TransH g0

J T fEYE TransE BEBUAE AR B 1-N . N-1, N-N
SO G Z I 1Y Jay BRPE . TransH 88 8142 M 31— 4> 58
RAEA R 26 R N PA AR R R.

wE 4 fros, X F &R r, TransH AR Y [5] i
FHAER )i 1 R - T8 A ) i w, ok R B X
T =T0H (hory ) TransH 5 486 3 524K 1) &
L MBS L Wikg w, BRI ER r XN
ST L L, AL, RN

L =1,—wlw,,
L =1—wlw,,
Bt TransH & LT WF 1 25 pR AL
folhsoy =L, +1L—1, |,

A
Ih 11
@ b ¢ -
\ V- 7
3 /
V- Y /
y/ Y /
{ i /
/% /
Y /
// -.‘ L, //
l
// @ " //
/ Iy, J—
/-
/== >

Fig. 4 TransH model.
4 TransH A

T EFE RN, B TXR r Al REfFTE LIRS
SEH, TransH fj A4 1 5 w, 0L 1E 28 3 06 B 5t
— >
3.1.2 TransR /| CTransR #i#I0e]

AR TransH ABY AR 454> SHARTE A 7] OC & T 4
A TAFER RN B AT SR B SR G R Ak T AH [R]
i s ) RO X — g R ERR T TransH (1)
FRBES). TransR ANy, — ALK R Z R 8
7 e N N [P S S i M & NS I N G
TransR AN AN[R] B 9C Z 40 A AN 8] 09 7 25 ). x5
AN ZI0AH L S SR B BRI Y 06 FR A ]
SR 5 T 3D\ S S ) R S AR T B G R

K 5 7R & TransR A B &7 5078 . X5 T
A =0 (horoo) S RATE SEH TR M ) KR -
25 5. IR A 52 1A 25 1) v 5 3k LR S 44 O 1) e
T AL TR =SB R ALK R r 25 H)
B4 IF T .

A M, A A

—_— —_—
//A lh\\/_\\‘/ lh, \\ A
(X A [’ 1

/
oA

v

Entity Space Relation Space of

Fig. 5 TransR model.
&5 TransR A

BARMSE . F & —4KFK r. TransR & X%
SEAERE M, € R DR S 1] o DA S AR 28 [R]85 31 56
R oriyrasmlL il Ml F#RIE .



HEAR S AR 2016, 53(2)

L, =LM,,
I, =M, .
RIGHE L, + 1~ . Bk, TransR & T W0 F 4%
PR ZK
folhso =1L, +L—=1 | 5,.

AHOCHIE % 38 ¢ B, Bt 26 5C & 36 W] DL A7 3 4
B R 4. 4] 40 Freebase " [i¥) “/location/location/
contains” X & » 1] fE A& — A 54 & — D Ilrii . il A
N EFRAE R s WA R — A —
AN T A 0RO 1% 0C R ACE AN B &) A3 nT DL
X o b g T AR G R

I, Lin 88 N iF— 25 ¢t 7 CTransR #E#1,
LG FR XN SR Y 1) 2E0E L, — 1 AT
RE LR r WMor N2 T K FR .. CTransR BA
R DT REFR ro 572 I & KR X T EA =
JCH Chyry ) o 78 SCT Q0 $ 2k pREK

fohso =14, +1 =1 |-
3.1.3 TransD #sii0]

AR TransR B 4¢ TransE Ml TransH H &
UG ER AR Z 8T

D FEF—DKFR r T3k 2 SR I S0 W] Y
PR RE. SR, — AR 3k R AR By KR 5 R
PERTRE2E S B R Bl an, X F = oud (R, 4. |
B, LR AR E SRR ANE, — D RER.
— AN

2) DNSEAAR S [] B 5C R 25 ) 19 5 5% 0 52 AR G
RZAIM A B ot B, Ktk TransR (E4 52 4 LS
KEAKZEANEGHL.

3) 5 TransE fl TransH #H [t , TransR i T 5|
AT A BB 145 TransR B8 S 502 R84 fn s i1
IR RO .

R TR e ] T, Ji 4E AR T TransD
BLANE 6 s, 45 = ol (hor, ), TransD B
BB T 2 43 DR Sk SRR S AR AR5 B G 2R A5 [H]
1 8 5% 0 [ ML, R ML, B S LR

A A
lh1 Mrh, Ihlr lt
[ [ ‘—“ 1r
Ap, /’“\ Iy, @—— paltr
M,
Uy, r" Uy, 1,
IA Iy, /__\ e
h
A 1,
Entity Space i Relation Space of i

Fig. 6 TransD model.
&l 6 TransD #& %

M, =11, +1"",

M, =11, +1"",
XH L ERY L ERG TR p RFERE M E. B
SR M, L ML, 5 SRR G R B AR G, T B R 2 A4S

) h R B R A B L T T ROk TransR 2R
ZHGT LW IR, i )5, TransD & 8152 T 40T 41
2 PR :
frlhs)=LM; +1L,—ILM, | 0, .

3.1.4 TranSparse f& #IE

SRR 26 o S AR R DG 2R ) S B P AR AS S A e 2
YRR 7R 5 > B MR

D SRk MR RO R T RE S 5 KR
SR T HE 2L O R W AT B AN AN S D B SRR
A

2) AP, AR OC &, Sk SE AR R S AR
F14) o 2 NS d T 22 0 KL ol an < R I R R
1) 3K SRR BT B 7 AR R By N e SE AR R L
ANEE.

R T RS A R 5 M . TranSparse #i
U FH S 5 46 AR TransR A v ) 8 255 46 4
FOrP R ML B R G RE H O R % 0 SR X B
P X Sk VR SRS B R N B AR R ML 8
FE M, (0,) WRRBLEE 0, & SLANF -

0,=1—(1—0,,)N,/N,~,
Hrp 00 <<1 NIT BB E B S8 N, R
KF r FEHE SR B, r 37 % 2 S AR N
SEANPE W S AL IS &)
L, =1LM,30,),
I, =1M,(0,).

R TP R BN - 1 (] B, TranSparse X
Tk S AR R S A A3 i A T 2 A AN ) Y R g B
M (0 F MGCO,D . T 5 s B 5 SCANTTS

0.=1—(1—0.) N[N,
Hodp ,NL RIR KR r FENLE ( Ab 3% H2 A [) 5244 1) %)
(LA RE R Sk SR R SE ) N FROR NG iR R
PR X FE 5% ) i A R
L =1L,M} (@),
I, =1LM:.(0)).

TranSparse X F LA I 2 B =, ¥y LT i

xRN
£ =L, +L—1, |,
3.1.5 TransA gLy

Xiao 2 NIAA TransE K H 2 J5 094" Ak A1 )

AEAE 2 A DRURRECCR T Ly 8 L, B



XIS 45 AR SRR o 2] E 5 it e

9

FRAGPEARE ; 2) 1 2k R A T 17 5, SE AR G & ) it
1) B — 4 5 [ 7% K.

R T fEYEIX 2 A [A) E, Xiao 55 A\ 42t TransA
AU B4 2% R B B B B ] SRR R L JE R
T2 ) R AL, X F R =004 (hyrat) s
TransA A GE LT 40 F P43 BRI AR -

foCh, D=+ 1L —1)™W, (1, +1.—1),
Hrh W, 53¢ E r M OCHY IR 5B 46 B

WE 7 B s Chy sy s ) By s 1 o 1) PRAS A 5
ZOCH 1 R R Y R SR I R AT RR R R,
K7 Ca) BT 7 B IR I SE AR o 23 Bl W00 1 k. i An
Kl 7(b) fT 7, TransA A5 A58 o Xt 7] i A [A] 4 & gt
FFIMAL, IEBA 0 SEAR R T AE « Bhal & y il B B8
I o DA RE 8 5 1F A T3 0.

IA l’x q‘ lll
] 1
lh‘ I, 1l I.hl L }i
o 1 1 : ~
lhz \\/A l’a lhz LA l’a

lr2 / l"z
.\,_/ ________ _A l,2 A ’fz

(a) Euclid distance in traditional (b) Mahalanobis distance in
models TransA

Fig. 7 Comparison between traditional models and
TransA.
7 AEG BRI TransA A8 L

3.1.6 TransG I

TransG A4 A8 & iR G AR AR Sk L2
SR Z ) G BRI RLIN N L — A R R 2 R
T SC o A SR — 1 e 8 A1 R Z i B

M
L=0 L ~ > m, N, .D.
m=1

v I 327 P 4
TransG #8552 SRR )k L an e 8 ez
=T SRR IE A Y R LA B TR 3R R A DR Y R 5K

LA
q / ) Al .
O}I\M‘Ih o \\I
]
1 ]
\ @ /
\ lt,;A /
A ltsr ¥

(a) Examples of traditional models (b) Examples of TransG

Fig. 8 Comparison between traditional models and
TransG.
B 8 fEG BN TransG BIAY b

. 1B 8(a) oM AL e LRI R 9], T R &R r 1T
A8 SCIR R — R S BURT R 1Y SR TS 4% X 2 FF 1
WE 8(b) ff 75 » TransG #8303 % B &R » 1A
[ 38 S T B 22 A8 i 40 A o I RE 8 DXt T A A
BRI,
3.1.7 KG2E gt

He 55 A0\ R HUPUEE A (9 56 & RS2 4R 1 1 L
A B ELA S0 8 P X7E o 2 A b g T
I, He 88 A 42 1 KG2E, i 1 i 8 43 1 ok /R LK
DG ZR . Horb w30 40 A1 1 2 (8 R 1 2 SR Bl ¢ &R
FEVE LS (R i o 6 S T e 5T 4 A B B 22 )
FOR IR BOC R WA E BE

K9y KG2E BRI 7R 1], 4 A B Bl A 3R A [m] 55
5 SC R MR AW 20 55 HIR « SO 4 1 =
ez I s el ) o N NS N 0 N S NG SES (O
B B TT LU 21 3 00 AS i B O oK F A

ST >

<\

Bill Clinton
75
G

A

v

Fig. 9 KG2E model.
K9 KG2E i

KG2E ffi FH I, — I, 3R 3k B SR Z A iy &

FOXH L1 0 DL — RS AR RN
P.~NQu—p 2+,

MCHR r AR — A m WA P~ N, 23,0,
U W] LIAR G 2 SRR oA P AP, i AH LR SR A
P =JeH W PE4r. KG2E % 18 2 B 550 1 % A0 L 3
(14 I3 2 KL B 5 R ) SR A %

KL B8 2 — Tl A X R R0 B« HC A5 40 ok Bi0E
Xanr
N(x;ue,zk)

fr(hvt): LeR]%N(\r;yr,zr)log mdlf:
%{mz,ﬂ SO+ () TS () —
log det(Z«)+kF}_

det(22)



10

HEAR S AR 2016, 53(2)

S0 B 3R — b X AR A ARLBE L AT 23 bR O X
W

f,.(h,t):J NG NON G N0 de=
reRY

= p) (S ) o+

log(det(X,+22,)) +k.log2x}.

e SR RIS N TRk S KG2E i 1
X S BHEAT T S BR A

VIEEUR, con I<<2 <Cpuxd s Coin >0,

3.1.8 /NgE

Al LLE B, 7E TransE 2 J5 . 78 4] 4b PR A2 5% 5
AL Pk A 8 L, $2 T TransH, TransR,
TransD, TranSparse, TransA, TransG 1 KG2E %
Z R RY AN (] g B 22 3 A e 5 % G 2R A ) i
FLIE T AESE . TEAROCHU S5 by S g6 R W, ax ot
T5 B8 TransE A 35 (9 PEREHR T, B0 IE 1 ik 2
T3 2 By A vk
3.2 ZRiEERME

I SRR 27 S T 9 05 b — A F PR 2
TS B 2 55 Bl . AT 19 IR R 7R 2 ) LR 4
TransE 55, {CH FH TR B 1% 1 = S0 21 45015 21T
FRF WA KRS IR ) KA E B %A H
A ROFI AT S )4

1) AR v ity A AR L Q0 S AR G AR 0 4 3
R R EIE B 5.

2) FVE S T AR R A0 LI I SO 2R T
Rt 5 MU SRR OC R A LR R

Head +

. +
2nd Pooling & Nonlinear T

2nd Convolution /b%
[ [ ° L3 [

1st Pooling & Nonlinear ) T f T T f

° ® EEE]

L o O o o

1st Convolution /W W‘//I
esssesessese

Descnptlon of Head

X S ) 22 R S TAR S AT LA B o B A
B (7] R, B 8 NI R OR B X 43 g g . e g 4 Al 3X
Se 2 S B AR B LI HNR R R ) AR B

TERG B A BT IR R ¥ i, 2 &
A — BB TAE A SR TRE AL TR RS X
f B 21 Horh 2 SRR TAE.

3.2.1 B ESIRHE AR B AR IR F S AR (descrip-
tion-embodied knowledge representation
learning, DKRL)P"

DKRL £ B 2 H 78 J iR £ s 2 ) % &
Freebase & 1T v £ 4t 19 SR R SCAE B 78
AL R Ty W, DKRL % 7 2 Fhfi AL, —Fh 2
CBOW!S ) g e A v (1 3] i) 55 fa7 SR Jin 7 O SCAR
RN s — FR 2 BB 4 W 4% (convolutional neural
network, CNN)"***), BB % [ AR h i) ) 1745 2.

E 10 FE 11 s . DKRL A] LU A CBOW
I CNN AR S 4K 4 38 SCA S 21 92 4A R 7R L R 5
Z AR FE R T TransE i) HFr R 5024 .

Head Relation = Tail
°
°
‘%\ . /I\-
Keywords of Head Keywords of Tall

Fig. 10 DKRL (CBOW) model.
K 10 DKRL(CBOW)#i %I

Relation = Tail
s - T

Description of Tail

Fig. 11 DKRL (CNN) model.
K 11 DKRL(CNN) &

DKRL BEFTE T . bR T REME 4R TH S8R R i

DX 73 HE T3 41+ i R S N B SR A 7R 2 B —

AR B LE R T ) SR B DKRL AT RLAR 4 & 1Y

TR o A 3R 7 A ) SR AR S L T R R 4
55 30 T AW sE R RS BA 20 X

3.2.2  CARSERERSG B MR ERE SN
Wang &5 A4 78 3R R 27 2 th 2% 08 SO B i
I word2vec 27 ) 4 B 7 B IE SCH B i) Ko R
TransE 2% > HIRE d ) R SRR . 8] i, R 4 56
T RFIE SCH I BEEAE B CR SO 5 SR % X 2R



XA 45 - TR o 2T E 5t e

11

L SO H SR X 7 1 1) 2R 7R 5 PR Y SR R R
JETREHE T . DT 52 3 SCAR 5 R R il A 1 R R
22, Wang 55 A8 ¥ 25 L i A8 3% T T Rl 65 S AR
Y PSR
3.2.3 /NG

CA TAERWY ., 20 E B a5 R A 2 T
TR M PERE L R 312 T DUAT 2504k 3887 52 4R 1 2R
(). AH 2 W n] DU 2 050 B Rl A 0 MR 3ROR
2 AN AL TR R R P B B A DG TARE D B R
FORIRAEE A R AT K B F B SR 20 45D R
B & B TR BB SR A
3.3 XEREER

TERR B g 2228 1 5C & B4 0 RE 8 o e 52
RZ I8 A X3k &, Lao 28 A B # Y Path-Constraint
Random Walk™® ,Path Ranking Algorithm ™ &% 3%,
R SR ] 1 56 R B A2 1 8 00 B AT Y D% R L B

+

A

i

P ERCR IR E S E FEMELR.

BT GEME TransE S AR ST 2 2] B A~ = Jo 4
(9 JR R L Lin 858 A\ $2 25 8 OC R B8 AR 1 3R s 22 )
Fi, L TransE £ 37 2 Al 32 i Path-based
TransE(PTransE) Y,

K 12 JE/R i J2 PTransE % & 2 45 56 R AR Y
/). PTransE #5284 [ I () Pk G AE T

1) JFEAN BT A SR ) 1) 06 3R 6 AR A 02 ) 5
M. R, PTransE ## H Path-Constraint Resource
Allocation 581 B 15 56 R BE AR 1 T FE .

2) PTransE R B X RPN M HER, S
55 A3k SR 3] R S A 1 R R Aok R k2 A A
T SCIR) L, 5 SE X B AR b B A7 OC 2R I 1) i R AT 1R
HE TR . PTransE 223 T 3 R R
T SCEH A BRAE S 43 00 S AR I 2 57 K 36 RN 21 il 25
2% AHOCHIHE 92 50 3 W AH I 64 20 5 BRAE RIUR IR

A

Steve BomlInCity CityInState StateInCountry /7404
Jobs States

Fig. 12 PTransE model.
& 12 PTransE #i#l

JUT- R, o A7 H A AIF 52 P B TE R R IR 27
ORI R T R R AR I AR R AR RN
2 ) BT HEAT 3 T A Y [ ) 24

PTransE SFHF T 10 SC 50 R W, % 1 OC R B AR AE
% B AR THAIR 7R 2~ B0 IX e 2 s 7 R L]
AN AR 55 LR PR AR O R B AR R AR IR LA
WA A S AR AR I AT SR PRI AR O R BSAR 101 LA
B BAESTT I A AR 2 A0 B 5 5 AR 258 1.

4 MARTEIRKARTERE

LAE R AN R R 2 B 4 A R 2 AT
S BT E ORI R T, X TransE 4§ #5871
TN Rt 8 2R R R TR el kO R R A
PUERIR 2 2] B B L 0F S F 3 AR B2 , A 45 0 g i 3

TR 2 SRR T 1) HE AT R ER
4.1 ERARMIREBWIMIZERTFES]

w3, 1 AR, B T AR R IRE R 5 & R4
M 1-1,1-N,N-1F1 N-N PUK, 3 ) & 4% % R i
BRI T R AR 5E TAE. AR 5% 2 W L 16 1) AN [R] 2 20 1)
KFR T BRI T TR R SRR AL

SR .1-1,1-N L N-1 Fl N-N [ 56 Z 2 AL 43
W 0 RELARE | TIC 1% T O % R SR R A A B S AR AR L R
A5 T AR R AT 55 AT B X R b 3R T R
R 53 bR o

W & FAE Science S5 AR TN HIR 2 0
FEMA T RGN A HRE R LA 4 Fhgh
DBPIRIE R, Femm SEAR T 2 A3 206 & (A 5t
Mo KR GE) :2) Y MIA% I R R B AL
23 )5 2 Cn il B2 8 15 0 55) 5 3) B4R P 56 & . 3R



12

HEAR S AR 2016, 53(2)

7N AR ] B A Y 6 2R CVBOIR 58 1 22 A I3 2R 40 A
) 5 A AT T) 2% 5C AR L 3RS SR ] 1Y O TR B P 2R OC &
I s 2 18] ) % e O R 55

INFIRF 2 T AR MR R B 45 52 M
WENHLIE XA — & RG24 AHASE A, 5]
1 Freebase 45 R HB 43 MR R F AT 1) 19 28 235 #6) CRJ)
= FO AL s WordNet I 1 56 4%
[r] S 1) 2 4 i [) 3] £E & (Synset) , SR J5 # LA [\] SC
T SEA N A A W 4 250 R A Z I &R
(AN bR O FR R AR 4 06 R AN A KR 4 A
TR H L BRIR OG22 A5 28 R 0 TR 4 A 1) Y 48 0
X TFEAF TR R R b 58530 A AN ) 26 2 0 LY
SERRE AL

NHVBE 22 X0 R TR 28 AL Y G4 A B T XA
PRI R 2R B 1 R 43 FAL B ROk L2455
N A BRI HURE 27 1 J B A 58 R S A 0T
B R 28 B R o3 A o O THT 1] AN [R] 52 2% O R 26
RUAYFIR KR 7 2T BT
4.2 ZREEMENEIRRERES

122 JURlE RN s 2 ) O T AH G T AR iE
PO PR 202 25 S R 41 3 18 R TR R I 2 2] A
AL DA K SO 5 AR R Rl A 9 HR R s 7 2] L X S
RUTCIR S {5 B R IR 36 2 il T BOER R 5 A FR.

TATN N Z BAE B RE 8RR KR ) 7
I A LA 3 AN J7 Y T AR5 2T e

1) Rl LS v S (4RI G R i A L. IR
PE A T SRR R I 5 5 B Qi ik SO |
SRR KRG A PG X 205 B R B 3 BT R R
RF IR BET].

2) FilG HIR ) SCA AR L LG I g e SOAS B
2 AR PR Y ROk PR AT R R R
(distant supervision):* % JF 3k {5 B #l1 B Copen
information extraction) ™™ 453 A&, M FF B SC A
FiBCATR. X A R L B AR TR M i ST T IR
FSCA Z 18] B3R 2 o A AT 52 43 ) 3 22 05 2% il
B IO SCASA L 8 SCH R (EAS — 4 02 » B TR 7
A 32 OG0 ) S AR KR LA . SEBR b T
FELAEC & A & BV 2 M 25 (CNND #5752 156
RN BN T 9] 06 R R 1 E B A G Rt T
PRI e 28 52 BRI 5 STAS AR B AR R 79 0 R
TR,

3) RlG ZHEREEAR B AR A [/ B A5 5L
R AN [) B R An ) %of 22 PR P A R R AT il
BTN R T ST G — B KOS R 2 B SO R i

BLZWARER R T8 R TIERME OCRMEGS
Ol

B8 T A R R A G 75 0 245 B
A1 SRR S5 FOC FR XS 5. XA R v, 2 Al
) 2 3 on 25 (8] % 52 ), Al DLk 2% ) T g
(learning to match)""" % 48 , ] F PSI(polynomial
semantic indexing ), SSI ( supervised semantic
indexing)""" HFEH AR, @ Z IR R R A ML E KR,
SR SR XS S 5 06 R X 5. e Ah IR T DL A R £
FoR 25 [ Z (8] i — B Pk, 92 2 25 (6] B R e G
(collective fusion).

SRIF o TR SRR 55 F1 G 22000 5% O Al 1, T X 2
TR TEAR O R AT Rl AL B TR E RO A
LI SO J0 R R R IBORTR 9 LS M A AE R
AP G B AR AT LSRR RIE A E T 2
HRUE B R P TrustRank™ 46 0] {5 1
JEE S AR A S AR 8] TR Y OF J 9T 4 0 B A LT
51 SE BRI Rl & S — 1Y R R TR 2 e H
il & .

4.3 EFESFEEREAMMIARTRES

F B K R PR IR R R 7 2] S bR R e
FHTT T 52 A ] 1Y) G 2R I OC AR B A 22 T ) 4 A
2ok g T 2 o A5 R B At TR Al 4 29 A L. B
i, A =T 2H (FEBR A0SR 2 IED M (FEIE , AL 5K L 8L
e ) ) P R JER 7 Wiz 7 2 ) A SR AL R TR R
R B G oo (FRER AL W2 F#) . PTransE
SEFR B AANEHE T AL AR = AT Y AR
2o AT H2 T 1R 2R 7 B K i

SEPR b OGRS HUJR 2 e i PR P iy — A
FEIAIE 2 B SR Sk SR AN R SEAR b R F A2 {3
SEBR b U ool A AT 2R e B AR L 4] =
JHCGEE, Bg, BE ) MOAE D, 2 EE O Z
) AP AE A HEHLOC R AH I W 19 3k LR LR TJF A 58
A —H AR BERE X 2 52 J% o TR 57 TR B R R
7N ] K R R — AP SR T R SRR B P BE.

FEAZ )R b, T AR]85 R 3 7S 3 6 5T e 4 B A
R OB M . H AT R B, — B2 B (first-order
logic, FOL) J& X} & 24 A AL i 30 A R R T 8. R
KPR T ERE — B BB 3 A R os SRS 5
FHRE R 2 S g HOR 7 2.

4.4 HMHRAME

BT LA E 3 A FEEMR I R A REZ T
PRIR 2 2 AT T A iR Fp I J L o] B 25 anF

1) T i) JRRUASE R TR A A £k 2 > IR 27 o



XL % < R IR 4 2 BT i e 13
ﬁ%ﬂ*ﬁ%ﬂiﬁﬁ?}fﬁﬁll‘i?ﬁé‘i %ﬂﬂ}gg{j%‘zlﬂ s Eﬁ%‘:{ﬁ_\‘ [2] Bollacker K, Evans C, Paritosh P, et al. Freebase: A
% 3 *ﬁﬂﬁj{%ﬂ*ﬁ %ﬂ iﬁﬁi&ﬁ%jﬁ: ‘UE , fl:jﬂ‘: %IJ %X\T {EE Collaborativ[ely] C;/eated graph database for structuring human
N . . . " knowledge [C] //Proc of KDD. New York: ACM, 2008:
U R 0 R 2 T ELRN I LR ol
" s ] 2 B T B Al il e 2B AL S S
Hfﬁ‘*rj( ’ &ﬂ]ﬁﬁgul—fﬁ&i EJE?E%;J ﬁ% &%T}E [3] Miller E. An introduction to the resource description
ﬁ%ﬂ%%ﬁ{§4%\ F%{E&ﬁﬁ‘@ Zﬁl\ ’ & 'ﬁ] ik Al A iy/?l_é%t: framework [J]. Bulletin of the American Society for
] ’fﬂ ’ij 1k %% TN YRR {ﬁﬂ Jiii J_‘?‘ . 'ﬁ;ﬂf ¥ Curriculum Information Science and Technology, 1998, 25(1): 15-19
Learningigl] %%:{i Jesi J*E\ , ﬁt%% | *Z‘L‘) e i, ?ZEE [4] Bengio Y. Learning deep architectures for Al [J].
N . \ e Foundations and Trends in Machine Learning, 2009, 2(1) .
%3 51 IR LR 05— B T R RO Foon
1/ . 30 2 e A S
2) %:}:Iﬂl/\ Jj\ﬁ!ﬁit%:zﬂ? E’Jﬁjfﬁ j:u 1/\%%21_\‘% ~J [5] Bengio Y, Courville A, Vincent P. Representation learning:
ﬂ:ﬁﬂ:ﬂﬂ} KJII\E& »Tﬂ?%ﬂiﬂﬁﬁﬂ \ET%*“TEEE%ﬁ rﬁ—lﬁj A review and new perspectives [ J]. IEEE Trans on Pattern
ﬁj_h |2ﬁ E@mﬁﬁ§ [‘ET'] . &'ﬂ‘] Eﬁ%'% E%$ igﬁ;% s fﬂ_‘{ Analysis and Machine Intelligence, 2013, 35(8): 1798-1828
%‘?ﬂ}ﬂgﬁiﬁé\cu -i//[:{ ﬁ%}j E/‘]ﬁ&i;@ ,fﬁﬂ tl[] ,%/%TEEEXE [6] Turian J, Ratinov L, Bengio Y. Word representations: A
%ﬂﬂ%ﬁ%%% F f[] i %‘:2/?\‘ % 5 ﬁ 7;5[ }FIJ i j:‘[] i/E{E:F {%_ simple and general method for semi-supervised learning [C] //
- . X - I X . Proc of ACL. Stroudsburg, PA: ACL, 2010. 384-394
B R RS A il BB R T A &1” [7] Manning C D, Raghavan P, Schiitze H. Introduction to
EIpY ﬁﬁ*”mi’%i_\‘ % > EFE: ,E\ Eﬁ %J: E/‘J 'fj[:%‘ ’ ;Q}m Information Retrieval [M]. Cambridge, UK: Cambridge
Bl R 5 LA B A1 AR K 2 ) Universiy Press. 2008
E*ﬁgliﬁ%jj[%: , iﬁ%ﬁ{&gﬁﬁ%l% IEJ |:':[ ﬂ//f"j‘ Iﬂ —‘L/El E{J [8] Mikolov T. Sutskever I, Chen K., et al. Distributed
i}j 5*& }Eﬂi ,E\‘{Eijj , *H %*ﬂfﬂ{ﬁﬁ%ﬁ%/\ﬁ% represem.atior?s of words and phrases and their
compositionality [ C] //Proc of NIPS. Cambridge, MA . MIT
Press, 2013: 3111-3119
T
S gﬁﬁilm [9] Zhao Y, LiuZ, Sun M. Phrase type sensitive tensor indexing
model for semantic composition [C] //Proc of AAAI Menlo
ﬁﬁULXj‘%niR m%ﬂ*ﬁj&{%%@ﬁ{i E]/\Jbﬁ Park, CA: AAAI, 2015: 2195-2202
T, ?tﬁ]ﬂﬂ{l%ﬂi/”\?%ﬁ?%’ 5 Eﬁﬁg%ﬁﬁi . }mﬁ%ﬂiﬂ [10] Zhao Y. Liu Z., Sun M. Representation learning for
N . measuring entity relatedness with rich information [C] //Proc
JE )R 5 0 2 RO T B AT S R R T A A A e .
- . of IJCAIL San Francisco, CA: Morgan Kaufmann, 2015;
ﬁ%@mﬁ%muyﬂiﬁiﬁéé%}E"Jlﬁﬁ({ﬁﬁﬁ@éﬁ**ﬁﬁfﬁ 1412-1418
%\?ﬂﬂ%ﬁTﬁfﬁf% T‘Fé}%ﬁfc%%m%}j E"Ji*%‘lrv [11] Hu B, Lu Z, Li H, et al. Convolutional neural network
)[%*&j(j’ﬁij]%ﬂiﬁ E]’J E f:j] %EEX ‘%ﬂégij’ﬁfﬂﬁgﬁ s ';QI% architectures for matching natural language sentences [C] //
%ﬂlﬂ%%ﬂﬂf(ﬁﬁﬁ(%/\ﬁ@@ﬁﬁ Proc of NIPS. San Francisco, CA: Morgan Kaufmann,
NI N — N N 2014 . 2042-2050
AR SR AR F R 2 o) W I B B A R ,

. U . e o4 g P [12] Le Q V., Mikolov T. Distributed representations of sentences
ﬁg{j&jﬁ‘* 2 &ﬂiﬂéaﬂ: 7T ji m ﬁ/fT T e & ﬂ] TJ\ ji’ and documents [C] [/Proc of ICML. New York: ACM,
HERFR RS BRI B R 1 R Bz 2014, 873-882
@Fﬁﬁﬁﬁﬂﬁ%ﬁ%%i ﬂbjiﬁ,ﬁ%m*ﬁ%ﬂiﬁ%z—[i% [13] Blunsom P, Grefenstette E, Kalchbrenner N, et al. A
3 IEIL:}\I%J ﬁE%L’*}‘I‘Z% Jisd El/‘] %*ﬁﬁ?}t} I‘EJ B, %%J ﬁg ,f%‘ convolutional neural network for modelling sentences [C] //
,E\ﬁ}fﬁﬁﬂﬁ%ﬁﬁ E"J%E'ﬁﬂ&*%'@i ﬁiﬂ%i_\‘%}j Proc of the 52nd Annual Meeting of the Association for

‘ . Computational Linguistics. Stroudsburg, PA:. ACL, 2014.
AW N TR Re# B B e 5 B M55 ™k B K& Xiv. 1402, 2188
BIHr A 248 P55 4 23 Ml 55 9 A . [14] Perozzi B, Al-Rfou R, Skiena S. Deepwalk: Online learning
Eﬁ%;ﬁgﬁﬁf%bn/\ﬂ %ﬂiﬂ%\%ﬂf\‘%}j E@Eﬁ%ﬁjﬁ of social representations [C] //Proc of KDD. New York:
sk A S SO T 2 2 7 R 5 ACM, 2014 701710
N = s 15 Tang J, Qu M, Wang M., et al. LINE. Large-scale
KR P HE— B 5 . e 1
information network embedding [ C] //Proc of Int World Wide
Web Conferences Steering Committee. New York: ACM,
& £ X #
2015; 1067-1077
[16] Yang C, Liu Z, Zhao D, et al. Network representation

[1] Miller G A. WordNet: A lexical database for English [J].
Communications of the ACM, 1995, 38(11): 39-41

learning with rich text information [C] //Proc of IJCAI. San

Francisco, CA: Morgan Kaufmann, 2015



1 HANBI S &R 2016, 53(2)
[17] Huang E H, Socher R, Manning C D, et al. Improving word [32] Faruqui M, Tsvetkov Y, Yogatama D, et al. Sparse
representations via global context and multiple word overcomplete word vector representations [C] //Proc of
prototypes [C] [/Proc of ACL. Stroudsburg, PA:. ACL, ACL. Stroudsburg, PA: ACL, 2015;: 1491-1500
2012 873-882 [33] Hawkins J, Blakeslee S. On Intelligence [M]. London:
[18] Reisinger J. Mooney R J. Multi-prototype vector-space Macmillan, 2007
models of word meaning [C] //Proc of HLT-NAACL. [34] Bordes A, Weston J, Collobert R, et al. Learning structured
Stroudsburg, PA; ACL, 2010; 109-117 embeddings of knowledge bases [C] //Proc of AAAIL Menlo
[19] Tian F, Dai H, Bian J, et al. A probabilistic model for Park, CA: AAAI, 2011; 301-306
learning multi-prototype word embeddings [C] //Proc of [35] Socher R, Chen D, Manning C D, et al. Reasoning with
COLING. New York: ACM, 2014 151-160 neural tensor networks for knowledge base completion [C] //
[20] Socher R, Bauer J, Manning C D, et al. Parsing with Proc of NIPS. Cambridge, MA: MIT Press, 2013: 926-934
compositional vector grammars [C] [/Proc of ACL. [36] Bordes A, Glorot X, Weston J, et al. A semantic matching
Stroudsburg, PA: ACL, 2013: 455-465 energy function for learning with multi-relational data []].
[21] Socher R, Perelygin A, Wu J Y. et al. Recursive deep Machine Learning, 2014, 94(2); 233-259
models for semantic compositionality over a sentiment [37] Bordes A, Glorot X, Weston J, et al. Joint learning of words
treebank [C] //Proc of EMNLP. Stroudsburg, PA:. ACL. and meaning representations for open-text semantic parsing
2013 1642-1653 [C] //Proc of AISTATS. Cadiz, Spain: JMLR, 2012; 127-
[22] Socher R, Huval B, Manning C D, et al. Semantic 135
compositionality through recursive matrix-vector spaces [ C] [38] Jenatton R, Roux N L, Bordes A, et al. A latent factor
//Proc of EMNLP-CoNLL. Stroudsburg, PA:. ACL, 2012: model for highly multi-relational data [C] //Proc of NIPS.
1201-1211 Cambridge, MA: MIT Press, 2012: 3167-3175
[23] Luong M, Socher R, Manning C. Better word [39] Sutskever I, Tenenbaum ] B, Salakhutdinov R. Modelling
representations  with recursive neural networks for relational data using Bayesian clustered tensor factorization
morphology [C] //Proc of CoNLL. Stroudsburg, PA: ACL, [C] //Proc of NIPS. Cambridge, MA: MIT Press, 2009:
2013 104-113 1821-1828
[24] Botha ] A, Blunsom P. Compositional morphology for word [40] Yang B, Yih W, He X, et al. Embedding entities and
representations and language modelling [C] //Proc of ICML. relations for learning and inference in knowledge bases [C] //
New York: ACM, 2014 Proc of Int Conf on Learning Representations (ICLR). 2015
[25] Chen X, Xu L, Liu Z, et al. Joint learning of character and [41] Bordes A, Usunier N, Garcia-Duran A, et al. Translating
word embeddings [C] //Proc of IJCAI San Francisco, CA: embeddings for modeling multi-relational data [C] //Proc of
Morgan Kaufmann, 2015: 1236-1242 NIPS. Cambridge, MA: MIT Press. 2013 2787-2795
[26] Klementiev A, Titov I, Bhattarai B. Inducing crosslingual [42] Nickel M, Tresp V., Kriegel H. A three-way model for
distributed representations of words [C] //Proc of COLING. collective learning on multi-relational data [C] //Proc of
New York: ACM, 2012 1459-1474 ICML. New York: ACM, 2011. 809-816
[27] Lauly S, Larochelle H, Khapra M, et al. An autoencoder [43] Nickel M, Tresp V, Kriegel H. Factorizing YAGO: Scalable
approach to learning bilingual word representations [C] [/ machine learning for linked data [C] //Proc of WWW. New
Proc of NIPS. San Francisco, CA: Morgan Kaufmann, York: ACM, 2012. 271-280
2014. 1853-1861 [44] Mikolov T, Chen K, Corrado G. et al. Efficient estimation
[28] Shi T, Liu Z, Liu Y, et al. Learning cross-lingual word of word representations in vector space [ J]. Proc of ICLR.
embeddings via matrix co-factorization [C] [/Proc of ACL. 2013
Stroudsburg, PA: ACL, 2015;: 567-574 [45] Fu R, GuoJ, Qin B, et al. Learning semantic hierarchies via
[29] Luo H, Liu Z, Luan H, et al. Online learning of word embeddings [C] //Proc of ACL. Stroudsburg, PA:
interpretable word embeddings [C] /[/Proc of EMNLP. ACL, 2014; 1199-1209
Stroudsburg, PA: ACL, 2015: 1687-1692 [46] Nickel M, Rosasco L., Poggio T. Holographic embeddings of
[30] Murphy B, Talukdar P P, Mitchell T M. Learning effective knowledge graphs [J]. arXiv preprint arXiv: 1510. 04935,
and interpretable semantic models using non-negative sparse 2015
embedding [C] //Proc of COLING. New York: ACM, 2012. [47] Wang Z, Zhang J, Feng J, et al. Knowledge graph
1933-1950 embedding by translating on hyperplanes [C] //Proc of
[31] Fyshe A, Talukdar P P, Murphy B, et al. Interpretable AAAL Menlo Park, CA: AAAI, 2014, 1112-1119
semantic vectors from a joint model of brain-and text-based [48] LinY, Liu Z, Sun M, et al. Learning entity and relation

meaning [ C] //Proc of ACL. Stroudsburg, PA: ACL, 2014
489-499

embeddings for knowledge graph completion [C] //Proc of
AAAIL Menlo Park, CA: AAAI, 2015



X AT 45 - R

71 2 2 B Y R

15

[49]

[53]

[54]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

Ji G, He S, Xu L, et al. Knowledge graph embedding via
dynamic mapping matrix [C] //Proc of ACL. Stroudsburg,
PA. ACL, 2015: 687-696

Ji G, Liu K, He S, et al. Knowledge graph completion with
adaptive sparse transfer matrix [J]. AAAIL 2016

Xiao H, Huang M., Hao Y, et al. TransA: An adaptive
approach for knowledge graph embedding [J]. arXiv preprint
arXiv:1509. 05490. 2015

Xiao H, Huang M, Hao Y. et al. TransG: A generative
mixture model for knowledge graph embedding [J]. arXiv
preprint arXiv:1509. 05488. 2015

He S, Liu K, Ji G, et al. Learning to represent knowledge
graphs with Gaussian embedding [C] //Proc of CIKM. New
York: ACM, 2015: 623-632

Xie R, Liu Z, Jia J, et al. Representation learning of
knowledge graphs with entity descriptions [C] //Proc of
AAAIL Menlo Park, CA: AAAI, 2016

Collobert R, Weston J. A unified architecture for natural
language processing: Deep neural networks with multitask
learning [C] //Proc of ICML. New York: ACM, 2008 160—
167

Natural

JMLR,

Collobert R, Weston J, Bottou L. E O, et al
language processing (almost) from scratch [J].
2011, 12 2493-2537

Zhong H, Zhang J, Wang Z, et al. Aligning knowledge and

text embeddings by entity descriptions [C] [/Proc of
EMNLP. Stroudsburg, PA. ACL, 2015 267-272

Lao N, Cohen W W. Relational retrieval using a combination
of path-constrained random walks [J]. Machine Learning,
2010, 81(1): 53-67

Lao N, Mitchell T, Cohen W W. Random walk inference and
learning in a large scale knowledge base [C] //Proc of
EMNLP. Stroudsburg, PA: ACL, 2011: 529-539

Garc I A-Dur A N A, Bordes A, Usunier N. Composing
relationships /[Proc of EMNLP.

Stroudsburg, PA: ACL, 2015: 286-290

with translations [C]
Gu K, Miller J, Liang P. Traversing knowledge graphs in
vector space [C] [/Proc of EMNLP. Stroudsburg, PA;
ACL, 2015

Tenenbaum J B, Kemp C, Griffiths T L, et al. How to grow
a mind: Statistics, structure, and abstraction [J]. Science,
2011, 331(6022). 1279-1285

Kemp C, Tenenbaum ] B. Structured statistical models of
inductive reasoning [J]. Psychological Review, 2009, 116
(1): 20

Mintz M, Bills S, Snow R, et al. Distant supervision for
relation extraction without labeled data [C] //Proc of ACL-
IJCNLP. Stroudsburg, PA: ACL, 2009: 1003-1011
Surdeanu M, Tibshirani J, Nallapati R, et al. Multi-instance
multi-label learning for relation extraction [C] //Proc of

EMNLP. Stroudsburg, PA.: ACL, 2012: 455-465

[66]

[67]

[68]

[69]

[70]

[71]

[72]

(73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

Mintz M, Bills S, Snow R, et al. Distant supervision for
relation extraction without labeled data [C] //Proc of ACL-
IJCNLP. Stroudsburg, PA: ACL, 2009: 1003-1011
Hoffmann R, Zhang C, Ling X, et al. Knowledge-based
weak supervision for information extraction of overlapping
relations [ C] //Proc of ACL-HLT. Stroudsburg, PA: ACL,
2011: 541-550

Takamatsu S, Sato I, Nakagawa H. Reducing wrong labels
in distant supervision for relation extraction [C] //Proc of
ACL-HLT. Stroudsburg, PA: ACL, 2012. 721-729
Etzioni O, Cafarella M, Downey D, et al. Web-scale
information extraction in knowitall; (preliminary results) [ C]
/[Proc of WWW, New York: ACM, 2004: 100-110

Yates A, Cafarella M, Banko M, et al. Textrunner: Open
information extraction on the Web [C] //Proc of HLT-
NAACL. Stroudsburg, PA: ACL, 2007 25-26

Carlson A, Betteridge J, Kisiel B, et al. Toward an
architecture for never-ending language learning. [C] //Proc of
AAAI Stroudsburg, PA: ACL, 2010: 3-10

Wu W, Li H, Wang H. et al. Probase: A probabilistic
taxonomy for text understanding [C] //Proc of the 2012
ACM SIGMOD Int Conf on Management of Data. New
York: ACM, 2012 481-492

Wu F, Weld D S. Open information extraction using
Wikipedia [C] //Proc of ACL. PA. ACL,
2010 118-127

Zeng D, Liu K, Chen Y, et al

Stroudsburg,

Distant supervision for

relation extraction via piecewise convolutional neural
networks [C] //Proc of EMNLP. Stroudsburg. PA. ACL,
2015, 1753-1762

Zeng D, Liu K, Lai S, et al.
convolutional deep neural network [C] //Proc of COLING.
New York: ACM, 2014 . 2335-2344

Dos Santos C I C N, Xiang B, Zhou B. Classifying relations

Relation classification via

by ranking with convolutional neural networks [C] //Proc of
ACL-IJCNLP. Stroudsburg, PA: ACL, 2015.: 626-634

Li H, Xu J. Semantic matching in search [J]. Foundations
and Trends® in Information Retrieval, 2013, 7(5). 343-469
Bai B, Weston J, Grangier D, et al. Polynomial semantic
indexing [C] //Proc of NIPS. San Francisco, CA: Morgan
Kaufmann, 2009 64-72

Bai B, Weston J, Grangier D, et al. Supervised semantic
indexing [C] //Proc of CIKM. New York: ACM, 2009:
187-196

Gy O Ngyi Z A N, Garcia-Molina H, Pedersen J. Combating
Web spam with trustrank [C] //Proc of VLDB. San
Francisco, CA: Morgan Kaufmann, 2004 576-587

Bengio Y, Louradour J E R O, Collobert R, et al.
Curriculum learning [ C] //Proc of ICML. New York: ACM,
2009: 41-48

Lake B M, Salakhutdinov R, Tenenbaum ] B. Human-level
concept learning through probabilistic program induction [ J].

Science, 2015, 350(6266): 1332-1338



EAR S AR 2016, 53(2)

Liu Zhiyuan, born in 1984. PhD, assistant
researcher.  Senior member of China
Computer  Federation. His research
interests include natural language
processing. representation learning, and

computational social sciences.

Sun Maosong. born in 1962. PhD, professor
and PhD supervisor. Senior member of China
Computer Federation. His research interests
include natural language processing,
Chinese computing, Web intelligence, and

computational social sciences.

Lin Yankai, born in 1991. PhD candidate.
Student member of China Computer
Federation. His research interests include
knowledge graphs and representation

learning.

Xie Ruobing. born in 1992, Master
candidate. Student member of China
Computer  Federation. His research
interests include knowledge graphs and

representation learning.



