B O OB ¥ o
JOURNAL OF MANAGEMENT SCIENCES IN CHINA

526 555 M
2023 /£ 5 H

Vol. 26 No.5
May 2023

doi;10. 19920/j. cnki. jmse. 2023. 05. 012
MEMINEESHMAENEMEREUEERER

%3 %1, 7K i3, ﬁi“ﬁ%‘—““, ;E‘L'J\M%I, idiﬁa%“, 2 R
(1. PEANRKAEB#BE, L3 100872 2. WL KA ENIE: S5E AR %6, B 310027 ;
3. WL KRR B T 3150485 4. Bl L AL, oMl 310052)

WE: iR B LR RE AN TR TR, AT iR Bife iR kw Re R
AP B R AR 0. Ja i B ARG AL A T AT A A 2 W 4 AT R A S iR
L IR AR E —BA T oir Bika)i 245 ERERERA ZARK T &, aswd
AR S id e £ SR 0 BAF K S S R B AR T 5 3 R AR R A T AR AT
SR 3 6 TN S BE AL G 3% 0 ) T AR S0 B Bk K. 21 437 AR R RILT AL
B+ foiR IR ERFF R R T EAHRC L. ZRACEEFRR TR LR T ER
55 R, 0B RH TR, ZAR R AL BRI, TER T SR S5 B2k R
KR, sein Bk, WBMK, WEHTER; THEAR

HESES: TP3 -05  XEERIRES: A XEHS: 1007 -9807(2023)05 -0231 - 17

PR B AR FREE O LS PR | i Ak i 07 X7
NG AL Z 1A12E A5 01 A4 i A B, HLAR R fE S
N B AR B R B AL A LA s 78 A e

0 5

il

PAEIRM i3 RAds 5 N TR RE Uk

FRIBT B 2D 5 U R T B O FR B 4
b I b i IV TR U8 ¢ L R R 167 S
Bor b kR B BCT D B A AN 36 H O
PR SR REAL” B B R
RE , TE 7 K HE I B B A =2 BT s e 3 il
VRO e sl R I RE S Al = ™
b PR Bl 5 R 7 AR -5 R RE AL i AR B S 3k
I 2 iR AR AL A B T 1] 22—, IE AR E T
SE S 24 B [ 8 SO RS Aolloll 55 i A S
BHPSR A NT R 5o AR N
RO BB AR SR BRSO A B SEBL
“BHEALT B BRI BRIT S 7ERCR it R
RS R ) HEARRL R A R IR RS T TR
TR B R R A 7y DA AR
DI B AP G AT, LR DS AT BR B

Wk H . 2021 - 12 =315 BITHEA. 2022 - 12 - 26.
HEWH ., EHRARPEELE %I H (91846204 ; 72172155).

FRAEE AL 2 B S B A2 o Al A A
H RS RALIE | [ e P A

R M B ELIR 0 | Tl ELIR I BT B T
Yy HIRAE R 55 BOO5 224 AR < R A T A
HLS P AW BUB AR X B . IR R
AR SRS, T br 5%, B0 00 H
PRI, T T A SR A B SRE  R AR E
WFoE R B 28 £ RT3 H 25 B0F
eS8 BRSO L 0 B BEY , FEULEE SR |
T | phe SR A o R AN ELH R, N R B B it D B 4R
TEAE A AL B 0 T RSB FE 07 IR, A8 3
P ARy rhols BRI AR R L2 OIS ., 4%
PRACIANY G B AN T OCHR St , S AR L7 5K
e PSR e ALy 1) R R L B R Bl 1 A

WIRMER . BRIEE(1978— ), B, #idb A, i, #0%, L4 S0, Email: huajunsir@ zju. edu. cn



— 232 —

womo

¥

PR RS EE R R PG oy
TRURE BB T IR ZIM AR A DATR B M 22
2 AR B f 7 S BB — AL RE D SRS X
) B REALTHE. SR, B REAL Y B SR
B A B K Bl A TR o T BT A T R A
FRAE, W R AT WA 2250 5 R Rl A 3
BLEASRL | LU b B8 % A A AT B -
BN O PESRANME. PRI, R 5 2 S 0 M Al 2
GNP S/ 51 NIy & SRR R G SIRTATTLN
REGHEAS AL e e 1w LA DR SRR, AR 7 —
AR+ AR AR L S A LA ST ARG O R
B AP AT AL R HESE.

FR K ( Knowledge Graph, KG) #5780 AT
B RE R BB AL REM S 2 1 HE
N T RERYIA SIS T il — A 3R B RIA
MRS G AN TRYE: B RGE FEATE

R ARTE S AN, R R RN 2 T R 8¢

RN RE LA X T R AF AT IR B BE
BIANR ZARAE S 1 F Sha 4 -5 00 5 2 4 0 &
GURA IR A2 ST AR LR AT
M F RIBW ARG, BAREUE R R
BEIZIIBE ST, BEAE XS I REHEATHE B LA BIE,
HEFTIEA T 5 e 3. IR B 2 ) A IR
RETT T ELAT D3, E A 22 58 0 Hr 5 T B9 RE 0 HCAR
A FR, TR RS T R 5 o Hr, i)
DABRAMGRBE 2 2] [ Jei Al >

PRI D B T B0 19 = Jn 20 R R i
JE B DA AN TR BCH £« A B, #2400
P ARy G A8 Ry AR B S Ry S« B °F
S5 A B BRI . O A2
RS RESS A HLRE & L R S P a2
SEIBEEE S PR ARG, NS HLAS H 5 45 1Y
A NHFARTFB B, MR EERA L 545 MR
FORHESR W e 1 TR ] i ) MR R R o
207 AR TR L IR UL, e B 5 T
Al AL T BB A EUE AL R TE 2. H HR
K1 AR B T 2 BB i R S Rl G i
4 3 AT TR T K 32 WA AR B A5 1R
SRR AR 10 2 BOSBOE A LA 4, JFAE W)
— AN RIR A A AT Rl G b B PRI R A A RN

HE SN R R SR 57k,

BEAN R P B A AT 5 A 2 s R RE AR R R
DRIl fg Bt (2 e APLSC B s AL
RERY AR AR RE WPl 5 N TSR BRI RE
FOESCB ML 23 198 REAE B DO i i
FARTE = SOLER 5, AR WU B 1% 128 45 Bl
i, IS SO T ) N E AR R
R ZIHLER 2 > v A TR AR L v 255 B 2
NZERH ML B i i aod 27 > BE T 46 By A 3R R
HEZHIR.

25 b B AR R REE LS DR, UK SE 2
eIk s FR R RE R A, N 5B K
TEORRETRALL IV A0 A B BE D SRAE 20 5 48 BRLA &
i BRI ASSCHR HE R TR R R S B LS a5
LRARITRIE L&, A PLES S 55 AR
Zp s | SRR AT 5 4R LA HEBRAEZE (neu-
ral symbolic reasoning framework ) , A £ 1k 45 B
SRR — RO S R SR B AL X —
T3 AR 0 R SR R DA il 1k DR SR RICR 1Y
R AL DR A4S R 0 P R R AR,
ABARQUEE, [RIR Z20H TR5 5545 B, on
HH SR

1 FNREEE KR

DRI P % P T ik S S 0 S A A
LILZ B 5 ZR e — Mo B v 42 2 i 2 2 Mt
R EE T IR R B R R i
SCER BURRE R A AU SR, Al SR AL
T IAARILA 7~ RE T, $2 T N T8 R Ry n] fig
FEPE. AR CHE AR L e 24 B AsiA R 1L
AR Dy 12 TR T SR A BE ) RN R L A
J1 R CAAEE SR R REMIE MBI e
R GLAE)T I A A, TERT 55 il S
PRIT E ARSI Tz B, a1 AR
TR RERCR LA B SRR T AR RR R (RS
R =R A AR T, MR R SRS
VT AR ) 5 I AN S OCIR T P )
LIRS T B SR/ AR a8 AR
HAm I Hr 2R

2023 45 H



55

R HEAE RE TR IR M e 00 20 R RE RO LA B3R

— 233 —

E1 MiAEEXEXEEXER

Fig. 1 Knowledge graph for describing entities and relationships
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Table 1 A summary of related research on KG-based knowledge reasoning
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Table 2 Advantages of the “1 +3” knowledge graph and

neural network integration techniques and methods
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Abstract: Knowledge graph (KG) is an important bridge of linking sensor intelligence to cognitive intelli-
gence. Utilizing KG for knowledge representation, fusion and reasoning will exert great impacts on manage-
ment decisions. KG helps the organic fusion of symbolic representation and neural network for more effective
knowledge reasoning and decision-making. This paper develops a neural symbolic integration framework , which
includes three groups of technologies and methodologies, i. e. , the integration of ontology and generative mod-
els for zero-shot decisions, the KG embedding representation learning for heterogeneous and explainable re-
sults, and the KG pretraining models for decision-making automations of down-side tasks. The proposed “1 +
3” technical framework embodies “model driven + knowledge enhanced” and can leverage the data-intelli-
gence for management decisions, demonstrating the technological innovativeness. These methods and tech-
niques have been applied in real e-commerce practices, implying the contextual innovations. The whole frame-
work also entails the generalizability and can be applied to enhance general management decisions in various
domains and contexts.
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