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Abstract

Knowledge reasoning over knowledge graph aims to discover new knowledge according to the existing knowledge. It
is a pivotal technology to realize the human reasoning and decision-making ability of machine. The modern methods of
knowledge reasoning over knowledge graph were studied systematically. And the methods based on vector representations
with a unified framework were introduced, including the methods based on embedding into Euclidean space and
hyperbolic space, and based on deep learning methods such as convolution neural network, capsule network, graph neural
network, etc. Simultaneously, the applications of knowledge reasoning in various technical fields and industries were

presented, and the existing challenges and opportunities were pointed out as well.
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SRR P T 305 i A AE R SR 2R 52,
ot 2 S IR EE A 58 A5 1 . W 10T
TN, SEZER A AR EIEF AN R R,
Wn<sk =, AT I >FA <5k = 2T,
FHAE]>S, TREZER 43 & HITH E i ik 2
1, Hen<ak =, TAET, Bigii>F<sk =0
A A E >4 JHREE A4 (knowledge
graph completion) [ Hkr2 & B X Lafh
RHER, F AR HRE R, (15
HIRE R ) 5e A5

FIR B A 4 A HHHE R Y ] % 2
A 4TIk, K 10 0 T IR i B R VE A R
SR 020 22 32 B T R g kb 4, 4
MLN" | TransR" | CapsEET, RGHATBU
S o W TH AR B T A T ¥E R AT DL IE o AR
[F] 5 25 [A] [1 i 38 O Wb 5 A = S8 1K [A] 2
TR R, LI AR E R 1
b4,

[E=) ConvE
Ko g A

)

B 9 RGHAT #BEIHIMLELEM
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B10 ZFHREIEHVARTEME

5.2 FHRAZE

A% (question answering, QA) %
Gt HAR TR S AL P — N EE R R T
], HEHPRE I BRET 17 R REL
HIR. AR Z BN HZ 50T, BT HIAE
T PR [R5 2R 48 R A5 7Y SRR K B AT TR AR B
I o (H By a7 B b A S TR I i R G 2R
SR, B2 1A EDR [ R g B A FR
A RE 752580 RS I AR HERR TS
EES AT A T AT HOR EE  AA R B R
girh, RGN, 745 R i i
TN, SE A P agee-sol,

BT R SR B ek A\ B B AR (A2
ER R IR ES IV R s N R VA ]
B RGO MR E A, T R-GCN
R FE XTI [ Z2 G O IE 45 MR iy
FeAIARS BT AR E I i AW RS R 5
TEAESLE, AT TransE R 230 5# 2%
FEREES, ST BT R RS i A A
ARG,

i B TR B T T R T 9 R
RN, HIR R B SR R A, Rl

W B X Be R B R AN ) B BOR S
P A DA 5 [P ) 7 3 AR 4R o

53 HERS

RGO RIEE LM AR (F R
AR & TR BOR, e~
FEEB RS S R R EES
AREYI R, R R 8 A1 2 S8 207 or
HZ5E, TSR A D EE A2 7, BEAF s UG
FLH R, A $2 BB S O AR

FEBR A 7 0 T, NS REAS XS
FAZ B AR B8 EAT i A, e W 3K T
—FRT B E— M X E— A E R
RS PAT O AEAT  IEE, FER I
TR TG HE BB R P B R 2R, 1294
AR EE TR K, BL G PRI 98 S HE A 152
ARREGEAEIE IR « 275 3CHR[381F
HREE R FEHPELR, FFEHR-GCN
X I ZR AN EE A AR B, AT B G L L
P HEE RN CINR i E R &R
NP5 ) [RIREAT LATE 1 45 2 22 SR A 2 S
PRI, (o P9 R AR A2 3 VR R AP A,
JEWTIRAE R 21, SO SR A O T A
R AU o 25 SCIR 13 9] 2
TransRUSREF G LI HERE NS, LIS
THEF R FELZ b, HEH RS LE
B - NEZ AN E R R R,
RN I PVAEEPRINANES L E (2 E v S I K e
HEFE o KGATHOZE & TransRIPHIFRE A ]
SEIL T RTR R T 2 I T ¥

P 6 3 P e A SR P s A e —
R JRFARLEA, AR B A AR B Ty v
FEAERE G B S B R =2, iR i

5.4 MELEER
AL B TR R T R AN A o 45
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I3 AT R IC SR AN A B A5 EORSEBLA
PEACHTHE 2R, R[] SN DG AC T P A2 2R
FEanERRE 2R SR, SRR L7 it 22
U2 48 R A R B AN [F Y s T R

CRATART, A B AL R A
XRS5 R A R A — R AR
MR T R IX R B AR S
LG8 (S ISR L 5 S A BT AR
SRR T AR DU T R

H R R R HE B AR S ELAS HEAL

BRI IT WA, 25416
P SR DL P 5 SR AR AR R
R AR S H R R B AR B, R
FH TransENUHE BT PRS2 BN MRAE 4 2R
22 CHR[4 21 W Conv E 20 B 1 fit A<
ConvKBRZ T MELIE R

6 fTikRA

WA R RS O RAT, R B A5
TV 2 B o ARl BT PRI
M=, L BEIE FIE . AR LS| E
7 BRI T S T L A R WL R TR
HERR BRI, AR SCEE A e, A&
PR 25 R RE A AT R R I I o

6.1 &bk

SR P RE B T B TE AT, 7E
WU ) 5 | R B . XL
N ST B S 0 5 T SR
WEA B 5, R 0 R i T 3 L
FAE BRI 52 A8 KU W6 5 4261 7
T, FERT A TRIEE JRIAMSE. 5
155 DA KRG S 45 5 A P R A
SR o T AT A 60 R 9 B R A B
TR SCIE S 2R KRG (E S | 107 PEI6E4E
T G b SR 7 TRT, M R R L S

FRHT PG, 5P R HE L ARk 5 3 K
HRSRIR OG22, IR B F AR (1 B AT SE i =
REE FERPIRAL g AT T, XA ]
Wb 55 I RE . WF 55 R | g5 FiH S5 2
IR, BT HUR S R R 2 Bk
SEELXS AL, Bl I e 2 % P R AL
FURR 7 2 FERR AT ST, BT R
He 3 P, A P SRR 93 4 3L 52 AR AT
FEX BT AT FE M o BN AR
BV 55 B4R AL, A AT o AV T iR 4
My I 7 9 6 BT SOUVE I, S B P A
AN AR M B P SRVE AR, RE AT R I
B AR AT HUAR) SE A I 1l SR SUVEA T
BEATPAEL

6.2 EYMEZRITI

LEM I 25TV 22 A1 SR A T
THURENE I AR, BG4 YEE.
PN TS . R P RENE . R EE . Y0
TEEEWESE, W AEYE LTI TT T
T TETVO-17), G SR S [R50 &5 11
L, AT R 3 i R R SR e 37 X L
=

ARV R 2 B 580 G R B R
TR, 35 A A KZ 3 8 A R, 445 A4 [AT 1 R 3%
RE SRR Z 5E 5 M 52
AR R 2 U I IR N B AR HE PR ] RR
M, TR B A R R )T I b
N T A BE 25905, 255 SCHR[4 917
FIR-GCN SRR G B g, I (50 T 5K
T TR AE o R A, (o AR i e
TR HEWT Y - B i, EE -
R 2990 -259 . 259 — B/ &5 07 T Y
FHEAER . GrEDeLPOME P4~ TransENM
FEELSTMBPIMEARL, A2 FF SR H 12 8
VW AE VR IY 00 25 W, % A B A8 STk R
) 1 AR R 2 TR B 0 R 4 iR LB
% (semantic graph) FIZEM E3HE (type
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graph) , FFHPIANTransE4r 50X 4~
AT AR, SRS LS T MAR Y Sk 42 4
& T Iw 259 .

6.3 HaEHEI T

R 38 A7 Ml A R AR T R U
TAMARSELK:, T IE Lk a e
M7= g vk, AR i S R, AR E R
WAk R BWE . (B BRI AR pedliE
FRERAE LA, A R MR SR
FRFI L, B iR IR e, #E I
TCRRI 5T TR I AN 1 i AR 43 AT [R]
R, 5 BB TP s g e (A, DLR R
BT A&, AR EE HE B R AT LA R
Se3E G RO, s B A, SR T AIR
YAt

B Re ) TR W 2 A B AU A
WL HYE | ARESE, BT DA A AR R
AR R L R X SRR JO AR, T OB
o 2 HR5212 B T4 k4 O Fx
HEHEAT B — 223k, PR EOR
PRI 58 e AL 22 30— 1] N 25 R b 5
WA BECAHPR RIS SR HOR, 6k
fi TEfII T (6 g ) 0 M R B Y
WL &L, BT FRIESE,

Wi, LSRN KRG
JELRE A% A A, I R 0 e R AR R
I PR A A )4 B A% ] 7E 35X 20 %5 8 i ) g
R 15 B R ) ot R g TR v, P04 2B 7
18R, UG OR IR R T . T AT BB A A2
R, fRIE 2B 7 3 BR AL T R AP AR AR50,
2Bk (541 Trans ENUER & 3k EH /£
SRR AR R B VRORA 1) 0 S P 2, R
VEAE AR I SRS B S AL R & 1L,
TR FEELFZE A R 25, R T80 T4
38 114 S I e 55 18 e AR A L B A B
KB o FETH 2L A4, 4130 3% 4
PR AR WAL RAEHANE, 2H CHR[55]14K

R HETHIMIZTT (electronic design
automation, EDA) I FHR-GCNf %
oo (EH I IR RR A& I s (At Ry
TEE L B PONOE Y R E L BOMIH
Shelg, i 58, T B TE %S
THT ), ST P e 2 o R gl SR B A
AR H /K

7 BEESRERE

1T SRRk, IR I B HE R OR
TEAEPR IR K, VF 2 AR H U A
w5 GO, HEE) T N, HE R
B FEENPIRA, PREFIHLIE A7,

o FITR IS i N JE 2 i AROLHEAS
230, JTEE4E, MuRP, AT THEE R
THRA S A I, RS T AEE T i
R o AEER b, BT B i A\ R 2
(B FRAFF 50 3 A 2 B TG LA A ABE TR 5 IR XL
il 2= (A SE R RO L A 25 (] RE A8 B A b 3R 08
FIREE . FEAEROL AR 23 AR T AR E
W R A R AR E A AR TR R

o [ 28 W 25 R AR DT FC AR B, AR
AT AIR-GCNFIRGHAT SR A 2
B 22, R se3E . T B IS 151
P o) 246 235 A SR S B TT R P i 4 B 2 R )
HALSE KM,

o RHLIR (transformer) 1561 2% PR HL
TE H AR 5 A B4 58 K 3R A BB 1A e
R FEAT I ZRBE 01 KT, I s i,
TR RN . BUR AL EEFATE & 1R A
SEATI, R FIRE AR o AR AR B g P 45
FEHTR B35 A HR 35 1 B 77 T (R AE AR
FLHIAR

o HTTI AR IE R = EHA
HEA | G AL RN T AL S Sk
Nz, ABAE SN TR 113 48 3 7 T A B AR
UL o RZR N B A e VR P A T T
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TR A TR 2 (AT 2

o BRLACI TR P i F B 5 AR AR R AR
LRI BESE . PENSE 5 TH R AAE B
RS, Rl ORI RIS RE RS

8 &FiE

ARSCE SR GHUTT ST T AR S B
MIBRAR I 77 AN, $R T — G —
BESRVE A R IRAC FE I A0 TR P i 3 LA
B, JTEIRE R T A S R GUECR R
) S [ETFAIG 45 o BRAR A T TR T 5 o 2 7
VT I U B B 25 ST T R iR A
TN ARG 23 A], 64 RO L B 7525 (R AR
HZS %, BB RN B TIRAKILE
323 [E] 1 Trans*fRotat E&F 77 12, [AIR
77 AR T A b R ik R R S S5 A AN
Al =S Al N, HH T MuRPHIAT TH
ST TEVREESA SR SR K MR AR,
BT 25 ST (A R P G A 2L T A T A
FEH, AR AR HESE A A T FE TN
RTINS | IR 2 | B A 25 55T
o BEAE SR R E R 1 H R ek, H
NRWHE )z BE PR A@ T AR E
TR AR A AR R A A, AR A
7RG MR RS T THI N [T
ERT <R AR ZG AN AR 3Tk
AG8T7 FIR P R HA R R Y o B
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