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Abstract Personalized recommender systems can provide users with their expected internet resources automatically,
rapidly and precisely, based on users’ preferences and demands. As the broadly applied information retrieval systems in the
big data era, personalized recommender systems have shown great commercial values in various applications. In recent
years, the knowledge engineering of big data which takes knowledge graph (KGs) as representative, has become the hot
spot in the communities of both industry and academic, thanks to the sharp increasement of the big data on Web, as well as
the rapid development and popularization of artificial intelligence technologies. It also promotes recommender systems to
step into the phase of being driven and enabled by knowledge. With the rich knowledge in KGs used as valuable side in-
formation, the inevitable problems harming traditional recommender systems, such as data sparsity and semantic mismatch,
can be addressed well. Moreover, the knowledge is helpful to generate diverse and explainable recommendation results, as
well as achieve cross-domain and sequential recommendation. As a result, user experiences in various real recommenda-
tion scenarios are enhanced. In this paper, we classify the existing recommendation models incorporating KGs at first, ac-
cording to their algorithm design and applied recommendation scenarios (tasks), to construct a scientific and reasonable
taxonomy. Specifically, according to recommendation algorithm design, we divide the KG-based recommendation models
into the class based on feature representation and the class based on graph topology. For recommendation scenarios, we
specially focus on diversified recommendation, explainable recommendation, sequential recommendation and
cross-domain recommendation. Next, we introduce some representative works respectively for each category, and briefly
compare their characteristics including advantages and disadvantages. Furthermore, inspired by the current trend of artifi-
cial intelligence technologies and various applications, we also try to forecast the development trend of recommender sys-
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tems with cognitive intelligence. To be specific, these future recommender systems include the systems built with multi-
modal knowledge and common sense, as well as the explainable, persuasive and polemical recommender systems. The
survey and prospect in this paper can provide constructive preferences for future work in the research field of recom-

mender systems.

Key words recommender system; knowledge graph; embedding; deep learning; cognitive intelligence

1 3515

R E A I AT IR Y L i B A g R 2% )
AL E A BRI, e A EsEER IR A
it B BT R T Bk AN HERE R Ol BERS E 3
i v b A 1 P SR A 2 JEAS PR 75 SR 1 - 2805
A 8 R 4K 22 BN TR e 15 0 sl b RS 9 £ 6L
RRIifE. KERK S G KR L4 7870k
WA PR HERE R GERE RS T R BRI R LS (8, JF
HLEC N T RE 2% SR S [R] SGE  # e
1.1 EFERFHEKRFRE

AR 2R 58 HOAT 55 7T DL SEA Sy ) T
e HFS T w, ¥ 5 VCHC w(BP w5 AT B8 B 41 )
ARYQIER 7O/S R WS D et b e LN 7/ PR DR D N
TR (RIS 700 40 it B4 O e 5 8 ) A 27 SRR (R R ) o
SRAZ O BER, FTHIZE u J5 R RRE D) it i 4%
PERER P(iluk sl DA, HERE RGMAESS H bl
FARLF A 20k R

iy = argirer}axP(i/u) (1)

SOy 1R AR i AR AR ZHER AR AL,
P(ilu) H 9, 208, UIZAMMER RS u 55
(VLR BE (o). A3 | R RGBS
S VEFCME R A B K I do0 WIS RBEEL g ) P AR
—HY S BFR A PRI, TR B ik ) i
FMEAEHE T, KHET 0T n ALY AE i . A5t
MHEREST D, WL T DR R DE M HERED), PGlu)
VAR AT AT 2K B P 540 8 g 50 A8 F A s (o
gy B Al ). TP A LA AR AR S RE
23y 8 R R i (explicit feedback) Fl 4 =, [ 4 (implicit
feedback) W2 o I 2 S ALK FH P s 40 il AR LA VT 23
(VFER), DA R e A WA HH FH 7 0T 42 ot 1) O 47 75
FE o AN SR WA W B AT Had sk “ H
FA-B0 7 S TR AT B A UEFECAME (B P 64
(RIPF4Y), ALFEAR 223 T-H A0 i (47 SR, 3
FPAT 25 A A AR AR A VP2 00O o I M S0 H At
AR A 2 ) R A R T P-4 AL HL R
R=f(UxI) )
o, URT 2y AR RS b i 1 59 ARG,

R W2 P FH - -0 e R UL G (B AR 5 o

B S A — Rt L B s it B AT
Z P AR A B X R R R R, ok e P — 5
KR I X AT A AS B P o 51 A ] R i
YT AR DU S AN, A TRk, R,
XFTH A A2 B A, TGV E P E E
ANEXE) L, R AR RE P R AR AN 0 1 )
mAE(E . IR Z Rl e ) S R oL TH P
AEAFER (CTR) TR T4 Bl R B 10 . ¢
TBa R it i A, — RO A I B P w
Wi i A HACSKAN IEREAR, Bl y,=1; w5 i
ZNAPBAT RN AZ Bl s WA A SOREAS, BT = 0. —
RO =, AR AN, R Egn 2 T
SLIEREAR, DRIAR 20 455 R R AR 4 45 00 ) 2 40 SR L A
K FBL . B, $e e e oA L],
JARAE H 3k (R4 it B B v AL J2E ECRH I 250 28 1 400 i
VERTREA
1.2 HERFGHEIERPER

BEAE AN HER S br i ik 2R e,
FUR R A W4y, HESE 2R S8 1R Bk ik Bk o ik
%z, HpudE:

1) g . IR 24 R G B s Mg
(375 T ATAT ME DL A N 3 R R . i,
F P 55490 b 1 P 5 A8 H B AN e 2 A A5 n i [k
VE K SRR VLIV L L T OGRS AT SRR v 1
THEH P 5805 A S E(PERCA), PRI AR M= A K
HEMIHERE 25 R o 3 — ) O T 060 T8y 0 - B
T BSOS, KT R AR AT A |
SRR P /40 i BRI 4 27 8 35 PR A ¥4 S5 B)) (cold-start)
A ) i

2) il SCRECI . R P S8z 8,
5 (it 590 TR ST 2 HEAF 3R 4 50 A
HWRBE IR . AL ey 505 T VA HE Rl 3k
SEAAR 22 1) S O (i A 25 ) 2 TR) R 8 SCUG P B
TGS A 1K — SCHE A TR LU ST o A9, T QIR )
FOAEFERE AR S 0y 9E3E « 207 B2 47 < i
B, DA B AR e Iy s A By il Sk R I A
() AR AH O VE, 38 B A I R HL K o 38 AT [) L]
1] 22 SCAE ) 83 s ) T SR G AR, 2 R e HE A 2L



FHEET 2% JREKEhHfEt R4t DR S R

o Bldn, FREE “-HmsiR " T LU IE . A
NS, PRI AT, A ER A
W SCHTR, WJCVEAERA RN 58 3 50 T bR 28 I A
DXIAW

3) FIBIHERE S R EE S P Z s B4
vt FRIAEARLA) it SR HE A7 5 P a4 Sk () — AN AR
JE U)o EARIX A BE ) HE1  UAR DR RE R B R AR AIE
HEAF BJUER PR (DR 256 P I ), AR HE £ = 22
A AL AERE 25 3, BRPTIE “f5 B a5 7 0N . i,
HEFA I 25 P — A S 12 Mate 40 [ P
e A BT e % 7, T Im) HAERF iPhone 12
X — e B AAERA A 3R T % P B F, AR 5
AL R T, R AT R RESE R
ARSIy 2207 R AN 25 25 SKFE A di R TF-HL e BT UK
AL E, & A R Z A E, HEa]
e R P i) Sk

4) EFGIRGRZ AR . PR IR b s
SR AR SR, A0 AR R T AR A, (B
AT AR TFA— 8 1& H T A AT k. 1
SEFH PSR I B IR s R O T e o 2 fg B IR 7 A
AL Z T AR, BEAN DA LA 2 6 BT
J i 4 5 ) ot e e o — A FAR IR AR . ST L
AP IR R R R 2 o) HEAF A RS O R W e, AR AR
JAGN, LTt SR R R = 57 B MR AT AR 1 A L A
() — Kk F
1.3 FIRENERHEFERSERER

BN B AR B ), AN D N R AR L sk DA
AP A BIAE B (side information)5 | NHERE R4, KX}
FH P AN e AT SRS HE L & (R, M A5
RGN TV B P /A SR e SRS HE R4S . A
JEV B B 4t B 15 JEL A5 T PR kA S AR S R,
bR DR S H s WA m N i S
VB Re S DR R, (02 78 4 MR U A8 7 AN
FEMARHT

LA, AT I AR B (knowledge  graph,
KG) 2 7 17 & B, JUILR KT 1 & 28 %0
P, AR —REE R INE B9 AHEE R, L
SEPU PRI S 2, A TSR THHERE RBOR - A
SORFIX G G RN IR IS R HEE RGEFR N HTR IR Bh
WERZNINRIEERS .

B 7 W o I 50 At P ) A, e R L
et R G HIAE BRI LR LT T

1) SEIURERTE XIERL . FE T Al s
(RS 5 06 24 B, B A7 o 1 D o 2 2Tt g
RIMAR 22 58 AR slURe AE 2 1A] () 75 UL A SCIE, AT

37

SCRFHEFERIY 5= A T INAERA I 45 . AR« 1
gr7 b R (R TE SOOI, T DUTE kA
W R ME&-S2 A1 isA R R)RBL “ e —A s 4
PEJH il 22— iR IX 38 Uk, TS PIAN1
LY EY G

2) SERREFEALHERE . AR AT LU iR P
Hh R A T () S O IR, T2 HH AN TR S AL ()
Yo, PEEZ R IHER S . B, R —A
ERLH R (A, ARG AR
SR S I RAARIX 3 AR TSGR, 1%
FHP R CBZR 50 (R ve BTG o < 3 22 360
(RIJETT) FBHERNZL « 3% 5L 3= 3)
(AEEE) FEREIME L) =3 58 AN R KU 1)
o

3) PR . A0 IR B R AEAT AR R )
fit 1) 14 T R m] PR A 9 s SR 1) ] R kAl o 3 DA
IR AR R (ARSI (R A, o i
A =0 R 76 S (A3 FL B 2 T [ BB (B
A s Y DRI LR R IS T P, wl ik
B HL T A FR G e R e, T BE B
B A IUEE
1.4 AKXk 5L %M

ARSI DR T TR B Gk

1) WTIUA F AR RGUAT LA A 31 4y
X, RGE TRNHZEA AR MR AR 1) FE A R
BERIEE ARG FEE, HEF R T LR

2) ARSI B AL T AT Rk 45 45 iR
Bk, DU 2 SE BR3P 0 5 BT 45 Bk

3) 4t N TR ReH AR N 37 50 R a3,
R RAM AR R DT W, IO A0 R
HRANIRERTE, WIS % & .

TG N 5 2 EA P HER &
GERIMI S S, 5 3 SERR I R S AR s, X
A A HERE BRI AT 0 N4 5 4 5 SERR
HERE S I A0 1, AR AR RS AN PE AL HE 77 R 4
HORIFBh; 65 5 BB AR (O RS 1A%
BREAEAE RGBT 58 6 WAL k.

FILL E A I En UL R G ™), A T
A HE AR R ST VL A AT 0 A4, IR
BN ZREAHERE . PTRREHERE . 7 BT 0 i 401
Sl Al 2 45 B L B R B S S R, A
SR P HEFEARE TR Q] 58 X S B AR AT 4%, A
FE IS B I FH 11 £ 55 SR A DG BT (V0 s R AL 34



38

B 1 B T ASCTRE A AN RIS HERE B ) 2%
SCHR, PSR AR RIS IEERE (R T VAR 7 5
e Ay W

BEAh, AR SCAM SR HE A7 A5 B AN A0 5 1) )

Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

B, EREEEG NN LR SN S K
JEE A FA i B U HE R AR R PR SRR R R g 1), IR
AR 2R GO [ RNV RETT 1R R RE, 0 N T
REAHERE RN LR TH RS %

[ mwsmsemezs |

|
[ MBI A ]
|

l
[ et 4 ]

|
TR [

Eis [%%Eﬁéfé] (e () [%??T%

)

wrmets | (s | (memer) e ) (s
. — | |‘ | |
%] CHk[65] [5;( zzi fﬁi‘g’f} ik [76-77]
| 61,70-73] T

AN BRI FNRIEFRR SRR FR

Figure 1 The taxonomy of knowledge-driven recommender systems

CHR[32- Tk it ik ik SCik
33,35- [37] [38,40] | |[41-43] [47.49- [55-
36,70] ’ 52] 57,59]

E1
2 EBEER

KT ORIV IR B R HERE ZR 48P 25 R L AR Y
HHEEWI AN, TR — e S s A%
Sl 22 HP B EE L (A OC ) AR A 4
2.1 EHRBEEFERS

g b, ANATT S R HERE R KB 4
TR e, T ARG R R = 2K,

b [R] 3 968 A3 S AT 4 43 o T P BN T
it PRI ) 3 o R T P B [ e A AR A 1 A
FACSEAHLCE IR 2 2L R A2 B B P 2 A A
I) Bl AH T R &, TR 58 AN FH P-4 i A LR g v 2
TP Z A AR, #2015 B b P AHARL S H
A, MR ARG P S I o 1) A8 T D (LS
VRO RAEWT B AR S s 2 5 i m i . s T4
st (1) B [ ok 8 O X R A, A MDD S A2 oAl
RIS ik v AL i A, T HARH
JURZAE A AR B AT AR 0 A HE DBy HL iz 1k
W I« A 2 5 TR 0 3 A P A A 7R ST T
RN IE TV Rl L P8 I HERE o X SRHERE 7k -
W D SR AT L S R Z, T I 2 kB
A B )

T A B RS T H P 585 R AE (R
TR A N 25 Bl 1 450 ) 2 TR) (4 AH 5% M ke v 5 P 35 11 DL D
PR o AR FE AR s e R B

Pt B P AR B et R A TR L e R
) f, TS TR AE g o [R) P AH AU R T S
S5 UCECRERE o DNtk AHACLYE B B AR A A
i AR, W R AR R %K
TI B R PE A AR TR AE SR I A B, T
BN IRF P R it TR i A O 885 P05 AiE 1A T MG
ISJETEES

AN RS — T R B T Bk
W2 RS I R o S BRI 2R VL RS A,
K F P 540 it 1) 9 R A A B B 5 S RN B [ ik
JEHE 2R U A T DAGA S B A 377 AR WA
AN (R &5 45 502 ST LA 43 S DY AN 43 ) S B by Il
g T I Tk, TR A IR TR A R
¥ AR IE RN P R e vk 2 (RS T NI T
V2 N ) I BB R AT W 3 — ARl b )
WHET WM — IR . A SO AR K )
(Ri3fE7 2 8 ml LU g TR A 4
22 MREESREENE

WA FAE 2012 A AATTE LA R 5 13 5] N
WG G BT T RAOR, AT SR A &0
PRSI DG o J TR P vy B A K — T A 1)
S, AR IA EI IR R e AT 1 J 44 0%
SCEIR B AL FreeBase!™!. YAGOM®!, DBpedia!'”
F Probase!™ &5 | A8 2 1k i b 3 A0 1 B U A
CN-DBpedia!" "1 Zhishi.me*"2%



FHEET 2% JREKEhHfEt R4t DR S R

SV L% v (1 R 2 2 DL B A A HE 42 (RDF)
TERBAT A, BARRIN — &5 IREGFH ) H—A
HHR=Jud<ey, r, ek . b, e, Fl e, 73 1l 52 Sk
S AR (BN 85 ) PR S AR (M &), A P % Y R
Hom; r RWEMIKR, 76 EBRE kR R . 4
un, <A, S, w BT - A >
JCAA T “ R (AR 1) v B

39

FEI6 « 227 XA . AR IR ) K S A A
FEXTI T HERE R G H AR Z W) (WL . & 2R
TR A, LR AR A R SR S R R
HUAE T S AR PECRAAE) o A& 2 BT s (A 1R
B2 — A s an iR s A B, Hep e 7L
FLSE SE AR SO &M m MR (TE . i R ) I R
R FEA S A4

B2 BEMREERR
Figure 2 A toy example of movie KG

— AR/ E PR AR H 3 D BRI
TPy B FR Ky 7 K45 JSL M 4% (heterogeneous  informa-
tion network, fAjFR HIN)o K1 G A i SZAR T 1)
HRROEBZHE, It n] 94 = (5 5 M 4%
(El)o HIN HEe A9 s 1) AR FR A 6 47 (meta
path), AT HIN R SQHRARAE, AT A AH G
PRS- R R RSS2, [ 2 o i v S An R i )
Sy AR SIS N I NPT Sl R |
L S LTI« 122 IO R e
TR A, Yrh& 7T — AR A
M, A P4 MR “ P87 CR. LA
R T g FL R ) SO R
23 HMIREERTES]

AT JUAE IR B 27 SRR D N H T #2845 B A
PRAR S5 BB, B —ACHEE R 2 R RS
)RR AR 2 RIS ) HESE R G AR T
AR S SR OC R R IR UICLE (B 3 ) B, R
YE R N8 (embedding), A SCH B X PP A7 KOs
[ RPN HRFR R M & AR5, SRR A
IRBEA IR, AR R oh S 24 o B (B H AR
B g it (1) DT RSB IR o SRR 7R 1) )
2 S kRS DAL R T P Ol (1 0 b S5 AR AE 9 E A,
— FERR My SR Bl R 7R 2% 3 (knowledge  graph em-
bedding, fiiFK KGE). AT 19 b 45 R AiE s ik
(1) R SE AR (CELFE M) TR) PR 25 DG, 3 1E 2 A K]

T REA W RIHEE RGN ST . BRItk 7EIR 22 H0iR
RS HELERR A TR KGE & AR D 0 3R

HR B R 2 A, Rt TR
% KGE #i%, Hh g HARRMEN — R T (&R
)P OSBRI R . R ) e AR 2
TransE, &4 4R =6 <e), r, e PRSI e
FRAESKSEAR e MG R r BHTRIPEIS 2. BT IX—
JEAR VU A0 T 4 2K pR 2L

fi(h )= h+r—t|; 3)

{ETransEJEA b, A E R T — bk 4
(R PEAE R 5] 1 TransDP* . TransR®. TransH**
&, DABRAP TransEAS 2 /1 — S8 55 S 47 50 AR R R
2 RE ST HIAN L

BT T RR B R PRI B, b AT B T I BEAL
W KGE 5H2, A fios n & FE e
7053 TR B (R e R £ S5 D9 %) TR 4 b &5 1) Ry
o XTI ICE S DeepWalk™, B4 T
il ik A\ (Word Embedding)*® % 7 2% >] " 1) Skip-
gram® LAY AR 4 & b BE LI E &k i — R A
AP e BEAH OC )15 R R R A7 2% 2 Hh 3L [F]
LT B SR L)), AR A X A OGN > 45
HIR N S NI . 7 DeepWalk 2 J&, M A%
Z R E T Node2Vec?”, Metapath2 Vec™™ il
HIN2 Vecl 48 st R



40 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

Wi W, KGE 1% 2] B AsA 0 THEFAT 55 1)
HERGUE H - A8 Hadsxk), Rk KGE [
TRRURHCR I AT 552 ISR . (e 2 AR 555 2 HE
b FHOCKER (0 2 B0 2505 2K AT 4 A kN 5
(FRINGR) . AN RRB A I g = 26000,

MR ZR 560 L KGE 2] £ AR B 3% 1 s AR RN
KFR M, KGR X R4 ) & 5 ANHEFE RS LASk
3 7 R S ) RN, AR T HERRAT S5 H AR
) S AT AL . A IR B KGE S HEEAT
55180 B b R B0 e R I H bR R B, A
4 — i 2 (end to end)HEZE N IRV HATS
EHE 28

L=Lr AL 4)
b, cp L dy e HERE MK GE ) H bR i 2, A
{E(0, )= HI S50 A I KGE S HE7 B AT
R A SR AT 55, FEAN AR Y I 2048 v A8 85 )1 5
% B BAreR b s

3 BT HESEMIMRALHER

MR YE 7 v v vk R, B 1 AR 7
RGBS Ry T RAIE R 7R IR R T 1 45 1
PRI o A F e FRUIX P43 2 5 oy i il JLAE (1)
RREVETT IS R HAT N A . A SCH 2 281k RN
RVEE I — R 2w, g 13] 3 4255
FIFEEA S % . efa, 0T TR0 AR SO 411
FRPAIVULHEAAAR Y BATAESE 4 TEER 1 P fRj 225
T AR R AR . BT IE FH AT 45 A
Yrse, JFMER LR SRR LR ).

30 ETHiERTHAE

BT RAAE RO P S A HE 77 1 — Al i T
TR E AT KGE 46 X il &R m &, g1l
AR 55 W 5 R0 A SR IR IE R R, 1K — Tk AR AT AR
RFIE TR . ARG, MR T AR iR R =k
PR i 27, T L N AR ) B v (R 4 A
BLU= A i R 45

HEAE R Ge B — M e T R P i o
(AR 2 SR A, R B0 I 3 3 KGE AR s
RS SRAF D i IR s () it o Tl ok FH P 5540 4 TR 1
LHRZFR, H R — 8 T AU A E A K]
W B, B2 RIS R (AR A AT
VER—AT i, FEBEH — 4R ) “ B2 IR Sk
TR BRI I AN B o 6L A A
PIETRE S, KGE A R %2 tH P (3R 1)
o A B A R e, RO F P A S )

i BE AR P B 2 RE A, D0 AT DUIE ok A 7 2 (R
SRR D 5222 A R N TR 23 O P IR 3R
)& Mk, A ADHTRAHER RGCR A AT Y
SR 7 K RAT H - R it B 27 ) £

BOE w Fd 53 R 7s AR P u AV )it i 1)
Lonm i, HEFEBAURHEE T uy @ RIHE ML
e o4, B

P(i|u)= f(u,i) (%)

PR R B BV HESE VBT, W T R
FRERAE B 2 5 AR (VR FE R 20 I 45 11 S (0 22 22 I A
Wlyo A7 —LBIRIAE A X 5 P R RE R r EA f
ERAGOE TPANE

AR TR R R AR HERE R, Bedl]
AR I AR AR R R T IR AN ], W 450 A
T LA,
3.1 EET BRI R AR R RS ) AR Y

R KGE 21 SCH M 2 T (AR
I 1) )R B BB R R . Zhang 25 N\ PPHR 1 CKE
PSR S AR SR AR A (1) R o iz rh, ks
FHIRE R (f R G5 S0, SEIE I TransR B3
P IL A5 RN SR 7R (R L vp ) SEAA R R ) o Wit ER
(N F SE ) AN SO (Can PR W B A i s 2) 15 304
ANRIR, HERPRR AR R — R 4 ) i R 256 3R
TNo WIihER N5 M P AR Rl AR SR A B R
KX R B HERE 0 4. CKE W IR HERR(T %55 KGE 1T
5 KBS IR T7 2.

SN BB 97 27 SR e DKNCP K GE Y
K TransDPY, - LA f i b i Hh H B0 £) S A ik N
Faw, TP 3 i AR POV AT e R B £
TR o N RAL K CNNAS AR BOhs A7 5 i 6 /R AT
BRERE T I R R 7 o AERAS BT I 7R I ARl B, i
AR PSR A P R R, THER T AR
TS FH 22 2 Tk Jen i 9 286 K Bt e 4 (R L P 5 R A
B VCECE o 2R HEREAT 55 HKGEAT 55K H
RN 2577 2o

HEFAAE 55 S KGEAR 35 K A I 25 05 U S iR
AR HEFF R0 AT MKM-SRE . B 7 4 6F 1) 2 25 1
HEZ7 (session-based recommendation)fT-55, J& T 751
HEHEFF (sequential recommendation). MKM-SRIE I 5|
ANH P -5 A8 HAT R I BARR AL (i N4 W
N ERAE) R IG SR UG (S Bt B TR P B AR
R, SRIG A R IR = AR 25 1 I B 4 3R
IS, 2% 58 # TransHPO G 5 47 A BE— X 2 . 36 %
(RS ) G 3/, MKM-SRA &2k 2% 2) S il 1 i v 11
Wit SRR R, IS INT FRIE B o S R



FHEET 2% JREKEhHfEt R4t DR S R

IR SR S RN N 2 2 AL A
B o Al 0T B AR HE 2 10 S0 R Ak HE FE B AL IR A $E
ChorusP®, 4 S H] TransEP B2 1 filkos, F—
T O O IX AT S IO
3.1.2 ET RV ERER RS S A

B 7RIS TSR RR ) KGE LIS, A
SRR HERE R GR F L TREMLIFE R KGE. i,
KTGAN 857 eh (1) KGE 1.3 % ] Metapath2 Vec®",
Bt DeepWalk”” [y o BE T o B T G i i) &
KTGAN B ALAF] H Ik AR 2145 H P 540000 1)
R NN, — A P AR B 2R R 1)
o KA, B IR -0 BN & B GAN) Sk 5
I AR 20 2
3.1.3 ETE LILACRAME R 22 X B Y

I LML HEE B ) KGE W& 2 T
XUCHECH . flm, RCEPPISE 4L T 56 R85 LTI
KGE HH——DistMult® 15 6 4 2 1) (f 26 R AT
A, DR R R e HLRoR 2% 2] H bRk 3L
A5 R AN T

fG,r,j)=q -diag(r)-q, (6)

o, i R AR, q EYE RN R R,
diag(r) /e KX RIS MAAERE. AR5, WhRRS P&
IR LR R — R N R R T VR PR 2 2
JEAIHLRIAEREA R, P2 A i 2 R HERE 4 % RCF i
KRR 2 ) ST 55 102 2 2 R BA 2510 J5
o 1 MKR BERSEOTR ] T A8 I o, eI
A HEA UK KGE Jrik, e KBRS H
O — NI T8 VT R AE R s 2 S A5
3.1.4 7 KGE fERN A

DA b A 28 1R 35 T 05 0E 2 7% 10 S0 U A 7 A 7
W23V A4, # I KGE K IRIFREAE (1R
Fon &, MKGEMAL B bnf: 3 A T 5%
ARG HARA R EANDR) . AT — S TR E R R
NP HER AL, L R IER R R A T &l —
A2 2] HARA AT 45 HARIIKGE, 1M 2 8%
i FRRAE I BE ML) 0 2 7 ) e, T8z e HEAR AT 55
() H bk B S 5001 %k

XM AT ALFE DIN A 2 ehg A
A IR 7s BB HURRAE IDCNR 5 1D 3P 1D 2851
ID 55) BT R AR 7 ) s g . I s BAZ
BEFRI 5 R ) i R — i 2 R O
JO AR R S, PRl SR AT L (sum pooling)
BAER B P RoR. AR5, H P SRR SN
IR 2 BRI AHLR AR > £, DIN H BUAR

41

A B R AR Bl A LA S TR R AE L SR A
PRI P ) & B R AR (E), PR A R U R #
TR, AR, AKR BRI ACAM A7 B & T
YRR SLSEILAN UL HERR (17 R0 DIN (1 )8 8%
FEAR—B, AT A T AR R R 48 P
TEZ e B, 1 i A B BLRR B IR ) ok
REFER T

KRR h REAEA) 4R R 7 1) 12 (1) S UK R
WAL KGE HARMNGR, SLA G201k I
AR PR . (E, X B I RRFAE A
i, LRI ) B — i R AR (R A A 7 A
[F) RV AE 2 N 2, I 4 B S5 il i3 A ) i PR e =2
BB T H A B AR EE . BV SRR R i S 50
BTG ST S H bk N2, ThReOREFFY) R om
Ir) £ (1) (RO A DG, 3 il e i R AL AT LA I R HE
PEREI R A

BT DL A X SIS T AR, SCik[44-46]
P& H B HEFE RS A A A e T T RR A 2 1 R b
AL,
3.1.5 ETHRERTTE NG

PLE 311 & 3.1.3 /N A TR IR R R I
FRALHEFE AT LR 2 O R R L
SEREHRI BT G, AR RRE S &2 JUR
KGE J7 itk B2 m . i HLIK A KGE 192 > Hbr s
HEFFAT 55 10 H AR A BT IX 0, BT DASE AR K 2 AT %%
2 ) HEZE, SR WA 24T 25 250 I 2507 20T
Wk BB IR & A8 5 U 25 ) th 22 5 ) fe 4 TR HE 7
B BRI, 2 AR 2 AR VR e L ORI A
FX LU S I 4 R IE P B L 1) KGE BRI 24T 5%
ST X

MR, 3.1.4 /MR AR A R KGE 1
AR A7 2k S ) 32 B JL AR e v (1)
i, AHEIEREAT 5 H AR R B vt o BRI 4R
(1152, JoTe WP I TR AE R OR M AE A, JE 1 R
2% 57 AL e TR P e i s ), B il
RIERAE 1) 22 7 5 41 56 P (significance) #2352 1 #x
LPHEFERR . IE AR 2 2 TR TREMIMLE 2% X
AR, R AIE (1) T R A v A TR 45 R R 1) O
2R, A O CR ) S M AR A £
32 ETEZBHWAE

5 R AR IR AN (M HERE R Gk A AL T B 45
PR 7 R RN AN AR, ] LUK SO 41 9k 95
Ho LB AT SRS B R AN AR
P IR 1K AR — AN KRR HIN, 285 R
F A QIR B AT A5 KA R P 540 it ) 1R ()



42 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

RIERFFAE,  DAIRHENT FH = 064 i IR w2 o 3X 2057
WA AR A FE T A i k. 85 2R R B LA BT
P2 RO T IR A RR A, DI 46 b 45 7ok
B ERRHIE R 7R ), AT G HERFE R . R T
53 IRX PR H 2 A AR A 24
3.2.1  ETF HIN KB AR

GBI AR AR Yo 2 ANBR
HeteRec. 477, G HIN FHI L 4cAN AR50
SEFH P R S (e 4%, LT PathSim! 4]
J5 W R R O BE (CAHABLEE),  BAARAL FH 7 -4 il iR A
AR JEok, PUOARIRBIANE TGRS AR AN [/ H P Y
HAFHIRCE, Yo 2 NFIAR T HeteRec-p, 7E5%
IR HE R Ik R ooy R #0477 AR, RS
Sy BB B bR F 5 3L BT AR F P e 2R R AE AL 5
JELE P, T A ARLRE AT A2 Eh 2 T T B AR ) O BE AR A
THEIMAE

IREE T U B AT AHALL B AR T oG P A
T I S (RIEEXRFRI ), Shi 25 AP HY ) SemRec
RERL WA 18T AP, &R K
ARSI L H AR SR B (Ja MEAR) 7 A8 e BRI T
1o ST BE 4% 71 BUTT 6 42 43 iR 1 22 2% IR 1 TG i A%
(atomic meta path), HAHICERITHEARH CA KT
o JTA T O R AR I AH OC BE IR A4 A i AL
PRAT S AR O FE

T BRANCHAR RN AE I, Zhao %5 APV
W FMG T S0t HIN 23+ 1% 2 A T K (meta
graph). SR, 7EREAN BB rh N RE B0 il = A=
A R 7R & I R o L (FM) K Rk &
ANE T R P 4 R 2RI, DA o 2 (1) 4
4

HIN w2z H s H P IR HER D0 0 (1) T B A2 A
ACRT LR AETH S 3 A DG BE I sk gy, DRI B ) 1
I RT FAEHER (AT AR A ot 1.3 5 g S 1,
G (AR B P CBZIR ) (3
% 5 M MG A 2 ) T i AT
Py WL T R E” 3R Xian 5 A
BOR B TERAR X 03, 1 OO Ak 2% ) 5 R
Kl gE 5, fet T ol iR HER B8 PGPR. {3 vit
T AT 2 B0VE 2 ek BT R SR R S B R e
A (agent) N HIN 13- He I D0 KRR H AR H 2 5 g
YIS OB AR . IXBERRAR IE U o] AR AR S5 SR ]
fARE R
322 ETEEBARRER

B JUAE, Bl P o 22 19 25 D GNIN) I AT,

TR R 22 1) S R HEFERL AL R GNIN (1) 28 4 oK 2
ARG RN, WIRIF R HERE S5 5 . GNN
(1) 6 A JEAE AT ] SO S 40 J 5 B R A KON
N

A LR X o JEAEL R 5 LN U A A
RippleNet™, Z 7 (1) ] rp FTAL4F (1) 26 71 17 R
(Rl A2 FH S R I A R o JLIE AR e AR
T F P O i AN B A8 LIk ) R R AE,
SR P e 5 33k e et SR () I Al S At R A
FERE BRAEH P AL o A7y Sk P A8 B3k 11
P ARAE R B BR GG DR, AR i R A S 2
TP GG 268R ) KB40 Ja (R vl KD kA T i)
(I ) o o 12D R TR FH P () AL %, B
TG PRI A0 F RE R AE FH P DB R SRR G, T [ 3% 9
TFEI S, BRI AR TR, R&, —MHP u
M L 2R 1) B (R o B Fe IR N A 26

u=o0 +0>+..+o" @)

LR o) ST w i i AR B, AR SRR
TP TSR AN BT AR A

RippleNet [¥I7E /& HE T4 75 AR A 60 7 H 7 i
IFAEFRIOR, 1] KGCNPOFT KGATP 4y 51 1 4%
U T LY GNN R —— P AR 25 P GON) A
Bl 2 ) M 255 (GAT) . KGON Hhfri iAo AL 38 A
RippleNet [E7FAH B, BV 5 A EE S5 20 15 v H Bk
(R4 S TR A, 2 ) 5 1 3% 00 01 R 88 3 4 /s Y T 1
)05 % . KGAT w1, U2 ] TransR214E >1 759
SR RR R R AE A W S TR R, A5 BAL 4
(35 10 DU s IS 42 4 s g R 1) A 3

JEk, 725 H KIAET GNN [ R S pti
AR TS B0 18 o tE BRI 3 73 1) . Sk, Chen
2 NPV — BB I B E A, R T
HKIPN #4145 H 21 (1) HIN 260 35 2 iR
KA P-4 A8 TR &R I 4E— K« 71 HKIPN R4
Bl fd, M2k ok Bl R AT
RE A . A =)E, A H TransR fi
KGE, % 2B RAARER MESE, H=2 N2
Bt BT )2 RN R I AR 2 5

He T BUGE BAL AR B [ REAT AR A 2 X mp
R AT S, AP AE N — TR . A
THRBICRMEB R ER 2 PEH, BRREN%H
SR FH PR A2 A O B U E S 3 RN PR A SR A R B AR

B T UL B X St 50 T AR, SCik[61-64]H
P A A TR AR P8 i i P 5 R R A A
Rt



FHEET 2% JREKEhHfEt R4t DR S R

323 ETESGHMTENGS

3.2.1 NI ERFEET HIN SRR AR AR K %
B W B P 2 IR, B SR b, B DL
R R, AP HER 28 G HERE RN SR B 2 S A
3.2.1 NIRRT IS SR RR IR, LA AL
T GNN B, BARILHERE SO T, (ALY
B S HON 2, 8B B AU Sr il Sing, #E 2
IR 2 U2 GNN ZHIR L2 0. WERSEART
JREER A, T PS50 IR R 5 5L TR R 7R R A
R TEA TG 5 o 3% R KGE SRFAER 7R )
(12 BN Al 1 U L 1 1 4 iy v o AR
HHFR o« IA AL HERER, FEA F A2 SR
LU 110 0 b 45 HA AR A (e Tl 4D A2 S A7 1] 114 01 R DG 1)
YE R Ttz T B ME B LARIA .

WAk, ATE A AR 22 R IE SR N R SCER
VU 22 30 1) ) LS FL AT B M (1 S B AT 45 3 s e ok
(o BN, FIAIET HIN BRARICIHE M) R0 R AL A
A PGPRP, A% (1 H ks P g 1
I % 475 i 0% UL R 2 T8 HR 1 5 ) P o SCHBE &R, IR Tf
AT E T HERE 45 SR 0 AR U

4 ETH=0RMMRLES

B LM AR S A A RE, HErE R G Em
XA 22 P A T IR SE B 3 5, TP R A S8R )
FORBAMORM . AFFE 735 /v 41— LeHERE AR L
AT 2 5T RARIT B LA BAT AR A 3k
e PERIHERE S 5t
4.1 ZHFULHET

HERA A IF AR AR BLHERE ORI ME—F b, AL
HER A H AR BV SVA AL & B SUERE 45 R
PR, TR AR RS RN . Bt A
RIS FIWT— LIS 0 Mate 40 FRHT 2 e
RETHLIEAE ST ), Tt HHERE iPhone 12, 3X—
e A DAHER TSR 1% 7 B D 4, BB R 300 A — e
AL G T, P LU R .
UTJLEE, ZFEALHERE N D AT L S [ AL HERE 1K A
RACR, 52 2O R OE

SRR L P A7 AT 0 i S 8] 22 A 1) o SCOR TR,
DI AT B T HERARR P AE AR IO HERZ Z5 R . Lu &
NI K DivKG BRI T AR B Bk
IEHEREAR AR HEA R AN 2L IR 2P, %A
TAEE R Ay Wi 2L, 55— 5 i TransE™ il
KGE, >J 73 (¥ H /= Ay i 1 & w] LR VHHH P
Yol LR 5500 b 2 TR AR S s 3K 2 A G 1
FAF 55 8 (AT 51 3 A0 72 (DPP)' ol (1) 4% J

43

(kernel matrix), PAvHSEEEAMEIEHELE 21K 1) 2 HEPE
595 . SEOLZ AL S R . DPP E AN /DI 7]
% REALHERE IAB TR SR FHITOT) AT W 2 — ol AT 0 fi
LRI
4.2 TERTRIETE

B T RSS20 PGPR R SR A /b At
UK HEFE A I AR AT RO e T 7T AR HE A7 1)
8, 94, Xiang %5 AR H1 (1) KPRN 24114
Tl TR AR AR HE RS AL nT R A - KPRN LA
H b P R HERE S AR N, Se e iR 1 il
R R R AR, T I S R AR I 4 B
SKAREWTFH P 6 400 S R R AP R 5 o ARG S =55 0% 5
O SRR SR SRR TR OC R L B RO 1
BT I 2 pi B A I B AR RN A T 2 TR X
o6 B8 i A KRR AZ I 4% LS TM) X i
AT % S Mgm i 2R, LA B 4277 51 op 1R i
5 B B8 =8 oK 2 4 R AR B R T Ak B AR S5 A B
—ARR, A HRAH P S5 HEIEY) AL E
[FIAE2E . KPRN A58 rp o Y (10— 4% H AR 7 B4 i
W TR ) B AR G N T — SRR FE by, TR AR Dk I
U e 20 T L 110 2 5000 T AR g A 2% B p R R 1)
% B AR P HERE 2 A i 1 ] R

Tiab, SRR H bR U A A
o, A A L 7= AR B 45 R S ]
FERATIRRAKS, XTS5 PR A 24 % )5 (post-hoc) 1
PR, I SCRR[ 7018 ST, Sk T
Al TR VPR SCBRR SR R — AN R, 7
Pl wp T A 2 SR 4k HE T A ORI A P R A
TR B AR . ARE, TR AN SR S )
S E AR AR A E, B R o (e R e 1) I AR A
AR A R TR . Al 3 TR IR B b K
WS, & Bob LIAE IR S Vi 2 21141087,
LA A % iPad VPR RS T “i0S” , JfH
iPad 5 Bob &MWL FIHAF A i R T Apple

— =Rk —— I --->ET

“i0s” QApple
~. - |\‘
K] i -\.\.\lﬁ:ﬂﬁ?—: '
i =)
| e iPad
Bob e
i
Frs (L

3 HAAIREIET AR SERE R RRRE
Figure 3 The explainable paths between users and
products in product KG



44 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

i o % B AT P 4% Bob £ iPad [OCHEEE AR, 1T
1E 4 Bob 3% iPad 1) ] fERE A 48 A% 1k

B AR AN, SCER[60-61,70-73 148 42 Fil I 411K
Pl 5 18 ] g R AR M ARER M 9T AR .
4.3 LTS

FE A HERE AT 55 AN [R) T FRC ) D1 53 P I FH 471 3
e, eREETH L EOUIR D) M AS Hoad
SR P N =AML HM . TR
75 ) i 2 TR AT AR A s Bl TS PR MO OG &R
BRI 1 S AR HE 17 28 S8 4 o 7% BRI [R) 4k PERFAIE, KR
TPk & . PR I E — A4
FRFR A 21l (session)HERE, HIEET-H P i —AN4
T TR] P B A Bl SRR TN R — 22 HA) b

R SCA 443 (1 MKM-SREHI ChorusPO4 2 5] A
SR PR ol e 4038 e A A HE 7 ORI B . JR R |
N B ) T BB RS0 e 4 vh ) o 2 TR R SCOR TR,
AT B S A M A 0 > v A B OB, X 3R T
G B (P BT L o 7Rk, FRATAN N4 5 —
R F FUERERRL (402 T4 KSR BRI, i
b, HPIRIR ARy — 80 &P 54k )
P AmGE, 538855 29 @ g i P m o H -
(B i 30 3o 1 T A 20 2 e N GRU) TS T 15
0 B A 0% 10 P A e 0 3 e A A2 X 17
(Key-Value Memory Network) =5 . 4 & J& PE &R K
SIABG 5 TR R ) RO . Jhh, BET AR
() 7m ) B, KSR 38 A] R H Sk X FH P o6 4 i

Architectural Architectural
styles eras

1869
architecture

Building types

eras

- Romantic
Romanticism
composers
Historical
$ @

PEGL DG, $em T P A HER Th it ml gt
4.4 FESUEBHEE

5 AUIAHE 7 A AT SE B N 3 s b & )
{155, 0t 1) W5 W AR A 2 SR A, B v TR
PERE R R o ARSI A R ASFL )
it AN R SRS FIE 560 45 JX Bl AT 45 ok T R Hi Bk
i, T 0 TR P B A 1 = AR A B T O AN ]
SRR P SRR

FE ANV 5 ST HE AR R o AT e A A T
SIS IR 0 9 Ao 7 VRO s % AR G
F 9553 4niR B DBpedial 7 g — A 4 5 38 X
Mg, Y& ) POLL 35 SR X A5k, FHek
SRS ARG, VEE R T — R T A E %
RALRREL, WHEHH PR POL 58 RFAET
KEREEACHIAH OGRS, MIMSEILA POL LR P S
TR SIS . LLE 4 S0, EITPRILT —A
¥ 2 b 29 [ ) B B B BB R AE A/ I K Gustay
Mahler i X ME(KG B, - adE 7 -SSR
0Lk I R S E S, DL SRS AR AR
Wt b L A XU SR . 1 2 R N B A2 T
5 SEAAR GG Bt ) 21 e A7 322 1) H bR SR (SR 20 3
TH AR I PR AT A AE QIR IR B, A1 2 5 A I 3 47
B . Bl U ZgH, O T # it B ILEC POT
E SR, T B E A BAR T SRS AR ) 5
PSSP PODICHRFR L, FEHERE QAR %
(1) H AR 1T R

birth_decade_of

activity_century_of

century

E 4 POI 2| F KR FSHUZ E % KBk R 2
Figure 4 The KG paths between POIs to musicians

[76]



FHEET 2% JREKEhHfEt R4t DR S R

b, Yang & NUHEFR) FH Ak & Him s Ak ) ()
T SCKEK, DASE U AT 45 o eI S,
FH P R0 5 0 bR 2 AT A%, L 7 S 4R ) S5
P HEAE A3 P S50 IR AE (B AR 28 ) 22 AT K,
V2 CARFAE 1) 3 25 R B R AU BRE L P 5 0  F R S i
59 ARG T AR H bR S 40
Sl fige 3 A TR AH OGP, A SO T R B L,
LS AR TR 1) G R R B R 5 LTI 1) () R B
S8tk 33 SO AR TP ES A) e 77 2B SR (fEX
ISR ) (0 R 2 17 S, i A 1) 1) ) 8 3 0
JE 5 TR I (R SCBRES . A T R A R SCORHK,
FEIEFRATHE TSR H bR 554 40 it 1) 1
DURCIE, I SEBLEE STt 2E .
4.5 I

AR FE L TR B v 1) SRR I B, X
RN T LR A L. W LR

45

L B E I HEREAE 55 0F AN 8 il E AT b i
THEE R SR AR AR R SRS AHE SR AT 0
B =FHTIE R RP S WK 1. R 2). {E,
FAITR] PN — AT I AR B R R o
Uf 3t AR IX S HERE I S5 I R B T A 22 FEAL IR T
SRS 2R R SR (R ) AR, AT
AL R MEARRIL, WRRHERSZ A H b
(S P A T PR it ) 1 A UG S8 00 il 1 e P B
b I P TR R SOOI P AL HERE A2 A I 4f
R P 9 i A L 47 PR AR A8 (B ) 40 i 2 T 1)
Fe AN RNAR IR, 195 AUl A 12 O o 3 o e R el oK A
PRANR] AT SR ERCRF AL ] ) T DG BC AT IR o

5 INNEREERENARIIR
SRS (K327 AR G0 F A B, DL 27

F1 ETHERTHZEN SRR A HEE R RN b

Table 1 Some representative KG-based models

i, SV Fe 2 51 7 i SERE SR TS 555 5 A
CKED? TransRI, (4 4l 4% fi P B TF AR
DKNU TransD'> TR+ 2 SRS UES e S 7640 A AT AE (R ), L3 OB 5
MKR! ELaE U % AL ARSI Y R ICRI M KGE B A 2T 55 2 50015
KTGANE Metapath2VecP™! P A2 UF R UENGEAL
RCFP DistMult™ R 2 SRS Bty
KSR TransE® LM AL ity oo ) A e
MKM-SRE! TransH®! LR+ 2 AT PRI BT KGE, JIP'-#0ih 03 e A8 90 P 42 i
Chorus® TransE! e AGAE A 1N AR Kl thos 5w B 5 HERF ROR
DIN® x TR+ 2 2RI st 0 %% T KGE BB 5 2T 4L, V1%
AKR ) % R 2 SRS ESe 2t Jr R, (E 5 5N I S G S 5
ACAM™! x PHRIERE S+ AL FIES e 23 Ty
DivKG®!  TransE®s} TransH®! GEEWCee RN ZPMY TR TGS L R

F2 ETEEHAENZMHEIRIR B HEFEE b
i, B R AT 5y 7 £ S A A TS 555 5 A
HeteRec!*" PathSim'* B AEAY BURHERECR A e S BER, (HTR
HeteRec-pt*”! PathSim!**! B R A HERE A B ARA RSV RS HUD, IHHR
SemRec!™! PathSim!*¥ it B
FMGE! HiBE AR V4 B P T A4 5 D81 14 AL 41 38
PGPR ) AP TR e
RippleNet[55] H ) e T 5 5 2R U HE R HELNOR 5 GNN BT B e 5 26, — %
KGCN*! GCNI! R SRR T, B I 4 S B B0 47 AT
KGATH GATB VIS e fie, ETEVEFEIZRI ), HA 5 = e T
HKIPN®! 161 Al sy P8
CPRN P I s S O

bl spumEdinEiS i




46 Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

k2 BATERRS ROAT 52BN RCR (366 . A
PEACHERE 1100 N A g HACRIE M N, AR K
K JETT I AN TR e R A VIR . BT
EHLE BN FE R m B AR RE ) © Oy N TR
AE WA R IRy i SR EEFA, R A R e AT DA S
REFIHERE R ST A R A R RT3

51 AHFERZETLRIVAME P

24 AN R RSN Jie B AR T K n 2%,
(HR 2 36 e 45 B AE BRI L T8 D00 A5 RN 4 e
IR B, ML IE TR BN SRR H 2 B A S e
73, BB s N TRRE” Hag. INAIERERE LAKIIN
(5 AN B2 D A o AL 1 v B 2 RETE 5K, 2 kAL
LR S NIl DS N S =0 RV SIKS R o
WS JHgh. L. PRARAIAERESERE ), JLrhREARA
fEREBE ) R HL & T 5 TN . Rt B ki g
OB DY e PEAR KA . B B AR = 30k i BE A L S
5, BRI R & iRt . I RE R fE
MBS RRILS, BBl DA TR
MRISE . AR, AEHLEH & m A Be ) I AR 5 5,
LR Ly 1T PR T s o dt s AT A R RE PR HERE AR
iR TR

1) 5 HERE 3 5 o PR [ A0 A [
HAMG BERTWHX I ZE SR O R 2 AR
VAL BRI AT 55 b R AR S v e, LA
WHL — 3 AR RE DT, (H R IL I ZR B TR
(KIVERHEE o £ SUREE R S, AUERIRA
FEAM P -Yydh A Bad sk, i H S HERAE 55 K A
RITERHEAE AR 2B 2 o SR AR S 1 T8
1 A PP AT o TR AR I B A7 ) T LA AR,
WU JCE A A PR N 2608 S R, 534k, RZHE
TR, RV AR A AR SUAS LLAM Y 22 4525 K s (&
B M WSS REV BRSO W e, (2
2B I RFAE T 5 G Rl 5 55 S LU RS R AT %
R 2%, A HRAIRABRL .

2) SRZHARMISCRF . WUV AP EE A S
W, AR > Gl A7t IAT J b o TR
R0 2 S A P R P R A, HE ORI BT 1 S
USRI oK o (R, H R R Z AMROCRE S
BRI T WL X e S I A, AR AT
PRI HE LLA ILHE T IR SIS B, BeAy
RIRAZ Ty AR SCFF, A ARICTAHR “ D407 5
CHREREE” [OCHK, (RIXRPOCIREIRE A “
(KH IR ERAS .

3) BIRIAETARRETE . b HERE . DX RHAEWTSE Y
THTRE ST IO BRBE . BARIRIE 22 I BRAE R IR R

FCEEAT 45 EROR W, (R L PR i M A I A
JU R AR . AN, A R 2 BRI A
PR DRIIRHEWT YRR 7R 2 AR R R B . IX LA
B 7 (e 2 A 75 i A AR O ¥ 7 A T 2 v P A
2L L A IO 4 R M DAL N A R (1
2 P
52 BRINHERHNEHNELETE

25 b, SR PR R RAH S B A R R I 2% DL 35 B
B ARG e EIRFIRCA A e AMHEAHETE RSt
N4 ) AT AR BE ISR R 4807 ) R ik, X
THERE RGN 5T TAE, TATE LT L
AN AT W5 3 SORISE FAN B EAAR 7 1)
5.2.1 ZESIRES)RIHEE

AL T BB AR, 2RISR AR AT DA it 5
InEE G S, St PRI R .
HEIE RTINS HESRRE— NS 2B 5N
PZRINF ) o SCHR[82]FR H, ZRESAIRMR R
JTVERT 5 O BE TR RIS TSRS . SR TRETE ()
Bl S ST A 1) 5 RS R (U A S R L
A5 A1 25 WA S AR BN A B 45 8., 20 i) 30 3o R e
TR 2E IR )G N MBS R IE R R S, RS
SRR B R oR, AR CKEPHRIR A thfh
Jide MBCH i ) MKGAT A5 781 B2 5% F 6 51z
PRB 75, B SE AR 7] B R A A AT R by 22 A2
SRR PR PR — AN SR, RS (R A% S R
SEEEIBE . ARJE, I ResNet! U] i A s 41
R SR SR N s, B KGE Ske3k
) SRR RN o ISR A 1) i 2 7m S52 B
R 2 A AR )RR Rt ), A BT
A B SRAT AR A R
5.2.2 HEWIRBEMPHELE

A& IR RS — DR RO 1%
o DA Mk B RHER A, T e i)
FH P HEEE S A7 AN S “ R, Bln) K
T OCTURE” O R G AT AN S TR
KA DR A 5 L A R 0 20 R vy R AR 1) 2
by PR FTA IR T XA RS
FFo JUIIBAE D S I Mg, AL LIS 3 AR
I it SR s LR, w5 R HERE R G A B o
R EARIRI, FAR SR, B AR R
Py 58 ) F R AIE AT LA 7 %R 3, AR DR
T B R s A3 AH S TAE TS A DI Pk bk . ¥
IR ANHERE R G AP T AN HERE R B TAE [
B THI G 4= 37 BBk, AH OGS 52 21 Ff HEL 0 e 55 A
A B 45 T SR I S A 7] i B O, R R Rk



FHEET 2% JREKEhHfEt R4t DR S R

IHERE R G ST T AR
523 fRHEA. MR SharliEE

HA NN e MARETE R G Br b nl B —Ff
HA®BAmRe b A, L5/ H 5
A S IETEHLAE N . R0, FRATHE A H P B A it
v Mt Pk RDRE ok AT i 7y =X

1) ARG BN HERE R G5 17 P HEREY) S i i
REME M RE U0 A HERE IR B IR, SEBR XS T 4.2 W5/ 4
() RT AEREHE A o U L v 285 11 S A ) O IR g
AR AN PR AR AT T R PR B kAR, ik
e R R R IR BE R 4 B & T ARE e 1
PN

2) vk XA IR ) P A — N 2
[, B VA P Dy s A HAT A AT 3SR, RER )
Ui FH P [R] I 5 52 SCAAH DS i AR o P HERE
AT I WeFT — A HERE RGN BE T L4 T,
BR RGRENE 7870 D0 B AS [ 42 5 18] PR £ DGR
il SHE 7 W S 3k B L Lol f P P S B
By Skt KA SFILARET OSSR, IXFE
(AH DG B i AR 1T DL T 32 5 1 DRI 1 3% 4
ke, HAZ S H5CH s A B g SR HE A R SE RS AN
W IR R TR HESAE A BEIA
BB L —{E B Ab— B e Il IR — T 2 8 BT

o R TR T
o R D - MK — FF 2K A7

R BB, Sk, JKAE =R S EAR 2 40K
W ASAE LA —RIHE T AT XA
&, T RN AR AR A R I AT TR Ok
Ko HLAS ELA KX S HE R, MR N —FE R &
PR A2 e

3) P TR R Gme a0 T B AT
e, DY P I8 I 5 5K 5 R G 0 B A O 22
i, BE6Z AL A LA AR A IR (0 L 5 2 TTIE MEAf 1) 4
1 o ALAI—AN AN B B2 UF HAHERF RS i oA, s
R PSRIIET “IRZE”, SRIGAEILAER M7 1,
R HEBUR P OLSE S “Pima, MELS”, XK
N FETHERE RGNS, A G, [ R 4%
A 5 i % T S OC IR ) i AT B ) R 2 T
i, BT BEAS BOVLMG e K BLURESE) o R 12
JU S I o R LS, T X M ) <R
Fi” b2 ] CAERAR R332 11 o

6 it

ASCAEE 7850 WNE T BT SRR S AL HERE R 4T
(KA GBI 98 A, e JLEAT 5 B 20 SR B it |,

47

RGN ERIE TACRIE AR SRS A AR,
1 0 A SCHIEFE SR B At o AH B HEAB AN PR R &8¢
LR, ASCIERH T JLREA B iR S8 bRt 7 3
s, EPRETEHA 4R TAH OGS DAL HERE AR AR L T AT 2
2RI eIy 55, ATARR 2 6 BAT AR DG AR AT S R
AN IRERAGE o EAh, A ORI T N TR e AU A R
AEA R (M %y, 2T LA IR A 5t R 0 2 g ot
1E RGURFETT ), A B RE A AH W S8 S (AT (0

SHE .
S35 3k

[1] XIAO Yanghua. Knowledge Graph — Concepts and Techniques[M].
BEIJING: Publishing House of Electronics Industry, 2019.
(M. R S-S L EOR M) dest: g Tol Hy i,
2019.)

[2] Jin R, Chai J Y, Si L. An Automatic Weighting Scheme for Col-
laborative Filtering[C]. The 27th annual international ACM SIGIR
conference on Research and development in information retrieval,
2004: 337-344.

[3] Linden G, Smith B, York J. Amazon.com Recommendations:
Item-to-Item Collaborative Filtering[J]. I[EEE Internet Computing,
2003, 7(1): 76-80.

[4] Zhou G R, Zhu X Q, Song C R, et al. Deep Interest Network for
Click-through Rate Prediction[C]. The 24th ACM SIGKDD Inter-
national Conference on Knowledge Discovery & Data Mining,
2018: 1059-1068.

[5] LiJY, Tang B, Cercone N. Applying Association Rules for Inter-
esting Recommendations Using Rule Templates[C]. Advances in
Knowledge Discovery and Data Mining, 8th Pacific-Asia Confer-
ence, 2004: 166-170.

[6] Salakhutdinov R, Mnih A. Bayesian Probabilistic Matrix Factori-
zation Using Markov Chain Monte Carlo[C]. The 25th interna-
tional conference on Machine learning - ICML '08,2008: 880—887.

[7] Koren Y, Bell R, Volinsky C. Matrix Factorization Techniques for
Recommender Systems[J]. Computer, 2009, 42(8): 30-37.

[8] Massa P, Avesani P. Trust-Aware Recommender Systems[C]. The
2007 ACM conference on Recommender systems, 2007: 17-24.

[9]1 Yang D Q, Chen L H, Liang J Q, et al. Social Tag Embedding for
the Recommendation with Sparse User-Item Interactions[C]. 2078
IEEE/ACM International Conference on Advances in Social Net-
works Analysis and Mining, 2018: 127-134.

[10] Sen S, Vig J, Riedl J. Tagommenders: Connecting Users to Items
through Tags[C]. The 18th International Conference on World wide
Web, 2009: 671-680.

[11] Ziegler C N, Lausen G, Schmidt-Thieme L. Taxonomy-Driven

Computation of Product Recommendations[C]. The thirteenth



48

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

(22]

(23]

[24]

Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

ACM International Conference on Information and Knowledge
Management, 2004: 406-415.

Guan S P, Jin X L, Jia Y T, et al. Knowledge Reasoning over
Knowledge Graph: A Survey[J]. Journal of Software, 2018, 29(10):
2966-2994.

(EAETE, /e, BOAVE, S R R S i R R E BT 5T
HERR[)). #/F5%7R, 2018, 29(10): 2966-2994.)

Zhang Q, Zhang L, Qin C, et al. A Survey on Knowledge
Graph-Based Recommender Systems[J]. Scientia Sinica Informa-
tionis, 2020, 50(7): 937-956.

Schein A I, Popescul A, Ungar L H, et al. Methods and Metrics for
Cold-Start Recommendations[C]. The 25th Annual International
ACM SIGIR Conference on Research and Development in Infor-
mation Retrieval, 2002: 253-260.

Bollacker K, Evans C, Paritosh P, et al. Freebase: A Collabora-
tively Created Graph Database for Structuring Human Knowl-
edge[C]. The 2008 ACM SIGMOD International Conference on
Management of Data, 2008: 1247-1250.

Suchanek F M, Kasneci G, Weikum G. Yago: A Core of Semantic
Knowledge[C]. The 16th International Conference on World Wide
Web, 2007: 697-706.

Lehmann J, Isele R, Jakob M, et al. DBpedia — a Large-Scale,
Multilingual Knowledge Base Extracted from Wikipedia[J]. Se-
mantic Web, 2015, 6(2): 167-195.

Wu W T, Li H S, Wang H X, et al. Probase: A Probabilistic Tax-
onomy for Text Understanding[C]. The 2012 ACM SIGMOD In-
ternational Conference on Management of Data, 2012: 481-492.
Xu B, Xu Y, Liang J Q, et al. CN-DBpedia: A Never-Ending Chi-
nese Knowledge Extraction System[M]. Advances in Artificial In-
telligence: From Theory to Practice. Cham: Springer International
Publishing, 2017: 428-438.

Niu X, Sun X R, Wang H F, et al. Zhishi.me - Weaving Chinese
Linking Open Data[M]. The Semantic Web — ISWC 2011. Berlin,
Heidelberg: Springer Berlin Heidelberg, 2011: 205-220.

Yu X, Ren X, Sun Y Z, et al. Recommendation In Heterogeneous
Information Networks with Implicit User Feedback[C]. The 7th
ACM Conference on Recommender Systems, 2013: 347-350.

Yu X, Ren X, Sun Y Z, et al. Personalized Entity Recommendation:

A Heterogeneous Information Network Approach[C]. The 7th
ACM International Conference on Web Search and Data Mining,
2014: 283-292.

A. Bordes, N. Usunier, A. Garcia-Duran, et al. Translating Embed-
dings for Modeling Multi-Relational Data[C]. Neural Information
Processing Systems, 2013: 1-9.

JiGL,HeS Z, XuL H, et al. Knowledge Graph Embedding via
Dynamic Mapping Matrix[C]. The 53rd Annual Meeting of the As-

sociation for Computational Linguistics and the 7th International

[25]

[26]

(27]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

Joint Conference on Natural Language Processing (Volume 1I:
Long Papers), 2015: 687-696.

Che F H, Zhang D W, Tao J H, et al. ParamE: Regarding Neural
Network Parameters As Relation Embeddings for Knowledge
Graph Completion[J]. The AAAI Conference on Artificial Intelli-
gence, 2020, 34(3): 2774-2781.
Z. Wang, J. Zhang, J. Feng, et al. Knowledge Graph Embedding
by Translating on Hyperplanes[C]. The 28th AAAI Conference on
Artificial Intelligence, 2014, 28(1).

Perozzi B, Al-Rfou R, Skiena S. DeepWalk: Online Learning of
Social Representations[C]. The 20th ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, 2014:
701-710.

Mikolov T, Chen K, Corrado G, et al. Efficient Estimation of Word
Representations In Vector Space[EB/OL]. 2013

Grover A, Leskovec J. Node2vec: Scalable Feature Learning for
Networks[C]. The 22nd ACM SIGKDD International Conference
on Knowledge Discovery and Data Mining, 2016: 855-864.

Dong Y X, Chawla N V, Swami A. Metapath2vec: Scalable Repre-
sentation Learning for Heterogeneous Networks[C]. The 23rd
ACM SIGKDD International Conference on Knowledge Discovery
and Data Mining, 2017: 135-144.

FuTY, Lee W C, Lei Z. HIN2Vec: Explore Meta-Paths In Hetero-
geneous Information Networks for Representation Learning[C].
The 2017 ACM on Conference on Information and Knowledge
Management, 2017: 1797-1806.

Zhang F Z, Yuan N J, Lian D F, et al. Collaborative Knowledge
Base Embedding for Recommender Systems[C]. The 22nd ACM
SIGKDD International Conference on Knowledge Discovery and
Data Mining, 2016: 353-362.

Wang H W, Zhang F Z, Xie X, et al. DKN: Deep Knowl-
edge-Aware Network for News Recommendation[C]. The 2018
World Wide Web Conference, 2018: 1835-1844.

Kim Y. Convolutional Neural Networks for Sentence Classifica-
tion[C]. The 2014 Conference on Empirical Methods in Natural
Language Processing, 2014: 1746-1751.

Meng W J, Yang D Q, Xiao Y H. Incorporating User Mi-
cro-Behaviors and Item Knowledge into Multi-Task Learning for
Session-Based Recommendation[C]. The 43rd International ACM
SIGIR Conference on Research and Development in Information
Retrieval, 2020: 1091-1100.

Wang C Y, Zhang M, Ma W Z, et al. Make it a Chorus: Knowl-
edge- and Time-Aware Item Modeling for Sequential Recommen-
dation[C]. The 43rd International ACM SIGIR Conference on Re-
search and Development in Information Retrieval, 2020: 109-118.
Yang D Q, Guo Z K, Wang Z Y, et al. A Knowledge-Enhanced

Deep Recommendation Framework Incorporating GAN-Based



FHEET 2% JREKEhHfEt R4t DR S R

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

(48]

[49]

[50]

Models[C]. 2018 IEEE International Conference on Data Mining,
2018: 1368-1373.

Xin X, He X N, Zhang Y F, et al. Relational Collaborative Filtering:

Modeling Multiple Item Relations for Recommendation[C]. The
42nd International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, 2019: 125-134.

Yang B, Yih W, He X, et al. Embedding Entities and Relations for
Learning and Inference in Knowledge Bases[EB/OC]. 2014: ArXiv
preprint ArXiv:1412.6575.

Wang H W, Zhang F Z, Zhao M, et al. Multi-Task Feature Learning
for Knowledge Graph Enhanced Recommendation[C]. WWW '19:
The World Wide Web Conference, 2019: 2000-2010.

Zhou G R, Zhu X Q, Song C R, et al. Deep Interest Network for
Click-through Rate Prediction[C]. The 24th ACM SIGKDD Inter-
national Conference on Knowledge Discovery & Data Mining,
2018: 1059-1068.

Shen C L, Yang D Q, Xiao Y H. A Deep Recommendation Model
Incorporating Adaptive Knowledge-Based Representations[C].
Database Systems for Advanced Applications, 2019: 481-486.
Yang D Q, Song Z C, Xue L X, et al. A Knowledge-Enhanced
Recommendation Model with Attribute-Level Co-Attention[C].
The 43rd International ACM SIGIR Conference on Research and
Development in Information Retrieval, 2020: 1909-1912.

Guo Z K, Yang D Q, Liu B C, et al. Co-Refining User and Item
Representations with Feature-Level Self-Attention for Enhanced
Recommendation[C]. 2020 IEEE/ACM International Conference
on Advances in Social Networks Analysis and Mining, 2020:
494-501.

Yang D Q, Wang Z Y, Jiang J Y, et al. Knowledge Embedding to-
wards the Recommendation with Sparse User-Item Interactions[C].
The 2019 IEEE/ACM International Conference on Advances in So-
cial Networks Analysis and Mining, 2019: 325-332.

Cao Y X, Wang X, He X N, et al. Unifying Knowledge Graph
Learning and Recommendation: Towards a Better Understanding
of User Preferences[C]. WWW '19: The World Wide Web Confer-
ence, 2019: 151-161.

Yu X, Ren X, Sun Y Z, et al. Recommendation In Heterogeneous
Information Networks with Implicit User Feedback[C]. The 7th
ACM conference on Recommender systems, 2013: 347-350.

Sun Y Z, Han J W, Yan X F, et al. Pathsim: Meta Path-Based Top-k
Similarity Search In Heterogeneous Information Networks [J]. The

VLDB Endowment, 2011, 4(11): 992-1003.

Yu X, Ren X, Sun Y Z, et al. Personalized Entity Recommendation:

A Heterogeneous Information Network Approach[C]. The 7th
ACM International Conference on Web Search and Data Mining,
2014: 283-292.

Shi C, Zhang Z Q, Luo P, et al. Semantic Path Based Personalized

[51]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[62]

[63]

[64]

49

Recommendation on Weighted Heterogeneous Information Net-
works[C]. The 24th ACM International on Conference on Informa-
tion and Knowledge Management, 2015: 453-462.

Zhao H, Yao Q M, Li J D, et al. Meta-Graph Based Recommenda-
tion Fusion over Heterogeneous Information Networks[C]. The
23rd ACM SIGKDD International Conference on Knowledge Dis-
covery and Data Mining, 2017: 635-644.

Xian Y K, Fu Z H, Muthukrishnan S, et al. Reinforcement Knowl-
edge Graph Reasoning for Explainable Recommendation[C]. The
42nd International ACM SIGIR Conference on Research and De-
velopment in Information Retrieval, 2019: 285-294.

Defferrard M, Bresson X, Vandergheynst P. Convolutional Neural
Networks on Graphs with Fast Localized Spectral Filtering [C].
Annual Conference on Neural Information Processing Systems,
2016: 3837-3845.

Velickovi¢ P, Cucurull G, Casanova A, et al. Graph Attention Net-
works[EB/OL]. 2017

Wang H W, Zhang F Z, Wang J L, et al. RippleNet: Propagating
User Preferences on the Knowledge Graph for Recommender Sys-
tems[C]. The 27th ACM International Conference on Information
and Knowledge Management, 2018: 417-426.

Wang H W, Zhao M, Xie X, et al. Knowledge Graph Convolutional
Networks for Recommender Systems[C]. WWW '19:  The World
Wide Web Conference, 2019: 3307-3313.

Wang X, He X N, Cao Y X, et al. KGAT: Knowledge Graph Atten-
tion Network for Recommendation[C]. The 25th ACM SIGKDD
International Conference on Knowledge Discovery & Data Mining,
2019: 950-958.

Li Q M, Han Z C, Wu X M. Deeper Insights into Graph Convolu-
tional Networks for Semi-Supervised Learning[EB/OL]. 2018
Chen Q H, Tan H B, Lin G Y, et al. A Hierarchical Knowledge and
Interest Propagation Network for Recommender Systems[C]. 2020
International Conference on Data Mining Workshops, 2020:
119-126.

Wang X, Wang D X, Xu C R, et al. Explainable Reasoning over
Knowledge Graphs for Recommendation[J]. The AAAI Conference
on Artificial Intelligence, 2019, 33: 5329-5336.

Joseph K, Jiang H. Content Based News Recommendation via
Shortest Entity Distance over Knowledge Graphs[C]. WWW '19:
Companion of the World Wide Web Conference, 2019: 690-699.
Sun Z, Yang J, Zhang J, et al. Recurrent Knowledge Graph Em-
bedding for Effective Recommendation[C]. The 12th ACM Con-
ference on Recommender Systems, 2018: 297-305.

Sha X, Sun Z, 0002 J Z. Attentive Knowledge Graph Embedding
for Personalized Recommendation [EB/OL]. 2019: ArXiv Preprint
ArXiv:1910.08288.

Zhao J, Zhou Z, Guan Z Y, et al. IntentGC: A Scalable Graph



50

[65]

[66]

[67]

[68
[69

—_

[70]

[71]

[72]

[73]

[74]

Journal of Cyber Security {5 B4 2%k, 2021 /9 H, # 6 4, 55

Convolution Framework Fusing Heterogeneous Information for
Recommendation[C]. The 25th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining, 2019:
2347-2357.

Gan L, Nurbakova D, Laporte L, et al. Enhancing Recommenda-
tion Diversity Using Determinantal Point Processes on Knowledge
Graphs[C]. The 43rd International ACM SIGIR Conference on Re-
search and Development in Information Retrieval, 2020:
2001-2004.

Alex Kulesza, Ben Taskar. k-DPPs: Fixed-size Determinantal Point
Processes[C]. The 28th International Conference on Machine
Learning, 2011: 1193-1200.

Chen L M, Zhang G X, Zhou H N. Fast Greedy MAP Inference for
Determinantal Point Process to Improve Recommendation Diver-
sity[EB/OL]. 2017: arXiv: 1709.05135[cs.IR]. https://arxiv.org/
abs/1709.05135

Dive into Deep Learning. https://d2l.ai/index.html. 2020.

Zhang Y F, Chen X. Explainable Recommendation: A Survey and
New  Perspectives  [EB/OL].  2018:  ArXiv  Preprint
ArXiv:1804.11192v4.

Ai Q Y, Azizi V, Chen X, et al. Learning Heterogeneous Knowl-
edge Base Embeddings for Explainable Recommendation[J]. Al-
gorithms, 2018, 11(9): 137.

Ma W Z, Zhang M, Cao Y, et al. Jointly Learning Explainable
Rules for Recommendation with Knowledge Graph[C]. WWW '19:
The World Wide Web Conference, 2019: 1210-1221.

Zhang Y, Xu X R, Zhou H N, et al. Distilling Structured Knowl-
edge into Embeddings for Explainable and Accurate Recommen-
dation[C]. The 13th International Conference on Web Search and
Data Mining, 2020: 735-743.

Huang X W, Fang Q, Qian S S, et al. Explainable Interac-
tion-Driven User Modeling over Knowledge Graph for Sequential
Recommendation[C]. The 27th ACM International Conference on
Multimedia, 2019: 548-556.

Huang J, Zhao W X, Dou H J, et al. Improving Sequential Rec-

PR{ES

%%, Email: yangdeqing@fudan.edu.cn

T 2013 SEAES HA TN
PR BRI fr. SUER AR
E VN E R A AT RS S BT SIRTEE SIPN
THRE MRS AIREESE . W%
MG BT R R . i

[75]

[76]

[77]

(78]

[81]

(82]

[83]

ommendation with Knowledge-Enhanced Memory Networks[C].
SIGIR '18: The 4l1st International ACM SIGIR Conference on
Research & Development in Information Retrieval, 2018: 505-514.
Miller A, Fisch A, Dodge J, et al. Key-Value Memory Networks for
Directly Reading Documents[C]. The 2016 Conference on Empirical
Methods in Natural Language Processing, 2016: 1400-1409.
Kaminskas M, Fernandez-Tobias I, Cantador I, et al. Ontol-
ogy-Based Identification of Music for Places|M]. Information and
Communication Technologies in Tourism 2013. Berlin, Heidelberg:
Springer Berlin Heidelberg, 2013: 436-447.

Yang D Q, He J R, Qin H Z, et al. A Graph-Based Recommenda-
tion across Heterogeneous Domains[C]. The 24th ACM Interna-
tional on Conference on Information and Knowledge Management,
2015: 463-472.

Gabrilovich E, Markovitch S. Wikipedia-Based Semantic Interpre-
tation for Natural Language Processing[J]. Journal of Artificial In-
telligence Research, 2009, 34: 443-498.

Dengyong Z, Jason W, Arthur G, et al. Ranking on Data Mani-
folds[C]. Neural Information Processing Systems, 2003: 169-176.
Jacob D, Ming-Wei C, Kenton L, et al. BERT: Pre-training of Deep
Bidirectional Transformers for Language Understanding[C]. The
2019 Conference of the North American Chapter of the Association
for Computational Linguistics: Human Language Technologies,
2019: 4171-4186.

Sun F, Liu J, Wu J, et al. BERT4Rec: Sequential Recommendation
with Bidirectional Encoder Representations from Transformer[C].
The 28th ACM International Conference on Information and
Knowledge Management, 2019: 1441-1450.

Sun R, Cao X Z, Zhao Y, et al. Multi-Modal Knowledge Graphs
for Recommender Systems[C]. The 29th ACM International Con-
ference on Information & Knowledge Management, 2020:
1405-1414.

He K M, Zhang X Y, Ren S Q, et al. Deep Residual Learning for
Image Recognition[C]. 2016 IEEE Conference on Computer Vision
and Pattern Recognition, 2016: 770-778.

BA T 2019 e Bl A bk
MR A A, BLAE R HOK 2 K E e 2
e G P B M A 22 7 o BT
gy O R 4.
20210980067 @fudan.edu.cn

Email:



FHEET 2% JREKEhHfEt R4t DR S R

o

3

Mk T 2020 EFEVELH T ARG R
GV IREE ST NS 7 R S B 2 S b v
AR K28 R 2 B B e Mk
Bt 2507 . WP AT N HERE R A

Email: yelin_smile@163.com

B T 2009 EAER FORSA B
LRSEL A S nc 2 VNSNS " HE N
U HNBFAROR S BEIR, FR L5
Brs AT, WO N TR R BRI
T, FRENESE, HFONEBESS: K
PR A L iR B, R I B AR A
Email: shawyh@fudan.edu.cn

51

BAR T 2019 fEAER HRAE B S
FRP AR AR gy BUER B
R R H 27 B g vl 27 o b B 122
B0 WFTCECN R R GE . WO RS
n R HERE, B HLA# X o Email:
Ixxuel 9@fudan.edu.cn



