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2RO FIRETH ik, R 1SRN R A ST R AL RARAS LT RN, B kBRI
1k, FI ARG KG 69 BA LM, T AT S Tt 42 4, 40 KG #h e X A RIS, B3t A 940 B 38
AR BAT 2B B, ML QA KG F IR E) 69 F L BATRANGIAR, 1L @46 Ao bd 19 4 Z 6930 & KG
N5 ik, AR GRA % RAZ B4 KG ALK, 248 X AEA M%ﬁw«)\\ K ABN P BEEFF @B A
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Overview on Knowledge Graph Embedding Technology Research
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'(School of Computer Science and Engineering, Northeastern University, Shenyang 110169, China)
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Abstract: Knowledge graph (KG) is a kind of technology that uses graph model to describe the relationship between knowledge and
modeling things. Knowledge graph embedding (KGE), as a widely adopted knowledge representation method, its main idea is to embed
entities and relationships in a knowledge graph into a continuous vector space, which is used to simplify operations while preserving the
intrinsic structure of the KG. It can benefit a variety of downstream tasks, such as KG completion, relation extraction, etc. Firstly, the
existing knowledge graph embedding technologies are comprehensively reviewed, including not only techniques using the facts observed in
KG for embedding, but also dynamic KG embedding methods that add time dimensions, as well as KG embedding technologies that
integrate multi-source information. The relevant models are analyzed, compared and summarized from the perspectives of entity
embedding, relation embedding and scoring functions. Then, typical applications of KG embedding technologies in downstream tasks are
briefly introduced, including question answering systems, recommendation systems and relationship extraction. Finally, the challenges of
knowledge graph embedding are expounded, and the future research directions are prospected.
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HIREIE (knowledge graph, KG) 7E 0 N LA BRI — A0 3, 1 T 28 AR A M LN S iz 0, Hom g5 B
R 453 T I3 % . 1501 Freebase!!, DBpedia™, YAGO™, NELL™, Wikidata'™2% 41111 |83 & 4k i Th 61 2 I v
TVFZ ISt N, AE SCAMHT T iy 44 S s ™), B45 SR E O R ) 2 R U VA A B LA S
TH SRS Y R, SR AN ¢ R A A 1) L AR A B, BN ) & (R H Sk Sk 5 R SR R T — A~ =
TCH, B CGRSEAR, KR, RSAE), Rk Sk 5 R SRl O¢ RAATIERE. R AR B S E R s g M A T EE
AT, AR = O I FEARE 5P RS KG A LA U,

H T FRPEXA ), AR T AN RIS ), Bk FD R RS RN (knowledge graph embedding, KGE)
AN 82 ) (knowledge representation learning, KRL), B 7E¥ KG IG5 (BHGSLARICR) RN BIiELE
1) 1) = () v, DATE A 0 R I OR BE KGRI 254, S54RIl b, KGE 24 KG SR 06 &
PO T N L MZROR, AR T N PR R AR, thAh, KGE 7T DU i B i S AR ¢ R AR 4R IR A BRI AR LI
Oh b b A7 SR S AR O 2R TR PRI ARABL P

VBRI DR M 2 MRk 22 2] KG H IR SEARFT C R R, (R H iR 2 800 F I BEAAT AR AR A7 13K
W 2 B I T SR PAT IRAAT 55, B, 45 58— KG, 1 5CE (R4 i 2 0] R R SR FI G R, H o A
ZICHLE AN ) R A S LA (AT R ) A EE. AR5 8 L B A 2 B 1K = O 1R A B Sl 2 ) sk
FIOC RN . X B84 ST N IR T LARE— 25 B TS B3 FRAT 45, 00 KG b4 U100 G R4 i 0, siefhk gy
SO S Ay U520 o T AN el o AU SR 2 3T R T AR AN B (1 S rh ey, DAL Lo R AT 45 ml R
AT A R TR P22 Aok, KRR 2 (K 7T FRUR I 2 2 SR F SU A AR (4% S, 91 s A 2 2R 224 oA
ik B, S R AR B, T A B RN BB PR 3] T 2 (K TR

A 1 WA G TAR A SRR 8 3 28 2 1M KG Ao g2 81 0 = 90T N BRI T 4
Tl s, B A A 4T R B AR, o UCHRCAR 2 DL At BT ) KGE R, 35 3 1 B ZEHe T flG i a5 B 3has
SRS N B A, BEAIA 2 t-TransE. Know-Evolve. HyTE. TDG2E ZACEME 57 KGE J73%; 5 4 1544
T B KG SR 1) 35 LA &5 4 B IS B KGE BiR, #ilinsicfk el SORRIR . XREAASE. 5 5
48 KGE HARTE NUFE S H LN . 28 6 5% KGE HRTH G 1Bk 5 AR SRAF T 7 AT ie. i), 56 7 9%
A TAEIEAT B 4.

1 BXBESHSEN

L1 HXRAE

S AT S TR 1) U 7 1 S A HR R BT O R 2% 3 (statistical relational learning)”"!, knowledge graph
refinement®, W S AR E I 4 (Chinese knowledge graph construction)™®, KGE!"'mt KRLP”. Liu 2 A\ P7E 2016
TN T AIRER RS ) (KRL) FIFEAME SN 12207372, W ARR R 2 S W 0 E 2B . Oy 2L
S ASKBE T AT T A TR A5, by 5 8210 A RIF 78 B 7 sk (3R, 3 4K, Lin 25 A PTRAZR M )y L th
KRL, 5 F 3T B0 M. Wang 25 A VR DE2r s 306 KRL BEARUHEAT 402, DI T KRL P48 045 2L,

TRATA AT L) Wang 25 N U E Ok e, 15 2 ARSI 6, AR SO T B8 (B 5 T8 ST e AR A T
TR SR, X IR KGE HORBEAT T FA, R4 T 25 IR R RN 7V R Befdt g, F 00 TR
AL, BLAh, AR T 455 5 LMY ILAAE B IRABIAR, DL KGE HRIMIL N H. J)5, 245 T KGE
BRI BBk, I HEARATT 1) HEAT 2.
12 FFSEX

SR EIBIR A B0 KG SR TN RARA B AMICHETESE I SO ) . O T T3 W), A/ e UL
FHEEATE S Bk, & XMNEE N G=(ERS), LHE={e,er,....em) ZFIEE, WHIEN FhA [ 5
R={ri,ro,....re} (RERRES, W& RIFIAFKER; S CEXRXERRNFL TS, — kg8 (o), 5L
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oh R RSk B, r RORENZ M OCR. B = o4l (BillClinton, wasPresidentOf, USA) /R
BillClinton 1 USA 2 [HJf£7E % % wasPresidentOf. 3¢ 1 %11 T BAR 55 R LAk,

R HAFTGE S

i) Eilipa i Hliik
G IR 1% N HYEES
(h,r,) Har=udl (h,r,t) A =J04l
reR, ecE KRS SIS fr(h,1) PRIY R 5
a(),8() AL M bR K M, WIS
L BB R RY a4l S A 1)
c? a4 s3I R ) HY a4 B H A
T4 AYfEIRTI % ] ® HamiltonZfefH
o Hadamard3feA#! R.() AT UM 1 520
* PEFRAR concat(), [h,r] ) o A 1
w BRI 4 BHURAE
[h]; I Seth 1) 3000 M,];,; FERE M, B 55 i3

2 [ERFELHITHIREIERAN

AR FH 2 5 AT 60 R B TR NI 2R FH VP o0 R B80T 3 . VP bR 85O 1 f i g s 1 & R,
TR N AE I HESE T B R Ok fit R R . MU ST PR 4 iR B0 S I R e TR RS VR A i (] 1(a)) SR T
AEALPE PR VE 23 ek B (W 8] 1(D)).

\
r /é \_ distance
N AN
h 4
t
(a) FE T F#5FE B /¥ TransE V74> (b) £ T8 AL B DisMult ¥4

Bl 1 LA TransE" AT DistMult™ 49115 W51 BE B RIEEFARBIVE VL AC A PF 55 6 20

2.1 ETHEEMIRE

FE TR 2 (A BAG H JT IR S 1 VR 23 BR B, B I TSI [ )R R A e B S A R, PRI UL E,
FHPEJR B h+r ~ e V2 AT A i U, 28T 00 B AR L I8 5 ph O R PAT RIS, AR P AN S 2 T ) B 2 ke
AN ST A B, AN TR T R PR 2D A oy A AR R AR BB AR 5 A 00 AR A
2,11 FEAPE R SE

o SE: — it B WL IV 2 T B B9 1) J5 V22 T SR S AR DG AR IR 0 7 2 ) o (R 48 5 ) 2 IR) (W BE 8. &5 M) 3R 7R
(structured embedding, SEP”) H (RIEEASEAA ] d 41 K 7R, SE AR R R 2 LT A BEEHEEE M, FITM,,, FIH
KPR B FERER Ly J5 252 2] S5 IR N

fr(ht) = =||M, A =M, 1)
VZIE B R S SEAR b 5 R SR ¢ FEOC R ¢ N IE SURIDCRE. R0, SE BAURT sk, IR 2 AR RE
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AT, Rk, SE BB PM RIVERL 22, TRiEAS 2N Sk RS 50 R A 1F SUBE R [R5,
212 BRI
o TransE: Mikolov 25 A7E 2013 fF42 1 T Word2Vec 3¢ 7522 S0 T 49, B0 ) HZ 528, Mikolov 2%
N IR i) 5 5 TR AF AR A R P R ARG, 5212305 )3 )2, Bordes %5 \T 2013 4E42 H T TransE #7841 % 45
BOK O RN SRR IR Ky R — =5 0] AR ) 1) . 45 8 RS (hrt), R & r & r R A KSR | & h 5 RSk )
it Z AR RS. DRI, HRONTR)SEAA h F ¢ AT DL PR ) i e MR ZZ L, RV : h+r~t, & 2(a) HiZT7 7%
M iV s, ST T EREAS=JC4 (h, r, 1), TransE 5€ X T U1 HVE4) eh 24
frtn=—[[h+r-t| , ©)
B h+r 5 ¢ 10 Ly L, B A
o UM: dE45MJIE Y (unstructured model, UM™) J& TransE F fiff SRR A, KBr4n iR B i 4 o B 56 R I, JE B T
A1 =0, W UM I9F53 B 80K -
fr(h,t) = ~Ilh -t} 3)
UM Jl 5 R Al KGE TPk RIFEATEHE S (R EARER AR R,

h
-
“t,
t
SRR R 23 A SEARFIOE R 2 A SRz A IR & ]
(a) TransE (b) TransH (c) TransR (L HP [ BB R S AA, = f TR B (1 AR ABL S A4%)

K 2 TransE, TransH, TransR A5 %Y ) 5t A AR B

213 KRR

TransE A& B 7E UL ATR 3G 2R 8, (RO i TR {7 50, 23 TransE JoiZdf AIREE I S 2200 R it
BE, IR B 2% K R € U e BN DU vh OC R P il B SR IO 8O, T BLRE DR R K43 2 1-1, 1-N, N-=1 I N-N
X4 MEAY, N 1-N RAROCRIGI 2 — Ak SRS I N 2 AN R YR, JATTHE 1-N, N-1 F1 N-N FCh 5 406
FRAFTORIN, S RIRIREUEETE AL BE 4 Fh 2T 5C AR IN 1R 1 B 22 S 480K, 914 TransE 7EALHE 5 245G R @ LN 1
RERRAIC, 1X 5 HABR R B S V)RR,

Bl F 52 HOR - SOMMIFE 1993 4FF 2001 A A SE [ S 40 ] DA% 0 W~ = o4l

(h; : BillClinton, 1; : wasPresidentOf,t; : USA)
B9 — A HSLTRIA R A AT AE 2001 3] 2009 4RI FE B4, Rk U0~ =04l
(h; : GeorgeWalkerBush, r; : wasPresidentOf, t; : USA)

AR, BRI =TI AR R 1 R AR 5 0GR, 1 R A A F Sk Sk, BEIn, A TransE AL =
JCA A ) ENREROR, TransE SSHEF H by = by BV REE 1R, 8 T AR YOX — 10 8, S5 RiMIL T KX T TransE 9
FEARRY, 2N et B S b 06 R IW AN R R 7n 28 RIEAT Rl 43, AR 3L IR AR Y,

(1) Point-Wise %]

Point-Wise B [G#7 18] ]32 B H T2 75 SEARFN G &R, 7E ) F BORE R 25 8] h B 50 R ION, BB PR G R AT L.

o TransH: TransH F S "M 15— ANSAAAE B S AR 6 RN HAT /3 A o, Wil 2(b) iR, TransH o SE Ak
B 1) 3, R RN SR R r EEAENVE 1RO W, 5% A E T A 1 R (r e RY) L HACK B, XA =Jud
(h,r,t), TransH B 5504 Sk s2 4k 5 h 5 RS0k it (h,t e RY) V2 w, (w, € RO LB F » W N 81 I,
B E g h Mt RO

h, =h-w hw, t, =t—wtw, (@)
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MR =TI (h,r,t) BOL, Bl by +r ~ ty, BOEBOEAEE T i v DME R Z231% 82, W) TransH (VP53 e 80E SR
S =~h +r-t.|; )
T35 INFE 52 B ¢ FRRE B T T ML, TransH A3 AN SUARTEAR A 8 R R AR IR R B
o TransR: TransE Fl TransH R 52 SEAARFIIC R R ATE R — 25 (8] RE A1, HE S RSO SE A A 0 4.
—ANSEARIE Z R PR ERA AR, T 0% ZR DGR SRS ) 1. DR, S ARABL R S AT S A4 2 [ vh 4 st el
T AE S O 5 & L R[], 036 I ) 5 2R 28 18] o S A e 85 O 7 AR A i L, Lin 25 AN Y42 T TransR 771k,
ZJTFAEAN RN 23 () (SEAARZE ARG R 2R ) oo SRR G R IEAT A5, IAE D0 R A [ h AT Rl .
TransR KA BRI 2(c) iR, S TRN=J0H (h,r,0), 6k RBIARREIIRR r AP, {11557
RARLARAS A 53k IR ST R R r B B R 23 I AR, X T8 —A~0C & 7, TransR W& — ML
FHEM, € R KSR (h, t € RY) NSRRI BGERIR R (r e RY) 27 6], B BEHFE, SEARIHERE ) HE AT

h, =M,h,t, = M,t (6)
e, ML SRR B - 11056 223 ) B AR BRI, TransR (F18R4 BOE0OE XA :
(=~ +r—t,[3 o)

® TransD: B %A TransR % TransE Fl TransH BA 23 808, (e R — 28 s O X TRE r, k. B
SAAIL AT R B HRE M, 206 T 3k RSUEAN R R EAE I, @ $op i R SHA SRR AN A il 2,
A b, BEEHEFEAY 1 oe R E ARG LN, @ 5 TransE Al TransH A LY, %5 F4:- ) & 36y 48 TransR AR 7Y S50 SURIHY
n, PR, TransR Ak LU - KRS S i &1

N, 12N B B AR TransD, 1813 o T HIEA AL, SN EIRF R MIUE LR r (0 =04l P i —
AR, My, FIM,, 733002 bR ¢ FIBGERERE, wi,, w, (0= 1,2,3) Flw, 2 B08 A& by, Fle, e SRR B 1 &,
e, +r~t, (i=1,2,3). TransD A A SRR E LA &, — MR/ KRR LR, 55— TG R 5E
KRR, B, 25 =0 (hyrf), Fer BN h wy, t, w, e RY Hor, w, € R¥, TransD #i84HE— 25223 7 2 N5k Sk
Sk 5 R SR B R A R B E MLy, , M, € R, BARE XU

M,;, = w,w, +I% M, = w,w] +T7¢ 8)

| S R3]
3 TransD 4] 5358 B

AR, X BEARE M,y , M, 5 S8R R 7G5, I BRI A5 10 AL G B R BE A ¥R T TransR T
G IS HANZ 1A . 6T = JC4H (h, 1, 1), TransD [R3F2) BRE0E XAE
fr(h,D) = =||hM,y, +1 — tM,, I3 ©)
o STransE: Nguyen &5 A\ 38 6 95 /N ] B 11 ¢ R P AR ZY SE 5 TransE TG, 3t 77—/ MBI AR
STransE™, iZ B RO REAS SUAR TR g — AMIRYE ), I8 AN FE R — AP RS [ RN RN R R VR i 5
JE SR
fr(ht) =M th+r—M,,t

|1/2 (10)

STransE A LLFYE 2 TransR BRI FE. OB R RALT I BOERERE, — M Tk 84E, M TR s
A, MTAS &AL TransR 195 38 47 FF AH ] 14D 66 .

e TranSparse: B /44 1 TAE Trans(E, H, R A1 D) #BZH& T Zn i B0 10 5 5t (v e $e Sl b — 2650 R
HEPRVE 2 SRS, T ) SER R MIANIERR) FAPETVE (A PEVESR — AR R Sk s ih b R S AR OB H mT REAN D),
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H T AL PIAN ), i 25 ABR T TranSparse #7945 TranSparse(share) 5 TranSparse(separate) 5N A<
AT v iR U, TranSparse(share) #5254 A 85250 B AR 5% BE FH % 28 3 B2 R SRS B v s, I HLoR R A )
ILEA R B BE. B AR, TranSparse(share) R K R r WE T Wi BEHFEM, (0,) € RV FISER [0 &
reRE, N, RIRKR r BN SEHX R, N RN EATINBRER, Ouin(0 < Omin < 1) RV E BB SH. WIH
M, (0,) IR B E 6, € XN F:
0, =1=(1=Onin) N,/ Ny« (1D
T AP R AN 1) 8, Ji 2R ANHR T 58 MY TranSparse(separate), A &N ¢ R A AN AN R B B g
BOEFRE, 23 T3k SEAR 5 RS2, Mg )2 ok REE Nk (B) SEREUE i e, HAAK U, 7 TranSparse
(separate) 1, A REAN KR UE ISR I M g M (Hﬁ’) FIML(6), 7+ H.M" (ef) , ML(6)) e RO H P bR r 26
RINES], b, ¢ XRFFER T CRER). N (1= h,t) RRKFR r EALE [IEEBARF SR E, N ERoR
N R K. B R B IR R B
6 =1~ (1 —Gpin) N' /N (12)

h, =M (6)h,t, =M, (¢)t (13)
o TransM: TransM" M4 AN 5L~ J04L (b, ry ) 595 R 5 R w, MK, J0R0 JBARE, 4624 2] KG R,
ANTRITRI O 2R AT e BAT AN [ IR B AH R P 43 R 480E SN
Sr(ht)=wh+r—t|, (14)
H, n, v, teR?, TransM B 455 4 KR CEC AL, 2/ T TransE AR BN HALRRAEBAL. K 4 H
M 7R T TransE 5 TransM 7EEE 1-N SR A A,

TransE TransM
/¢l 4 TransE Fl TransM 7EGERE 1-N JCZ S I 1 X 1)

e TransA: Xiao 25 A\ “""A ) TransE K2 J5 (M4 A AIAZEAE A L2 8 O 5% 6 R B S8R %10
RN, BRI A5 3 i ) RS PEA L LR RS 45 1. @ B2k s B0 T i 4k, SEAA R DG 5 ) o P A A o 8
A5 18, 5 R A IR FRAR T MR RE. S, Xiao 58 ASR I T — T BI& A 236 & 5 1 HR N 7V TransA.

TransA ) FH 455X 451 2 1A 11385 3 B B2 13 A oMt AN R 3% 110 L R e 3 0, P4 v i M

fi(h,t) = (h+r—t) "M, (h+r—t)) (15)
Horp, (h+r—t) = (b +r =t b+ r =ty +r = 1), bt € RY, M, € R I 55 (9 38 I JSE BRIV 1) 9% AR
SE PR AR AR 57T AR R

TransA K FH A 5 S5 S5 AR BRO% 45 510, W DASE 47 M3 /R i 52 24 0 R B I I ST 2 A # b. B 4b, TransA 7]
DLBEA R IR 36 I FRTRFAE 4580, 7 T 5K B TG G 4 BE I g s

o TransF: Feng %5 A\ PO H 3 2 588 O A5 700 SR FH 0000 18 SR B 7™ A%, Tvk g B A 2 (0 SE AR R O6 R Bt [N
B, 32 AT R R BT 5 % 2 R I SEAR RN DS R AR, B AN SR h+ e (Bit—1 ) 5 5 ¢ (Bn) 177 1R AH ).
HAPor B R

fr(hty=(h+r)"t+h" (t-r) (16)

o [TransF: Hi4X STransE (W GEIL T TransE, {H'& 8 25 5 LA Wbt i) 4. Xie S5 A& T — g I AR
R I TransFCY, 38 1B givE 75 47 1) 2 30 26 R A AV DG IRE, STl 77 Bt & 1) & BRI 8 o540 1 (1 3.
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ITransF ¥ 1A ML SR BEES N — A =4EKE D e Rooe |, Horhm TS d8 @ LS HBOE SR E, n 2

SRR AT IE R B I 4E%L. TTransF (1) BE -8 o8 % SN
S =|lef-D-h+r—of -D-t, 17

o, of ol €[0,11", Wi Z[_affi = Z[_a:, = LEE—BEE . B, M H m = 2R BES5ERE, Ik =
F7 1TV E I AHAS K one-hot [i] N, STransE 7] LA 7~ ITransF A () — N1

e TransAt: Qian % A P2HA Ky A0 56 2 1A K0 REAE — Fft 2 AR, I HLSEARZ T 77 AR 2R 0 X 4%, 18t i
TR AR B AN B, 7E58— B Brh, 2% eI Se AR 1) B g A2 43 A 17 0B SE AR T2 75 4 BE, A BRI 0 rhli
ERAGEIE AR B B, AT IRSERT e = Je L AL, SovE SRR At R B2 1 LA R A AT SR E R R B R, B
HREHBR T 27 AN ZAMEFIN T 2% S R BAHRMEIE N 5 0 FAHRE B I AMES. T LU BEEY (W1 TransH,
TransR, TranSparse) JGi%4% 3] 4l BE 1305,

H U, Qian %5 AR HY TransAt B[] 27 TN, S FRAR AR 606 RIS FRAH G 2 7). TransAt FVE S
PRAE LR

fr(h,t) = Po(o(rp)h) +1— P, (0 (1)) (18)
Horp, PR S A YRR, o S Sigmoid WUE AL, 1, v R 5K r AR ) =

o TransMS: TransMS A 3] FH A 2 1 o H50R0 2 i 58 1) A 3 22 1 ¥ L, 8 S22 G R I R 2 TR T 45

AT T 2 ek, JLVPa rR e S
f(ht)=| ~tanh(tor)oh+r—tanh(hor)ot+a-(hot) |, , (19)
Hr1, #5450 KR Hadamard FEF7.

(2) WIBFIEF

T IE AR o HAA AR s A & RO 3D 25 1A], Point-Wise BB — MATE & (AEF Lk, ANEE
(A H 2R G830 2 g w7 RANKE A HLANER ) AR B R4, T0 10 A RURBE St T 33 e 0 A 7K 1 0 e e oy .
N T FRRIX LS, Xiao 25 AR T —FhIE TR M N B EE (ManifoldE)™, % Js HH a] g 5 12— i e 05k
R4, 'C¥ Point-Wise R AN B A IET-IITE MR

255 = JC4L (h,r,1) , ManifoldE K T IE MR B MF(h, v, t) ~ D? | 244558 — A K SEARRL AL RIN, B Seiihs
F—AEYEFE . ManifoldE SR = JGALE B 3% 1 BE 25k ¥ it-PP 4 B4

(1) = |MF (b, x,t) - D2 (20)
Hrp, D, RKRFFEMRIL S, MF :ExLXE — R EHBERE, b B BSR4, L EKRE, R ELHFE.

Xiao N PN T R THB A PR ¢ &, B Sphere Al Hyperplane. 7E Sphere %t & 1, 1 /il reproducing

kernel Hilbert space (RKHS) /i a4k, Bl
MF (h,r,t) =|lo(h)+e(r)—¢() ||2 =K(h,h)+K(t,t)+K(r,r)—2K (h,t)—2K (r,t) + 2K (r,h) (21)
Horp, o J& R 545 1) 21 Hilbert %% 8] (RIS, K JE 4% BR300

53—/~ Hyperplane $EH K. BSEAARAPIAS AR T o, I 26 B AT HGE - TI0 AN AT I 4 SU AR AZ. DA,

¥ MF & XN
MF (h,r,t)=(h+1,)" (t+r) (22)
Horp o, Flr, 2 Sk s SRS 8 G &R ] 5.

TransE #5870 TH L SEAR R BS 2 11, X BTG IR SE AR OC &R i) B EAT T 1E UMK, IX R VEA0 B AR 4 T 1) 525 )
(I R 5K, A8t S350 T B 7 I8 O, 7 388 G 1 WA R 1 77 J , TorusE S PORKE s 2 0] ph 238 [ 2% (1) 8%
HWepl T 258, 1F TransE [FIRABERY A, jin) 25 ) 75 B0 2 40 (1) WARLIRRUE AR ), (2) B2 8 (+,-) Wi AL
(3) fiefif ez XPH 25 PR 4. TorusE BEALAE UL SERT 3 hn T 2 M E 80 442, SR T TransE 1R B, i H oy LUIE
B, A= T LU L TransE T80 10 R4 H AR R IE MG 1F.
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Zhang %5 N PORGHL T —ANEABE T 1) [ R 2% D) 10 B B 2 o) FR)AS [ 90 X F0 8 88 R B Ly o, SEARRIISE
ZWR NN [h],[r], [t] € T, Z4LLF TransE ZER" LML H ¥R h+r =t, TorusE #E T LM%k [h] + [r] = [t], JEARHE
PR B BR BN ) L3 AN R IR PE 23 R 2

S (hyr,t) = 2d;, (Th] + [r], [t])
{ o (hor,t) = (2dy, ((h] +[x], [t])? (23)
fors (11 = (der, (0] + [r1,[€1) /2)°

TorusE HA Lt TransE SEARITHEE LT,

(3) A dlrat(a)

T T2 38 7 528 (4911 - TransE) 3l 0404 R4 2% bR BOR % KG Hh IE = J040 73 80m T4 = Jo 4l SR T,
TR LR WS T SEARFIOC AR OF) e 1. S2Bs b, AN IR SR R0 00 22 1T BE AL S A4S IR iff o 1, 3 JL AP 1 — S8 agF
TR T eI E P, FEK LBl B LA i B,

o KG2E: 32 & ia] fik A\ IR 2, 6555 5 (R i B KG2EPT 5| N T s /0 A7 SR AL BE SEAA RN SE R 1 (OF) 1o
PE. BARSK UL, KG2E K SEAARFIOC R M B 2 4 i W00 A7, B8 SRR 5C 2140 B B 348 v 12 R0V U7 2 66 B 1) v
GrATAR, B

h~N@,,%,),t~N@,%,),r~Nu,,X%,) (24)
Hh, wy,u,u, € RY 2 S0 A0 I M &, R SR RAETE SO B R O L B 2, 2, 8, € R 2250
Bk, TN SR EOC R AN
5 B RE 0 7 vk U1 eh A, Hee 45N BTNk M Sk 2 1A 81 2 S A4 1 4 4 SR 2 AU T IE = 0 41 1156
2, AN h—t REIR, XN T 2510

P,~N(u,—u,%,+%) (25)
KG2E %87 2 Fh vt SAHBUEE IR J5 ¥ KL BUSERTHITER AR, KL HUSE & —FPARKIRRARLRE, P43 s 250 L an T
B . N(xu.,X,)
[ (h,t) = . N(x;u,,Z,)log Norn ) (x;u,,E,)dx (26)
HERALR 2 — TR R ARALLEE, 17 23 B 250 ST
f-(h,t) =log N(x;u.,Z,)N(x;u,,%,)dx 27
x€Rke

o TransG: Xiao %5 A\ Ui T KGE P iy i) jl—— 2 FOC R IE X, BI KG il — A R ] e A Hoxd =
TCAL SRR SN BT #8751 2 Bl L. TransG 2 1R R 55— AN A oy, Y DU 22 525G 3R 1 S

TransG 7 55 & SRR (K0T LE I B 5 5o, 181 5(a) AR GeR s i, th 120 R r BiA v SRR EARTA] (1,
DRLE LA PR 1 P R AN RE IX 0 A AU = e LIS IE A ) = J0 41 B 5(b) R W, Tl FE 8 R 2 ik X,
TransG KA A] LU AT 2455 TR 1 — Ju i X 23 I

i,
.h\AA’ [/3 \\\
! |
i
\ Ly //
i N 1/5 e /
(a) oGy (b) TransG

K5 (LS 5 TransG B8 LLER, Horh = MIB RIS IEMAIY 2 5044, BB R mE 1 e S A
FARSK B, TransG $2 Hi A F DU S 500 FRIE A i\ B712% 856 R 10 22 B0 SR S X TR SE4A, TransG
TBE SR RN ) 12 IR A IEZS 20 A1, BI:
h~ N (uy,071).t~ N(u,,07T) (28)
Horr, 1 e RO FORBALFFE, wyu, ~ N0, 1) 730 30Ry RBSEARIPFBIRN & oy, 0, 730 3875 Sk R SR 53 A
(5 2.

© PEBEBPHIFST  hip:/www, jos. org. cn
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TransG A — DR AW LURA ZF0E X, NAZRE R0 il A IR . DL, K0 AR IR 7 e SN

r,»:t—h~N(u,—uh,(0',1+0',)I)
TE S R R M) &, TransG PE5 B E0e X R

M, . —h+ri—t
f,(h,t)zzizlﬂ’,exp(u)

2, 2
o-h+0't

,\EP ?%T?%%rﬂ']ﬁl (N7

285

(29

(30)

o, al BTN T 0K » 8T NE UL R, M, S K FR r BB L4 i B4R, tH Chinese restaurant process
(CRP) MHli b (5827 2] 101,
214 MRS
AT T T EEE TS iR B AR, BRI HE AR BB, BIRERY, B 0C At 3 AN/ NIk
ATHIR . 7282 A2 R AN b, 3 RS 5 2 RIS [A) 3 75 3 (R EAT 40 43, 3% 2 02 T IR B MBS BYEAT T 4 1in
pEy
F 2 ETREBS IR g
B3] Y BINTIN KERHIKAN VEI> AL £, (1)
AP B A SE™ h.teRr! M1, My, e R —[IM.1h = M|
\ TransE!"™! h,t e RY reR? =lh+r—tl,
BB )
UM h,teR? - ~h—t}3
TransH!'® hteR? r, w, e R4 — = wlhw,) +r - t-w]tw,)|;
TransR™! h,teR? reRK, M, e R ~IM,h+r - M]3
TransD™  hteR?, w;,,w, e RY r, w, e R¥ - ||h(wrW,T +D+r-t(w,w +I)||;
1451 d reRr?
STransE h,teR M1, M, € Raxd ||M,7| h+r- M,)zt” 12
—IM,- (6, h+r =M, (0)t]]}
TranSparse'*®! h,t e R? reRe, M, (@) ¢ RkXd - v 1/2
Point- P ’ M (67), ML(8)) € R o ACAI RS AAT!
WiseZ= [ 12
TransM™” h,teRY reR? wrllh+r =t
TransA™ h,te R4 reRrd, M, e R (h+r—t)"M, (h+r—t)
. TransF©™" h,teR? reR? h+r)Tt+h" (t-r
R (h+r) (t-r)
ezl ITransF"" h,te R? reRr? ||a{?-D-h+r—(t,T-D-t||l
TransAt®” h,t e R? reR? Py (o (rp)h) +r— P (0 (r)t)
TransMS™ h,t e Rk reRb, a=ry,, €R! ||[~tanh(tor)oh+r—tanh(hor)ot+a-(hot)ll)
ManifoldE") h,teR9 reRr? Mh,r,t)-D2|
AR . ot 6- %]
TorusEP® [h],[t] € T" [r]leT" mingy yye(h)+ e X = yll;
~ N(x;u,,
h ~ N(up, Zp) ] [rogie NGsu,, %) log N ue,00)
KG2EL t~ N(u,2) r N2 g e R Nesur =)
%, € RS . 10g [[ o, NCxite, SNty )dx
ﬁ /\ Eﬂ r
TransG"* N(uh o-hl) u~N (“’ ~ ("—ﬁ +Ut2)1 )

) |l +ri =3
tNuolt) =Y en Y| A
h t
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22 BN LECHRE

T NG PR 25 ) FE R (0 U 43 e 4, RIS 5 T SC DTG A A e 2 i 1 A5 B T SC U R SR SR A
3 (W™M, ~ t7) SRAS R IR 2 [A) v (1) S SR, A 5 8 SRR . A 15 AR S AR OC ZR G B (R AN [R) RBE B4 5 4y ok A 4
FRAFENE BT LU RCAS Y,
221 LRPEONL MR

LR LR MY (BRI L2 18 1Y) — SR L/ 75 T oK T B AN & XU P 119, H STk [62] TiE I T e AT 15 Ak PSS
VB Q) 3 Tk 4 Sk SRR R BT R SR R 2 s T o, B 0 R o — ANtk A ek e, RV T B FH 2k
HIEH (A GHYMEHEIEHE (A3 (32)) Fuhd SRR SC R A AR

_wmT(h
g-(h,t) =M (t) &30
f-(h,t)=h"M,t (32)

® SME: i X VCHECAE A MY (semantic matching energy, SME)P™* 1 tt G4k 524k 5 R 2 1A (15 XBER. 7E
SME 1, SEARFI O RSB IL Sl [ 1) R B X, 8 L2 R R I 775 IO B[R] — 2= o) b (B840 T MR 52 44
RO R 2 [ AR NES Z2 ), I B T A5 TR (FRZIE SR 5 0 R N TERE R). SME A I
22 48 SRR HEAT OB SLUUIE, 181 6 22 1] T 1 SCUTE A o R 00 i A JELARL.

Jr(hH=g, (h, O g,(t, 1)

g (h, 1) g (tr)

VAN
h\Tr/t

(h,r, 1)
K6 i SCULHCAE fpR ) st W, RIFETE SCEULHE () A () SRR RN IO 4L &
wlE 6 Bz, SME B SRR = Jodl (h,r, 1) RS U B A h et e RY, SRS R AR v I 02

&) SRIARIRA R 4L A, 158 g, (h,r) s FFIEI PR g, () B RRSEARIRA LA, 158 g, (tr) . )i, KEFSE IV 2p bR
HoE SO ER E AT mAILHEE g, (h,r) Rl g, (t,r), HI:

fr(h,0) = g, (h,r)"g, (t.r) (33)
SME Jyifs VLA g 2 R H0E X T &M WM PA A, & L F:
SME ZiE /2 A
{ gu(h,r) = M!h+Mzr+b, 34)
& (tr)=M!t+M?r+b,
SME X &kt B A
gu(h,r) = (M;h) ° (Mgr) +b, )
go(t.r) = (M!t)o (M2r)+b,

o, MILM2, M M2 € R G BEEHBE; by, b, € RY A 7 &, £F*5 0 %7 Hadamard 3R, LAk, 7E3CHK [19] H,
SME #t—23 & T e & TE S, H =Mk A8 e R, DA & I iaE ).
o LFM: [a7s i1 (latent factor model, LEM)' >R F ¢ 224 i X2k 1 A8 # 2% J& SR F 5 2R 22 1) (R AR S 1k
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LFEM N R =JCH (b, r, 1) 5E LV BECA

f(hH=h"M,t (36)
b, M, € R EICFR r T RIS AR R B, B WS A R ST T Sk RS A0 UK IR, B AR BAR Y
A TARK M ek, SR, thT LFM BB 35 SR 5 1 S HOR B, DRI 1 e 2 38 PR

o DistMult: DistMult® BRI M, g5t f4EFERD> T LEM ok RS EURECR, 7745 T 55 TransE MERIAR RIS 1)
KARSHL XN A XA TransE AH[F (WA feE, IF BAEBERE UL 2 LIS T SE 4T M fe.

TR #, DistMult 51— r e RY, FEE KM, = diag (), 14 8502 XUb:

f-(h,t) =h"diag(r)t (37)

BN SRV AR [ 4E B b R € 431 2 (A Rl 28 AR, 9800 TR X RIS ECE . XTI h ¢, 39
& hTdiag (r)t = tTdiag (r)h . K, SRR R AL (0B 20 B AR AR AR OG R, I%AB A 45 20T INDSCAL 7k & 43 fige Y
Syt 2 (R SR RS BAE A, 9> T 4N RIS EEE. ST h A t, 3% & hTdiag (r)t = t"diag (r)h. [K 3, XFp
Tk S AR (R T L REAL B FR 55 2R, %A 452 T INDSCAL K73 1,

e HolE: 24 T ik o6 REHE 10 3 & 22 B I A A3k 4T 71 5, Nickel 25 A$2H T 2 B A (holographic
embeddings, HOIE) A5/ | L2 3] HEAN A1 B3 f) jl 43 1) B 28 ) 6. Ol T 45 K AR 2R IA fiE /755 TransE f9552%
PEFA T B AR S5 4, HolE ISk RSk ) & I PR AH SR s o), BN 4158 5 A aob=ax b, Hijp
* : RIXRY — R R RMEIRAE IS

[a%b] = Zd;ol aibi.;mod d (38)

I AR X EVSECARI AR A 5 R, HolE A5 (11 9F 73 b 20 SO :

fr(ht)=1" (hxt) (39)
FEEAT S A8 LA FHHEAT He i, a1 7(b) F7R, HolE 45 5 RA3E O (d) NS48, e RESCAL!™ T 4734
WAL Q. /()

e

23

(a) RESCAL (b) HolE
K7 M4 RESCAL 1 HolE, RESCAL i i) a2 AN 0] 2 2 7R SEAAT, 10 HolE L5 4 N ] J2

o ComplEx: 1T DistMult B85 T4k, HAEA X FRKFR, BH A (complex embedding, ComplEx)“5|
AT S En E 7=, 41 Hermitian RO TOCR . SkEURR 5 =2 10 LH0C A B, A0 0T DU SR FRRN S5 Bk oG
%, 563% 1 DistMult B,
7E ComplEx H, SEARFIIC R A b, r, t AT T SEH A 7], WA 5240 m A, Bl: h,tre €4, AT LAFE LT |
SFAERIFR I R AL B _E, ComplEx [RIEESE (b, r, 1) VRS BB E X K-
f.(h,1) = Re(h" diag (n)t) (40)
FHorp, R IS, Re() R BUR B 1 S5, 108 5 BRSNS XERR IR, A0 BR 5 3R (1 552 ] LUARYE B & s ik
R4 B AS [R] 7R 93 45
SCiik [67] T IEP] ComplEx 7850257 E25%3% T HolE, 3 H. ComplEx ¥ HolE VA28 Ay 5 ik A i LB kv 11
PR O EAE 02, ComplEx WATLLE K E RESCAL (K3 J&, TR E T LMK RINEIRA
o ANALOGY: ANALOGY"* Ml F T~ 2 5 R e, % 5 3 i 11 28 L 45 M AT L. ANALOGY 5 LFM
AT (R S P T VT4 b B g s — oL R, & (PP 2 R e X
() =h"M,t @1
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Horf, hteRYES L. RSEARRIRIRA, M, € R &5 K R M REHIZMEM, A T @R LE S5 K, & 2R K A&
(1R B P L 2 RS TR HAH L) A 4k, G R s
normality: M,M] =MM,,YreR
{commutativity: MM, =M, M,,Vr,r €eR

HAR ANALOGY 5% 5 78 A A B, (HX SE0 ] LA R] N 23 ok s 46 — AR i o) 25 R, OF B D&k
W DistMult, HolE T ComplEx J5 7548 R _L#nl LAg ANALOGY VA A4 kA .

e SimplE: CP /}{# (canonical Polyadic decomposition) ™ & fiz .48 Y (15K F A 5 32, %007 i W BN SR R 24 )
MR &, JE R S IR L, AN TSR SRR, 5 AN T R SRR Tk K
RN SR, X ST CP 7 AR R B M4 vk 22, SimplE" & H6 T CP 13K T4 /MR 7 15,
R T SRR P AN RN o) 8] PRS2 7 ] 7.

SimplE W] DAHEHE O — il iR (1) BB A 58 e 3RIA e ) ORI, 55 TUABRE U AR L, & HoA 58 kil g
73, AR TCRZHAD . AN, e ] LUE SO 105 20K 1 SRS i E N . SimplE 51N T 8 & 138,
I ELVSE () B (1,7 1) 1) CPYFAF PRI, = T8HL (h, ) 1K VF 5 BREGE S

fp= %(hort+tor’t) “3)

o, e RFRIGBIIBN, 75 o %77 Hadamard 8. SimplE HUH 255 A HUIAE 45 A LT, JF HLACH Gt
W R B
222 FHFES AR
I 4 2 A5 40 ) B4 R 0 — 00T AR, 1 I 40 04T 0302752 51 o 10— SRR
RESCALI™™, 20— = g3 REGMIR IR 055 32 51 J5 v, RESCAL BT KG M A REI145 o — ok
AMBBRAE, 75 RESCAL 1, KG 0= 7641 (h, r,1) TR A KT X, 5= SC LA, WX, =1, 0% 0. 3
AN M X SRS R I, LU X, BT T hM,t . % 0556 7041 (h, 1), 5 AT S MHOD:
=M= 3 S M, -1 (44)

Hrp hteRY 3RS RIRR IR 8 R0R, [h] M), 705 2oR [ & h, ¢ 195 4, j T M, € R 2 A 55 RAM
ORI MR . % B3k 1 R ¢ (BT i TR R A8 AR (L 7(a)), [ML]; &R0 ML (15 47 T 7] LA
RIL RESCAL 5 AT A4 LFM SR, = ZEX 7T RESCAL itk & X i i A {E (B4 2H), M
LFM M T4k KG i) = Jo 4.

TATECT R AR == [ 28 WM ¢ BEAT EE, T FLIE R 58 T, 494015 5 56 R 2 1) (95 . "2 Bl

42)

f(h)=h"™™,t+h'r+t'r+h"Dt (45)
Forh, D AR STA AR O 2R Hh L2 IR A AR
W51 =B Tucker 5K 520 fif, TuckERUE 14 H — AN Lol B DA S S AART 6 2R RN [ B2 2T RN,
BRIV R EUE SN
[ (h, 1) = wx hxrxst (46)
o, w e Rexdo<de 3 Tucker 43 fif£3 8 A% Ok i, d, Bl d, 73 B TR SER RO R I ) e 4E 4, X, ORI 55 ) L4EN)
(ST
BT RESCAL AL, 75 51 R Bl 1% i A\ Hh 2 A7 H AR ) R RE R 2 R O 9 A, SR [17,73] 2% 20 Sk Jre S AAont
AR A SERERIR, B b, B —ADNSER-CRIEBE Y, 24 (0 LI, Y, 1, F 4 0, FI) FH A ) fif
¥ Y 53l A SRR () IRAP (P € RY) FIK RIRA T (r e RY), WG BRI P 5 r 1A BT & 200, ST
Bk (747 FSCHR [75] FHPIAN S0 1] 8508 S SEE AR O 2R - R SO A, o S SR S Tl B (h e RY), K
KER-RIART (r, ) BN 55— AP (P e RY). SR, IXFE 1 T S el SR O (028 1, JF AL 2% 5 5% 14K
PR g 1 2 i O
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223 FRE ML

PREE ) L5 A58 15 7E LSRRI G 2R (RN R N, 83 b 28 0 45 it 5 = TS A . e ) 4 T AR e Pk A
22 WS BRI BN T A 2% (1) I 4% 5 A ok i o6 R B . AE Bl o, T4 i SCUCFR R o I 8 LTS T 35 1)
TR PR RE. B A /R 2k P i 11 G 1 ST Y A m) DA i 2 ) 4 AT RS, A0 SMEE RS (R A48 AR
3.2.1 7). ARE PRI Z 28 A 4T MLPY®, SLMY™, NTNU, NAMUS2E (5] 8 7R T #0543 AH S A5 700 fi 4o 28 ) % 4
R

? 1 (b

w

m
tanh )

( ;\ @QOC )

(a) MLP (b) NTN
o000’ t
Association B - Association
@ f h
at here at here
1 In: a® In: a®

In: a®

(c) NAM (DNN) (d) NAM (RMNN)
K8 MLP, NTN, NAM (DNN) F1 NAM (RMNN) 1 ()51 [ 4% 25 1)

o MLP: % 241K (multi-layer perceptron, MLP) Ml Fx h %2 J2 N T AP0 R 45 K RFA 56 2R LA S 92 5 i
A ) EAH SCIR, 8 FARYE ) 22 )24 BN A il 3R SE A RN 08 R 2 W) 1928 .. MILP #E8 (144N = J0 4 (h, 1 1) BOVP 20 PREE
SnF:
£+ (h,t) = w" tanh (M h + M,r + M3t) 47
Hrr, M, Mp,M; € R flw e R? & MLP 1531
® SLM: Hu ML 45 i (single layer model, SLM)Y7 5 MLP R AR, T 2230 3 20 22 MLP 128 B 2% )
R MR R ANER IR SR RN, DUREIEA I B (SE) JovZ b IRDRS A 21 0 5244 5 256 2 (0 75 SCER ZR i)
. SLM AF A (V43 bR B0E S
f.(h,t) = " tanh (M, h + M, »t) 48)
Ho, M, M, € ROERSEAFE. BAR SLM R0 SEAR PR B (SE) JEAT T deidh, (B2 R B e L — A1
PRSE A A 0 JBR AR, AR AL T P A S A ) e 2 TRD R TR 95 B R
o NTN: FK AL M AR (neural tensor network, NTN) V) FI X M7k BEAEAS I 4108 R o6k RS2k
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HIPERAR, NTN BB P RA = T84 (h, r, 1) BIVF 4 BR BT SR
f(hty=r"tanh (h"M, t+ M h+ M t+b,) (49)

Horp, M, e RO —AD [ ok, MM e R xd 2 550 R r A RIIBSEAERE, JF Hor KR r &, TR
i, SLM &t NTN oK 2 i B 0 I IORFBRAS O, (]I B3 i AR 2 MLP AR MR R 2 5

I, 55 DR 1 0 R B R AR R AN [R], NTIN A1 SE AR [h) 5 02 12 SIE AR o i A ] 1) =2 1) S 2404 AR,
NTN H )5 5 5 R AT B i b 3 ST 4 5 00 3R 2 TR R R 0% 00 3R ORI, (H NTN 1) v & 2 P B il 77 L AE R
LRI SR AT R

© NAM: Liu 28 A3 T — b5 T8 18 b 28 B0 2% F A 22 SRR 7Y (neural association model, NAM)™, HI T A T
B8 R E R B 2R TR R R A R R TP I 22 B AR SR T O R B Sk L R S AR TR R AR AR, S
ik [78] W55 T NAM PR FIBLAL 5, — AN R FRHEIIR S M 2 4% (deep neural networks, DNN), 55— A~%H—Ff
FRA R IS P 24 11 2544 (relation-modulated neural nets, RMNN).

NAM-DNN R £ 4 18] 8(c) . 4 8 sl =04l (h,r,0), B SETERIN E IS HE Sk 94K 15 SO0 R IR )
#, 3329 = [h;r] e R¥, I 20 VEL AN GHE R A B L A SR PERe 2 M R FE R 4 W 4%, fili15:

a® =wWOhz-D 1 p0 (1=1,..., L)
{ 20 =ReLU(a®), (I=1.....L) (50)

o, WO R DD 53 TR 7R 2R 1) BUAN R R

T8 R B S — AR Z i 5 R S B N TR A = S0 4L Sigmoid 23 £ R SR

£, (h,1) = Sigmoid (t"z") Q)
L NAM-DNN A [, w15l 8(d) 7w, NAM-RMNN K¢ R RN 1 1 H2 SIS0 28 P 45 o 1) i Bl 22, A

a® =Wz LBy (1=1,...,L) (52)
o, WO RIBO 35 7R 88 12 A T R P AN OC SR R B AT AR B, 9+ H NAM-RMNN 7E 8 L2 48FH LURVE 4R
BN = e v e 24594y
£ (h,1) = Sigmoid (t"z" + B-Vr) (53)
224 PIRG
AT BT HETARRIEVE 2 2R £ 15 SCUTRCARE TR, - RO SR TN 5 22 I A8 L3 AT G il RO AN IR ASE TR A4 JR 45 44
HEAT RNy, CLFR LR LR AR S R A8 ) S8 IR 48 A0 3 ANER 4. 36 3 61 SCUCRR R E 4T T S &,
2.3 HEFHFIREEERA R
K2 BB RIZE MR T JE: 2016 4F 2 BUHE H 15 V5, T Bl JLAEIF9T KGE 77k % . A /NS ZE A
A 290, BARRIN 43 A R 2 R 2 B TR e A TR SO g LA R TR A R TR
231 BRIME ML
LR M 2% (convolutional neural networks, CNNs) 7E [ 2R & 5 A FEATIR 52 )12 O, 54 ph 4 M 4%
ML, CNN 2% S EZE MEARAE, DAARH D I SEC R I A 05 R, A, ONN Al H 2% ) IF)2 RIBHFAE. ConvE!”
ST AN i B I A0 R R VIO AR AR A A N SE RN OC R 2 IR AL B G RUZ A A 4 2, | 9
BIRT ConvE FHI R K R &5/, £ ConvE AL, SZAKFIC R RN B e B NIER: CBIBRO. @), RIGHE2H
B EGRUZ N CPIR®); K15 B RFIE WU ok &t ) B Ak RO B & 428 b (GPIR@), IF5 B ik
=R INTININTHER O
ConvE 43k SRR ¢ R T R HEAR I, T B FZ M A3 )2 @SRRI SC R Z A A BEAE . R 5 550
B W R SEPRREAT VA, W MRS = o4l ml 5 B, TR L, ConvE MIVF4r EE LT
Jr (1) = o (vec (o ([M; M, ] xw)) W)t (54)
Horf, M, M, 20 AR R S SEAR RN h FISC R v I8 4EAEFE, % h,r e R, UM, M, € R4 Hpd =d,.d,,

© TEBREEEEIEDT  htp/ www. jos. org. cn



KRR G sl B AR AR R SRk 291

vec FERF KT N [ R AR — A ) AL A
ConvE 52 HI T HEE TN f5e ] B (1) 2 J2 B RUACR 54, m] LU 22 JRAR LR Al 2% ) 30K UM B, JF Hoazds

B BAIR SR 2, WS ES SR> T 8x A 17x TR R, 445 5 DistMult® 1 R-GCONPOWERIAH 5] 11
PERE.
3 I SCUTH AR g
Sl 1 AN KARMN LR S/
SMER!! h.teRd reRrd gu(h,r)Tg, (t,r)
LFM® h,teR? u,,v, €R? d
’ o h' Z afuvt
i=1
DistMult®* h,teR? reR? h™diag(r)t
LRI AR AT HolEg!®! h.teRY reRrd r7 (hxt)
ComplEx!*®) h,teCd rec? Re(h"diag(r)t)
ANALOGY™  h teRr? M, € Rd h™M,t
: [691 d , d 1
SimplE h,teR r,r’' eR —(hort+tor’t)
2
RESCAL! h,teR? M, € R4 h™M,t
I WA R TATEC"" h,te R4 reRrd, M, e R h™M,t+hTr+t"r+h"Dt
TuckER" h,teR’ reR? wxihxarxst
MLp®! h,teR? reRd wT tanh (M h +Myr + Mst)
SLM™ h,teRd reRk, M!, M2 ¢ R r' tanh (M,,1h + M, t)
e 9 2 A0
. NTN" hteR!  rb eRF, M, e R M MZeR  rTtanh(h"M,t+M!h+Mt+b,)
NAM"™ h,te R reRr? Sigmoid (th(L) + B(L“)r)
N “H” AU B Logits it
N 13)-3 o 0.9
] 0.2
o] 0.1
5K 0 ©) 03
o~ . . L, © WI3K - O (BLogistic 0.
el © @ B © EEER 8 AT AR R TR 8 Sigmoid 88
rel ® o 0.7
o 0.1
" o 04
HA FFEWet K 9 04
dropout (0.2) dropout (0.2) dropout (0.3) '

K9  ConvE HiAI A & Eh 1

X110, Nguyen 2 A PN ConvE K% R T 3k stk i B b 5O i) i v HpOR [V 4EFE 46 H 2 1) 10 R 3856 2R, ¢
HE BN I (h,r, o) A RIERE 4 H 2 M A R R, 208 T L PERFE. X 1X AN 3]/, Nguyen 25 A2 H
T AU AN A [ SE AR SE R i AR ConvKB™. ConvKB R CNN 4ifith 52 4 15 56 R BK, T A Te BB, 5
TR Z I ConvE M LL, ConvKB {48 T i AL

10 /R T ConvKB Wi EFE (A K/ k=4, BRZEH 7 =3, WG K% g=ReLU). 7E ConvKB 1, F4>
SEARBR K B S ME— 11 ke AR AR DCIE. X TR =84 (), RN K 4EIRN = 04 (hr, t) Bom A — Nk X3
(R N, B N B 1% B A2, A8 A2 TP AT S R 1 x 3 TEAR AN [ o 8 28 R B N = TR 411K AH [F) 4
JE4 H Z AR R R, XL SRR AE R N BRI R —AT LRI, LU= LA RRE WL 3 w Rl T 20 HI3ROR
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RLYE AR AR S AL PR HIECH , R 7 = ool , WASE 7 ANRFAEMRSRT . K 7 AN Il IS 12 B PP AN R AL 1) o, e 3 AR
AL I B S ) R w (w e R™T) DLZE H = JRAL (. r.0) 197353 ConvKB B (13T 43 B B LA R
f-(h,t) = concat(g( [h,r,t] *w))-w

ConvKB AT LIEAE f& TransE 335 HAR 2R K R Y JE.

ReLU

Gl

3 feature maps
are concatenated

’matrix 4><3‘ ’3 filters 1><3‘

h r t

i~ CTT] [

L - O

-

R -

& 10 ConvkKB ¥ K [F)it St 72

o HypER: HypER™ Rl FiJi# /¥ 44 M il — 4 56 R 5 (G AU JERS, DLl A i B3 v R /) 96 R 2 Il (1 24T
G5 FIR L, [F)INS A X &% A4 2R S5 4 RE RS AR JE 2R M R DL RN B2 24 2] 1 S 40U & 2 TR AT B, IR s R B fajfk 7 =
4 ConvE A5 A\ S2AA RN 58 B R Z 8] AS H.. LA, HypER 5744 8 90 28 A= B 1) 5% 2R 4 12 A5 FRL Dk 28 ot ik
AR SR R4 AT AR. DAL, A7 B A T i (1) R I
HypER IR INE 11 Frow, SkSiRik N h 5 g 4% H R R IR r G IED% 28 28 F, 3768, F
SRAF IR AL WS ML 8 B B W ORI S 1 oR 20 st 21 o, e = )b, IR R E SR Bk te T
A4, WA= 041803, 55 N T Sigmoid PR ETIN 4337 HypER (1) 245 & P4 ph $i e SO0 :
£00,1) = f (vec(h+F,)W)t = f (vec(hvec™ (rH)) W)t

(55)

(56)

Horr, vee™ Lo ¥ ) S BN FERE HRAE, AR R f ) ReLU, MM H e RéUnr , Horp [ FoR B a8 KR, ny
HEA LRI IEB A B, KRN r e RY, WEHEAF, = vec™ (!H) e R FFAEWMUR M, € R, LR RRAE RS ¢

FE by =dy— 1+ 1.
hl:l\Mr

Convolve

r:i%
F,

K11

|
|
/

L

]

-

HypER FE8 554 (1 T 4L

al
OOOCOOOOOO

!
@
3
e
HOOPI—=ONILI—LY

HypER 52 55— AN 5¢ AR i 1 U 415 SEA R NG B LA AR M M 25 5 924 0 R IR AN IS, R P T

MWHT4 LI T R PERe.
232 JiEgEim

LS AR () KG 3 2 AN SE B, PRI, T sl 2D PR 2 2 DA PRt o 1) — A o 2 . Dy 7 Tl e K i

S2r b, VP2 IAT (055 R I B ek A bk O A, (EL AT 2R 3 A e R OC R AR —
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4. B TransE BEA0K ¢ R TR N BITE, B 78 B s 7840 2 56 R e =X, B AS BE KT X Bk 96 R B AT FR A
DistMult BB 6] Sk SE A J& R SR 0] 1) = 1) 38 AT G A, & fERE R AR AT 8 A%, (H AN REAT R
P06 2R ComplEx 33 51 AR ZR A AT DisMult, LLSE {3t 56 Bk R IEAT RS, 52 AN BT Rt HfE
WA AR X

B0 A AR B GV RISk Pk 3 R AT X — ), 2 R A 2B K, Sun S8 SR H T — R 10 &0k
P48 A 59725 RotatE™, %7 1B R I F 5 28, SR/ Rt AR AN £ 13 8 5 R S X EA T e AT 21

RotatE 5 RURE SIZ PRI ¢ 28 WL 31 52 H0m) & 2% 1), IR 5 2 e SO K SE AR B R SR i Tie e . B 45 2 =t
M (hr,t), B t=hor, it hreC! BN, Bk |r = 1. Bk, 5T 2 HCE 0 b AR, W58E: 1 = by, H
1k, rit;€C.

Foe e 3k e X 0T =04, K RotatE (R VF43 bR B0 S R

S0 =llhor—t]| 57)

TR EEAN 55 B 5 SON S AR 1) IR BE RS, RotatE T LR Bk 3 Fh SRR 56 R AT d R HE 1,
H HF RotatE BRI RN A7 FEBERFRERYE, R )4 R SR A0 U B . ko, 2018 4F42 Hi ¥ TorusE #E71
A LA RotatE [RIRFF], LA i NS 1 4 [ 2 {5, 1T RotatE & SAEFEA ST H0R 7] b, BA iR~ BE ).

QuatE™ W J T RG], 51N AT RIS (AR S M s R g Se A RISG 2R, AE B L AT R (1 i) g il A2 1 e
PR/ R, % A A O R B AR 5 oK. Bk U, QuatE ) H DY Ja i AN R R SEARFI DG R, RN IY ek
ANEHEZHENE P — A nE, © B E 3 MNESEL ., k, W] IRR R Q = a+bi+cj+dk. QuatE [T
SRR XA

f,(h,t):h®|—::|-t (58)

Horb, horre me, ZoR AR, QuatE A DU TCE RIS, S 73k RSethz == s B AR (¥ SCVLRC.
55 RotatE HAT— NI AN, QuatE FAT P AN #e 11, 1M1 L, L5 Rz A EL, PUTCHCRT AE %7 1) 358 i),
[RIF, DY St Ll e e 5 A R H A A E

B T RotatE I QuatE F i 52 5% Il fif ¥l 6 S (K AT 4b, DihEdral A O FRES S iR e Lo 6 A
AL Xu 55 A3 1 DihEdral B8, 5 768 A AR BE R AN IR IR (105G 2R, XA 5K R 7 KGE
HH A A R ARSI At DR G A S D) U5 9.

XTF Ak W (ke 2y 20T, MK AR TR Dy, Dy i 2k DICRAL, 146 K DM IEs 1 AF O
HUK AN SRR Fy . T SRR, 24k nl LA 4 SRR, BERe M O R OGN 2 SOFRIN, S AE I FYy” A
TEREHEE OF, O XIFRIN, Dy MF W 12 Fios, 47 EIFRR3 22 Ly (0F EJ7) I ACL 1EJ5 JE R AR
N HRAEJE A2 A, B AT DR AT, B I A7 0 NS 1A

ACL o4

ACL
ol

s T I i B N R O

NCEL

RGN

RSN

NCU

FOsBt FORpY PO FO-R]
12 Dy FIITLER

DihEdral B i B D, 9 08 0 24 OC R . ¢ R0 BE R FH Bext /1 T2 AR = diag(R™D,RP, .., R®) | H
RO eD; Hiel,2,..,L. XN RN A Bh e R Flte R B R 4512 [hO, W@, h@] FI[tO, ¢, .., tD],
h®O tM e R2. Nk, MM R =J0H (b, r, o) B2 BAT LS i L AN =R, Bl
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TRt = SF W(DTR(D4(D)
th_Zl:]h ROt (59)

o, BN 5 ROV —A ZIMHARE T FE IR IR FERE.
233 XUMJLp LR

BAR BN T VE D AAEVF 2 N T aE B2 B, AR AT AR AR — N 1 = B P, BT 5 2 o A AR i
A2 BN R AE R B ). B AR %A — P R TR AN T A5 B I OL SR B I S5 H Hs i N

Adcock %5 N TR SEIE 43T 3 I, 14 22 LSt S 0 48 3 DR HE VB RO AIR G5 440, O 1 R LI B 5 A ki 2 > T A
BB R J7 75, Nickel 25 N S H 22X 25 18] (RAT 8 7 B3 (10 2 1) APt SN, S0 DR by 300 245 TR R ARGE & T
TR IR S50, B AT LA, XU 7 ) @ % (R SR RSOAS, A B W os i) (22 32 25 1) vy LR AERfG . S0 17 11
R4y B, Nickel 25 N\ B2 W 7 52 T-X0 i 2% 18] Poincare ball #% [f) Poincare 775, JEH & & T3 TR 40K,

Nickel %5 A WG4 5 5l N\ BRI 45100 | o, BB = {x e RY||x|| < 1} SEFFIHG d s fiosg, S0k - | %%
R JL BT H, X 25 [6] ) Poincare ball A% W 124 8 37 1 (Bd,gx) , B

2
8= (ﬁ) g (60)

Hh, x e B¢ H g% FRoRBRJL BB Sk it

Poincare 1 M GE0% 2% 3] 755 B 192 KRR, B D = {(h, 1)} A WE B A AN 2 1) AR RES, RE¥
D P ETHFT SN, AR IO GAE BN S R 4EIL. TU) Poincare #5283 1P 43 bR H0E SN :

e—d(h,t)

D=0 008 S ©

t'eN(h)
o, N(h) =1{|(h,t' ¢ D)} ULt} /& h B4R,
bR b, 2R RAREREEE R ZANEREH, I T yux— w8, 421 T MuRP #0811 MuRP #i%t T
Poincare 1 1M 5 BN 5835, B & —FAE XM 25 (8] /) Poincare ball B A ik N 43 /2 % 56 R B 1 5 1, @k
Mobius K- 0] B IREE TN Mobius LX) 56 R € S HURE M SR HRN.
— I SEAART] AFEAS R [ O ER T TE AN ) (19 J2 R &6 48, i — AN BRAR PR AR IR N 1% R B 4l 3R o A7 2 Ik S5 44, 2
Word2Vec i Hx A 2 L4544 f5 &k, MuRP & X T £ 5 & B HIVE S 2R 3L
001y = =d(0,€7) + by +b, = d(Rh,t+1) + by, + b, ©2)
H, d:exRxe >R EEEREL, by,b, e R MR R K RBEARR F s b5l 2. R e RO 200 M &R FE.
h® = Rh FIt® = t+r R 7E N HIAH Y 1) 9% F R AR 4 i 1) Sk 30 A0 B2 30 SE AR RN
B4 Z T4 BRSO LRI AH 45 B, MuRP BT 975 R B0E XA
F 1) = ~da(n 1) + b, + b, = ds(exph (Rlogh (h)). h@.r,) +b, +5, 63)

Horp, hy b, e BE G RIRIR L RSERR Al (AR RN, log AR IR ST, 0 RORIZIEINSEERII 0 K, c
SR, v, € BYERFR r AP [ i, ) e BY Sl ik Mobius A B [ 55t 53043 51 1) 3¢ R 4 3 5 10 3k SE AR N,
7 6 ZR U 2L 1) ) SE AR N W € B S T4 56 & 1) B vy, 55 R SRR N h, HEAT Mobius BNVA7 211, @, %718 Mobius
IvEHAE.

K FHEIE AT A 1), DR MuRP (12 50800 i S AR OG22 (1 B0 2 PR3 I, 3 27T DU - R it sl i
234 JAdiA

K T R G R 25 ) 45 5 KGE BEAT G A% 11 7 725, dpe s A A5 T 9 e 3 ) &% 3 FH T i e KGE Il L. 45 2
CapsE #i70 PO SZMOR R T — Bl T-5F 96 R = o4 g Ie B 4% B4k i, CapsE 7E ConvKB AR BUF L
W G AP IR FEIZE, R85 — )2 h, WIE k ANREE, Horbk B BT Rk s A1 1R 4 HE R 4% H Bl 3 28 31— M 1
R FE T, REA R BE AT DU R N = G2 AR N 4 B 2% B 22 0] 10 22 REAE. S SOREAE B ME G H-n N 21 56 — 2 I A 3
W R A — A e, HA R FE = 04l 440 CapsE HIVF4r B E0E LR
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Jr(h,0) = llcapsnet (g ([h,r,t] = w)) |l (64)
Hh, capsnet XORIRFEM IS, CapsE &8 75 FERE I HE W 2% FH T~ %0 TR IS b2 (1) 7 V.

A, CrossE #8781 CUHE—202% fe T Sk 15 56 2R 2 18] (0 0L ) S ), 2 st e A48 A8 B Cross B B40 4T 4
AL (1) RSk SEAR A RAE TR A by 5 (2) 2RO R r S EARA v 5 (B) S A7 AC AR Ay, s (4) B A3 N
5 RSARIRA t AL, CrossE 1IPF 5 pRE0E XA

fr(h,t) = o (tanh(c,oh+¢,ohor+b)t") (65)
M, e,oh=hy,¢c,ohor=ry, HbeRX &4 5 & [ 5. CrossE 5B 7E &L 294U 4E LRSS 45 1, R T
7E KGE s A8 T A 2k k.
2.3.5 B 4E

AHM LT B I AREEHR AN 515, BTG BRI, T L ) SO0 JLAr) A5 20 RN L Ad S 2T 4 AN
AR, 3 4 RAR DGR SR FN R B B iR AT T VR IEAT T

R4 HOBTIAITRE R AR 45

By iy DIVN T IN KAMA VI B (h, )
ConvE"™ M, € R4v>dn 1 ¢ R4 M, € Rbw<dn o (vee (o (M M, ] * w)) W)t
%iphzsiggs  ConvKB™ h,teR? reRrd concat (g ([h,r.t]+ W)W
HypERm] h,t e R? r e R4 f (vec (h xvec™! (r H)) W)t
RotatE™! h,teCd rec? hor—t|
o QuatE™ h,t e H? reH! he X .t
e Ir|
L
DihEdral™® D, ¢ e R? RO e Dy Z hOTROD
=1
—d(h,t)
($
. 8! —_—
Poincare!®® h,te B! - Z(h,t)eD]Og Z e—d(h,t’)
X LR Y NG
[89] X 2
MuRP hy.h, € BY ry € BY —dg (exp§ (Rlogf (hy)), hy@crs)” + by +by
Jof CapsE"™” h,teR? reRd llcapsnet (g ([h,r t]+ W)
oAb
Crossg®" h,teR? reRér o (tanh(c,oh+¢,ohor+b)tT)
24 I

F2WEENAT 3 RIENRERE RN T, W JE TR R AR, 7 SCUCHCAE Y 5 508 1) KGE B, 1454
CA TN Hdb AT 74007, e LR 4 2R, 28 5 R, J73. S0 S ALH s 4 J5 ek JL2R 50
TR RN T2 AR R B T X B,

3 ISR EEERA

T KGE FIBFST L2 A TS AR B, Horh 325N e i i a) e A= 484k, %l 40: TransE, TransH, TransR,
RESCAL 5. {HJ2, £E5CBr N, S B i 3 A sh &5 19, 140 Twitter 1 AEAZFIIH K], DBLP (15| SCHRIH K
&, L =R Sz B IR R] AR, ANCPEARE 8 I TR B A 3. UM KGE Jiikse A 20 T a5 B, X (F 1584 KGE
THETCFAE IR S s gy e LAE. BRIk, A B o — P H Tl & 5R i i N 1 7.

3.1 HENER
t-TransE"? & 58— AN Rkt i 1) (5 )8 1+ KGE 197 4%, A8 FEY P 100 By 240 SR ASS r i i) A0 S 2R 2 T ) 2 e,
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I R T i N AE IR o) b ORFF— 28 t-TransE A Ay IR TR] UK S PR S A N T W] AR 5 2 SRR TR EURK G 2R PR 2 I TR)
MY, PRI, t-TransE J&— A5 45 I TAD W5 5 1 i £ O AR I i J e e Tt A 2.

HAAKAL, t-TransE EF5E =04 PSS [0 48 L, R M VUL (i r e, 1) , Forb o, Ron SRS R 2B ). O
G5 O IR T S 22 T RIS A SR, e BB S I TR AR S A% i) vl LI o I 1) e i A Ay s S i) 00k R
T . B, A7 P AN IS Sk SR I TR 358 (eg, i e5,10) B (i e o) s LINPZIAR 1 < i, TS 2T AE R 26
iR 2 oy Rl I VR 5 AT IR 258 Ry, B e M~ ey, FEFE MAT DU 50 28 22 ) (R IR T 545 5L

%5 #B% KGE BAIxHEL

Bl J7 ik G ALk 5
T [15] Pori: B—ATETRBERINE, 5 T INZR, S8, 518 e3R8 S e
ransE 2013,

BT R AEAR AT AL R AT A R
TransHU® 2014 Poii: IR —X 2. 202, 2 —MEAKR,
e aii: TEI DKoy P AN SR [ S 40

Meri: AL R RN ZAEE, 1 H25 8 S

[43]
TransR 2015 g SIS, WSk . RSO R P
TransD™¥! 2015 Pt R S8,

i IFAR T A B S SR LUMAELE A 0L P 18 15 1
Yot RS R A A B HE, PEREIE T TransE;

SFPEB A STransE™ S o e
HTHAIOBUL - STrans 2016 i e 51 B HCE R B 0

IranSoarsc® agpe VL AEMEPARELSE FHERUR At

P Bt R8T Rmii=, B — e iR R

TorusE® 2012 P ri: B AN 1E I 18 TransE 1F W4k il KRR, Al e 21 KK G,
G i AR AN
571 DL AL BEXTKGH SRR R AN o PEEAT AL
KG2E 2015 it ZEN-NK Z R 2
TG pgp T SURTHERSE BN, % IEK GRS 0 % T X
e RN G B2 T7 i, P

LEM™ 2012 PR SR 90 R 52 R M A e 2% JE SRR 56 2 2 (RN A 5o

B AR S T A
R i e TP REUES S C
% XU B BRI, AT R

B SIMT gy VLA ORISR b R 5 XU
et BT SE AR A b
NINTT s Vs DTHRMUAEA S R 2 08 A X
Bt 82 A PEIRURL T SCAE A USOR AR P 11
ComB™  goqg Vot M2 AR RERE %] 20k X, B 0 S BRI
e BATH B N =B M IR 4 FL 2 I A K R, 80 T L
GTKGERE  Rom®E™  joqe VLA AEUBEINATIEE, AR BT X R B R BRI

s U — AN T i, LRSS H AT T 1) 4 B )
183] 2017 Mo EX o IR PSRN, 3£ 3 T B0 AL
e i 22 R R AR R YL 2 A2 R G5, B ANIE 578 %

Poincare’

h T B SR AR R], t-TransE H4 I AL 240 54 Ak S — AN A i R, 5 RF B0 34573 R 208 SR
g(rir)) = lrM-x; |, (66)
Forr, M e R 2 SO B IR 6 RS (ry, rj) 22 000 (020 460 00 R, 224 26 R 0] 42 T RO HE 2 6, 3 B 2 U, 75
T, 253 B e
SR, t-TransE AN & BRI () 48 5 31 2% 2] BN, TR 1 56 2% 21 R R IR I TR L Re . 85 7 KGE B Bt
BEIX LS RT3 LR, R, t-TransE 2% > B R A B2 T4 7).
Know-Evolve ™ Mifi XUt ik N 2% 2] )5 v5%t KG 7063 IR AR etk I i) s Ak 204 T B, AR, e b B BR Ak A |
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i B AL T SRR BB BAR AR SCRR [94] X 08 R B ) (938 A AT SR ASE, WF T B B IR N 1) 1
KRN A A 45 A B P 7 vk, B ez, SR TR s AUE 5T, SOk [95] # B TR A — A~ (A 0 2] 9) $ e 47,
I LSTM i ith 5% 2R [ 2 RIS ) 450

Dasgupta % A TransH'" 575354535 &, 75 2018 4E4HEH T HyTE J7i4 "%, HyTE J& /N4 7 [f 4 1 i)
SN U B A N 7V, 12 10K A B 1V 38 5 A BV (8 T TRIAF DG IEG, b 1) b s K & R 3 S R X R s . [
Uk, EAMYAERE R A I (R 6 SR HEAT KG HEZL, IR LTI i /b A R 3 8 0 56 2R 7 2 A B ) S

HyTE & 564 (h, r, ) 3800 = J0 4141 R 28 S0 YR I D o el frg bk ) 4 2. 2% FE DU T (bt [, 7)), HE
oo, Rl 1, 7R = AL (hy vy 0) TR0 T AR &5 RIS a). DR 0k, &5 s I IRDRK, T DA I ) 90 BBl PN AR N KG 2380k 24
FAST I, X LS B AR S A I 1) SR AT 0 = e AL

HyTE ¥ i [ 75 A8 V- 1HT, X1 KG S 7AW, 0] LA 2] T ANAS R 18, 5399 FHI% ) 8w, wa,.
Wir TR AL ) 7 B35 2B 4 8 T w, b, 2333 BIBGE & P (h), P (), Po(r).

5 transH 28{2L, HyTE #1EELERS ] 7 4045 240 — Jo 4L BA W R BB 203 G &R P (h) + P, (r) =~ P, (t). HyTE 1
VA BRHE S

fehrt)y=P-(h)+ P (x) - P (V) || (67)

H T AEARFEEN A KG [H AT S5 FI RN, 76 2% 2 i A R 45 & 1 45 2. — Pl w ek 2 4 804 KG 2 FIK
ZAHET KG, BT KG XNFREE PR ABE, 285 2 IR IX S8 B |22 5] ik N (HyTE, Flexible Translation i K
T X R, XA BARTE IR A RE P % 8 T KG 1010 a) 45 8, (EARAE B B 5h 25 KG 3L 72, 5%
T, Tang 5 NFE T A4l 4 I Ta] 381 1R P JeRdert It 1) 14 56 11 30 25 4 R IR i ik N )7 925 (TDG2E)°™, TDG2E &
E RIS RRE RN 715, B 1A B R gn i 3 2% X i A .

TDG2E BEfR T 4101 KG IS5 2, XAERIN R ¥ 34 KG AR, ¢ w se ki 3 [ 4
KG 5 #IAZAEET KG, 84T KG S RF— W[ HT, F AT KG SR 5C R 5% 21 1) I Ak 1
. AR5 FIFHIE T GRU [ b 38 3 25 AR SR N 1A 24 S R RE o8 K BT KG 2 B KT R, Ihab, %
e RN MG B BSOS A, BE— 5 N e, 8 R e mr it 4545 B (B GRU [f B8R A5)
BB N —AF KG W28, HARWFER:

T-1
Lu (W, R R, R, ) = 1P = Weei (68)
=1

BN AR K Lowx P BEOIRZS pe MBS 10 Wy (9927 20, SENAR B 432K AT LS B A A Y- i, A5 £ B 2407 1 KG
SR 15 BRI R B Sh A AR B AR 2 GRU ARBEURE (7 KG I, Sl BRI 1 5 10 A% 48 RO HEFE.

h T B R RENAS KG I AN 0] 8, TDG2E 7F GRU Hrsc il 77— AN (] () B ] CGRALT5E8)), 51
AR KG 2 [0 9 I 17 1] B DA SE A7 R 875 KGR L P 13 J2 42 2 i) GRU 18, bid A 406
(KD A IR 23, 20 €0 ol Pl o S [ TR B 1T 7

K 13 TDG2E $2H rckdm GRU (1K

I ) IR 1) T IRk S R
T.=0cRrw.+0(AaR)+b)) (69)
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Hrp Ry e R R, e R™ EALEFEE, b, Mz, At BN (r+ 1) AN A BFNEE 7 AN TR) B2 18] (R I TR) TR) BE, o
&/ I
At =61 (70)

Forp, SRS T AN R B T AR I ).

TDG2E J5iE 5 H AR IAT (0 FHS/ZI A N AR LE, AT EAOR B 41T KG M5 B, 1M BT LLOR B 3)
A KG (AR, S 51 N ][] %, TDG2E 7T LS A R 3h 25 KG At s kA7 g e
32 I £

AR E T B BRI R A 57, HA 98T T t-TransE, Know-Evolve, HyTE, TDG2E S5 A S i 7
# 6 ¥ TDG2E BB 5 H A& KGE JiEdATX b, EMfE R T TDG2E Ji ik MAdit. SR1f, MK & SCkhm]
DA 210 B 1 K 22 SO R kN T VEATH AR DG T Jn R I i, 220 17 e D] % e s ] 90 B4 R A T
PR PR b, AR ORI R R A RIS T R T RS A L 1) KGR, I TR ) S TR 1% ik A HIF 5T
VIR — AT BE D IRR U

* 6 TDG2E Bl 5 H Az KGE Jikxf L

LhB i AEAE 1) ) 85 TDG2Ef) 3 TDG2EXH (Ffif ¥ I3
oo FINERE BT TKGHIZH RIS T GRUBIB I IR BNAK G AHAS

HyTE, WALE AR TRG, AR o ooy G it s ; R I SRS

~ ' sy I TG IR e KGN AL TRGIRIER; 31 AGRBELk, AT 5
Flexible Translation  AFERAEKGRAIER =R g /R
Fioxible Translation VAT SR A RRKGH IR VR, vk T S AKGTIR IO ] ZEGRUSR BN T IRIRG 1], 31 A48 TKG
vk : AT {1 ] ARV 1) > B

4 BEZIRESHFIREIEERA

ZE DR T AR S b = Je 4l Sz LIS S, BE 08 I R S S RS I A TR R, (A S SRk A T
PR IR 532 208 T 285070 2 055 B I B A0, gl SEHRNE B CARMIRGE R, RRBEE. 5
I I L8 2 5T BN T B ARG S 55 00 2R 2 1A) PRI BBORII R, S T4 v 4 S5 000 P M 0 88 2 O L.
4.1 LR

SEAAE AL B AR G R IR SR IR NN, IR Le S 50 AR i N TR, RERSAE AR EIRE = el s B b
SEALAER A B E B, VA BN = Jo A i) SR AR

Guo 4 A2 (semantically smooth embedding, SSE)?HERY I\ J& T+ [A] 8 XSS fy SEAAE ik N 45 7] o P
M LCIR AT . SSE R AT 27 R A SO S R A A, 4 P A B8002 PR 40 4% AP 80 e O (D ol g v LA DAy 3
AN 5 R bR B LE A 0T, AT I8 0 240 b N 25 TR S A .

SSE BERYER NPT A S A LU — AN 2801, AR, Bt 5 op IR SR AT 2 A3, Ty HL 2R 1|) /] R HAT J2 IR6
R TARRBIRT LA R AR DG ZR I Sk SE A4 5 R SRR 20 o), 4l 1 9C 3R DirectorOf (1) SEAR IR BN %2 N, Rk
(1 2 TR0 % 2 RS ARE . Xie &5 N PR — il A SEAR 2 IR S I BE Y (type-embodied knowledge
representation learning, TKRL), 5| N B JZ IR EERI ISR ANE B LR 5 R R Z BN HR(E B, TKRL 7 LG o2
WA SRR IS HIME B TransR A2

Jin 2 N PYHR H TEKRL B, 51\ R W LIRSSz AR BIR = Je 4L 2 R i e e R, [ s >) 92k
ANTRI S0 FEFPRE E JC ZR AN [R) EEERE L, AR v T H AU ABE R 7 A5 FH SIS A JEL IS = 5 | NI A KU (7 ]
4.2 XK

SR B % AR 22 SRS A RS R, X E BB O SR R % o G5 S SR B, A5 B ARSI 22 3] TR
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TERI TR R . FIRZE AR B Rt A A SCAS R SRR, TR I S AR SCAR e R AR b 5 R TR EAT A8 L. TR 4Y
ACRE TR B S5 AR R TR AR R TR AR R TV A S AN S R B P (R SO, T IS SCAR TR AT 5 325 v LA LA,
(AL ] DAy > BTRLELE SCAS b H BT ANAE 0 R B v 1) S 4.

Wang %5 A P07 S84 HH I S0 U PR A S A 3R SR [ TR R o 2 I B AR AL T TransE!'/#1 Skip-
gram AR AL O R BREA RUAR, R FH S 4 44 B 8 4 B B RV SCAR A g 6t 55 SR . RS2 PR3z B eh, 1l TSk A BB S
B, TR FH S22 R 55 T D DU 2 TR SO S AT (18 08 S ), 17 R ) 4 e T R S AR o 575 1) Tt Tt A0 o 11
K. T ARk LA B ), Zhong %5 A PO H R FH S AR STARARE byt 55 S0 26ALLIK), Zhang 5 A OB 24K A8
FH S 42 B R SR R SCAS R ] i) B (RSB AR D SEAR IR ORI,

N T R F AN SCA (35 5 UM R, Xie 25 N PTUR il  S2 AR F A0 IR R B (description-
embodied knowledge representation learning, DKRL), 7E TransE # (f) 3L ik [ @il & STAR R IR 1) SeAE B, hE—A
SR P A AR TR, SR 1T DKRL S M 59 QB A, 7R Rl & SR KL T 8548 11 R s FURE T SUAR IR R 7R I AL
% (A8 H IR Xiao 2 AHEH SSP B U e = SULL ik N R s BLRE i A8 el v, 71 748 1a) b2 2] sedk
(¥ Fh 2 1%, 5 DKRL [ ¥ /& SSP R i 3 B 28 A5 52 4 () SC AR o AR OG I oA A AL i 47 TEKER®),
ATEKE"""%%.

4.3 ZEHN

AR RN (X BT U 0 38 4R A0 3= 2245 — B Horn 141, #l40: Vx,y : HasWife(x,y) = HasSpouse(x,y) , % W 1T
W47 A Has Wife )& FAEN SR AT HasSpouse X&) W&+ 8 M5 545 8. HHT, AMIE! ™, AMIE+"",
RLVLRMSE U /5330 BLE B KG IO s,

Guo %5 NH = eV EMUR T, #2817 KALEP? vk, 4558 — AN B3 M, KALE FFH SEARSE A b 1R SEAR T i Ak
WA, JF KA t-norm BEWNEHREHE A1 =J0d, ¥R &AM EAE E Y H S BE AL G W X w7,
KALE Lh—NG— 4R 7R = Jo LA

FH TR AR T T LBt S50, T 38 SOAAE ] BRI SRAE S O ). T3> AR, Guo 5 ATE
2017 4E42H T (rule-guided embedding, RUGE)! ™\ %45 4 R A AQAS BB (¥ 2 2, 7 SR AR 2 > 101
FNRE R TN ToARRE = T IObR2E, R 5 R F T 1) 0 bn 28 0 KG h AT BR48 I = Jo A T S8 B AR ROR.

44 XRBER

KARBAL IR LR Z R 2 8 0 R, AR TP SR 2 (8 HEAHE N KR, 22K REE T WAL
R E B SOCR, T ) T2 B,

Lin % A\ P7'E TransE B8 () LA FoKe AN SE AR 2 1R K 22 20 5 R R A 6 1 A AN S AR 2 TR (56 R, B2 T
PTransE . Guu 25 A PO T 55— Rl 22 20 50 R AR 10 AR R 2 S B, R O R B AR M BT (1 = 0 4,
Jt B4} TransE fU8URI RESCAL BIALHEAT T4 2.

Niu 25\ VRN H i T 56 R A2 10 2 %2 ST BERSASUR F i 2 b oK R SE R R I U B4 A O G R
PRARI R, SR 50 R B SR R S AN MERA B4 38 R ZE A6 4, I LR 7 U= T AR 1. DRI, 2 — gk
B B AN ) FN R R 78 22 2 B RPIE, A Horn MU & 22 25 6 REEAE, T ARG 5 MR 5 X R 2 )
R SCA R LA SRAS S AR ) A2 0.

45 HipER

B TR BARR b A2 RS SR AL, A — LEH AR R A5 B AT AR 280 F0 R i (1 7 SO ) v, T3 e g
P SRR, Bl Xie 5 A US4 Bl S04 B A5 B2 ) SER S U IO AR R, 421 T (image-embodied
knowledge representation learning, IKRL). 1245 784 Ay 5 — AN S AR BE T Al AT TR R, JER T AlexNet!' ™ I 4% 11 4]
LS RIES

JE RG220 KR AR IR 5N T JCALIR SEARRN S R, (ER 48R 20 B0 R 6 R IEAR A 1R & AN Sk
Z AR R, S T 1 P G R A R e R Feng 25 N OV HY — sl [ SR A (0 6 1% 2% ST (graph
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aware knowledge embedding, GAKE), 1A~ [A] I SE AR 5¢ 25 T AN SEAR B s M AN [A], AR ) F v 72 I Lt
TANTE I FR NSRS R A SCHR [109] 2 B M=% 18 P 25 K4 1R AR R 7R ST B A TC 20 43 SN BE R TIAT: 25 ik
B TIRLF IR,

R — L2 AN gl 3 7 b 22 455 R R 3 0 SRR 96 R 178 UL R, 41 Du 25 A O — B A
SRR (S B SR RIS B 7R 2 2 J5 ik, Xing S5 N U HEH MKRL B, ()i i & SE AR IR L J2 kR TLRN
SCARKFR 3 FRBMME .

4.6 N 45

A FBNPETIEIT KG A 5 b G015 B EaE A oAb 5 S 05T AR B i AR, {5 BIR K8
B SUE . (BB SORRER) MM LR ¢ RIS, 8k, B KGE BORINAW & R, A
RERRBEGE R, KRZREE BRI KG 1 S DL A U 1) SRR,

5 HNAEEER A RIR A

AR, FIRBK B (1 Y F 715 SR R AN 1) 25 A5 A AT T BK L, 3 6 3 FH A 2 3 B et iR N b T Ao FH
R, et 2w R J VR S N 52 1O SRR A AN SR . DGR —AMIRYE In) 5, T2 2 B 10 SE A4
KEAMANA LLZ 28 T2 B TS, FEAT o, A4 KGE 1 BB N A
5.1 EFHIREE#HRAEE

B LS BT (R, 6T SRR i (0 25 (QA) A RIS 7 1, SIEE T AT 32 5. Blsk
TH S i 3 B 50 T BT ACAS RS, PR DR R s R0 52 2 () B3 A A A5 P AR U 1) b A
MIENIR. T ZMRXAN ), 320 T 2 T4 IR EHE 1) % (QA-KG).

QA-KG & TEF H AR B 1 v ) 525K [R1 % B AR TE 5 I R m DA B - FEAS ATE K G 08 2546 1 15 4
N, T I KG o A AL AR, T A BT ST U IR S A U AR A B Pk P 1
F I8, QA-KG 1 i) Bl Iz AR A5 B pe. T4k, BEAE KGE 7EAN [F] B9S2 Br N H R I A R, AT RIRR
HLAEARE QA-KG [ B H 1) — LeyB 7R H.

Bordes 25 A" IBEFYI1 S5 i) RN ) R L2 o) ], G R SEAR IR AE o, LUHERE BT il RN ik 2 51 5 3
liil— 24 ) R AT L. Yang 25 A UYON TR P i RIS 1 2SI 1A BB AR O, H 1) REURIMR 8 2 SRR B 48— IR Ak
23 )R AT YR FEE 2 S R R U 2 g ) L ) P i A A £ R % ke S BRI R R

EAFE B, BlT, Huang 28 A VPR T — N7 B R8T 40 TR BT R RN R )25 HE SR (KEQA), B fEfi# vk
T L 1) B, B QA-KG HR s LI ] @S A KEQA AN Ak B 424 T 1) R 11 S SE PR FIAE 1A, T /& 7E KGE 7[R R e &
PRSI ARIE 5 ) Sk S A, SC R SRR s R [R5, J6 T AR A4 (FB2M. FBSM!'™) il i) 2%
Hdfi 4 SimpleQuestions! HEAT LKy, MWL 5 7 A EGHR K QA-KG FVAMEATH LE, KEQA FEAH 7 fAf #L ) {1 13k
53 20.3% [FHERTE 3R T 00T I SR i vk g 124, e ab, o 7 86 UEAE A8 F AR [F) (¥ KGE S35 KEQA 13
Pk, 4348 B TransE™. TransH"®. TransR/™MHAT ARG RN, SEEG 45 B 6 B KGE 80: 53385 T KEQA 11
PEfE, 55 KEQA noEmbed (4 14 | KGE .3%) #HLt, KEQA %7 TransE I 5280 T 3.1% M ekit, 3F H KEQA 1E
AN KGE SEEIPEREAHT, UEW] T KEQA [ FITE, sbh, HIFEAEH] KGE, KEQA 154X T LIS 5 fe e
HE) QA-KG J7 AR Ve RE, Bk T KEQA [P fieH: k.

52 HERE

TEId 2 0 LA, R SRS 0 4 R 48 AR S o MM E I BE R R A S0 ), R SOt AR Yok
T RECH A 5 ) U T, KGE ISAT I HE T R KGE i 3R 5 A SGEEA TR IX — W Fe ki, A A
KGE T IE N HER RGA 5K

Zhang 25 A\ 3¢ H4# FH TransR BIHME &R A (collaborative knowledge base embedding, CKE)!'”), L2 =] 4k
B RBERN AR I F 25K . TR 50 RIS R 4% (deep knowledge-aware network, DKN)/""FI ] TransD 2%

© TEBREEEEIEDT  htp/ www. jos. org. cn



KRR G sl B AR AR R 42k 301

SISERIRN, FEEE EA S WA S Aok T CNN HESS, T8 . (B2, T ZER T 2% 3] SR IR,
DKN A~fig LAt ) oty (10 7 SBEAT VIS5, 7 SB35 10 )11 25, MKR (multi-task feature learning approach for
knowledge graph)'"™ Vi ix) T2 9 7 U HE R 0 B T S AR RS L, 45 22 AT 45 0 B I R R R AE SRS . AL %5
NP TransE J7 i > FH PRI RON, 3 T30 25 18] b 10 B P -5 E REABLESE P20 AT 7. SCRR [133]
MBI TSR T — N Z 50 (neural factorization, NF) #8), DL KG Y 2% /] F Bods AT @4, 48
TransE %% 3] SEAARIDCR KA.

T, Sha 25 AR T —FloB #0932 1 iR S ik N (attentive knowledge graph embedding, AKGE) #E
B DU G b R KG AT 28 A A HESE LIRS B s (1 5 SRAE A IR T KG (R SURIE I, S A7 45 R4
P T RTERETE. BEAh, Ni 2 ANHA T — B0 H T Wikipedia (938 F N ISR HEZEHESR ) {2 HE 40K Wikipedia 4147
JR— R (], BT A A R R Y b 2 S B AMW SRR R, IR SR BRI 2 S a4 G, D
#E?E Wikipedia b AHGSL A, 1L H] Wikipedia /FUHER FISIAN, PIASEAAHER Bidia B (> Yahoo! Y #li 25
A, 53— AN AR 26 45 R DL i P RE) 7 4 A5, BT B ARG VEAL, SEBA T B AR i A1
XA S A P 2 5 D7 IR I R 4T
53 XAHRREH

KZIRIN (relation extraction, RE) & fF BRI T 1 — T EEAT 4, B EARIE IS @ IR BF SCRIEIE
12 AR E. T RE HARICCARRE BWRED), V2 B4R0E 5 FN 32 55 (9 5 B AR, Wil 6,
] EAE), RS2 B4R 2 90 I T Bk

I B O 2T R R IRBUTE 5 M AF BIR BT, 2, S0 T BEAEAR KRR AT I ZRBc 1)
BRI e, b T A KBRS, Mintz 45 A SO T —Flop @iz F2 B (distant supervision, DS) HLiI, 3 Kt
DA AR S 55 SCA 555k B Bibric I ZRSE41).DS A RE A58 Ae 8 70 KRR I ZRE LR BT AE, PRI IGFE R
(K] RE R 13790 0 2 oy A SCAS v 1 BT S S 10 S 30 96, (EUE, 34 SR SR R v 4 P 4t Se A 1 £
B, 2T KG it w5 R

% KG F 5 MASUE R, MRE05T TR KG 9465 P T DS B Weston 25 A 4L HU TransE 51
A I R B RE BB 45 A DA BURT A 352, I HARE T BOR S0, thAh, Han 26 A U HEH T —Fhél % KRL
I RE WA R S RESE, SCHR [37] RS2 T B 1 KRL AR AT DA R s 72 B ) RE B, 03T, Han %5
MR T AN A £ 2 STHEZE, T 5 b 4> (knowledge graph completion, KGC) Al M\ SC A 42
B R (relation extraction, RE) PAMESS, 1%HE 4038 H T A5 ™k X 55 (0 508 b4k, Lei &8 N U T —Fh B A X0
1) S R SR M P e 22 00 FRARTICHE S, DA A AN [ R4 JER, Dokt 77 e 2 B O AR R B v 1 e 7 e 28 ) R {HLAZS,
XL AR 2 T 5 R 2 A (3 K. Zhang 25 AN U KG P IS RFF S 2 E O R 451 (hierarchical
relation structure, HRS), 33 ¢ T4 (] KGE #£%!: TransE, TransH Al DistMult, LAF ] HRS K15 B 22 S AR E
8. Zhang 25 A7E FB15K!'. FB15k237"*1, FB13U1, WNI18" I WN11U ¥ #s 4 34T T SEE A = 040 2>
FATL WL BVPA, 45 R R W1, A HL T B A B2 DL R LA JE 2685 TransE. TransH. DistMult, § E4%Y (TransE-
HRS. TransH-HRS. DistMult-HRS) 4 £ 3R 15 i AEMEfE, B0k T BB )45 20k, IRl e B 7 2% 8O R 4 i T
KG #h3EH AL
54 N £

AT KGE BORFEI S S g SR N, AR, BR T B3R FH AL, AR B0 T4 AR B N
PRGNS BN HAAT 45 v, st 245 MO Sy U900 s gy oA U071 g A 5 U300 i P

S BIST
6 HExSERE
H 1T, KGE 1 g ib B QB &R 3 ¥y — b Oy (A 20 TR, 4 2 R R IEN T 2 M AR IR ) B 45, oK
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MO T AT 45 Bk B, TR AE ARV 22 T BRI R R A, A0 AN, AT 18 KGE THI I B8kl A dL R
HKWFFTT ).
6.1 MiEAIBEE
6.1.1 #RE KG [\ A4 B1E B

KG 1SRRI 5 3R HAT S 2% IR PR R0 = 5 1005 8., Tk 2 8 i R 15 B 78 0 % 18 AN K 8 b 4 5
KGE J5 7 1P RE T 7 B2 DR R I A I A

o KR AN K KGE J7vELEALEE 1-1, 1-N, N-1 F1 N-N € Z& I BAT AN R P g, 3328 W4 3 S 7] 2570 [
HREE S R T S BTN A KGE HESE. SR, LA ) KGE J7vA i el B 2 240 0 1-1, 1-N, N-1 fll N-N K 5,
ANREA R A A FR R A AR F0 R B A SR SR, B RT3 2 LU R JLRR AL (1) SRRk 1 g
K ZA (U has part). (2) Fons£4 8 PE(E B (W1 nationality). (3) F n SR 2 B IAI LR & (0 friend of). IX LA A IS
TP 6 2 N 1ZR FH AN [ 1 7 2R AR

o LA F RN SCHR [40] MUERBIAN [V 75 149 [ o 2% 1) 2 1) 0F 7 M 1 J L AT HE B AT AR SR G AR BLE, 42 HE
A 1) 1225 1) 22 () R BT 5 R R R R LR ATATIN. 2155 KG A PRIt AR E2 R X, H HAEBIESE B
R, MLAS IR, )& Sk 15 45 2R . AR, I 6T 218 5 KG iR AR D, Rk £ 155 KGE M
G T R 1A 7 B SO A B 1) TAE.

o ZYRAE L2 3] Bl I 45 AR K RO R R, A 14 IR DO ANASCBL 5 LTI R R R, A T R 5 2 R
15 DA 22 bt AR P % 1. DLk, 4T vy 2kt AR FH A SC AR BT 22 0645 U8 U8 KGE = 19— A Gk H R
PR 1 T AT (R 22 955 R IR VE R AT 0 I B, AL AT M 4 2 2 1 Fo A 3 22 A IR AR
SET SRR B R F R R, BRIE G Rl — 2P

® One-shot/Zero-shot %% >J: ¥T4F3K, One-shot/Zero-shot % 3] 7E LRI R IR, T8 J5, LSRRI B2 55 AN b
K JiE. One-shot/Zero-shot 2% 2] 1 H IF1 & A —AN HA /b S48 ) Sl — AN MR WL i 288 10 12481 v 2% 2, A 40 AR
TR IR A, — AN SR 1 10 R AR AT S AR 56 2R 1 2% ) LU R A AR R 96 R I 24 ST T 2. SR, A5 Bh SR RIS RINZ TR
5 SRR, ARSI SC R KR on o] AE — @ R R B0, thah, A5 L B9 (¥ KGE HEAE, 1L 5 E
B ARSI R R SC R LR 2.
6.1.2  HITHN I E 40

KG 7E#H0 N ok #E48 F L AR R, 410 Web 385, FURHERR ) 25, (R 2, i TSt At eh i s i i 52
Fet, A LA O AR KG. EAR/ N o KR AR Sz FH A KGR 38 21 ) )

® KG JUfAIG: FRMH 1 EZ Bk — & K8 KG A5 [1)fi i 4] . Freebase, DBpedia, Yago, Wikidata 54
R KG 5 2 N ILIE R gl SeA b B 8RB RO SRR 2 5 = Jedl. T oz A Lhnid, X4 KG 132
W5 O G ) ) . 49 S 380 S o B P ), I S 0 7 K T BT R A 1. BRI, AT 1 SR IS KG
JE B OO KGR S0 N S I P 11 252 )

o KG AR K: BIAT 10 KG b T 28, JovkA sl 38 76 e b . F b e b, th T KG IARBUE K, I 1) —
Ly R i I a5 = B 1 R 7 N B S R S N o S WA 8 R S e ol Wl N 10

© KG AWiAsAY,: B I (048, AW 3 (4 7= 28 . 904 (19 KGE J732: i1 T 300K B bR 5 KG Hr # i ik
ZICHAE R, I AEIR KGR A7 I #7522 Sk JF48 JE 7 27 SO R i A S o W P A KG, 4 e BE 2 BT
SUARSEF. B, B —Fin] DLEAT 7R 285 2] 380 SR 2 2250 1) KGE HESERT KG 1IN 42 0 F 2L
6.2 KRX7HE
6.2.1 Z—HER

— S PR 2 W) 2 ) B L R W S 1. 5, SCRk [67] TEW] HolE A ComplEx £ 51%# BN H
AR L RS TN, ANALOGY 424t T f14% DistMult, ComplEx A1 HolE 7 P {11 J LA A3 1 A 70 (1 25— 41
K. Wang %5 N ST URPOXER PEAR R 2 8] 915 22 Chandrahas 25 A U828 T InvE MaReZ: KGE A58 (g JL A B
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. R 2 HCTAEAE AN TR RS B SRR VR SREURI DG ZR $E L. SR, DAZRABLT T 9 4% 28— HE 42 1) 07 2dhAT 1) 48—t
FY TR SR A WG 2 B 1 — Rl (10 5 %
6.22 TIfREEME

SR 7S (11T A 8 1 2 60 SRS ORI S o 8 P o ) DR e L. B iR TR TR MR AR B T RIS ).
I TransF® R A 6 1) BEHEAT 40 BT, 38 15 75 07 ] WAL BEAT RS . CrossED A FH -1k N\ I % 1648 22 A 1Oxt
T AR, TRR T AR B S IR Jr 2. AR, X LU ph 28 A 7075 W JSE AN m] e 1k Jy T 52 21 T PR, — 28y ik
SE A RN KA i TR AR, DR B G A S A S HEBRAR S5 6. R, B e — P T v e Ik - 42 i T
DRy S
6.2.3 TIPS

FERFA AR B S b, nr - e AR F L. JURR ik N\ 5 R0 (R A0SR B o SR, 91 4, T8 I A DG 5
fRIAL IR R O EE, X7 AT AR M LA™ 8 K LA FT 5 B0 SRR 2 22 . 5 10 Ao 463 A A 25 U0 T e gy g )
S P BRT B A A )RR AR 1, X AT A E A T OB RIS L. ExpressGNNU N [ i ] NeuralLP! /47
BRI Y28, F R, LA PRI (4 IR 2 AL R AN B S 1) SR e 5 2 — 2P e 3%
6.2.4 HIME

HHT KG SR T AN TR, 12 57 30 % 42 HL &S 5 1. TR 7 AN TR DA 08 R ARk ) )3z . FH R 22 AN
KIBE ARG R4k P 25 B B i AR i e dln (AT T 2 B2 7RI A AR B H I R HEAT 2 B s . Tix 2
RS, SR PEFI R, B Bl EEATH IR A AR SR i AR g e Py T T[] L.

7 B %

SV PSR D — i SR 84 AR I IR BE ) AR R GV, o] UG BLSe e B g s iy s st A
EATZ A5G R BEAT QAL B Bl tH AR AR IR 2% 20 o RO VR AN & n R T % I, RIS S iR T
TR 22 PRI SR R BT R N 155 A S AR S AR N B3 485 o 2 () o, 2% o T ) SEAAFRAT: 55 43 51 T
FEEW L ASCIRI G AT VR G SR (KB FEBLAR, 30 3oL [P A A P e S AT iR B i i A (KD 773 S I I 1) 24
PR8N A& KGB J59E ARl & 2 U845 B 1) KGE iR 4 T IUA B AR A BOR. IF ] 255018 T KGE BoRAE

AR S5 B SE BRI F. foeJa T SR Tk N ATUEITT T s (K0 1, X AR OR (K7 1o i e . AT T A3 00
AR H 20T 25T KGE (ACRTEWFIT AT S 45, JF HAy I — R T LU KGE [KARRBE TR 3 ).
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