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Overview on Knowledge Graph Embedding Technology Research
ZHANG Tian-Cheng', TIAN Xue', SUN Xiang-Hui', YU Ming-He?, SUN Yan-Hong', YU Ge'

'(School of Computer Science and Engineering, Northeastern University, Shenyang 110169, China)
*(Software College, Northeastern University, Shenyang 110169, China)

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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SR RE (knowledge graph, KG) 7E 0 N TR GEMT— A4, 51 T 24 R SR TN A ) iz o0, kgt 5 N
FH A5 7 R . 101 Freebase!"!, DBpedia™, YAGOY, NELLY, Wikidata™ 25 4112 B £ 4 bl sle 2y )t I
T2 BTN, ATE ST T, A 44 SR B ), B4 B O R ) g R g U VAR i P DAL K
HFL ST PR Y 55, SEARZ AR DG R 1A 1 B ZEXANE T, AN 1R 0% R Sk se k5 RS e 7 — A =
JCAL, B CGRSEAR, KGR, BSEE), Ron 3k Sk 5 R SRl i ¢ R AT IE R, RS AR RS 70 2 25 W A B0 Uy Tk
AT, AR = O I FEARE 5 PR AT KG A LA A 1,

N T FRIEA R, SRR T AT RIS ), Bk AR N (knowledge graph embedding, KGE)
BANINER 7R 2 ) (knowledge representation learning, KRL), B 75K KG UGB (BHFSAATIICR) i N\ Bl & 4L
B T 2 e Ta) e, DATE (A4 (0 R I DR B KGR 454, 5 AR G s Uil B, KGE 24 KG H s fIDE R
P T ML RIFROR, BT N AR EE AR MhAh, KGE T DA i BE i S AACRH 56 B AR 48 ik N BRI ARBL
oK b A SR S AR OC 2R L (AN PRI ARALL .

BT AR H 2Rk 2% 5] KG R SERANC R LR, (H2 H T K 2800 F AR R OO R sR &
O SR R B S SR PAT IR AT 55 B U, 45 € — A KG, B Je AR 4 ) & 20 0] TR ROR SUARRI G R, FRh A
ZIRHLE NP4 BRI A s AR A A R A FE. AR R e KA LR B = e 41K B A H MR 2 3] sk
FITE R BN . I8 2 S FR i NG AT DAIE— 25 F T S0 4% BT 55, B0 KG 4415100 Se /4 U7 sz gy
SO S i Ay U520 p T A AN el R AU SR 2 3T (R i N AE AR AN B (1 S R e, DR L TR TEAT 45 T R e
A A RTINS AR, R 2 (5T T U e — 0 2% RE R F LA 2R R 15 S, A Se AR R 324 Sk
FR 7, SC R4 BN S A BRI PP A 3] T 2 (K T RN

ATCE 1 AR TARR A SRS 2 3 88 2 WU KG ool 21 1) F 54T i I BRI T 4
T R, A A 23 5 T BE 25 AR 2, o SCULRCASE Y DL S 8 1) KGE HAR; 58 3 17 R B T RlG i aE B sl
SRS RN TR, TEAN 41 t-TransE. Know-Evolve. HyTE. TDG2E Z5CE M504 KGE J5v%; 26 4 5 A0
T B KG TR 1 52 DAL 854 B IS B KGE iR, Sl sl SCRRIR . SRR, 5 5 W
20 KGE FARTE FUHT S ML L 28 6 5% KGE HRT I I8k 5 AR FTr T3 HE. )5, 5 7 19
A TAEMAT 4.

1 HXPEESHSEX

1.1 HXEE

SR SN T (U A8 S A AR R ARG 56 R 24 3 (statistical relational learning)™*, knowledge graph
refinement”, H AR B ¢ (Chinese knowledge graph construction)™, KGE!'8{, KRLP”. Liu % A P"'E 2016
FEVEAI A T AR R 2] (KRL) B SE AN SR 32 B 773k, WP EniR e oR 2 S i i) - 248k il . A iR v T7 =LA
S ASKBIE 7 AT T AT S5, Do J5 S0 R BRI 7T B9 T S BERE. UTAEK, Lin 256 A BT RLge bk )y 20 i
KRL, 5 HF 3T & 50 M. Wang 25 A PR VE2r B 306 KRL BEARUHEA T4 2, O T KRL i 15 2L

AT AT L Wang %5 A U 2 R BERE. 5 2 AR R, AR SO T30 88 (1 R 5 38 TR AT
TAF R4y 8, X i KGE BEARBEAT T I, R4 28 T sl 0 iR B ik N v i s gt Jig, R0 4 T 4H ¢
AR, BEAh, AR T 856 5 LM FARE BIM IR ABIAR, DU KGE HARMILH N H. 55, B45 T KGE
BTG B E, xR Iy 0 gEAT R 2E.
12 FSEX

HREEIR N B 70K KG IR SRR RIRA T AMIRHERELE (K8 ) . O T T30, A/ 5E UL
FHIEARLT S B2, & NN G=(E,RS) , LTE={e,er....epm) RFLES, WHIEN FIA LK,
R={ri,r,....rx} RERRES, BF IRIFIAFRER; S CEXRXE RRFLZJAIES, —h& =00 (b0, H
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ORI R R Sk RS, r ROREMNIZ MR, B = Jodl (BillClinton, wasPresidentOf, USA) &R
BillClinton 1 USA X [ {£7E % % wasPresidentOf. ¢ 1 %1 T AKX RS R ILHIA.

R AR SE

s Ejiipa 5 ik
G FITRIEL s R S
(h,1,1) T | (h,r,t) A =4l
reR, e€E KEESHIEMES Jr(h,1) Py B A
a().8() AL T £ M, IS5
L PN R4 Ay S AE 2 )
cd A4S B ) H¢ AR ST B )
T dYEIR T 2% ) ® HamiltonIfe i3
o Hadamard e R.() B HRAH 1) SR
* (NP concat(),[h,r] I e/ O S
w TR 3 « LIRAE
(hl; I f5th T 5 151 [M,];, HIBE ML R 5540

2 FAELHITHIREERA
A S XA FH 2 SEREAT AR B O 5 N R VSR R VP9 R BGIEAT R 4. VP4 B BIOT T R S SR A R, AR

T-HE A 22 STAESE h P RR S R R . LR AR B DF 3 bR B 03 S P Rl 3 TR 2 B PF A BB (T 1)) HE T

AHACLPE IR VP53 B 2 (A P 1(b)).

1k

r Lk

AN distance

\4

(a) F= T FA2RE 25 1 TransE $F4y (b) E T4 SUH U Y DisMult $F43
1 LA TransE" 1 DistMult™ J {5 1t B 5 P 28 3L FAHLE DT e i VT 4 66 40

2.1 ETEEMER

FE TR A B A B TR S IRV 20 R 4, B I T B S A TR DR R A e S S S R, AEIX AL T,
FHEJREE h+r~ 4 V2 AT Rt e, 2T IR R I B2 T8 W R O R PAT RIS, AR P A S 2 T ) B8 ofe
AN A B AN TR TR R PRSI D A o Db FE AR R AR BB A R 5 A O AR A
2,11 FEAPE B SE

o SE: — Ml EDUL A KL R B ¥ U7 V02 U B3 SRR O 28 1R R I 4% ) v 0 8 5 Tl R 2 T R B L S5 A ROR
(structured embedding, SEP”) H I EAN SEAA ] o YRR, SE AR R E LT IARGEH M, FIM,.,, FIH
KPP FERER Ly JR B2 3] G IR NN

fr(ht) = =M h =M1, 0))
B RIS SIR b 5 R SR  FEOCR ¢ N IUE SUHDCEE. SR, SE B80Sk, JRSARE R 2 AN IR 4 [
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HHATHRE, Bk, SE BLALK D RIMEEL 22, OIS mZIE Sk RIS ¢ R 2 835 U R 50T,
212 FHPRRIY
o TransE: Mikolov 2 A7E 2013 4E3:H 7 Word2Vec i 3¢ 7% 22 SRR T B A U0 Fi %815, Mikolov %%
R IR 1) 525 AR A B P R ILE. %I 1R, Bordes %5 AT~ 2013 4E42 1 T TransE 578 1) %45
B S RN SRR R A R 23 A (10 B 4B 52 (o t), &R r AR r BB SL SR 17 B h 5 8 SEikH
it ZAIRPPRS. PR, RN SEAA b A ¢ A] DO ) i DGR 2, B L: h+r~t, & 2(a) RiZT7ik
M faivs s, ST TR =JC4 (h, r, 1), TransE %€ X T U0 HIE5 ek 2
f,(h,t):—”h+r—t||l/2 2)
BimEh+rS t L oL, PHE.
o UM: dE45 B (unstructured model, UMM J& TransE (¥ fiff 5 RRAS, K5 50 R ERER b 55C R &L, JF B T
A =0, U] UM (1975 s 5N -
fr(ht) =~ —tl; 3)
UM il PR LA KGE J7iA IS A AE 159 (0B AR REX 2 ANl .

h
r \ By
t o=
L
SEARHIE R A SEARHIE R A Nl IR R 2 ]
(a) TransE (b) TransH (c) TransR (A [ B R sk, = TR B (1 AR Bl S 440)

[l 2 TransE, TransH, TransR 454 [¢) 5t A HUAH 15 BH

2,13 HIZRR AR

TransE R 7E KRBTSR W], (ER T AR 5, 35 TransE JoiE0 AR S 2k R
B, X B A8 0K R LR . e IR vh OC R P i B SR OB, T RO R R K432 1-1, 1-N, N-1 I N-N
X4 FHRIY, 0 1-N RBER R TR E — A Sk SR R0 N2 A R SR F-ATTRE 1-N, N-1 A1 N-N k4 52759
FRAFFORI, SRR AT AL B 4 B 2R OC R I Pk RE 22 520K, 9140 TransE 70 AR I 5 4450 R AN 1k
RERRAIG, X5 H AR R B B U)K &R

Bt Sz R SRR 1993 4E 3] 2001 47 (B HH AR 32 [H G 48] AR 5o an - = Jc

(h; : BillClinton, r; : wasPresidentOf,t; : USA)
W 75— A FH S TRIR - IR T AT AE 2001 43 2009 SE[RIFATREF B4, KB A0~ =J04:
(h; : GeorgeWalkerBush, r; : wasPresidentOf, t; : USA)

AR, RPN AL S IR S 5 X R, T B RISk S 4. B, A TransE ML E 4=
TOAH: S FNRERIR, TransE SHES H by = by AR E 0. 0 T R PeX — 8, I 4RI 7 K& 28T TransE 19
JEAEIY, F N A A IS b 96 AR BN IR s 2 ) HEAT R 23, A 4 o g AR A 2,

(1) Point-Wise %]

Point-Wise [k [G#7 8] |32 B H T2 7= SEARFISC AR, 7T 7] F R B 2 8] vh BERE 50 RGN, BE PR G RAT L.

o TransH: TransH #5784 VUi #5— AN SEARLE W SR R O6 R I AT 20 A s, W1 2(b) 7R, TransH 4 SE 4kl
By o), KRS IC R r BNV 1 B w, (9% FR k8 BT L ) e (r e RY) L BARSKR U, X T =0ndl
(h,r,0), TransH ¥ 25K Sk SR ) B b b5 R Se iR i Bt (bt e RY) WAL w, (w, e RY) BERE R R r 0 N 81 1 I,
B BAC A AL, Rl

h, =h-w hw, t, =t—wtw, 4)
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R = (hort) FOL, B hy +r >ty RSB AEE T L r UK Z21E 82, W TransH HIVF7) BRI E0E A :
Sy =~|lh +r—t. |5 ®)

I 5 I N 52 3 56 F0 2 8 T T LA, TransH A4S SEATEAN [F 1) 8 R b R A R R R TE .

o TransR: TransE I TransH #8558 52 RN 0GR RNTE [ — 2% (B R T, {HUE 0 R FH AR S8 AN RN 4.
—ANSIARIE 2R PR SR AR, T AT G FR OGRS AN ) S k. BRIt S ARABL R S AATE S A4 2 [ vh 4 it 23T
T AE 0 5 8 b AN [, 86 IV ) 5 28 45 ) S A e B85, O T A gk A ) A, Lin 25 A R T TransR J592%,
ZTTAEAN R A (] (SE A AR OC 2R 2 [A)) PO SIEARRH OC BRIEAT (A8, IR DG R s A e A TR .

TransR [FFEEA EARDE 2(c) Biw, ST AN =04 (h,r,r), BOEFL. BRI ER KR r R, H155R
KARTARA P 53k, RIARFIUIN SEAAE R R r A [ X 53 IF. BACOREE, 5 T8 —ANGF 7, TransR WE— MY
FHIEM, € R SEK (h,t € RY) SRS B BGERIOCR (r e RY) 25 10). F FHBEREHIFE, SEAR IR 1) & e LalT:

h, =M,h,t, =M,t (6)
o, M, SRS ) B - 105 223 0] (KB AE e DRI, TransR (RI9F4 B 80E XA
f(ty=—~]h, +r—t,|} o)

o TransD: B4R TransR 4 TransE 1 TransH BA7 &3 1, (G VRAEAE— S8 O X TXRR r, k. B
SEARE A A (B AERE M, 288 T3k, RS ML AR @ B R S i 5 X R MR8 B,
K, BB AN i ok R 2 AAHET; @ 5 TransE A1 TransH AH Eb, J -] & 7 4F TransR A&7 22 50 S| 18
Jn, PRI, TransR e LAY T K RS S iR &1 33

Sy, Ji 25U SO TransD, B 3 BoR T HLBEA AR, AR IR F R HBLAE R » 10 =004l Pt —
ASSEARDS, My MM, 43 502 b A ¢ IHRGEHERE, wy,, w,, (0= 1,2,3) Ml w, 2805 10 . by, At S8 SEARIHRE &,
W +r~t, (i=1,2,3). TransD N A SRR F g LA ) &, —ANRIEECRER, 75— AH T #sg
FERE. 0, 45 5€ =JCH (h,r,t), Hom ik h, wy,, t, w, R Hor, w, € RY, TransD BEBLHE— 3022 2] T 2 M43 sl 3k
SR 5 R SRR BIO6 R AR I BRI MLy, M, € RO, B LN F:

M,;, = w,wy +T°9 M, = w,w,] + T 8)

Sk A3 A 23[R
P43 TransD 7] 5 i B

SR, KR ASEFERE M, , ML, 5 SRR R34 ¢, I HA A 1) S A 18 BB HE MY T TransR T
IS BARZ [ . 5T =J04] (b, r,£), TransD HPFE43 B EE LR
Jr (1) = = ||hMLy, + 1~ M, |3 ©
o STransE: Nguyen %5 A8 i P A ] 5200 OC R BUAR AL SE 55 TransE MEAT A4, 421 T S HTRHR AT
STransE!, AL AGAN SRR Ay —AMIRLE [ i, FEI0 I WA BERI— AP [ i R B A R, JLVT5r bR 2K
SE X UR:
fr(h, D) =||[ M, th+r—M,,t

'1/2 (10)

STransE W] LLF A /& TransR B9 e, &R SC R AL FH AN BOEHRE, —ASH T3R8k, 55— AH TR L
A, TTASREZRALL TransR o} 9 25 48 F AH 9] (RO %

e TranSparse: Tiif [/ 2 1) 4 Trans(E, H, R F1 D) #8208 T H PR S ¥ 72 Ju itk (G et d i gE b — 250 R
HERVE 2 AR, T 05 LE R R WA ) AP PRI FE AN G R P Sk sz k5 R SER B0 E vl BEAN D),
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N T AR A, T 25 N T TranSparse #E%) U 247 TranSparse(share) 5 TranSparse(separate) #5AS.
J3 T i I e, TranSparse(share) #5828 F 3852 40 B (ARG 57 BE HH 2 28 3 2 R SRR B0 e s, I HL 9 2 1 )

LA R B 3 B, B4R, TranSparse(share) NRA KR r WE T MG BEEH FEM, (6,) € R FISER 10 &

reRF, N RINRR r B ST, N RN BN KB, Omin(0 < Omin < 1) 2 THERGELE R S50 W

HFEM, (0,) MBS 6, 2 LR
0, =1-(1~0yin)N,/N,- an

AT REIERFAT B, Ti 558 Nt T 3 R TranSparse(separate), 44N 6 5 A7 AN A [ 1R i
P H R, 23 00 Sk st b5 R s, AR th OC RG0Sk (JB) SR BCR A . L4k B, 78 TranSparse
(separate) 1, hREASGFR B H WA RGBT AEBE M2 (01) FIME (62), 3 LM (6), MI(6)) € R o s r 25K
RINES], b, t RRHFER TSR GRER). N (1= h,t) BRKR r LEALE [ EEBEAF IR SR, N KR
NP i KB B M R A

6" =1—(1—6pin) N'/N”. (12)
PR e b
h, =M} (6)h,t, = M. (¢)t (13)

o TransM: TransM" 4N S = T0A (b, r, 1) 545 58 2 RBUE w, HHIETE, JER0L AR, 722 ) KG £ oRI,
NGO N AR S N 28 i O A 2 5 i e B
fr ) =wlh+r—t|, (14)
H, h, r, teR?, TransM 45 580 R 5 EUBR AL, Z2/# T TransE BN A0 RABIA L. Kl 4 B
Wi E 7R T TransE 45 TransM ZEEERE 1-N S R AN A,

TransE TransM

4 TransE il TransM 7RG 1-N 5C 2 L4 I (11X )

e TransA: Xiao 25 N "HA N TransE S L2 J5 (9™ AR A7AE AN 35 5 1) 0 O L A4H 6 R L TR 24
BRAN TS, TR A5 S8 T ) R R L LRI A 25 1. @ Bk s O T ik, SR OC &R 1) RS2 8
I 555 2% R,y SR K B Ml P O BRI T MR R, DN, Xiao S5 AFR I T —Fh ST B I&E R R 3% 1 2 (1 HR AN J7VE TransA.

TransA FIJFF 246X 453 2 ) 1 38 7 £ I 8 HUA QR S AN SR 355 1A I J L B A 2 85 190, P43 B0 UM :

fith,ty=(h+r—t)"™, (h+r-t) (15)
Hop, (Ih+r—th) = (b +r -t b+ r— bl by +r = 1), bt € RY, M, € R I 55 (538 8 BRI 1R 9% F
SE RN RR A SRR

TransA % FH A 15 55 3 AR BB S5 3481, 7T DA P i 3R0s tH B 24 K R G RE I Z Z2 IR A 41, 1E4h, TransA 1]
DLREAR 0 AL 46 I WRIREAE 440, 0760 T 5k B TGO 4 FE Ry 7

e TransF: Feng 25 A\ PO H 35 -2 288 O AB 7R SR FH 0B 1 R ™A, TVl B 2 2 A R Se AR R 56 R e, [
I, 2 1 AR VE R IE RPN 52 2% 2 R I SR AN DG R, B AN A b+ e (Bt —r ) 17 10 55 € (Bl ) 145 1) AH ).
HAT o s dE SR

f(h)=(h+r)"t+h" (t-1) (16)
L, b, r, te RY. TransF U REAF R VA BHEE 1RGN, BRMAE AL 25T 2% 0 AR I, W] LAUK3% TransE #5084 (R16k £

o ITransF: 4R STransE [KIPERENE T TransE, {H'& S04 G HIRA g8 7] /. Xie &8 AN $2HH T —FIoBn i R A

B ITransFP ", T RERRBE: RS ) 170 2 > 5 2R 15 W 22 T F S BBk, S B 17 B pmiNoE A4 (1 i BN a1 o 5 f) £ 33
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ITransF $ T A & BOEH FEMES O — D =ik i p e R, Horprm SR USR5 IS BOEAFEECH, n 2

SEARAR AN G R 4E S ITransF (1) 8 R 50E X
fr(=||af -D-h+r-o] -D-t, 17

A, of ol €[0,17", W52 Ziaf,- = Zia/f,. = LRA—ALRE R . B8, AT m = 2 |RI BESHERE, JRIT
F7 1 RV E I AHAS ) one-hot [A] F IR, STransE 7] LA 7~ &y ITransF A7 () — AN

e TransAt: Qian % A P2HA kAN 96 R N FIEAG —Fh 2 WAL U, I FLSEAR 2 T 4740 200 X 43, $ Hh
TN AR A PIANBY B, 7E58— B Brh, 2% eI S 40 10 B 2 Jeg A2 43 A7 412 1B S ARSI 75 G B, G BRIR S0 i
SR S B8 B B, X T ARLE T e ) e AL A, S SR AR JE M LXK AT S E KR ECR. XA
WFEHBR T 27 I RN ZANETINT 2 S K RAHKARIE N 5 R RARE B S AMESS. T LA AR RS (A1 TransH,
TransR, TranSparse) JGi:2% 3 4k 5 (P E R ).

H1t, Qian 25 A PP H Trans At B[] I 2% 24k N, 56 A DA% 16 5 G156 R DETE ). TransAt fIPES)
PRI A0E TR

fr(h,t) =P (o (@x)h)+r— P, (0 (r)t) (18)
Hp, P 2R 5 r HRGEBINESY, o & Sigmoid PG AL, 1y, 1, B 5K ER r HRIPA M .
o TransMS: TransMS #5784 ¥V 2k 4k ok BoR 2k i B 1) A% 46 22 103 S, 78 S 2% 6 R IO BEE TRINAT 45 |
AT B ek, JLVT o rR e SN
f(h,)=| ~tanh(tor)oh+r—tanh(hor)ot+a-(hot) | , (19)
o, £749 0 %R Hadamard FEfH.
(2) LA
MG A8 8 X FAG AR A5 SR & 190 $h 25 1), Point-Wise @R JE — NG & (A L, NiEE
(AR R Gl 2 R v 7 ARSI HRAR ) AOARER G, JC A R P 0 m 3 47 s 0 e e T
N T R A , Xiao S5 AR T —FhIE TR IB I JEBE (ManifoldB)™, 2 5 BE al gl 12— N3 (A 3L
R4, E¥4 Point-Wise ik ANY A E T RTE FIHR .
4 5E = JC4 (h,r,0) , ManifoldE TR KM R B MF(h,r,t) ~ D? | 244558 — ANk SERR AR RN, R Seihs
T—ANEYERE . ManifoldE SR = JC4LE S i M BE 35 ks 1 H P4 s 5L
(1) = |MF (a,x,0) - D (20)
Forp, D RERAFFEMRIESHL, MF :EXLXE — R ERERE, b B RYARIE, L RRAE, RELHTE.
Xiao 25 N\ PN T H T HUIE BRI PIRI E, B Sphere 1 Hyperplane. 7E Sphere ¥ & i, f# ] reproducing
kernel Hilbert space (RKHS) 7~ 2 ek 45, Bi:
MF (h,r,t) = lo(h)+ o) — @) | = K (h,h) + K (t,0) + K (r,r) — 2K (h,£) — 2K (r, 1) + 2K (r,}) @1)
A, o MR IAZS W) 1] Hilbert 2% 7] (U, K A% R 5.
53—~ Hyperplane $& 0K o R SEARIRA AN R BIGE - T, A8 S AR P T AN P AT I 9% BUARAS . (R,
i MF SN
MF (h,r,t) = (h+r1;,)" (t+1),) (22)
Horp, v, e, 052 Sk R SEARIRR E KR ) &
TransE A5 B 7E V15 SE PR B 2 2 7, X AT I SEARRIDC R 10 S AT T 15 AL, X bR B AR 8k 40 T ) 28 ]
(R TEBRY K, (Hth S 80T B & B0 T 8 S AR SR A F 5, TorusE 4B 78 BOLSE i i 24 i ply 3238 fia 2t ) 2%
ek T 258, {E TransE MRS i) 5 205 ) 75 200 2 4 AHA (1) IO BB A3, (2) #FIE 5 (+,-) Al H.
(3) fefit e X BE RS pR 4L TorusE BEAYTE PLILRN 138 In 7 25 (VS Bk 1 454, seR T TransE 195 FR4E, o 5 AT LUIE
A, BAEHE T LU 2 TransE B A4 B AR AN IE Ak 2 A4
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Zhang % N\ PO B8 T — AT o (1[5 PR 2 1) R B R 2 D) (0 R [0 S 2 1 BE B8 bR 8y, o dy o d SRR
ZAME N A [h],[x],[t] € T, F5LTF TransE £ R LA HArh+r =t, TorusE £E T A% [h] +[r] = [t], H-HR g
B RO ) X3 AN IR 4 B 5

o (hyr.t) = 2dy, (Th] + [x], [t])
o (hor.t) = (2dy, ((h] +[x], [t])* 23)
oy (h,1,0) = (deg, ([h] + [x], [£]) /2)

TorusE F. A5 b TransE KT EE IR,

() rallizsinl

RT3 ) 05 53 (491 - TransE) 33 Pt A4 SR 4 2 B BOR W 0 KG b iF = 76450 Bioms -4 = Jo 4L 4R,
SRS 200 T S AARIE R I OR) B . 520 L, AR [ S AR 6 2 T A4 5 R A Rt s, 300 JLAE M) — 26
TR T EAIRIA i v, K 3L Bk B LA 7,

o KG2E: 5Bl M (05 %, 6 T35 BE AT A BETR KG2EC 5N T i 7 40 A R A B S AR R SE 2 1 () Bl
PE. FARAE, KG2E 4 SV Z 0N 312 4 i 307 290, RS S2AORN 56 2405 b AT 200 16 B Bl 77 22 R o 40 e
AR R, Bl

h~N@,,2,),t~N@,X2,),r~N@,,ZXZ,) (24)
Lo, wyu,,u, € RY TG IUT40 A0 TR0 2408 1), 368 SR 0 R0 T SO 1A o oo B 3, 2, 2, € RO W )y 22
W, 2eom 1% SR e R AN 5 2.
P TR 01 7 U 1O Ry, He 25 A BT A DA Sk 52 280 2 5 AR 0 2 e L 1F = el oo fry
2, I A3 h— €RER, TR TR 4 A

Pe ~N(uh—u,,2h +2,) (25)
KG2E 8T 2 Pt S URE K 525 KL BSEAT AR IAR. KL AUSE 2 — RIS ARAHBLE, PEo3 s 3i0E LR
B . N(xu.,X,)
fr(h,t) = . N(x;u,,Z,)log Voot u.3) x (26)
AR — TS FRABLLEE, VP43 R 450e SR
fr(h,t) =log N(x;u.,Z,)N (x;u,,Z,)dx 27
x€Rke

o TransG: Xiao 25 A\ P T KGE th it i) fl—— 2 F 0GR 15 3, B KG il — A R AT R R X =
TEALIRIR A SRS Fr #875 (K) 2 Bl . TransG o A1 TR R AR 55— AN A2 OBy, Y DU 22 3200 AR SC i)

TransG 7 55 (SRR (KT LE WP 5 T8, 18] 5(a) AR GeRa s Bil, th 2% R r BirA vl SR AR TR 1,
PR ELAT 3 T B P BB AN BEIX 70 A R ) = LU IR 9 = Jo 4L, 18] 5(b) R W1, I B R R I 2 Hili X,
TransG B AT RS AT 205 ALK — Jn 4L X 2 I

Py / ~
1, /£ Iy At AN
Il Ly \
.\:&\’ }
\ L, //
\\\ I, ///
(a) 7Y (b) TransG

Bl 5 ALY TransG #0 LLAL, Jorh = MIE RS IE I R S0k, [RIE 2R 4 3R (1 8 Sk
FLRSK U, TransG 42 Hi A F DUl 2 5000 BRI A Jik A B712% R 56 R I 22 B3 S5 S0 AN SE 4K, TransG
BCE S RN ) B IR A IEZS 53, BRI
h~ N (uy,071),t ~ N(u,,071) (28)
Hrp, 1 e Rod FORBBAHIE, wy,u, ~ N(0,1) 73 ARk RBEEARPFEIRA R . o, 0 505 8RSk R 53 A
T 2.
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TransG AK— AR AW LURA 2Rk S, WAZRE LR 0 Sl A R . PRI, KSR AR RN i) 5 SOA

ri=t—h~N(u-w, (0o} +07)I) (29)
Horh, v, RIRK R r BB § MELHI R R IR, TransG 1F 5 B E0E SLF:
oM —Nh+ri—tl;
fr(h,t) = Zi:l nrexp(w) 30)

Horpr, b XS TOC R p W3 ME SRR R T, M, K ER r I8 X5 8 I ER, H Chinese restaurant process
(CRP) MK i [ 52 5 101,
2.1.4 BiIRLE4S

AT T BT BRI VE 3 i B AR AT, AR 23 LA BE BB, PR, A G R 3 AN /AT ik
ATHIR. 758 7 0 R BN T, $ IR SEAR 5 0 R AN R R R S [ HEAT 41 43, 3¢ 2 06 T-BR 8 WA A EAT T 421t

SAGS.
F2 EETIEEMBI R4
el Y BRUNTIN KAMN VI R S, (1)
BN SE™ h,teRY M., M, € R?xd M1k =M,
TransE!"! h,t e R? reR? —lh+r—tl
UL 2]
UM h,te R - I3
16
TransH" h,teR? r, w, €RY ~||h=wlhw,) +r—(t- w;rtw,)”;
TransR™* hteRr! reRt, M, e R —[IMh+r - M, t3
44
TransD™!  hteR?, wy,,w, e R? r, w, € R - ||h(WrW; +D+r—t(w,w + I)||§
d
[45] d reR
STransE h,te R M1, M, € RAxd ||M,,1h+ r— M,zt”l/2
~|IM, () h+r—-M, (@7,
. TranSparsem] h,teRY re®t, M, @) eR, /
Point- ’ M (9") , ML(8.) e RP — v Oh h+r-M. (0’)t
Wise =[] rr o 12
TransM™” h,teRY reR? wellh+r =t
TransA® h,teR? reRrd, M, e R (h+r—t)™M, (h+r—t|)
R TransF*” h,teR¢ reR? (h+1)"t+h7 (t-1)
Wz R
R ITransF®" h,teR? reR? [ef - D-h+r-al -D-t,
TransAt"®” h,tcR? reR? Py (o (rp)h)+r =P, (0 (r)t)
TransMS"™! h,t e Rk reRb, a=r,,, €R' |~tanh(tor)oh+r—tanh(hor)ot+a-(hot)
ManifoldE"" h,teR? reRr? Mh,r.t)-D2|
il . ” &
TorusEP* [h],[t] € T" [rleT” mingy yye(h+enxrallx = yll;
~ N(x;u,,
h ~ N(up,2p) J fxeRke N(x;u,,%,)log M
KG2E"" t~ N,z TN (;ez g €8 N )
%, € RIX r 108 [ ke NOG U SNy, )dx
T ) r
h ~ N(uy, 021 i
TransG™ (70wt M- 7))

N = llh+ri =13
t~N(u,,0'tZI) r:Ziﬂ’,ujeRd Z” €X] ( o102
WO
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2.2 BN ILELIRE

T SCIVC PCARE 5 R FE AR (0 VY 43 bR B, RT3 5 T SC UG oA 1 e S 1 A5 B T SCUC L 5 SR 3l
K W™M, ~ t7) SRAR IR 2 (] T ) S Sk, AL R S R AR . 5 R SEAA N 5% R G A (1 AN [R5 20 45 440 SR A 28
AR LT,
221 LM/ R

LR LR AT Y (HLARIX L2 18 1Y) — SR R/ 6 T R AT B AN XU P 11, {H STk [62] TEI T AT Ak A
TV DA Q) J I Sk SRR 38600 R SR (9 s 2 AT HR, K 50 R AR A — AN Ik /2 v e i, BV 3 ik 7 P
HIgE (A3 GYMEMIZ R (A (32)) guhd LRI ¢ R FIAH AR

_mT(h
gm0 =M (") a1
f(h,t)y=h"M,t (32)

o SME: if X VCHZRE A% A (semantic matching energy, SME)P 1 Hy 4k Sz 4k 5o R 2 1A (5 SRR, 7F
SME 1, SEAAFIOC FR AL [F] 1 R 7R B 20, K8 X2 X R BRI 475 B R — = [l (SR TR 5244
ORI 2 [ AR RE S Z2 ), IF BB T #5 T AR AR (FHRZ0E SR 5 00 R W A TERR R ). SME A8 H 4
22 25 BRI EAT VG SLUTHC, 181 6 21 T 1 SCULIEC R i PR 400 1) kA AR

1 (h=g, (h, 7 g(t, 1)

h(.)

g, (b, 1) g (tr)

h r t
(h r, 1)
6 TE SCUCTC At & ok 2 M 0], BITETE SC_ETCED (b, r) F1 () ISR R BRI
ik 6 BioR, SME B 56K AN =TTl (h,r, ) IR FFS B B AN h et e RY, AR5 R RIRAN r 81 R4

&) R EARIRA R AL G, 155 g, (h,r); TR MR EL g () RSERIRA AL S, 155 gu(tr) . B, FF LM VP50 6
HoE SO E NI RAILEE g, (h,r) Ml g, (t.r) , BII:

fr(h,0) = gu(h,r)"g, (t,1) 33)
SME it SCUCHC I g s 0w ST B, WM B AR, i Sl R
SME £k X
{ gu(h,r) = M!h+Mr +b, 2
& (tr)=M't+Mr+b, Cal
SME Mt E:
gu(h,r) = (M;h) o (Mgr) +b, )
go(t.r) = (M!t)o (M2r)+b,

Jerp, My, MZ M M € RO G BUEHIBE; by, b, € R i B 1) 5, 775 0 %78 Hadamard AR, BhAh, £E3CHR [19] 1,
SME 24 Ji& T & MR METE 30, T =R sk AR e AR, AR i L B Re ).
o LFM: [ AE A (latent factor model, LEM)'* R F 5 24 5t XU P A2 % FE SEAARI 56 3% 2 ) AR AFL SR 1,
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LEM NN =TCH (b, r, 1) & XIF5 BB :

fr(ht)=h"M,t (36)
Hrp, M, e R™EICHR r T RS M AS AR B, & Wi SR 2 S T 3k R SEAR I o0 A U R, B A IR Y
A TARKI ek, SR7, T LFM BB F B R I SOk AR, DRI 1 e 32 3 B i

e DistMult: DistMult® BRI M, Jy 5t fA4EFERD T LEM o RS EUNECR, 7742 T 55 TransE BEAL A [RI40E 1)
KASH XM A X A5 TransE AR AT b, I BAEFETINAT % LIS T 54T M fe.

W TARA KR r, DistMult 5IA—"NAE KA r e RY, FHERKM, = diag(r), W3 RE0E X R:

£+ (h,t) = h"diag(r)t (37)

2 BA A SR AR R 4E R b A ¢ 43 2 A S8 BAE L, 98> TR R RS EE0RE . XFATA h F ¢, 3
JE hTdiag (r)t = tTdiag (r)h . A, SR 8 A4 (R B8 SRR AR B G AR OC 3R, 1% A5 70 2520+ INDSCAL 7k & 43 figg )
Sy A O AS HAE A, 98D T RN KR RIS EECR. W TAEAT h A t, 39 2 hTdiag (r)t = t"diag () h . KL, XFh
o A Ak AR R LR AL B R 06 R, 1257 25 2% INDSCAL 7K & /3t 1),

e HolE: 2 T #fi 3k 5% REIE 0 3 & 22 B I A A k4T 71 57, Nickel 28 A48 H T & B8 A (holographic
embeddings, HolE) 7, L2 3] HEAN AR B3 ) f 43 1) B 28 1) 8. O T 459k AR RIA E )7 55 TransE 8524
PEFI TR B PR A 45 &, HolE fFH Sk RS ) 8 M0 PR AH DG 1 R s SEAART, B A A 1255 7F:aob=axb, HH
* 1 RYXRY - RY R

[axb] = Zj: aiby,;mod d 38)

PG A 0] LA R oK ik Rk T 38, H A AN e A5 b, i Af etk 5 v e s A .
TR AR X L TSR ER A S 5 56 & ik N, HolE ALEL {117 4 o £ SN

f(t=r"(hxt) (39)
PEEHFA ST S AR FHHEAT He i, 11 7(b) 7R, HolE 42 5 R 32 O (d) M35k, H RESCAL!™ T 474

(a) RESCAL (b) HolE
K7 R 4] RESCAL Fl HolE, RESCAL il i) 4% /4N 0] J2 R SEAART, 11 HolE R B a )2

e ComplEx: 1" DistMult #4054k, H AL RO R, ZHUKA (complex embedding, ComplEx)*]
N T S H e R A), A Hermitian U ARBEAT O AR LSRN 2 0 = X 3L A i, A HG mT USSR B A SO R K
&, 58% T DistMult 7,
7t ComplEx H', SAAHISERIKRA h, v, t NTRAL T SB[, T2 Ar T2 HCE R b, Bl hytr e 7, W] LITE 474
SFAESFRIC R AR, 230 L, ComplEx HIFE5E (b, r, 1) IV BB UE XN
f:(h,t)=Re(h" diag(nt) (40)

b, R IIEHE, Re() RN BULEE 1530, 1% VP9 bR BN S X RR IR, 0 BR 5% 3R (1 25 52 ] LIARER b & s ik
PR 4 3 A [R] 7 43 4
R [67] E4AUEN] ComplEx 7E$2%% 25541 HolE, 3 H. ComplEx ¥ HolE VA Stk A e Iin LB 6 # i 11
— P R B LA A, ComplEx th ] A /2 RESCAL P JiE, & T SEARRISE R IR
e ANALOGY: ANALOGY "'l . J- 2 I R HEHE, X 56 2 HHs 10 25 b 45 WA T 12 . ANALOGY 1 5 LFM
AR (R R M T 2 VT4 o 550 o 5 — oL A, & (R0 bR B O
fr(h)=h"M,t 1)



288 HAEFIR 2023 5 34 55 1 M

Hp, hiteR? &k BEAEMMEIRA, M, € R™ 2 53¢ RAHCHRM S tE WU, A T JESS L 451, BBk R R
) Ze P WS ot TE 2 1) HAH B n] 28 3, R Bs:
normality: M,M] = M[M,,¥reR
{commutativity: MM, =M, M,,¥r,r €R

HAR ANALOGY 4 5C R R IR A HRE, (FIX S8R RE W] DA [R] 43 HRon) 7 A0 28 — ARG i (R 0 A 50 B, 9 H O & 1IF
H DistMult, HolE ! ComplEx J5iA7E S ] LA AT LABE ANALOGY VA2 M 45 A% L.

e SimplE: CP 73 (canonical Polyadic decomposition) ™ g gt L3 H (5K 540 5 1%, %5 1 W AN R R 22 S
AN &, IR EEAN SR I A RN B, AN TSRS RN, AN TR SRR TSk B SR
RN 2F ST BT, IX P AT CP e A B it kb 4 L PE 2. SimplEV 2L+ CP 5K B4 B0 iR 5 1%,
FA A T SR MR N [ 2 ] PR ST P 1) 2.

SimplE 7] LA B2 —Fh ] A RE (1 H R A 58 R 3RIA fe T IS MR 2, B HARBE B AR LE, & R S8 2R I8 RE
71, RN TCRSEE D, $ehh, Tk v PLE I 28 3L = (0 07 20K 8 SRR I HE iR A TP SimplE 51T SC RN,
I HLVEEE () B (1,71 1) 65 CPVEAFIRPISIE, 0L (h, ) IR VF 53 R HOE X2

fr(ht) = %(hort+tor’t) (43)

Horr, e 56 R K I, 755 0 %715 Hadamard A, SimplE BT 7E ST 45 Tk g RLAF, IF H A 95 %%
ISR RE
222 SERESERTY
S 93 fA 2 SRAFAIG AR 1) £ 3R s 1) — T BEROR, 7R B o3 AR AT A IR 3R 7R 2% 30 v i) — AN LR )
RESCAL!"'™ g J — P 1 = ) gk o 4082 (107 B 96 3R 2% 2] J7k. RESCAL BEELE KG 45 Mg R R A 45 0 — ik
HOMRERIE, 75 RESCAL 1, KG "I =J04l (h,r,0) TER— KWK X, iR =JedI#7E, W X, =1, 504 0. 5K
MR SRR X R R SEAR R AR R R, DME X, G T - hM,t . 4508 L =J04 (h,ry ), € XHAT S RO
D =hMt= 3TN M- [h [ (44)

Horr, hte R p0E S RSSRIN IR 880, [h]; A 4000 2R 1) & h, ¢ 1958 4, j T M, € R 2 — A5 HRAM
RIRMIFERE. 1270 B3k T h R € (T 0 B 0] R O A8 FAEHT (L 7(a)), M]3 FERE ML 155 47 B ) LA
R RESCAL ST LFM FAAHAL, 3B X HI7ET RESCAL itk & X thif pr A 8 (R 46 214H), i
LFM WA FHifk KG i) = o 4l.

TATECTVBEARURAUG — [/ 42 1. hTM, ¢ $EATE A, 117 HLid X i 28 L, 51 Qa1 S A 5 96 22 2 1) (A L. " T
YRR

(42)

f(h)=h"™™,t+h"r+t'r+h"Dt (45)
o, D JRTE A ARG &R b L2 (R0 AR R,
W 51N =B Tucker 5K &4 i#, Tuck ERYE kbt —AMZ 0o ik B DA KL SR 56 2R AR [f) B R 2 ST RN,
BT R ECE R
[ (h,t) = wx hxorxst (46)
, w e Rédrde J& Tucker 4 RIF BIMAZ QoK &, d, A d, 73 IR IR SEARFI G R I 0 4L R, x, RmvEG 28 ) L4EN
B
kT RESCAL BB, 75 51 TR BB I A7 HAR A F AR 23 R 090 CAE. Sk [17,73] 2% 20 3k R SR
AR A AL R, B b, B — AN SAR- KR RFBE Y, 2 (h,r0) JSLIN, Y., A 1, A5 028 0, I F AR [ 45 i
W Y 53 SRR () IRAP (P e RY) FIC RIRA Y (r e RY), FI G BT P 5 r 19 BT & S0, S0
Bk [74] FISCHR [757 FH WA S0 1] 000 S SEEAA RN O 28 - R SO A, Lo S S A it 5 ) b h (h e RY), T
RE-BIAEXE (r, ) BN 55— NP (P e RY). SR, IXFE I SO S el SR BN 28 1, I 25 5 52 2144
AR (5% g BT,

=

5K
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22.3 PR LAY

PHE W 2 A5 B 7 LSRRI OC R MR AN TN, T8I A4 20 I 245 8t = 52 — e A A6 P I 48 T IR etk o
2 R AR T A 2% 1 W 485 S A ok G o6 R . AE RO IFST, F T 4R i v LIS A I g A T B35 1
TR . L AT 4 /O e P e (1) G R S 7R ] DA b 4 I 0 EAT AR, 90 SME B CHL R A 49 L3R
3.2.1 ). ARk A 2 g 4045 MLPYY, SLMU7, NTNUY, NAMUMEE | (8] 8 5 7R T 36 43 AH SR [y i 28 00 2% 1k
R,

? £ (hd)

w

AN 7

o
@0%@%@@ ) @L@OQ )

(a) MLP
eooel o
Association -~ B @ Association
at here In: 2® at here In: a®
out: z¥ out: z®
In: a® In: a®
out: z@ out: z?
In: a In: a®
out: z» out: z"

(c) NAM (DNN) (d) NAM (RMNN)
8 MLP, NTN, NAM (DNN) Hl NAM (RMNN) 575 [ ifi £ o] 4% &5 ey
o MLP: % 241K (multi-layer perceptron, MLP) B4R A 22 2 N TARZE W% R RN 5 28 DA e Sz b5 o
Ay B AH DGR, A AR UE IR 22 J2 R 25 3R S AR R0 00 R 2 TR AE T MLP B3 (W R4S =041 (b, v, 0) BIVRS3 BR EE
SR
f-(h,t) = w" tanh (M, h + M,r + M;t) 47
Horh, M, My, M; € R Filw € R & MLP [9 554
o SLM: H M2 L5 (single layer model, SLM)"M 5 MLP BEHARRL, & 223850 i 81 )7 MILP 128 9 4% £
eV E R E L SR 5 SRR, DABARFEA PR BT (SE) T2t ()RS fff 21 ) S 4 5 0% 8 1908 SRR i)
L. SLM #5284 (1T 43 bR HiE SUR:
£.(h1) = £ tanh (M, h + M, »t) 8)
Hr, M, 1, M, € ROOEHFEHBE. AR SLM SR FEARE 2 AL (SE) HEAT T o0k, (H2 R et e R L — A5
PRI (R D0 A i A AR, SR T PRIAS S A4 [) 2 (RIS B R
o NTN: KB /W 45 4 (neural tensor network, NTN)Y | I 52k P fk F A0 AN [F] (K 4E 7 8k . R Sz )
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EECRATK, NTN B G REA =04 (h, v, ) FIVE2 BRECE LR
f(h,t) =" tanh(h"M, t+ M} h+M; t+b,) (49)

Horp, M, e ROCHE—AD sk R, MM e R xd st 550 F r A RIBSEAERE, JF H r AR R r B R, WTLLH
ti, SLM /& NTN H55K R B B 0 N ARARTEOL, (RN B8 AT BLF 1152 MLP RIXUZ PERE TR (R 20 75

I, 55 DAAE (8 5 R % ik AASEZRUARTR], NTIN #1455 A% [n) 8 2 12 SE 4 o B A7 P o) 2 1) S S8 (. SR, RV
NTN )k 5 55T DA B i A R S0 55 00 3R IR 19 B 20 0K 2R SOORIR, {H NTN (19 iy 52 A P BR A 77 L8 K
TR S R VA S

o NAM: Liu 25 NAR T Tl T3 18 o1 28 0 4% (1) o 22 S TEAS M. (neural association model, NAM)Y®, H T AT
EENl R S ey I ISR N A TR R D E AR | 32 b SEih§e:4 1 NSt M all IR S O U
iik [78] WFFT T NAM [P FASERI S5 42, — N EARE T IR BEAHZE M 4% (deep neural networks, DNN), 55 —ANEH—Fh
FRA KRR EE B2 [ 2584 (relation-modulated neural nets, RMNN).

NAM-DNN (R g5 U 1E] 8(c) FTon. 45 8 5L = J0A (h,r,) , H BN E FEE LA S X R RN
7, 1328129 = [h;r] e R¥, 344 20 1N BHE B AN B L AN SRS LR 2 A S R L2 R 4%, 145

a® =wOz-D 1 pd (1=1,..., L)
{ 20 =ReLU(a"), (I=1.....L) 0

Horh, WO R DD 53 TR IR 5 1 )2 B S B A g

TR 55— N2 S R SR IR AT SR = e 411 Sigmoid 43 E04F A S HRAE R :

£ (h,1) = Sigmoid (t"z") 1)
5 NAM-DNN A[il, 41l 8(d) 7, NAM-RMNN K55G RN 1 382 2R 5 pH 22 B 2% w0 1 A Rl 2, I
a® =WOz-D By (1=1,...,L) (52)

Horh, WO RIBO 43 IR 2R 12 A BRI OC R R 8 BCESEFE. JF H. NAM-RMNN 7Ef FJEFH DU PR R
FO A = T B A 5y
f(h,1) = Sigmoid (t7z" + B*r) (53)

224 BIREGE

AT AT FTARBUE T 23 bR 500 75 SCOR A Y, J 4 JEOGT SRR DG 2R (1) 28 FLEAT G i 1) S ] RS 2 4k R 454
HEATXI 5, BLFE LM LR AR T, KE B A A 28, P2 I Y 3 ANER . 38 3 0hi IR 3 AT T L 45
2.3 SETHFIREE RN ERY

K2 HRH R BRI PERLTY A 2016 A 2 HTHE H IR 5 1%, TRl JLUAFEAT 9L KGE W iR 2 . A /NI R ZEA
LRI W VE, BRI 5 A RN I AT T 3 120, SO JL A A5 R RN LA AR 7Y
23.1 GRFAML

BRI EE M 4% (convolutional neural networks, CNNs) 7E [ 2R 5 5 AL FRATIEL 52 2] )2 i, 5 A i 4 ) 4%
HIEE, CNN 2% 3] JELRVERFAE, LLAER D 1 S RO L A4 R, AN, NN AJ T2 2 3R )2 R IR HFE. ConvE!”
R A 4 RS A B TR Y, SR i N SR RN OC R 2 TR I AS L i s A2 R A 1 2 8, 181 9
HRT ConvE BRI WA R L5 M. 7 ConvE BRI SEAAFISC R IR B E B AERE: CLRO. @), REHEAH
KERERE AR B RUR N CEIR®); K15 B KRR AE WU 5K 5 ) AL IR B k 4275 W) vh CPIR@), 95 A ik
FSEAR A ILAC (PIRG).

ConvE H 3K SRR OG5 T AL Ji — HEARRE, 0 B B2 A A 2 S LSRRI OC 2R 2 ) (R AH ELAE . 85 B
K W A2 S AREAT U5, I i s = e AL A5 L. B XL, ConvE V2> pREE LN T
Jr(h,t) = o (vec (o ([M; M, ]+ w)) W)t (54)

b, My, M, 73 3R Sk SRR b FISC RN ¢ () —4ERERE, R h,r e RY, WM, M, e R4 Kol d = d,d),
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vec SERG SRR [ AR — A ) AL A
ConvE J& I T GE T £5c ] B0 K 2 2 BUA R S 4, m LU 22 JRAR LA A 2% ) 30K SO &, JF Hazdsd

B EA RS S HOR T, 7T AAESEO B0 T 8 17x AT R, 1555 DistMult®fl R-GCNFRRAH [ 1)
PERe.
3 B SCUCRCAETY g
e FT DHLSTON KRN VPR EL £ (1)
SME2 h.teRd reRrd guh,0)T g, (t.r)
LFML®! h,teRY u,,v, €R? d
’ o h™ Z afuvt
i=1
DistMult™* h,teR? reRr4 h™diag ()t
- - o R 1)
gj@ &/XX@Z H‘.*;%Lr: HOlE[Gs] h,te R4 reRd r’ (hxt)
ComplEx!®” h,teC? recd Re(h diag(r)t)
ANALOGY™  h teRr? M, e Rdxd h™M,t
SimplE™! h,teRY r.r' e R4 %(h ort+tor't)
RESCAL! h,teRY M, € R¥xd h™M,t
O W 43 R TR TATEC"! hte R reR?, M, e R h™™,t+hTr+tTr+h™Dt
TuckER" hteR! reR? wxhxorx;t
MLPU! h,teRY reRrd wT tanh (M1h + Mor +Mj3t)
SLM™? h,teRY re Rk, M!, M2 e R4 r" tanh (M,.;h +M,,t)
T2 1o 2 e Y
- NTN! hteR!  rb R, M, eR”™* MM €RPY rTtanh(hTM,t+M!h+M2t+b,)
NAM! h,teR? reR? Sigmoid (t7z + B+ r)
TN “pg” R E 5 Logits i
RN YGERE o 0.9
(e} 0.2
e} 0.1
DERMASERE © © 05
e ” . , 9 W5% [ © (BLogistic 0.
ol [ @ i @ %M © BEELUY O e O sigmoid 03
el [ ][] ® o 0.7
.
(@) .
HEA R (EY= ° 04
dropout (0.2) dropout (0.2) dropout (0.3) '

Kl 9 ConvE fR7 kR LM

SR, Nguyen 25 A BN ConvE H &S T3k 9eth i & h sioC R i & v PARFELEE 4 H 2 IR R, %
A IEIRNZTCH (h,r, t) TAHFRIAERE 4 H 2 104 JR 0 R, 208 T PERFAE. £ %0 1X AN [ 1, Nguyen %5 A& H H
T AR IZE RN I AR 56 B AT ConvKB™!. ConvKB % CNN 4t il sz 44 5 ¢ R IR IE, T AR EER, 5
TR & 1K ConvE ML, ConvKB B T 1k I 5L

K 10 278 T ConvKB [T FE (A KD k=4, BEUZEH 7 =3, WG k3L g=ReLU). 7E ConvKB 1, &4
SR BRI R HR L ME— (1) & RN DRI, X TR Z 04 (hyrt), SRR & 4EIRN =04 (h,r,6) BRI — 1k x 3
BV A N, B3 N SRR 8 B AR S, A B2 AR A TG Y 1 3 TR (AN [ Jod 8 B4R ik N = e 201 (¥ A 7] 4
FES% H Z IR 1A JR D6 2R X 263 B A AR AN R 0 R —AT R E AR, LU= A AN A R IR G 1% Fl T 43 53R 7R
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IR IAE A AL pEAR M H, B0 7 = ||, WA 2] ¢ ANRRAEWL . ¥ 7 AR E WS B2 S AN RRAE ) 2, Tt 5 AR
PN 2 5 AE W2 w(w € R”‘Xl) DA =504 (b, 1, £) 11543, ConvKB BT R P1E43 pR B0E LI
f(h,t) = concat(g( [h,r,t] xw))-w (55)
ConvKB R 0] DLFAE /& TransE #E— S AR 4 /L R IIYRE.

ReLU | 3 feature maps
are concatenated

EH

’matrix 4><3‘ ’3 filters 1><3‘

4 o -0 L

10 ConvKB ¥ K [+ 5l 2

e HypER: HypER"/Fl FIH I 4% (14 jl— 4 56 2085 2 106 AL DE A%, LLSZ B0 A0 U B op R [R) 56 R 2 A1 24T
S5 S0RIL )[R Y 2 Uk R 5 M e 1E A 2 M R IR B2 22 3] 1 S 30 2 TR AT AU, TR AR B b ik T —
4 ConvE BTG | N [ SR FI O R RN Z 8] IAZ .. eAN, HypER #5554 4 FH B /9 4 A B 1 9 2R 07 8 A AR i g o 6 ik
ISR SEAR IR AEAN G BEUEAT A, A, A TR HL A o 5 ) R A

HypER [IRTAAL AT 11 FioR, SKSARIRA h 5 BB M4 H ARG SRR r QI I8 A28 F, 3 T8, %
FRAZIFAT LS ML R SRR W ORI AR 2t s 2 Wit B d, 2= b, R B E S A Btk te T
A5, A=A HE 0 8Y, 5 NV Sigmoid BRI 2340, HypER (1208 R e VE 2 R0 N

£(h,1) = f (vec (h=F,) W)t = f (vec (hxvec™ (rH)) W)t (56)

Horb, vec™ RN In] TR R RE ()3AE, ARk BREL £ O ReLU, B &S H e R<Ums , JLrp 1 RSB AASLE, ny
R R RIS AR A, KRR r e RY, WIEARF, = vec™ (rH) € R L FRAE IR M, € Rinv R IR s K
JEl,=d,—1;+1.

hl:l\Mr

|
H
/

Convolve

— N
F,

Kl 11 HypER B AT 4k
HypER & 5 — AN i 6 5¢ R 45 2 i S 28 55 SR IR AN B B LU ZR Pk M 45 5 SR 5 5C R N (WA, e 4 2 T
ML % FEAR T RUFHERE.
232 e
RS AR) KG B AN SR, BRIk, SR 5T 2> () e 2 2o A ] e O 1 — A 1 2 e A, Oy 7 U B o

H
v

|

H

DOoODOOoooooOo
w
aQ
=]
2
a
COCCO00O0O0
Booho—lotol—ie

=

Sy b, VP2 AT K7 B B i e X A bk O AR, (EL AT R 2R 3 A e G R A —
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T4y, Bl TransE ALK ¢ R R IR AR IE, 5 76 Ko b @8 S % R s oK, (AN BB X R 06 2R 3R AT A2 4L
DistMult AR kSR OC R SE AR 2 18] (1) = [0 A8 FL AT RS, 5 006t s AT A8, (B AR R R
SRR 5% By ComplEx 5| N AR AP JE DisMult, DS L7l 56 FR < R BEAT B, (HE AN REA Rt HE
W AL

BEXTEUA R TCVE R IS 13 3 AR b AT AR — il L, 52 BR Ay 24 3R &, Sun 88 A3 H T — o (1 51130
I N 715 RotatE™, 127 7 A% RIS 0 S, R/ SR RIRI £ 1 45 5 A e A T AR .

RotatE FEHLRE SRR O 2R ST 1) 52 550 10) 2 ), JR AN 96 308 SO MK SR 2 R SR e . B 45 7€ =T
A (hrry, W t=hor, i t,h,re CZIRA, B K |ri| = 1. L, 05 TR ECE W RN ERL, S 1 = hyr, 3L
J hy;, ri,t; € C.

Tl Bk e X, 0 T~ =I04, ¥ RotatE [ PE4) B 20E L i

Jr(h,n)=]hor—t| (57

TR I R e Ok S H ) 23 A R R e, RotatE i) LUK ik 3 RS 156 R AT f R BUR 3, JF
H T RotatE BEALZEIN [A)F0 A A7 EASRFFLNE, PRIk 5 97 e SRS &1 1% Bt Ah, 2018 4FE i) TorusE #E7Y
LU RotatE (RFG, Ferb i AR BEE 0 [ 5€ {8, 17 RotatE & SCAEREAN ST HC ) b, HA R RIREE ).

QuatE™ ™ & T LA AR, 5N A5 R (K08 5 B s SR SR AN SC R, A SR AL LA AR (1) R Il A2 17 %
PRIONTR, e R 18 ok SRR B R . B U, QuatB I DU T HUR AR OR SRR R, B DY e Kk
NS HE N PR, EHRA 3 MNMES R, §, k, WU TTHT RIS Q = a+bi+cj+dk. QuatE [1J1F
7 BRHUE SNy

f,(h,t):h@%-t (58)

o, hrre B, 3R AR Quat FIFITITCH R A, SEOLT Sk FRSEHR 2 )4 0 FL 4 %3003 (0 SCUCHE,
55 RotatE FUAT—MHekE TR ), QuatE LA A et 2 . T L, 5 0L A M L, D176 5 A3 6 75 1 i,
FIIN, DO 7585t He Wt A M 0 2 LS R

B T RotatE Al Quatk /il & ¥4 IR Y ML (M BESR, DihEdral HEH SO I B A1 |- id 5 F b
2. Xu % AL 0 DihEdral BUE, & 26— T4 B e 2 e BEan U i b 26 R, R824 KGE
e A B SS BE e LRE A )74

T Ak ik € Z4) BTG, MPEH B 5 Dy, 36D, h 2k A TERALK, 1I% K MR O
K AR By T BRI AL, 24 & T LA 4 SERRIN, HERE AR O/ 1 OCK/™ S SR BRI, TG B A
HEEEAE O, 0K AR, Dy MR 12 B, A T B2 4 LA (00 _LJ7) (i ACL i 7 TR FiL
R 925 B, F T AT R R A, T 70 B S 1.

ACL oV

ACL
oV

(0)—| (D_ro - (2)_— ()0 —
O=[s ¢ Oy=[7 OP=[' 1 09

NCT

JOK

RSN

NCU

FO=[ 01 FO=0 FP=' FO=)
K12 D, e E
DihEdral #f F D, A 08 0 & B0 R . ¢ R FER FH Hext /1 72 AR = diagR™D,RP, ..., RP) | H

RYeD, Hiel,2,...L. %N KA ] Ehe R MteRY” X505 4O h®, . hD] JO ¢ D], Hp
hO D e R? . Kk, XWX =TCH (b, r, ) B2 BT LS 1k L AN 5, B
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TR = §F ROTRD(D)
th_ZHh ROt (59)

Hop, BN 5 RO AR — A Z AT G 3 MR R FERE.
233 XL AR
BRI ECETEVT 2 N TSI 2 D 9, (R AT AR TE — AN 20 11 =) R A, BR324 Ry e L e g
A b2 BN A R 4E B B TS — MO R TR A 2 R A5 B B DL R TSR B P 5 A His i RN
Adcock 25 N CTRSIE A3 M1 32 W, 1 22 LS th S 100 49 38 U R B 2 (K0 ARDIR G500, Sl 7 R PR IORh 46 A o i 2 ) T A
2R T5 75, Nickel 25 A SR A8 XU 23 1) (FLAT 5 70 23 1 25 0y Pt BTN, I3 R S0 gt 25 o) RARIE & T
R R IR G5 ), B ] LA, XU 2 )@ W R I SR AR, A b BR 23 0] (22 e 23 )y af DATE VR . SR fai s
KR4y R, Nickel 28 N\ B4R 1 7 52 T-X0 123 18] Poincare ball 5% [ Poincare 773, JEHE& T3 TR EE 0L,
Nickel 25 A M4 5 20 A BRI 20 | o, 8 BY = {x e RY|Ix || < U TR d 4ESREER, JLeh | - | 40R
WKL H 755 s, X0 i 4% 1] [ Poincare ball #5756 1 128 8 i 7 (Bd,gx) , Bl

2V,
g = (—) : (60)
1 |IxII*

Horp, x e e H. ¥ FonBRJLFL 8 ik
Poincare T A5 22 ) 555 B 12 KRR R, BED = (b, ) RN 4 RN 2 [0 ) LAy 5 REA, RG22
D FEFTHEFF SN, AT G AE IR AN 2[RI P H2E. W) Poincare A% 78 V43 o B0E SN

e—d(h,t)

fr (h’ t) = Z(h,t)ED log W (61)

NG
Jorp, N(h) = {7'| (b, & D)} U {1} 52 b (R SUI4R.

S2br b, 2296 RATR IR R B A2 KRG K, N T X — a8, B2 T MuRP B ™ MuRP Hix T
Poincare BB 5 50583, B A& —FIEX 23 8] 1 Poincare ball 182 ik N 7y |2 2 K R A 19715, ik
Mobius - 175 eV Mobius 1L =) 5 255 € S HOR B SZAR BN

— SR ] ATEAN IR R) D6 2R R TR AN [R] TR 2 IR 4, T — AN SRAR PR R AN AT N [m) I SR BT A SR IR 54, %
Word2Vec TR AL 544 3 &, MuRP 32 X T % 5¢ 2 B AN TIVF 4 2R 3L

F 1) = =d(0”,€7) +b, +b, = d(Rh,t+1) + b, + b, 62)

Hrh, d:exRxe o RYVZEHEE KA, by, b, eR BRIk RBSEAMR Fle bR RN ZE. R e RO JEXN A O FR A FE.
h® = Rh D = t+ ¢ L7175 AH Y. 1 5¢ ZR 4R AL 46 S5 1 Sk AN R S AR TR N
BT 5 BR S R JLART AR 45 B, MuRP #0743 R 0E SR
£ 1) = (0 0) + b, + b, = ~ds (exp (Rlog) (h)) h@.r,) + by + b, ©63)

Hr, hyh, € BY o3RRSk RSRR Fl e IR, log FoR 20 E0RES, 0 SRR 2B INSEER 0 £, ¢ A
SR, 1y, € BYRIKFR r IRURF A 1 5. h e BY 2 ok Mobius A - 17 #2307 31 (K 9 R AR5 1 3k SEAR IR,
1M1 5% 8 210 )2 SE I AN W € BY S50 1D 56 R 1 ftry, 15 R SE AN by HEAT Mobius VA3 211K, @, 75 Mobius
A,

RZRFEBE AN AT, BRI MuRP (12 300 B SRR G &R (W B0 2 39 I, A3 55 mT UR T R R AR ] .
234 HAd

B 7R A B4R R 28 50 KGE BEAT fl B 1 77 v, dec i B A WF 50K e 28 W) 24 1 F iR o KGE i L. 51 4 -
CapsE F P0 G2 MR T —Fh T 0 6 R = e 4L A I R B I 4% s Ak 43t CapsE & ConvKB 25 B HEHURFIE
WS S MNP IRBRJZ, TEER— 2, WIE ke ANREE, Horbk B BT R ik WS A1 [ 4 FE R 4% H Bl At e 31— AN M 1Y)
JRFE, REANREE ] LU RN = Jo Al h AR 4 4% B 2 B VR 2 R AL, IX SORFIE g S I N B3 — )2 i I3
o ZIREE A — A R, K HAE = o443 41 CapsE [WVF43 B Sk
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Jr(h,1) = llcapsnet (g ([h,r,t] = w)) || (64)
Hh, capsnet FORRFEMEKIB .. CapsE 2 A5 IR FE M 2% I T AR B A A2 ¥ 75 7.

AN, CrossE #EHL PUHE— 2 2 fe T S5 56 2R 2 1R (R X0 i) i), S s AT AT L. Cross B0 32 AU 4T 4
ANDBR: (1) A3k h A AS HAR AN hy 5 (2) AR R r IAS HARA 15 (3) S5 528 HA A hy, 1y 5 (4) WAL BN
5 R SRR t AU, CrossE [HVF4r BEGE SN

f(h,t)= o (tanh(c,oh+c,ohor+b)t") (65)
HA, e,oh=hy,c,ohor =11, HbeR™ &4 5 & 7] . CrossE ARAYTE S WS Pi e LIRS sLIG &5 3, R T
7. KGE PV A8 AT H. (1 241
2.3.5 MR gk

ARATVAGRGE T BoB AR R N 775, AT P 2RI, T e st SOl J L Ar] S 20 R LA S 2T 4 /N353
GYALR, A 4 AR I BT AN TR SIS R AN ST VE-EAT T 4.

K4 BOBTIRATTR B IR A 45

el LY SRR KRN VI R ELS(h, ©)
ConvE"™ M, € R%>dn t ¢ R4 M, € R o (vec (o ([My; M, ] w)) W)t
AN 25 B 4 ConvKB!*" h,teRY reRrd concat (g([h,r,t] w)) w
L FAPREZE Y 2%
HypERm] h,t e RY reR% f(vec (h xvec™! (r H)) W)t
RotatE™! h,teCd rec? lhor—t
Quate™ h,teH? reH! he L .t
JEE R Ir|
L
DihEdral® D, D ¢ g2 RO e Dy Z hOTROED
I=1
—d(h,t)
(S
. [88] -
Poincare h,te B? - Z(h,t)EDlog Z o—d(n)
I L AR AR 25 N
[89] . 2
MuRP hy, b, € B r, € BY —ds (exp§ (Rlogh (hy)) h@cry) +by+ by
[90] d dy
S fin CapsE h,teR reR llcapsnet (g ([h,r,t] = w))||
CrossE"" h,t e R? r e Rér o(tanh(c,oh+c,ohor+b)tT)
24 I £

52 WERBENHET 3 RFARERERAN 72, B 2T PR S R, o5 SCUT RO 5 5508 KGE A8, &
O A W TN g AT T 4. i 8s LR A4 2R, & 5 . J7vk. $E a0 AU i 4 5 X LR %0
TR B N TR AR B AL AT X B,
3 EhSHIREERA

M7 KGE PIWFFE 32 B T T A A0 R, b 3RS & B ) & 2B 484k, %1 00: TransE, TransH, TransR,
RESCAL 45, {H 2, 75 SERR R H] b, SR sl i 2 shas 1, 4 Twitter P AL ZS401IRIE], DBLP )5 | S0 1R K
A6, L S S I RS AR, ANCPEA 8 I R) B N A A UG9S KGE J5ik 58 42 20 7 Il 5, X2 #4 KGE
TR IR e S BRI s h AR, BRI, B BB TR T 3RS AR BN 5.
3.1 EEINE

t-TransEP?V & 55— AN JRoKs i 10045 8 1+ KGE 10 7512, A5 P B P Iy 4240 R A vl i ) U 5% 2R 2 T f s e,
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IO A AE I 8] L OREE—EK t-TransE WA A I IR0 S ) S 2B I Tl R AR 75 S SIOMI N T BEURK R 2R PR 52 I [h)
Jitye. PRI, t-TransE s — 45 5 I T G055 10 1 £ R AR A i) J R e T A 2.

HAAKL, t-TransE £S5 = Jod4L PRI [0 8L, o VU TedL: (i regotn) , ForP o, BOR SRS AR EIN T0). Oh
TG OGS IR T 552 22 TR R I oA S, e BBE G i I ) A0 0% R 1) i v LS ol B ) A i A DAy I S T U G AR
I . B, A7 P AL ] S SR I RIS (er, rie,10) H (i rjens 1), BLRTFPZIAO 1 <y, IS AT LU 2 26
H SR FR oy LRl I VA 5 N IR 205 Ry, Bl e M~ oy, REFE MR DU 50 28 22 1] R IR ) L4356

%5 FB5r KGE BBt EL
5 Iy ARG e

il ggps Vb E AN 5PN, SEED, 5 RS E s
B i ARRAR LA B R R

TransH['® 2014 P BENEF B —X 2. X2, 2R AXR,
Bl R TGVE DX AN SR B S 1

TR gops LA ROUEIICRIS A, T A,
B TR AR, 208 R SHRANIR] M 28 AN vk

TransD™ 2015 [ WEER AN Z}ﬁ[//l\,

S A ST AP RO L PR A
{85 KA R IA BRI, P RS T TransE:;
i 2 5 LR L )
b pqe i ELAPALELSEBHERLAE Bt

B % T ARG, 4

SETHEB A STransE™) 2016

TranSparse

TorusE’™ S018 A ri: BN IE 1R TransE 1 U4k il SRR, ol 4 i £ KK G,
ey AT AN 3
KG2E® 2015 PLrt: BERTKGH SEARRICR AN VEEAT /AR

B FEN-NOG R a2

Pesi: HARm AKX ), 5 IBKGE i 2 T 6 A i S
i RN GRB SR T7 i, LR B

DR SR SR AR R XN M E AR e P8 S AR 5% 2R 2 TRV AE DG
B W EER SR T R

DL PRI 5G ZRAY 5 X M AR HA B xR, oSG RSO

TransGP® 2016

LFM™™! 2012

: [38]
myprg DMl 2015 o' ORISR, SLREARBIR KOG 5
B SLM™ sory  Vbrts IRBEHEAHEL BRI b R 20 56 5 SRR 1A

s HA S AR DA )

DE st I RR S 55 O 2R 2 TR S A SORIRG

B 2P R T AR CRBER  An R o L i

Pewi: W 2 JZ AR MR AL 2 2) RIK1E SUF B, RA RS S HR I,

NTN"! 2013

[79]
ConvE 2008 s e g5 P N = e TP IR FE 2 2 1 4 R 6 3R, 806 T b 4
BTKGERE  Rom®E™  joqe VLA ARSI AL, SRR S H S X R BRI

B HA AN g i, R AR B 7 w7 )
[88] 2017 AR AEX S T TPV, & 2 TR0 A4
Bl 2 K RFNIREEA R H 2 A2 IR G5, BB 56385

Poincare

H T % RE IS R AR IR, t-TransE K B [R5 249 SR Ak A — AN A i) 850, S5 BF (505 753 20 R 450 LT
g(rinr) = [rM-x; |, (66)
Horpr, M e R & B IS TR0 56 B0 (ry, 1) 22 00 ARG 0 RE B, 224 50 200 F I TR) IUFP HE A I, 3905842 00 ORI, 75
W, &5 B
SRIM, t-TransE A& H K I (8] -5 21 2% 2 IR, TR B 582 ) R 2 A (W IR (BT 4R )5 7F KGE BBt
B IR B BRI T A5 I AR, IR, t-TransE 27 > N2 5 s a) g 4.
Know-Evolve” il FH AL 1 ik A 2% >) 75 KG 6 2 I AR S M I RIS A R TR, AR, “eK5 Ja PR A1 4y AR ok 1
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B B AR I T FEAS H A (B . SR [94] %06 3R 55 188 ) ()58 ELAR FEAT SASE, FF 0 T 4 i TR\ 1) 8 5
KRN W ARG & ISP 71k, WA+, sRASOTRUS B STk [95] K R — A~ (M 0 2 9) £ 7471,
IHAL T LSTM 4t 5% 5 [h) A ()47

Dasgupta % A TransH'" 5 3 3R 453 &, 76 2018 4EHEH T HyTE J7vA P%L HyTE St — AN 1 1 ) i )
TSN EN PR R 1 N 51, 127 3 A I TR 5 A B ()R S THAT DG R, W b [ S X PR IR B S DG R s ) v TR
W, AL RERE T I 18] Fi 5okt AT KG HERE, 3T DA e 2D By T 37 T 1149 9% 28 5 SIZ (19 I [ e .

HyTE & 2624 (h,r,0) TR = J0 412 50 285 A R B s I s b ey el () 48 B2 25 & VU T4 (B, ity (14, Te]), 2
W R, RR = IGHL (v, ) 13 B TT G A0 45 R R). TR 0, &5 5 s TR) K, mT AR s TR) 91 L P (R N K G 43 1ok 24
AT, X S A I i E SN IR TR A R = e LA

HyTE ¢ I [ 27 Ay #8~F 1, X T KG 1 i) TANS RIS, A AR 2] T ASAFEESET, 20 3 B s wa,wa, ...
Wi . WG AERT ] 7 $5% B )RR 2 T w, b, 28 B B BGE i P, (h), P (t), P (r).

5 transH 2810, HyTE BIEELERT ] 7 4bA3 300 = Jo 41 B W N FIBRSS 25 5R ¢ & P (h) + P, (r) = P, (t). HyTE [
VPO BRHE SUN:

Sy = 1P () + P (x) =P (D)l 67

H T EARFESIES KG [ A 458 IR, 765 3 g A H &5 A i TR B, — Pl i A0 ) 3 KG 23 %1k
ZAHREST KG, BT KGR TRE 52 I ) BE, AR5 70 AR X 2 B 2% STk A (HyTE, Flexible Translation itk
F T R, XM BARLE i AL RE TP % R T KG Rl &, (EARE B 8 S & KG R fb i 72, %
T, Tang 5 NHEH T — NG5 A I ) 3544 100 ] Jo8 R0 Bt i) 1) ogh 1) 23 2 J DR PR i i N 57925 (TDG2E)7), TDG2E J&t—Fif
EHE B AS T B N 5 2%, F7 IRF T 455 JE P 0 D 2802 S0 R N .

TDG2E BEAREE T U717 KG I HME R, XREFN IR B 23 KG A, B e 56K i ) v B Py i N
KG 73 # A ZAEE T KG, 84T KG XA AN R G, IR T KG 10 SE AR C R 453058 B IR ) & ke 7
. ARG T GRU PR A 31 Al 25 S0 R B i N 1 2% ST #E Rl K B ) KG 2 I AR S &R . ko, 2%
R BB SR f5 BB S EOE SIS, BE—25 5 N 2%, T8 kR 26 w0 45 K45 8 (B9 GRU R 80Tk 4%)
BT A7 KG 272l e, HaXarF pos:

T-1
Laux (W’ Rz, Rr’ Rp) = Z ” Pr — Wrig ”2 (68)
=1

Bt DA R Lo PV BOIRZS pe MY 100wy (957 20, SINA B0 T LA By A5 AN B8 1, 7E DR B 2480 1 KG
R A5 R [ I OR S 25 A R R A A 2 GRU LB 1K1 KG IR, il B Rl 17 5 1) A2 438 (1 30 .

N T B RSN KG I T4 0] {8, TDG2E 7E GRU Wit 77— AN () ) B& ) GRALT-58)), 51
NAHARF KG 2 8] RIS Ta] (8] B LS AT RO @A Z) 2 KG s, el 13 S22 52 e () GRU I, brid 4L
(RIS AS IR 23, 4020 o el s N 1] IR K 1] 7

K] 13 TDG2E $2H kg GRU (11

NI (7 = /N W R
T.=0cRrw.+0(at;R)+b) (69)
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b, Ry e R™4 R, e R™EREHFE, b, EWZE, At RN (v+ 1) NS BCFNES 7 AN ) B 22 0] (R B (] ) B, o
MR
At,=rH—F (70)

Terby, 17 SR T AN R B T4 B ).

TDG2E J5 %5 HAWIA (0§ /) BN THEAH LG, AT CUR 1501 KG E#ME B, 1 B T LR 3)
A KG A=, 3@ id 51 N H) ) B8, TDG2E W] LLEE A 20 5h A KG s 2 AT .
32 i &

AHAET S BhAFN RS RN 5%, HrP 4387 T t-TransE, Know-Evolve, HyTE, TDG2E %5 A S #H Y
% 6 ¥ TDG2E B 5 HAh )25 KGE J5iZt ATl b, B R T TDG2E 7 ik LR, 487, MK Sk T
DAAS HH 4518 IAT 1K 22 B0 TR B ik N 7 V2088 D i A U B i, 220 1 U R e o i) 9 R L 9 T P
S B, SERR b, FEROR Y S R A IR AME BT RS AR FE U1 KG RN, I RN P AR B IR AT
3R — N E R T PR R M.

* 6 TDG2E #M 5 Ah)#& KGE JiExf Lt

Ll 47 TELE I ) 35 TDG2EfL TDG2EX H (it e I3
o FIRE T FKGEE M FFH LT GRUIBE R 8 K G AHAS

HyTE, P JANE TKG, N . e (S o i =

Flexible Translation XA SKGHE AL Ei‘%d]wKGMHﬂEﬂ@M ﬁ?ﬁgﬁiﬂiﬁzﬁ i@ggg%%%ggmgg
gyT.%l Translat BT SRR MRK G I I, e T S AKGTIR I T EGRUR B v Al IR 1, 31 A48 TKG
eSO AR R AT 1 2 RN 1

4 FEZIRESHIREIEERA

ZURAE AR T iR b = o GRS LAANIAE K, Re e A5 Wwe) g S UE (Y TR AR, AN S s EA T
TR 72 2006 T 20 5 e 2045 Bh a5 5, gln: SUARE R CRfRER. RRBRSE. ny
I I L6 22 Y55 BT T BRI S 55 00 2R T (R ABERT R 1, S -t v S5 P00 ) M 0 82 2 O S L.

4.1 LFAF)

SRS B S AR A R AR R SR 56 AR, IX S8 SR I AN U e N TR, B AR AR i = e L M g fE B
PEAEHER A B A5 5., IIRAR BN = Jo 4 i S8R

Guo 2 A3z H! (semantically smooth embedding, SSE) WY I\ J& T[] — 8 XSS SR AE ik N 4% 1) o B 9
MAZ IR AT SSE I I IRAT 2% S5 SR £ X S g 1 B R, 145 P9 P B2 P 40 o 4% 14 380 e K TR ol vk FRLAE Dy
AMFETR 5 K R B TE A I, AT I 3810240 3Rk N 25 D5 ST 7R

SSE R BRI AT SR FUE —AN T, AR, ISt 5 rb (0 SEACRAN A 226850, i B2 5 () w] B RLA R IR OG
AR AR B RT DUE AN DG ZR R Sk SE A 5 R SR I 20 o), 41 198 R DirectorOf Sk SEAR ISR BN Z AN, B4k
() T R 3% 2 R A . Xie 25 N PO — il & S 4R 2 R LS IS (type-embodied knowledge
representation learning, TKRL), 5| N\ LA )2 R &5 # A SRR (5 BLLA M 59 R 2 R Z1 R B TKRL o] DL e
A SAAE RS HIME B TransR B,

Jin 2 N PY4 H TEKRL B, 51N RO HLHIRAT SRS A BIR = Je 4L 2 IR AT AEIE 2R, 1 Bl 2% >) Sy
AN RIS 0 FERPRE 2 OC ZR AN [R) BEBEREE, AR e T H AR B A A FH S AR SO0 A5 SIS 5 25 | N0 A A0 D0 74 e s
4.2 TAHEIR

FIR R % AR 2 SRS A IR R, XS B RS 1 O SR b a5 A A B g B, A B AR R 25 5 TR
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TR AR 7S SV ZE P ) e 8 Ut A A DA SCAS P R, DR b SEEAAC IR SCAR fig AR M 5 1 A TR AT 28 . IR 64X
ACRE TSR B S5 R AR R AR AR R T A BT AR B P R S, T IS SCAS R NI 5325 v DAL b,
AEAFBETY ] DL 5] BT L 7R S A IR AS TR S R b s

Wang %5 A P19 56 38 Y IGA St U P 3 R S A 3R SCAR B IR s 2 S R % B L T TransE! VR Skip-
gram 570 PO BE R SUARL ) FH SR 4 BRIl 2 5 7 RMA SOAR R S 5 55 IR0, RSB Seh, H T SEAR S Bk Uk
BRI FH SR A4 TR 5 T D DU) 2 4T L SCAR S TR o S22 [ 7 7R P 4 2 T P S A et 55 14D D U o - RS 5 1)
KR, A T R LL ) 8, Zhong 25 A PO H R FH S A IR SCARAEE byt 55 UL 244BMK), Zhang %5 A PP S48
FH S A FR R S A 3 SCA P AR] [ BB AELAE Ay SRR IR SCAR R R,

TR P AN SCAS IRV 1 UGS R, Xie 8 A PT H — Ff lA S AR 10 iR R OR B (description-
embodied knowledge representation learning, DKRL), 7E TransE B ({1 3Ll b A sSEARRR 1 SCARE B, B —A4
SR E PR AR R R, SR DKRL J& - P55 IR, 70 Rl-& S R BE T 45 M) I R 7n AT T ORI 7R I 2
5 (148 TRt L. Xiao 25 A42 H SSP AL M g — Sl I ik AR R B BI1E U123 1) vh, 7818 ST 28 ) b2 ) stk
(F) ¥ F %oR, 5 DKRL AN (112 SSP SR I 3 R RS A 455 92 4 11 SCAC o, A1 6 1 JL A BB 7R 3 47 TEKERY
ATEKE!""%,

4.3 ZEHMN

I FN (X HL T U S B RN 3 R — M Horn 14, 1 Q1: Vx,y : HasWife(x,y) = HasSpouse(x,y) , & WT:
47 A HasWife I ZARE ) SR HasSpouse X R) W& F & M =45 8. Hil, AMIE!', AMIE+!""),
RLVLRU ™S 454 72 LA B K G H2 G 8 ).

Guo 25 N¥ = LB MR T, 421 T KALEP 5k, 45— AN 4 M, KALE FIF SEARSE A IR S AR i Ak
AR, JF KA t-norm BEMIE B IR 1 = J0dl, B E G A AN EAE E O H %o EAE AL G i X7 2,
KALE BL—/Ngt— {145 HIK R 7s = Jo 4L

P T A AR R T v 5 36 E, T 28 SOAR S B AT DA A D O ). 2 T I A AR, Guo &8 ATE
2017 54 1T (rule-guided embedding, RUGE)! ), 12 M5 R SR H A0 B AL IR 2K, 1 560 A S ) 0 2% =3 31 i
HRIETR TN ToAR2E = TCA IARZE, SR 5 F) H F0000 IR bR A5 KG h CAT RS I = Jo 2 JT 58 35 AN TR,

44 XERBER

KRB SHE Z M 2 B R R, AR T A LA R BEATER SRR, 22 RRZOT T H/%
2 A1 F " W OCR, A T2 4.

Lin %5 A P'E TransE A7 LRI 8 PSSR 2 IR 2200 56 R AR B AR A SEAR 2 T HIE G R, B2 T
PTransE 8. Guu 25 A POBEH T 05— Rl & 22 28 00 R AR I AR 2 2 L, R O R R AR M BT 1 — 0 A,
It Ho4F TransE BRI RESCAL BEAUHEAT 197 .

Niu 28 A ORI, HRTEE T 56 R B AR 10 22 S RERUR I B 42 15 R SE AR R I U T B 48 SR b D6 R
PRI A7, QAR 50 R B AR R s A HERA it 25 18 BOR ZEAL R, IF B Rh oy Uz vl R k. TR, 42— gk
B B FIRLN I AR s 2% SR RPIE, R Horn UL G 240 X RIEAR, JF BB G MR 5 0 R 2 ()
118 A5 S LIRS B v (1 5 A2 R 7.

45 HipER

7RI CAREA E T 015 BEAL, I — Le HAR TR A mT DARION 21 40 R B 3% 1) 18 S [l v, T3 i
PURTE XK. B Xie 5 N U223 il A Se 4k R M5 B3 ST SEAR SR AS B0 SRR 7R, #2HE T (image-embodied
knowledge representation learning, IKRL). 455 4y A — AN 52 4B B P Bl AR ZE R, 3R AlexNet! ™ 2841 4]
BRIV S

SRS 25 KR AR SN T AR SRR G AR, AR 4 R /3 B0 FUR B O R IB AR 1R 2 AN S A
AR 2R, S0 T 1) PR 4 b £ R T B e R Feng 4% AUV H — il B S Ak () 6 % 2 ST AT (graph
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aware knowledge embedding, GAKE), 1A~ [A] f SRR ¢ 25— AN SEAR I S WA [R], 1A A e 2 7 ML
T AR G FR NS AR AN R R, SCHR [109] 2 AP =% 18 P 25 1 (¥ AR e o i AR To 20 43 M TIOMIAT: 45 Eik
B TARGFIIRAR.

AT — Lot N B0 A E 3 9 R s 22 A ok 3 B S AR R 96 R 0T S R, 4t Du 258 A MR H —Fh kA
SRR (5 E SRR B 2R 2 ) ik, Xing 25 N U HEHE MKRL B, [ i il & SEAR IR L 2 8RR
SCARKRER 3 IR AIE .

4.6 N £

ARV EFBEAATHEILT KG A G B 05 SR EaRE_ESka HAb 5 S5 AR B AR, 5 BR800
NEXAFE (BFE SRS SCARRIR) . AR LR G RIEIR 5. IR, By KGE BRI KK &, AT
FEIEREGE B, KRZ R BRI KG 15 S DL i )i SRR,

5 HNREEERARIR A

WEAESR, FOARYR B 1 N F A0 A5 R 2 N ) 2 S5 AU TS T EL K L), X S i A S 35 Bl iR N T figd FH
sk, Hgh G A, FHTR B RN 52 1% O ARG AN SR G R — ARG I 5, 1 2% > S S
RKATNFTAZ 28 T 2 R0 TR SS. AR b, A/ 4H KGE LB 3 A
5.1 ETHIREEERAEIE

Bt AL G DT (R, R T SR i 0 ) 25 (QA) A LT ZE 7 ), TR T AT iz o0k, Bk
THE S S b A 0 T BB AL F 2, PR (R s RN 2 2 ) B A A AR P AR ) o A B
PIENIR. T AR IXA A, 3210 T 2T AR EHE 1 2 (QA-KG).

QA-KG 570 H TR B3 v 1 2 Sk [B125 B 9R1E 5 n) @ ml UAS B84 H - 7 AN RN3E KG 3 4516 1 1 Dl
F, FA T KGR B AT I R AR AR, 1T R B SO U R S s B U A 2 A HAT P 1Y
F ), QA-KG I i) Uik Iz R4S B pe. I 42K, BiAE KGE 7EAN A B SEBr N H H R B A 2rE, AMTTIFRIR R
HAEAE Y QA-KG 1) i) — LeyB FEAE HI.

Bordes 2 AT S5 il BUR il BB SL2% S ], O R R SR IR AR e, DAHERE BT il BRI i 2 512 B 5 31
[ 2% ) P AT AR, Yang 25 AU R il REURIE 7 25 10 B 5T, K ) REURIM 3 25 SR Y B4 — IR L JiE
2SR HR L AT TR 2 3 (AR 2R (1S 22 el g ) A0 ) B i N Ao £ D9 08 SR SEEBILIX B4 B

EAE R, B0, Huang 28 A U2 T — AN AT 2003 T B RS 1N 1 1) B HESE (KEQA), B EfR vk
i 2 ), B QA-KG Hh s 5 L IR ) 2K 7. KEQA A H 424 W il 1) Sk SR FNB A, T2 7E KGE BRI &
YRS ARV T ) Sk 924k, SRR SEAR R SR A1 ) . e Jis, 6T 4R G 742 (FB2M. FBSM'™) il i) 2
Hi4E SimpleQuestions! AT 956, W 5 7 A EHHAR HH 1 QA-KG HEHEAT X HE, KEQA FE A 7 fif 8 [ 0L 3k
15 20.3% (MUERHPESGEIRA T 0T Fra 54 bk g 124 MbAt, 2 7 502248 FH R[] (¥) KGE Sk KEQA [)ii
P, 23 B4EH] TransE', TransH"®\ TransRI™HAT ARG N, 206 45 R % W KGE Hik W %95 T KEQA 1)
PERE, 55 KEQA noEmbed (£ 18 ] KGE $i%) AL, KEQA H:T- TransE I 528 T 3.1% Hykit, 37 H KEQA &
REAANFIK KGE SAN PEREANLL, UEW] T KEQA @ HITE, stah, BIAEAAEH] KGE, KEQA 1548 il AR 5 kst
HE QA-KG J7V5AH i Mg, B0 1UE T KEQA g,

52 HEEFERG

e 2 B LA, R SR B R AR UE W S i e M M E I IR R B A S g T, e B R e
T AN A S 1) U2 i, KGE IIUAT 2 7RI KGE $li 3K 5415 SGEEATHEREIX — W 5T Ui, 4 A
KGE S A RGEA AL

Zhang %5 N\ HA# A TransR AIEME TR -\ (collaborative knowledge base embedding, CKE)!'*, L2 =] 4%
ARG RN AR (R I5 25 KR, 8 51 TR R 4% (deep knowledge-aware network, DKN)!""FIH] TransD 2
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SRR, FEE IR AT S R AAB S Sk e v CNN HEZR, F T8 B HERE. (B2, BT 75 ZEPEHT 2% 3T SN,
DKN Afig P 2w (1) 7 SEEAT I 5. O 7 SE 805G 2 56 11 Y1 25, MKR (multi-task feature learning approach for
knowledge graph)!"" VI I T2 3k 7 A M AR 72 B T S AR A L, 5 22 AT 45 AR Bt RS R A SR GRE K. AT %%
N TransE J5925 51 PRI H N, FE3E B a8 1] b 0 i P -300 H MU VP 43 BEAT #ERE . SCHR [133] 4
BTSSR T — A2 43 fi# (neural factorization, NF) #5754 DL KG () I 200} AT FH B 34T #4548 H
TransE 2% 2] SEARFIC R B

AT, Sha 25 NHR T — BB A0 v & 0 i B Hi N (attentive knowledge graph embedding, AKGE) HE
B DU L R KG AT A A AE S AR B 52 (7 A P T KG IR SCRan b, eSS Ra
P T AR, AL, Ni A HEE T Bl H T Wikipedia (5T A IO SAAHEFEHERR U (2 HE 40K Wikipedia 4147
JR— RV S (1 ], ANEATT I R R Y b 2 S B AMW SRR R, IR SRR 2 S Tk G, L
#E7E Wikipedia b A S A&, L A1) Wikipedia /U HER SN, PIASEAAHERE Bl 4 (> Yahoo! Y i 45
HERIBAAIEE, 55— A3 2R 45 S 0T T ) £ o ZEah g s, BT B 2R ALV, TE R T I = AR iR AT
HERFAE SRR P 2 5 BT I R AT
53 XA

KRHLHL (relation extraction, RE) &5 BRI 1) —IE BT 55, 5 /MR TE PIAN40 08 SER ) B R SCkig e
fIZ MR E. T RE BRARBCCARE BRG], Hr 2 AR5 SN 38 (1 5 B AR, XA,
) 2545, BRI A2 EI1R 2 WF 03 1 k.

LR R R TR K R R 55 1A BIR BT, (H2, e AT I R TEAR RS B AR T I 2R 1)
FEORG R, 2 7 M O S, Mintz 25 A TS T — Pl B A FE I #F (distant supervision, DS) ML, 11K
IRA SR B 5 SCA 55k B ZAR1c I 2555 41).DS A RE A58 R 08 70 RS N 2B L B AR, D AR e &
() RE L7 57790 0 22 gl ohy Mt SCAS v 1 BT 3892 11 237 5 92, AEU, 3R 88 5 VAR SR B i PR 4l Se AR T i
B, 28T KG g e & i E w15 R

% KG F 5 WA R, IREWIT TAEE KG 485 FH T DS B Weston 25 A 4 H4 TransE 1531
A R RN 1 RE RO 45 & DI BURT A 52, IF HARA T B0t th4h, Han 26 A U H T —FhER %t KRL
1 RE MG RN 2 HESE, SCHR [37] UESE T BUAA 1 KRL BRI AT DA 238 o e F2 B 1) RE #7, 1eift, Han 2%
R 7 — AN RIS s 2 STHE SR, F) T 4R B b4 (knowledge graph completion, KGC) Fl M S A
HUK A (relation extraction, RE) PIAME ST, 1% HE 48T H T35 ™A% 5 55 (R 8. BhAt, Lei 28 N U T —Fh B AT X
i) SRR MR o 22 00 SR AR RS, LA [ A8 HAS [ (A JEURE, ok T 228 R B 0% R B B v 1 W P 28 ) . fHLI,
XS T AR T Ok R 2K 5 I, Zhang 25 N U I KG 056 RG4S = R IR LR 45K (hierarchical
relation structure, HRS), 74" ¢ T 34 [ KGE #:%Y: TransE, TransH 1 DistMult, LLF ] HRS 115 B2 3T fnil
7~. Zhang 25 A7E FB15k!". FB15k237"%1, FB13U, WNI1S!" A WN11Vda 4 E 3T T 82 HU A = 7640 9>
FATL I VPAN, 25 FLR W, AH HG T IR A A DA R A FE 2 #5578 TransE TransH. DistMult, § A (TransE-
HRS. TransH-HRS. DistMult-HRS) 4 £ 3R 15 AV fE, B0 0E T BB 1A 20k, TRl i il W 7 25 B O R 45 W T
KG #M3EH AR
54 N %

AKATNT KGE BORTEIL S b ) S S, SR, BR T _Fak B AF, A1 5035 B0 15 AR B N
ARG B HABAT 45 ofr, UG RHE R G O, Sz U1 gz gy A U302 1 o 5 1937000 e i b
/% [43,157]%.

6 HESRE
FIT, KGE {1y A& BEOR A A0 % 10— P 7 AT 2500 E R, B 2 R0 N T 2 A il ok s BUAE 55, Bk
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Hode i TATESS Ik R, TR B AF RV 22 TT BRI A e R R B30, ZEA/INAT R, FRATTHEE 18 KGE T I 0 Bk A ok
KHFFE 5 ).
6.1 MiEHIBkEK
6.1.1 %K KG HINFFSMTE R

KG I SEAR RO R B A 5 2% AR R 2 5 B4R B, T I 2645 8L W R A5 21 78 20 25 18 A /N1 1508 19 5
KGE J7 L PERETT e Bk — PR R I N RIS B

o HIRIA: R[FE KGE J7ikAeEAbH 1-1, 1-N, N-1 F1 N-N 3¢ &I BAG AR 2 GE, X8 U AR R 2R
R ERE R T B AN KGE FESE. 4811, L (1) KGE ikl g BT 2 2058 1-1, 1-N, N-1 fI N-N X R,
ANBEAT B AR R RRAE. AR S0 TR B S AT SR I, IRAT AR AT 43 D LU JLRNZRBY: (1) RoR SR Z AN J&E
K Z (U has part). (2) FnsLKJEVE(E B (W0 nationality). (3) KRSk 2 [RIFIAIEL R & (W1 friend of). 1X LA ] 28
TP DG ZR 12K T AN R g 3 d A

o LB TR SCHR [40] MEEE RN RIVE T 160 ) 5t 2% [A) 2 [B) 5k AR A 10 U] HEA) L AT AR R K AR B, JE42 i
A2 (8] (AR TR 5 WU TEROR B2 WATH. 2155 KG A TARtE AR EEE X, I BB E S E R
R, PIAREIEE, & AU R A AR . R0, LA IR T 2155 KG A MBTRR D, Fith 25 5 KGE Mt
G — I R A AR = SR SR A B 1) TAE.

o ZURAE B B MR I PIE & RE, W14 10 LI AN B 5 UGB BB, S 4. B R A &S 22 U5
15 B BRI 22 1l R BLAE R 4% b DRI, AT s 2B AR M SCAR BRI ) 22 55 R Tk KGE i —AN ek H R
A BRI )8 DA IR 29845 B 7 A TR B B, 1w Wkl A8 9 & 2 2RI S A T8 20 2 9515 BAT AR Al
ST AR S R R R, e A R — AL

® One-shot/Zero-shot 2% 3] : IT4FE3K, One-shot/Zero-shot % X 7F B £ 7w, T 4028, WIS B RR4E &AM &
& Ji&. One-shot/Zero-shot % >J [f) H 1) 2 A —A G D5 5245 1 S Bl — AN AN A LA 1R 288 (1 S48 v 2 53, e iR
TN, AN SR (18 100 0 R R S AR DG R 1) 2 = L s S AR O R IR 27 30 B 22 AR, A B SEAR R S R I 208
SRR, IAESAE RO R MR R ] DIE— @ R BRI SGE. thsh, AL ZERVHHT I KGE HEZL, {F LT IE
BTSSRI R IR 22 2.
6.1.2 SRR H SRt

KG TE&F N v A EZERIVE, #10 Web 483, SRR 2%, (B2, b TIL S A Al v H 1 &2
FebE, A DL A A KG. EANTT R, R s b R A KGO @ 2 (1) ) 1L

o KG itk ZiR M A EZEPR 2 — & KA KG 45 1) it 7] . Freebase, DBpedia, Yago, Wikidata %5

W 55 R i V1 I R 49 30 S B N FH I, X BB R OF 8 5 SR R AL 4. DR, T B BRI KG T ifor
JE SRR RS KG IR BN SE B I FH H (1) 25 ]

o KG BT K: A KG i T 5B, JoyA BB 8 70 sE b B . tkst, t1T KG MRS, 3R 1 —
Sy i T B A A R O ) R AR S L IR, A7 06 AR AT (1 )52 b AT olcdk.

o KG AWiAstb: BEAT I (A 4ER%, AW B 40828, BIE 1) KGE J7 vk th T ARG H x5 KG rh T4 i
ZIRHAE G, BRIRAER KG R A7 I # 5 B\ Sk 4R T 37 2% SIS i SRAE 52 B b A KG, 84 e B i
NS, Bk, B v —h T AT AF 252 3 380 S F I S 401 KGE HESEXS KG [0 48 X F 2.

6.2 FKEKFla
6.2.1 Z—HESE

SR 2 ) 2 SRR LA IE D A . 51, SR [67] 3] HolE 1 ComplEx 7E40%% 1454 T 1
A R 2 W SEE TN . ANALOGY ™24t T f14% DistMult, ComplEx 1 HolE 7 P () JLFH AL 2 A7 il 25— %1
K. Wang %5 N USSR T URIOWER MRS 2 1] 9% 2. Chandrahas 28 A\ T 4R 28 T ik Aol KGE 650 (it JL 4] 2
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i, X2 BUCUARAE FHAS [ PSS R AR S DR RIBORI DG ZR A . SR, DASABLT Il 199 4% 4 — HE 42 11 O kAT I 4 — Tt
G R A 9T 25 R 1) — R (B AR 1%
6.2.2 WIfEREME

FITPR A S TR AP R R 2 a0 URER IR 52 B B FH o ) O B TR . B T 2 A AT R RE AR T I B ).
I TransF® R AR g 170 BEREAT 40 UT RS, 30 1 7 ) al WAL BEAT ARE . CrossED A FH 3 -1k A\ I % 4548 22 A x5
FETRIIC R, PRE T VR R R Jy 22 AR, X LU 22 A0 10 7375 B AN m] R 1k TR A2 3 T BR i, — 2873k
SEA ISR i TLARAE PR, TR SR G e 1 5 A5 S HE R AT & . (R, A2t — P ATF 5 T A e 1 - 4 v T
GR T S
6.23 AR

TERFAE AN b, mr - Je vk AR o L. TR 7 VR F 8 Ak B AR T BEARAN, 9 G, Tl i R A DG is 4
i A A R 1O, (B Sy AT AR A LA™ FEE B LA BT 5V (K S AN 96 R . Bl 1 of 2 8 R A 7R U091 e g )
S T AT B 2 A R P A 1Y, SR AE A A T AR A IR R BLAS 2. ExpressGNN 1 4 Ff NeuralLP! 1347
A RLHOA LY. R, B I BRI T2 ZEAL R 1) S TR B 75 2 — 2P 58 3%
6.24 HEkEE

MR KG = AR N T, 3% 55 30 48 HL B 5 1. SR I w76 AN [0 B U0 vz I 75 2 A
KEBL RS P 2 b B B g AR Bl sl AT 5L = B 7EIE AR B W B ST B i, Xt 2
BAZS, SRR, B SR BATY AR A2 A SR AR i 1 1 B 2 ) L.

7 B %4

SRR LR A Dy — P T8 S0 2 AT B 1) 2 12 R O R RS R TG 1, T USSR s pk . M Jm itk DAL
CATZ A5 R BT HEA. BEA S i LI AR RN 22 3 o RIS ERIC 7 VR 3R S el 3 3 A, it i 5 ke T
TSR 22 (R IF TG, TR RN B ERE S AR G R ik N 38328 488 [ o 2% IR v, 5P D 1) SEAAR AT 25 T 43 31 T
LR . A SCIR S8 S RN B A PRI IR, Sk [P A A = SR AT S VR R N TR v S NI [ 4
FERIBIAS KGE 7k L KBl A Z 05 B K KGE HiARNH T IA FIFRE RS i AN BA. JERIZTi8 T KGE iR 1E
NS5 PR S B L SRR VA T S U PR e N AT T I P Pk, e AR A D g A BB FRAT TR A T T
VAT H 5 3T KGE AR AT B45, I A X — 4R R T LA KGE [MACSRIF S L4 ).

References:

[1] Bollacker KD, Evans C, Paritosh P, Sturge T, Taylor J. Freebase: A collaboratively created graph database for structuring human
knowledge. In: Proc. of the 2008 ACM SIGMOD Int’l Conf. on Management of Data. Vancouver: Association for Computing
Machinery, 2008. 1247—-1250. [doi: 10.1145/1376616.1376746]

[2]  Auer S, Bizer C, Kobilarov G, Lehmann J, Cyganiak R, Ives Z. DBpedia: A nucleus for a Web of open data. In: Proc. of the 6th Int’1
Semantic Web Conf. and the 2nd Asian Semantic Web Conf. Busan: Springer, 2007. 722-735. [doi: 10.1007/978-3-540-76298-0_52]

[3] Suchanek FM, Kasneci G, Weikum G. Yago: A core of semantic knowledge. In: Proc. of the 16th Int’l Conf. on World Wide Web.
Banff: Association for Computing Machinery, 2007. 697—706. [doi: 10.1145/1242572.1242667]

[4] Carlson A, Betteridge J, Kisiel B, Settles B, Hruschka ER, Mitchell TM. Toward an architecture for never-ending language learning. In:
Proc. of the 24th AAAI Conf. on Artificial Intelligence. Atlanta: AAAI Press, 2010. 1306-1313.

[5] Vrandeti¢ D, Krotzsch M. Wikidata: A free collaborative knowledgebase. Communications of the ACM, 2014, 57(10): 78-85. [doi: 10.
1145/2629489]

[6] Berant J, Chou A, Frostig R, Liang P. Semantic parsing on freebase from question-answer pairs. In: Proc. of the 2013 Conf. on
Empirical Methods in Natural Language Processing (EMNLP). Seattle: Association for Computational Linguistics, 2013. 1533-1544.

[7] Heck LP, Hakkani-Tiir D, Tiir G. Leveraging knowledge graphs for web-scale unsupervised semantic parsing. In: Proc. of the 14th
Annual Conf. of the Int’l Speech Communication Association (ISCA). Lyon: Int’l Speech Communication Association, 2013.
1594-1598.



304

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

[23]

[24]

[25]

[26]

[27]

[28]

BRI 2023 % 34 5% 1

Damljanovic D, Bontcheva K. Named entity disambiguation using linked data. In: Proc. of the 9th Extended Semantic Web Conf. New
York: Association for Computing Machinery, 2012. 231-240.

Zheng ZC, Si XC, Li FT, Chang EY, Zhu XY. Entity disambiguation with freebase. In: Proc. of the 2012 IEEE/WIC/ACM Int’l Conf.
on Web Intelligence and Intelligent Agent Technology. Macao: IEEE Computer Society, 2012. 82—-89. [doi: 10.1109/WI-IAT.2012.26]
Hoffmann R, Zhang CL, Ling X, Zettlemoyer L, Weld DS. Knowledge-based weak supervision for information extraction of
overlapping relations. In: Proc. of the 49th Annual Meeting of the Association for Computational Linguistics: Human. Portland:
Association for Computational Linguistics (ACL), 2011. 541-550.

Daiber J, Jakob M, Hokamp C, Mendes PN. Improving efficiency and accuracy in multilingual entity extraction. In: Proc. of the 9th Int’l
Conf. on Semantic Systems. Graz: Association for Computing Machinery, 2013. 121-124. [doi: 10.1145/2506182.2506198]

Bordes A, Weston J, Usunier N. Open question answering with weakly supervised embedding models. In: Proc. of the 2014 European
Conf. on Machine Learning and Knowledge Discovery in Databases. Nancy: Springer, 2014. 165—180. [doi: 10.1007/978-3-662-44848-
9 11]

Bordes A, Chopra S, Weston J. Question answering with subgraph embeddings. In: Proc. of the 2014 Conf. on Empirical Methods in
Natural Language Processing (EMNLP). Doha: Association for Computational Linguistics (ACL), 2014. 615-620. [doi: 10.3115/v1/D14-
1067]

Wang Q, Mao ZD, Wang B, Guo L. Knowledge graph embedding: A survey of approaches and applications. IEEE Trans. on Knowledge
and Data Engineering, 2017, 29(12): 2724-2743. [doi: 10.1109/TKDE.2017.2754499]

Bordes A, Usunier N, Garcia-Duran A, Weston J, Yakhnenko O. Translating embeddings for modeling multi-relational data. In: Proc. of
the 26th Int’l Conf. on Neural Information Processing Systems (NIPS). Lake Tahoe: Curran Associates Inc., 2013. 2787-2795.

Wang Z, Zhang JW, Feng JL, Chen Z. Knowledge graph embedding by translating on hyperplanes. In: Proc. of the 28th AAAI Conf. on
Artificial Intelligence (AAAI). Québec City: AAAI Press, 2014. 1112-1119.

Riedel S, Yao LM, McCallum A, Marlin BM. Relation extraction with matrix factorization and universal schemas. In: Proc. of the 2013
Conf. of the North American Chapter of the Association for Computational Linguistics (NAACL). Atlanta: Association for
Computational Linguistics, 2013. 74-84.

Nickel M, Tresp V, Kriegel HP. A three-way model for collective learning on multi-relational data. In: Proc. of the 28th Int’l Conf. on
Machine Learning (ICML). Bellevue: Omnipress, 2011. 809-816.

Nickel M, Tresp V, Kriegel HP. Factorizing YAGO: Scalable machine learning for linked data. In: Proc. of the 21st Int’l Conf. on World
Wide Web (WWW). Lyon: Association for Computing Machinery, 2012. 271-280. [doi: 10.1145/2187836.2187874]

Bordes A, Glorot X, Weston J, Bengio Y. A semantic matching energy function for learning with multi-relational data: Application to
word-sense disambiguation. Machine Learning, 2014, 94(2): 233-259. [doi: 10.1007/s10994-013-5363-6]

Wang Q, Wang B, Guo L. Knowledge base completion using embeddings and rules. In: Proc. of the 24th Int’l Conf. on Artificial
Intelligence (ITCAI). Buenos Aires: AAAI Press, 2015. 1859-1866.

Wei ZY, Zhao J, Liu K, Qi ZY, Sun ZY, Tian GH. Large-scale knowledge base completion: Inferring via grounding network sampling
over selected instances. In: Proc. of the 24th ACM Int’l Conf. on Information and Knowledge Management (CIKM). Melbourne:
Association for Computing Machinery, 2015. 1331-1340. [doi: 10.1145/2806416.2806513]

Guo S, Wang Q, Wang B, Wang LH, Guo L. Semantically smooth knowledge graph embedding. In: Proc. of the 53rd Annual Meeting
of the Association for Computational Linguistics and the 7th Int’l Joint Conf. on Natural Language Processing. Beijing: Association for
Computational Linguistics (ACL), 2015. 84-94. [doi: 10.3115/v1/P15-1009]

Xie RB, Liu ZY, Sun MS. Representation learning of knowledge graphs with hierarchical types. In: Proc. of the 25th Int’l Joint Conf. on
Artificial Intelligence (IJCAI). New York: IJICAI/AAAI Press, 2016. 2965-2971.

Wang Z, Zhang JW, Feng JL, Chen Z. Knowledge graph and text jointly embedding. In: Proc. of the 2014 Conf. on Empirical Methods
in Natural Language Processing (EMNLP). Doha: Association for Computational Linguistics (ACL), 2014. 1591-1601. [doi: 10.3115/
v1/D14-1167]

Zhong HP, Zhang JW, Wang Z, Wan H, Chen Z. Aligning knowledge and text embeddings by entity descriptions. In: Proc. of the 2015
Conf. on Empirical Methods in Natural Language Processing. Lisbon: Association for Computational Linguistics (ACL), 2015.
267-272. [doi: 10.18653/v1/D15-1031]

Xie RB, Liu ZY, Jia J, Luan HB, Sun MS. Representation learning of knowledge graphs with entity descriptions. In: Proc. of the 30th
AAAI Conf. on Artificial Intelligence (AAAI). Phoenix: AAAI Press, 2016. 2659-2665.

Wang ZG, Li JZ. Text-enhanced representation learning for knowledge graph. In: Proc. of the 25th Int’l Joint Conf. on Artificial
Intelligence (IJCAI). New York: AAAI Press, 2016. 1293—1299.



KRR R G frit B AR R 4R 305

[29]

[30]

[31]

[32]

[33]

[34]

[35]
[36]

[37]
[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

Lin YK, Liu ZY, Luan HB, Sun MS, Rao SW, Liu S. Modeling relation paths for representation learning of knowledge bases. In: Proc.
of the 2015 Conf. on Empirical Methods in Natural Language Processing (EMNLP). Lisbon: Association for Computational Linguistics
(ACL), 2015. 705-714. [doi: 10.18653/v1/D15-1082]

Guu K, Miller J, Liang P. Traversing knowledge graphs in vector space. In: Proc. of the 2015 Conf. on Empirical Methods in Natural
Language Processing (EMNLP). Lisbon: Association for Computational Linguistics (ACL), 2015. 318-327. [doi: 10.18653/v1/D15-
1038]

Toutanova K, Lin V, Yih WT, Poon H, Quirk C. Compositional learning of embeddings for relation paths in knowledge base and text.
In: Proc. of the 54th Annual Meeting of the Association for Computational Linguistics (ACL). Berlin: Association for Computational
Linguistics (ACL), 2016. 1434-1444. [doi: 10.18653/v1/P16-1136]

Guo S, Wang Q, Wang LH, Wang B, Guo L. Jointly embedding knowledge graphs and logical rules. In: Proc. of the 2016 Conf. on
Empirical Methods in Natural Language Processing (EMNLP). Austin: Association for Computational Linguistics (ACL), 2016.
192-202. [doi: 10.18653/v1/D16-1019]

Rocktéschel T, Singh S, Riedel S. Injecting logical background knowledge into embeddings for relation extraction. In: Proc. of the 2015
Conf. of the North American Chapter of the Association for Computational Linguistics: Human Language Technologies (NAACL).
Denver: Association for Computational Linguistics (ACL), 2015. 1119-1129. [doi: 10.3115/v1/N15-1118]

Nickel M, Murphy K, Tresp V, Gabrilovich E. A review of relational machine learning for knowledge graphs. Proc. of the IEEE, 2016,
104(1): 11-33. [doi: 10.1109/JPROC.2015.2483592]

Paulheim H. Knowledge graph refinement: A survey of approaches and evaluation methods. Semantic Web, 2017, 8(3): 489-508.

Wu TX, Qi GL, Li C, Wang M. A survey of techniques for constructing Chinese knowledge graphs and their applications.
Sustainability, 2018, 10(9): 3245. [doi: 10.3390/su10093245]

Lin YK, Han X, Xie RB, Liu ZY, Sun MS. Knowledge representation learning: A quantitative review. arXiv:1812.10901, 2018.

Yang BS, Yih WT, He XD, Gao JF, Deng L. Embedding entities and relations for learning and inference in knowledge bases. In: Proc.
of the 3rd Int’l Conf. on Learning Representations (ICLR). San Diego: Int’l Conf. on Learning Representations, 2015.

Bordes A, Weston J, Collobert R, Bengio Y. Learning structured embeddings of knowledge bases. In: Proc. of the 25th AAAI Conf. on
Artificial Intelligence (AAAI). San Francisco: AAAI Press, 2011. 301-306.

Mikolov T, Sutskever I, Chen K, Corrado G, Dean J. Distributed representations of words and phrases and their compositionality. In:
Proc. of the 26th Int’l Conf. on Neural Information Processing Systems (NIPS). Lake Tahoe: Curran Associates Inc., 2013. 3111-3119.
Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space. In: Proc. of the 1st Int’l Conf. on
Learning Representations (ICLR). Scottsdale, 2013.

Bordes A, Glorot X, Weston J, Bengio Y. Joint learning of words and meaning representations for open-text semantic parsing. In: Proc.
of the 15th Int’l Conf. on Artificial Intelligence and Statistics (AISTATS). La Palma: JMLR, 2012. 127-135.

Lin YK, Liu ZY, Sun MS, Liu Y, Zhu X. Learning entity and relation embeddings for knowledge graph completion. In: Proc. of the 29th
AAAI Conf. on Artificial Intelligence (AAAI). Austin: AAAI Press, 2015. 2181-2187.

Ji GL, He SZ, Xu LH, Liu K, Zhao J. Knowledge graph embedding via dynamic mapping matrix. In: Proc. of the 53rd Annual Meeting
of the Association for Computational Linguistics and the 7th Int’l Joint Conf. on Natural Language Processing. Beijing: Association for
Computational Linguistics (ACL), 2015. 687-696. [doi: 10.3115/v1/P15-1067]

Nguyen DQ, Sirts K, Qu LZ, Johnson M. STransE: A novel embedding model of entities and relationships in knowledge bases. In: Proc.
of the 2016 Conf. of the North American Chapter of the Association for Computational Linguistics (NAACL). San Diego: Association
for Computational Linguistics (ACL), 2016. 460—466. [doi: 10.18653/v1/N16-1054]

Ji GL, Liu K, He SZ, Zhao J. Knowledge graph completion with adaptive sparse transfer matrix. In: Proc. of the 30th AAAI Conf. on
Artificial Intelligence (AAAI). Phoenix: AAAI Press, 2016. 985-991.

Fan M, Zhou Q, Chang E, Zheng TF. Transition-based knowledge graph embedding with relational mapping properties. In: Proc. of the
28th Pacific Asia Conf. on Language, Information and Computing (PACLIC). Phuket: Department of Linguistics, Chulalongkorn
University, 2014. 328-337.

Xiao H, Huang ML, Hao Y, Zhu XY. TransA: An adaptive approach for knowledge graph embedding. arXiv:1509.05490, 2015.

Wang F, Sun JM. Survey on distance metric learning and dimensionality reduction in data mining. Data Mining and Knowledge
Discovery, 2015, 29(2): 534-564. [doi: 10.1007/s10618-014-0356-z]

Feng J, Huang ML, Wang MD, Zhou MT, Hao Y, Zhu XY. Knowledge graph embedding by flexible translation. In: Proc. of the 15th Int’]
Conf. on Principles of Knowledge Representation and Reasoning (KR). Cape Town: AAAI Press, 2016. 557-560.

Xie QZ, Ma XZ, Dai ZH, Hovy E. An interpretable knowledge transfer model for knowledge base completion. In: Proc. of the 55th



306

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

BRI 2023 % 34 5% 1

Annual Meeting of the Association for Computational Linguistics (ACL). Vancouver: Association for Computational Linguistics (ACL),
2017. 950-962. [doi: 10.18653/v1/P17-1088]

Qian W, Fu C, Zhu Y, Cai D, He XF. Translating embeddings for knowledge graph completion with relation attention mechanism. In:
Proc. of the 27th Int’] Joint Conf. on Artificial Intelligence (IJCAI). Stockholm: IJCALorg, 2018. 4286-4292. [doi: 10.24963/ijcai.2018/
596]

Yang SH, Tian JD, Zhang HL, Yan JC, He H, Jin YH. TransMS: Knowledge graph embedding for complex relations by multidirectional
semantics. In: Proc. of the 28th Int’1 Joint Conf. on Artificial Intelligence (IJCAI). Macao: IJCAl.org, 2019. 1935-1942. [doi: 10.24963/
ijcai.2019/268]

Ji SX, Pan SR, Cambria E, Marttinen P, Yu P. A survey on knowledge graphs: Representation, acquisition, and applications. IEEE
Trans. on Neural Networks and Learning Systems, 2022, 33(2): 494-514. [doi: 10.1109/TNNLS.2021.3070843]

Xiao H, Huang ML, Zhu XY. From one point to a manifold: Knowledge graph embedding for precise link prediction. In: Proc. of the
25th Int’1 Joint Conf. on Artificial Intelligence. New York: AAAI Press, 2016. 1315-1321.

Ebisu T, Ichise R. TorusE: Knowledge graph embedding on a lie group. In: Proc. of the 32nd AAAI Conf. on Artificial Intelligence
(AAAI). New Orleans: AAAI Press, 2018. 1819-1826.

He SZ, Liu K, Ji GL, Zhao J. Learning to represent knowledge graphs with Gaussian embedding. In: Proc. of the 24th ACM Int’l Conf.
on Information and Knowledge Management (CIKM). Melbourne: Association for Computing Machinery, 2015. 623-632. [doi: 10.1145/
2806416.2806502]

Xiao H, Huang ML, Zhu XY. TransG: A generative model for knowledge graph embedding. In: Proc. of the 54th Annual Meeting of the
Association for Computational Linguistics. Berlin: Association for Computational Linguistics (ACL), 2016. 2316-2325. [doi: 10.18653/
v1/pl6-1219]

Griffiths TL, Ghahramani Z. The Indian buffet process: An introduction and review. The Journal of Machine Learning Research, 2011,
12: 1185-1224.

Blei DM, Griffiths TL, Jordan MI. The nested Chinese restaurant process and bayesian nonparametric inference of topic hierarchies.
Journal of the ACM, 2010, 57(2): 7. [doi: 10.1145/1667053.1667056]

Aldous DJ. Exchangeability and related topics. In: Hennequin PL, ed. Ecole d’Eté de Probabilités de Saint-Flour XIII—1983. Berlin:
Springer, 1985. 1-198. [doi: 10.1007/BFb0099421]

Sutskever I, Salakhutdinov R, Tenenbaum JB. Modelling relational data using bayesian clustered tensor factorization. In: Proc. of the
22nd Int’l Conf. on Neural Information Processing Systems (NIPS). Vancouver: Curran Associates Inc., 2009. 1821-1828.

Jenatton R, Le Roux N, Bordes A, Obozinski G. A latent factor model for highly multi-relational data. In: Proc. of the 25th Int’l Conf.
on Neural Information Processing Systems (NIPS). Lake Tahoe: Curran Associates Inc., 2012. 3167-3175.

Carroll JD, Chang JJ. Analysis of individual differences in multidimensional scaling via an n-way generalization of “Eckart-Young”
decomposition. Psychometrika, 1970, 35(3): 283-319. [doi: 10.1007/BF02310791]

Nickel M, Rosasco L, Poggio TA. Holographic embeddings of knowledge graphs. In: Proc. of the 30th AAAI Conf. on Artificial
Intelligence (AAAI). Phoenix: AAAI Press, 2016. 1955-1961.

Trouillon T, Welbl J, Riedel S, Gaussier E, Bouchard G. Complex embeddings for simple link prediction. In: Proc. of the 33rd Int’l
Conf. on Machine Learning (ICML). New York: JMLR, 2016. 2071-2080.

Hayashi K, Shimbo M. On the equivalence of holographic and complex embeddings for link prediction. In: Proc. of the 55th Annual
Meeting of the Association for Computational Linguistics (ACL). Vancouver: Association for Computational Linguistics (ACL), 2017.
554-559. [doi: 10.18653/v1/P17-2088]

Liu HX, Wu YX, Yang YM. Analogical inference for multi-relational embeddings. In: Proc. of the 34th Int’l Conf. on Machine
Learning (ICML). Sydney: PMLR, 2017. 2168-2178.

Hitchcock FL. The expression of a tensor or a polyadic as a sum of products. Journal of Mathematics and Physics, 1927, 6(1-4):
164-189. [doi: 10.1002/sapm192761164]

Kazemi SM, Poole D. SimplE embedding for link prediction in knowledge graphs. In: Proc. of the 32nd Int’l Conf. on Neural
Information Processing Systems (NIPS). Montréal: Curran Associates Inc., 2018. 4289-4300.

Garcia-Duran A, Bordes A, Usunier N. Effective blending of two and three-way interactions for modeling multi-relational data. In: Proc.
of the 2014 European Conf. on Machine Learning and Knowledge Discovery in Databases. Nancy: Springer, 2014. 434—449. [doi: 10.
1007/978-3-662-44848-9 28]

Balazevic I, Allen C, Hospedales T. TuckER: Tensor factorization for knowledge graph completion. In: Proc. of the 2019 Conf. on
Empirical Methods in Natural Language Processing and the 9th Int’l Joint Conf. on Natural Language Processing (EMNLP). Hong



KRR R G frit B AR R 4R 307

[73]

[74]

[75]

[76]

[77]

(78]

[79]

[80]

[81]

[82]

(83]

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

Kong: Association for Computational Linguistics (ACL), 2019. 5185-5194. [doi: 10.18653/v1/D19-1522]

Fan M, Zhao DL, Zhou Q, Liu ZY, Zheng TF, Chang EY. Distant supervision for relation extraction with matrix completion. In: Proc. of
the 52nd Annual Meeting of the Association for Computational Linguistics (ACL). Baltimore: Association for Computational
Linguistics (ACL), 2014. 839-849. [doi: 10.3115/v1/P14-1079]

Tresp V, Huang Y, Bundschus M, Rettinger A. Materializing and querying learned knowledge. In: Proc. of the 1st ESWC Workshop on
Inductive Reasoning and Machine Learning on the Semantic Web. Heraklion: CEUR-WS, 2009.

Huang Y, Tresp V, Nickel M, Rettinger A, Kriegel HP. A scalable approach for statistical learning in semantic graphs. Semantic Web,
2014, 5(1): 5-22. [doi: 10.3233/SW-130100]

Dong X, Gabrilovich E, Heitz G, Horn W, Lao N, Murphy K, Strohmann T, Sun SH, Zhang W. Knowledge vault: A Web-scale
approach to probabilistic knowledge fusion. In: Proc. of the 20th ACM SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining
(KDD). New York: Association for Computing Machinery, 2014. 601-610. [doi: 10.1145/2623330.2623623]

Socher R, Chen DQ, Manning CD, Ng AY. Reasoning with neural tensor networks for knowledge base completion. In: Proc. of the 26th
Int’l Conf. on Neural Information Processing Systems (NIPS). Lake Tahoe: Curran Associates Inc, 2013. 926-934.

Liu Q, Jiang H, Evdokimov A, Ling ZH, Zhu XD, Wei S, Hu Y. Probabilistic reasoning via deep learning: Neural association models.
arXiv:1603.07704, 2016.

Dettmers T, Minervini P, Stenetorp P, Riedel S. Convolutional 2D knowledge graph embeddings. In: Proc. of the 32nd AAAI Conf. on
Artificial Intelligence (AAAI). New Orleans: AAAI Press, 2018. 1811-1818.

Schlichtkrull M, Kipf TN, Bloem P, van den Berg R, Titov I, Welling M. Modeling relational data with graph convolutional networks.
In: Proc. of the 15th Int’l Conf. on Semantic Web. Heraklion: Springer International Publishing, 2018. 593—607. [doi: 10.1007/978-3-
319-93417-4_38]

Nguyen DQ, Nguyen TD, Nguyen DQ, Phung D. A novel embedding model for knowledge base completion based on convolutional
neural network. In: Proc. of the 2018 Conf. of the North American Chapter of the Association for Computational Linguistics: Human
Language Technologies (NAACL). New Orleans: Association for Computational Linguistics (ACL), 2018. 327-333. [doi: 10.18653/v1/
N18-2053]

Balazevic¢ I, Allen C, Hospedales TM. Hypernetwork knowledge graph embeddings. In: Proc. of the 28th Int’l Conf. on Artificial Neural
Networks and Machine Learning (ICANN). Munich: Springer International Publishing, 2019. 553-565. [doi: 10.1007/978-3-030-30493-
5.52]

Ha D, Dai AM, Le QV. HyperNetworks. In: Proc. of the 5th Int’l Conf. on Learning Representations (ICLR). Toulon: OpenReview.net,
2017.

Sun ZQ, Deng ZH, Nie JY, Tang J. RotatE: Knowledge graph embedding by relational rotation in complex space. In: Proc. of the 7th Int’]
Conf. on Learning Representations (ICLR). New Orleans: OpenReview.net, 2019.

Zhang S, Tay Y, Yao LN, Liu Q. Quaternion knowledge graph embeddings. In: Proc. of the 33rd Int’l Conf. on Neural Information
Processing Systems (NIPS). Vancouver: Curran Associates Inc., 2019. 246.

Xu CR, Li RJ. Relation embedding with dihedral group in knowledge graph. In: Proc. of the 57th Annual Meeting of the Association for
Computational Linguistics (ACL). Florence: Association for Computational Linguistics (ACL), 2019. 263-272. [doi: 10.18653/v1/P19-
1026]

Adcock AB, Sullivan BD, Mahoney MW. Tree-like structure in large social and information networks. In: Proc. of the 13th IEEE Int’l
Conf. on Data Mining. Dallas: IEEE Computer Society, 2013. 1-10. [doi: 10.1109/ICDM.2013.77]

Nickel M, Kiela D. Poincaré embeddings for learning hierarchical representations. In: Proc. of the 31st Int’l Conf. on Neural Information
Processing Systems (NIPS). Long Beach: Curran Associates Inc., 2017. 6341-6350.

Balazevic¢ I, Allen C, Hospedales T. Multi-relational poincaré graph embeddings. In: Proc. of the 33rd Int’l Conf. on Neural Information
Processing Systems. Vancouver: Curran Associates Inc., 2019. 401.

Nguyen DQ, Vu T, Nguyen TD, Nguyen DQ, Phung D. A capsule network-based embedding model for knowledge graph completion
and search personalization. In: Proc. of the 2019 Conf. of the North American Chapter of the Association for Computational Linguistics
(NAACL). Minneapolis: Association for Computational Linguistics (ACL), 2019. 2180-2189. [doi: 10.18653/v1/N19-1226]

Zhang W, Paudel B, Zhang W, Bernstein A, Chen HJ. Interaction embeddings for prediction and explanation in knowledge graphs. In:
Proc. of the 12th ACM Int’l Conf. on Web Search and Data Mining (WSDM). Melbourne: Association for Computing Machinery, 2019.
96-104. [doi: 10.1145/3289600.3291014]

Jiang TS, Liu TY, Ge T, Sha L, Li SJ, Chang BB, Sui ZF. Encoding temporal information for time-aware link prediction. In: Proc. of the
2016 Conf. on Empirical Methods in Natural Language Processing (EMNLP). Austin: Association for Computational Linguistics



308

[93]

[94]

[95]

[96]

[97]

(98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

HAEFIR 2023 5 34 55 1 M

(ACL), 2016. 2350-2354. [doi: 10.18653/v1/D16-1260]

Trivedi R, Dai HJ, Wang YC, Song L. Know-evolve: Deep temporal reasoning for dynamic knowledge graphs. In: Proc. of the 34th Int’l
Conf. on Machine Learning (ICML). Sydney: JMLR, 2017. 3462-3471.

Leblay J, Chekol MW. Deriving validity time in knowledge graph. In: Proc. of 2018 the Web Conf. Lyon: Association for Computing
Machinery, 2018. 1771-1776. [doi: 10.1145/3184558.3191639]

Garcia-Duran A, Dumanci¢ S, Niepert M. Learning sequence encoders for temporal knowledge graph completion. In: Proc. of the 2018
Conf. on Empirical Methods in Natural Language Processing (EMNLP). Brussels: Association for Computational Linguistics (ACL),
2018. 4816-4821. [doi: 10.18653/v1/D18-1516]

Dasgupta SS, Ray SN, Talukdar PP. HyTE: Hyperplane-based temporally aware knowledge graph embedding. In: Proc. of the 2018
Conf. on Empirical Methods in Natural Language Processing (EMNLP). Brussels: Association for Computational Linguistics (ACL),
2018.2001-2011. [doi: 10.18653/v1/D18-1225]

Tang XL, Yuan R, Li QY, Wang TY, Yang HZ, Cai YD, Song HJ. Timespan-aware dynamic knowledge graph embedding by
incorporating temporal evolution. IEEE Access, 2020, 8: 6849—-6860. [doi: 10.1109/ACCESS.2020.2964028]

Jin J, Wan HY, Lin YF. Knowledge graph representation learning fused with entity category information. Computer Engineering, 2021,
47(4): 77-83 (in Chinese with English abstract). [doi: 10.19678/j.issn.1000-3428.0057353]

Zhang DX, Yuan B, Wang D, Liu R. Joint semantic relevance learning with text data and graph knowledge. In: Proc. of the 3rd
Workshop on Continuous Vector Space Models and their Compositionality. Beijing: ACL, 2015. 32-40. [doi: 10.18653/v1/W15-4004]
Xiao H, Huang ML, Meng L, Zhu XY. SSP: Semantic space projection for knowledge graph embedding with text descriptions. In: Proc.
of the 31st AAAI Conf. on Artificial Intelligence (AAAI). San Francisco: AAAI Press, 2017. 3104-3110.

An B, Chen B, Han XP, Sun L. Accurate text-enhanced knowledge graph representation learning. In: Proc. of the 2018 Conf. of the
North American Chapter of the Association for Computational Linguistics (NAACL). New Orleans: Association for Computational
Linguistics (ACL), 2018. 745-755. [doi: 10.18653/v1/N18-1068]

Galarraga LA, Teflioudi C, Hose K, Suchaneck FM. AMIE: Association rule mining under incomplete evidence in ontological
knowledge bases. In: Proc. of the 22nd Int’l Conf. on World Wide Web (WWW). New York: Association for Computing Machinery,
2013. 413-422. [doi: 10.1145/2488388.2488425]

Galarraga L, Teflioudi C, Hose K, Suchanek FM. Fast rule mining in ontological knowledge bases with AMIE+. The VLDB Journal,
2015, 24(6): 707-730. [doi: 10.1007/s00778-015-0394-1]

Omran PG, Wang KW, Wang Z. An embedding-based approach to rule learning in knowledge graphs. IEEE Trans. on Knowledge and
Data Engineering, 2021, 33(4): 1348-1359. [doi: 10.1109/TKDE.2019.2941685]

Guo S, Wang Q, Wang LH, Wang B, Guo L. Knowledge graph embedding with iterative guidance from soft rules. In: Proc. of the 32nd
AAAI Conf. on Artificial Intelligence (AAAI). New Orleans: AAAI Press, 2018. 4816-4823.

Niu GL, Zhang YF, Li B, Cui P, Liu S, Li JY, Zhang XW. Rule-guided compositional representation learning on knowledge graphs. In:
Proc. of the 34th AAAI Conf. on Artificial Intelligence (AAAI). New York: AAAI Press, 2020. 2950-2958. [doi: 10.1609/aaai.v34i03.
5687]

Xie RB, Liu ZY, Luan HB, Sun MS. Image-embodied knowledge representation learning. In: Proc. of the 26th Int’l Joint Conf. on
Artificial Intelligence (IJCAI). Melbourne: IJCAlLorg, 2017. 3140-3146. [doi: 10.24963/ijcai.2017/438]

Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. In: Proc. of the 25th Int’l
Conf. on Neural Information Processing Systems (NIPS). Lake Tahoe: Curran Associates Inc., 2012. 1097-1105.

Feng J, Huang ML, Yang Y, Zhu XY. GAKE: Graph aware knowledge embedding. In: Proc. of the 26th Int’l Conf. on Computational
Linguistics (COLING). Osaka: The COLING 2016 Organizing Committee, 2016. 641-651.

Du WQ, Li BC, Wang R. Representation learning of knowledge graph integrating entity description and entity type. Journal of Chinese
Information Processing, 2020, 34(7): 50-59 (in Chinese with English abstract). [doi: 10.3969/j.issn.1003-0077.2020.07.005]

Tang X, Chen L, Cui J, Wei BG. Knowledge representation learning with entity descriptions, hierarchical types, and textual relations.
Information Processing & Management, 2019, 55(3): 809-822. [doi: 10.1016/j.ipm.2019.01.005]

Yih WT, Chang MW, He XD, Gao JF. Semantic parsing via staged query graph generation: Question answering with knowledge base.
In: Proc. of the 53rd Annual Meeting of the Association for Computational Linguistics and the 7th Int’l Joint Conf. on Natural Language
Processing. Beijing: Association for Computational Linguistics (ACL), 2015. 1321-1331. [doi: 10.3115/v1/P15-1128]

Blanco R, Ottaviano G, Meij E. Fast and space-efficient entity linking for queries. In: Proc. of the 8th ACM Int’l Conf. on Web Search
and Data Mining (WSDM). Shanghai: Association for Computing Machinery, 2015. 179-188. [doi: 10.1145/2684822.2685317]

Pappu A, Blanco R, Mehdad Y, Stent A, Thadani K. Lightweight multilingual entity extraction and linking. In: Proc. of the 10th ACM



KRR R G frit B AR R 4R 309

[115]
[116]

[117]

[118]

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

Int’l Conf. on Web Search and Data Mining (WSDM). Cambridge: Association for Computing Machinery, 2017. 365-374. [doi: 10.
1145/3018661.3018724]

Bordes A, Usunier N, Chopra S, Weston J. Large-scale simple question answering with memory networks. arXiv:1506.02075, 2015.
Yang MC, Duan N, Zhou M, Rim HC. Joint relational embeddings for knowledge-based question answering. In: Proc. of the 2014 Conf.
on Empirical Methods in Natural Language Processing (EMNLP). Doha: Association for Computational Linguistics (ACL), 2014.
645-650. [doi: 10.3115/v1/D14-1071]

Yang MC, Lee DG, Park SY, Rim HC. Knowledge-based question answering using the semantic embedding space. Expert Systems with
Applications, 2015, 42(23): 9086-9104. [doi: 10.1016/j.eswa.2015.07.009]

Dai ZH, Li L, Xu W. CFO: Conditional focused neural question answering with large-scale knowledge bases. In: Proc. of the 54th
Annual Meeting of the Association for Computational Linguistics (ACL). Berlin: Association for Computational Linguistics (ACL),
2016. 800-810. [doi: 10.18653/v1/P16-1076]

Dong L, Wei FR, Zhou M, Xu K. Question answering over freebase with multi-column convolutional neural networks. In: Proc. of the
53rd Annual Meeting of the Association for Computational Linguistics and the 7th Int’]1 Joint Conf. on Natural Language Processing.
Beijing: Association for Computational Linguistics (ACL), 2015. 260-269. [doi: 10.3115/v1/P15-1026]

Hao YC, Zhang YZ, Liu K, He SZ, Liu ZY, Wu H, Zhao J. An end-to-end model for question answering over knowledge base with
cross-attention combining global knowledge. In: Proc. of the 55th Annual Meeting of the Association for Computational Linguistics
(ACL). Vancouver: Association for Computational Linguistics (ACL), 2017. 221-231. [doi: 10.18653/v1/P17-1021]

Lukovnikov D, Fischer A, Lehmann J, Auer S. Neural network-based question answering over knowledge graphs on word and character
level. In: Proc. of the 26th Int’l Conf. on World Wide Web (WWW). Perth: ACM, 2017. 1211-1220. [doi: 10.1145/3038912.3052675]
Yin WP, Yu M, Xiang B, Zhou BW, Schiitze H. Simple question answering by attentive convolutional neural network. In: Proc. of the
26th Int’l Conf. on Computational Linguistics: Technical Papers. Osaka: The COLING 2016 Organizing Committee, 2016. 1746-1756.
Huang X, Zhang JY, Li DC, Li P. Knowledge graph embedding based question answering. In: Proc. of the 12th ACM Int’l Conf. on
Web Search and Data Mining (WSDM). Melbourne: Association for Computing Machinery, 2019. 105-113. [doi: 10.1145/3289600.
3290956]

Di Noia T, Ostuni VC, Tomeo P, Di Sciascio E. SPrank: Semantic path-based ranking for top-N recommendations using linked open
data. ACM Trans. on Intelligent Systems and Technology, 2017, 8(1): 9. [doi: 10.1145/2899005]

Yu X, Ren X, Sun YZ, Gu QQ, Sturt B, Khandelwal U, Norick B, Han JW. Personalized entity recommendation: A heterogeneous
information network approach. In: Proc. of the 7th ACM Int’l Conf. on Web Search and Data Mining (WSDM). New York: Association
for Computing Machinery, 2014. 283-292. [doi: 10.1145/2556195.2556259]

Catherine R, Cohen W. Personalized recommendations using knowledge graphs: A probabilistic logic programming approach. In: Proc.
of the 10th ACM Conf. on Recommender Systems (RecSys). Boston: Association for Computing Machinery, 2016. 325-332. [doi: 10.
1145/2959100.2959131]

Ostuni VX, Di Noia T, Mirizzi R, Di Sciascio E. Top-N recommendations from implicit feedback leveraging linked open data. In: Proc.
of the 5th Italian Information Retrieval Workshop (IIR). Roma: CEUR-WS, 2014. 20-27.

Palumbo E, Rizzo G, Troncy R. entity2rec: Learning user-item relatedness from knowledge graphs for Top-N item recommendation. In:
Proc. of the 11th ACM Conf. on Recommender Systems (RecSys). Como: Association for Computing Machinery, 2017. 32-36. [doi: 10.
1145/3109859.3109889]

Zhang FZ, Yuan NJ, Lian DF, Xie X, Ma WY. Collaborative knowledge base embedding for recommender systems. In: Proc. of the
22nd ACM SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining (KDD). San Francisco: Association for Computing
Machinery, 2016. 353-362. [doi: 10.1145/2939672.2939673]

Wang HW, Zhang FZ, Xie X, Guo MY. DKN: Deep knowledge-aware network for news recommendation. In: Proc. of the 2018 Conf.
on World Wide Web. Lyon: Association for Computing Machinery, 2018. 1835-1844. [doi: 10.1145/3178876.3186175]

Wang HW, Zhang FZ, Zhao M, Li WJ, Xie X, Guo MY. Multi-task feature learning for knowledge graph enhanced recommendation. In:
Proc. of the 2019 Conf. on World Wide Web (WWW). San Francisco: Association for Computing Machinery, 2019. 2000-2010. [doi:
10.1145/3308558.3313411]

Ai QY, Azizi V, Chen X, Zhang YF. Learning heterogeneous knowledge base embeddings for explainable recommendation.
Algorithms, 2018, 11(9): 137. [doi: 10.3390/a11090137]

Chowdhury G, Srilakshmi M, Chain M, Sarkar S. Neural factorization for offer reccommendation using knowledge graph embeddings.
In: Proc. of the SIGIR 2019 Workshop on eCommerce, Co-located with the 42nd Int’l ACM SIGIR Conf. on Research and Development
in Information Retrieval. Paris: CEUR-WS, 2019.



310

[134]
[135]

[136]

[137]

[138]

[139]

[140]

[141]

[142]

[143]

[144]

[145]

[146]

[147]

[148]

[149]

[150]

[151]

[152]

[153]

[154]

[155]

[156]

BRI 2023 % 34 5% 1

Sha X, Sun Z, Zhang J. Hierarchical attentive knowledge graph embedding for personalized recommendation. arXiv:1910.08288, 2019.
Ni CC, Liu KS, Torzec N. Layered graph embedding for entity recommendation using wikipedia in the Yahoo! Knowledge graph. In:
Proc. of the 2020 Companion of the Web Conf. Taipei: ACM, 2020. 811-818. [doi: 10.1145/3366424.3383570]

Zelenko D, Aone C, Richardella A. Kernel methods for relation extraction. The Journal of Machine Learning Research, 2003, 3:
1083-1106.

Zeng DJ, Liu K, Lai SW, Zhou GY, Zhao J. Relation classification via convolutional deep neural network. In: Proc. of the 25th Int’1
Conf. on Computational Linguistics (COLING). Dublin: Association for Computational Linguistics, 2014. 2335-2344.

Riedel S, Yao LM, McCallum A. Modeling relations and their mentions without labeled text. In: Proc. of the 2010 European Conf. on
Machine Learning and Knowledge Discovery in Databases. Barcelona: Springer, 2010. 148-163. [doi: 10.1007/978-3-642-15939-8 10]
Surdeanu M, Tibshirani J, Nallapati R, Manning CD. Multi-instance multi-label learning for relation extraction. In: Proc. of the 2012
Joint Conf. on Empirical Methods in Natural Language Processing and Computational Natural Language Learning (EMNLP-CoNLL).
Jeju Island: Association for Computational Linguistics (ACL), 2012. 455-465.

Weston J, Bordes A, Yakhnenko O, Usunier N. Connecting language and knowledge bases with embedding models for relation
extraction. In: Proc. of the 2013 Conf. on Empirical Methods in Natural Language Processing (EMNLP). Seattle: Association for
Computational Linguistics (ACL), 2013. 1366—-1371.

Han X, Liu ZY, Sun MS. Joint representation learning of text and knowledge for knowledge graph completion. arXiv:1611.04125, 2016.
Han X, Liu ZY, Sun MS. Neural knowledge acquisition via mutual attention between knowledge graph and text. In: Proc. of the 32nd
AAAI Conf. on Artificial Intelligence (AAAI). New Orleans: AAAI Press, 2018. 4832-4839.

Lei K, Chen DY, Li YL, Du N, Yang M, Fan W, Shen Y. Cooperative denoising for distantly supervised relation extraction. In: Proc. of
the 27th Int’l Conf. on Computational Linguistics (COLING). Santa Fe: Association for Computational Linguistics, 2018. 426-436.
Zhang Z, Zhuang FZ, Qu M, Lin F, He Q. Knowledge graph embedding with hierarchical relation structure. In: Proc. of the 2018 Conf.
on Empirical Methods in Natural Language Processing (EMNLP). Brussels: Association for Computational Linguistics (ACL), 2018.
3198-3207. [doi: 10.18653/v1/D18-1358]

Toutanova K, Chen DQ. Observed versus latent features for knowledge base and text inference. In: Proc. of the 3rd Workshop on
Continuous Vector Space Models and Their Compositionality. Beijing: Association for Computational Linguistics (ACL), 2015. 57-66.
[doi: 10.18653/v1/W15-4007]

Le P, Dymetman M, Renders JM. LSTM-based mixture-of-experts for knowledge-aware dialogues. In: Proc. of the 1st Workshop on
Representation Learning for NLP (Rep4NLP). Berlin: Association for Computational Linguistics (ACL), 2016. 94-99. [doi: 10.18653/
vI/W16-1611]

Zhu WY, Mo KX, Zhang Y, Zhu ZB, Peng XZ, Yang Q. Flexible end-to-end dialogue system for knowledge grounded conversation.
arXiv:1709.04264, 2017.

Huang HZ, Heck LP, Ji H. Leveraging deep neural networks and knowledge graphs for entity disambiguation. arXiv:1504.07678, 2015.
Fang W, Zhang JW, Wang DL, Chen Z, Li M. Entity disambiguation by knowledge and text jointly embedding. In: Proc. of the 20th
SIGNLL Conf. on Computational Natural Language Learning (CoNLL). Berlin: Association for Computational Linguistics (ACL),
2016. 260-269. [doi: 10.18653/v1/K16-1026]

Krompal} D, Baier S, Tresp V. Type-constrained representation learning in knowledge graphs. In: Proc. of the 14th Int’l Semantic Web
Conf. (ISWC). Bethlehem: Springer, 2015. 640—655. [doi: 10.1007/978-3-319-25007-6_37]

Cochez M, Ristoski P, Ponzetto SP, Paulheim H. Global RDF vector space embeddings. In: Proc. of the 16th Int’l Semantic Web Conf.
(ISWC). Vienna: Springer Int’l Publishing, 2017. 190-207. [doi: 10.1007/978-3-319-68288-4 12]

Ristoski P, Paulheim H. RDF2Vec: RDF graph embeddings for data mining. In: Proc. of the 15th Int’l Semantic Web Conf. Kobe:
Springer, 2016. 498-514. [doi: 10.1007/978-3-319-46523-4 30]

Chen MH, Tian YT, Chang KW, Skiena S, Zaniolo C. Co-training embeddings of knowledge graphs and entity descriptions for cross-
lingual entity alignment. In: Proc. of the 27th Int’l Joint Conf. on Artificial Intelligence (IJCAI). Stockholm: IJCAlorg, 2018.
3998-4004. [doi: 10.24963/ijcai.2018/556]

Chen MH, Tian YT, Yang MH, Zaniolo C. Multilingual knowledge graph embeddings for cross-lingual knowledge alignment. In: Proc.
of the 26th Int’1 Joint Conf. on Artificial Intelligence (IJCAI). Melbourne: AAAI Press, 2017. 1511-1517.

Gentile AL, Ristoski P, Eckel S, Ritze D, Paulheim H. Entity matching on Web tables: A table embeddings approach for blocking. In:
Proc. of the 20th Int’l Conf. on Extending Database Technology (EDBT). Venice: OpenProceedings.org, 2017. 510-513.

Sun ZQ, Hu W, Li CK. Cross-lingual entity alignment via joint attribute-preserving embedding. In: Proc. of the 16th Int’l Semantic Web
Conf. (ISWC). Vienna: Springer Int’l Publishing, 2017. 628—644. [doi: 10.1007/978-3-319-68288-4 37]



KRR R G frit B AR R 4R 311

[157] TayY, Luu AT, Hui SC, Brauer F. Random semantic tensor ensemble for scalable knowledge graph link prediction. In: Proc. of the 10th
ACM Int’l Conf. on Web Search and Data Mining (WSDM). Cambridge: Association for Computing Machinery, 2017. 751-760. [doi:
10.1145/3018661.3018695]

[158] Wang YJ, Gemulla R, Li H. On multi-relational link prediction with bilinear models. In: Proc. of the 32nd AAAI Conf. on Artificial
Intelligence (AAAI). New Orleans: AAAI Press, 2018. 4227-4324.

[159] Chandrahas, Sharma A, Talukdar P. Towards understanding the geometry of knowledge graph embeddings. In: Proc. of the 56th Annual
Meeting of the Association for Computational Linguistics (ACL). Melbourne: Association for Computational Linguistics (ACL), 2018.
122-131. [doi: 10.18653/v1/P18-1012]

[160] Battaglia PW, Hamrick JB, Bapst V, et al. Relational inductive biases, deep learning, and graph networks. arXiv:1806.01261, 2018.

[161] Qu M, Tang J. Probabilistic logic neural networks for reasoning. In: Proc. of the 33rd Conf. on Neural Information Processing Systems
(NIPS). Vancouver: Neural Information Processing Systems Foundation, 2019. 7710-7720.

[162] Zhang YY, Chen XS, Yang Y, Ramamurthy A, Li B, Qi Y, Song L. Efficient probabilistic logic reasoning with graph neural networks.
In: Proc. of the 8th Int’l Conf. on Learning Representations (ICLR). Addis Ababa: OpenReview.net, 2020.

[163] YangF, Yang ZL, Cohen WW. Differentiable learning of logical rules for knowledge base reasoning. In: Proc. of the 31st Int’1 Conf. on
Neural Information Processing Systems (NIPS). Long Beach: Curran Associates Inc., 2017. 2316-2325.

M 32538 SO -

(98]  <ixtifs, JibRTE, MRACTT . Rl SEAR IR B I SR B R 2% 20 7 3. W SEHLTRE, 2021, 47(4): 77-83. [doi: 10.19678/j.issn.1000-
3428.0057353]
[110]  FLICAE, ZR95RE, Fhi. RS SRR F 2R R ) iR % 7R 2 2 Tk, o SO 254, 2020, 34(7): 50-59. [doi: 10.3969/].issn.1003-

0077.2020.07.005]

KRAR(1969—), T, 18+, BI#I%, CCF mdis
B, BN R R EE, I s B

HE1998—), &, Wi+, CCF 4,
I8k s P2 0, A0 BUR B, Sl B

IMES(1997—), B, i/, CCF 445, &
SERFFTATR A [ R PR, R .

TER%8(1989—), %, 1, YHili, CCF £lk4& i,
BT A B P, (5 B R,

NHELT(1997—), &, Wit4:, CCF 240, &
Bk BOE KB, FiR i

FX(1962—), 5, 1+, #¥%, L4 3, CCF
ok, BRGSO SR IS SRR, XU



