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Recommendation model combining review’s feature and
rating graph convolutional representation
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College of Mathematics and Computer Science, Zhejiang A & F University, Hangzhou 311300, China

Abstract: In order to fully exploit the effective information of the ratings and further investigate the importance of the
review, a recommendation model combining review’s feature and rating graph convolutional representation was proposed.
Graph convolutional neural network was used to learn the representation of user and item from the ratings data. Combin-
ing with text convolutional features, attention mechanism was utilized to distinguish the importance of the review. Finally,
the representation learned from the review and the rating data was fused by the hidden factor model. The experimental

results on Amazon’s public data showed that the proposed model significantly outperformed the traditional approaches,

proving the effectiveness of the proposed model.
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erative neural network) PHS RG] AT (IR A A
28 DFH PRI R it SRS AR SURFAIE o IXEE VRS
BRI TR TR, AR A U LA ASFIAS T I 7
&I PRI RS CERAIE I i, 20 T AR
HEVEZER, DU PSR R v 2 5

5 ) VF 22 TAERI I B I WL SRS B
g o] BN OB R R . BN, SCRR(15) A
M Local Al Global 3% 2 AME & I HLHIR AP 3C
R BRG] SCER[16)A 28 T e £ p 3L Ry
B J7, E EE PR K ] Chen
2581 1t NARRE (neural attentional regression model
with review-level explanation) #i%4, 1@ PFie 2 )
(3 B LR Z B S5 PR IR, i FAT H]
(PR AT P TN s SCRR[ 1718 FH il = 0 B
X R il SCARIEAT i, DT B e b B A2 R 1)
75 Zhou ZEUSHEAN T XUKIEE S LA A 5h% 5 2%
A, W RHR AR, R R LIRS
HEFFAT S AH G0V Liu UM B —Fh AN P4 )
VE R Sy B NRPA (neural recommendation with
personalized attention), AN [F] [’ 7 BYCRS Sl A
IF] 1) 722 oA VR G B PR ) SACR
(self-attention capsule network rate) #7Y, @l HE
B IRHE W 28 A5 48 7 VRIS SCR, AR E VR
AT G AR IXEEHE T = ML I HERE I 9%
JER) R EPE e EE M, SR AE ) B EL



© 166 *

WG

¥ iR

43 4

PR R, IS TR IHERE O] . 4k, ik
A7 LIRS IR, 1RGP R
A5 B S PR () 4 2 TR A T TN 1 30
I gmfil s 227~ (BERT, bidirectional encoder repre-
sentation from transformer) F& R HEE P18 SCASS B,
FE VPR SCA IR IER R, ST TR0 [A)— Hin]
FEANIR T SCPRIE T FLAA S SCIR #LE fE

AR, ZALE R Eikg gy ] 21T, Gao
S BIg T — ANRRE T R RIS (TR 454, P
TR ) 2 AW SR P W] AR I 4 Th B R 1 S8
ATl T TG BT b T R RHIRE
REAEIE ORI 20 v R R R RE AR O I RURE
FEXN 4 (GC-MC, gragh convolutional matrix comple-
tion) BT T — A A T AN O P 1 G
FRHESE, KPR P — i B R, A
FH P 0 it (0 A8 L P LR A T A JE A 326 2 > 5 R ik
N AFBAZRR AT 4 A VPR SOAAT s Gao 251
KPR A S RS, fl THRG-FA-EN 2
WD, R 3 M7 Uit dsdensy, JEE >
PR R B BURIX ST e f b
PETF T HERF HERG L, (AR 2L VPR T T AT
SR LABEATRE— D HOWEST, I HoT AGKSEARGURE &
PR SCARFIPE 3 Bl A HEA A AR AT T

2 EFEE

ASCHE 1) CRRG BB BRI 1 JT73. CRRG
BRI 4 B 1) SCRF R, R R
[N R TSI BU BRI iR B N (U] TN
[ H; 2) FFAETRE, B SR IR SCAR KR ) 4
A A5 AR R P A R A 22 I 4 R BSR4 R R
ik, PR I — R i P20 S P AR i 5
PRI S AE VR EIRAHER R 3) RFAEASH., il
AR R K RIS K SR BB AE S Ry
AR BEATAZHL, 43 3 7 AR il e 2 R VR I8 SOACRE
ik, PRI L AR A AN BUS T4 BB AR 4)
AR DS LSS I iR A DAl ST O R
VI
21 XKEEK

XTI u MPFeSE, SR PR
SR D, =[w,w,,-w, | e m FoRRT u (F9F
WHCE, ARJE RSO TR PP IR I LA HEAT RN R
s AH word2vee HEATIAI [ EIOTILR, 452 H]
S u VPR SR AR E, A

Eu :[Eu,l’Eu,Z’...’Eu,m (1)

Wb, E,, e R™ ZORM)™ u 55 j FVFIRITIRATE

R
A
Bz

0T :éj _________________________ k
I l = | '
HHOICEIONOIOEOIOIOEONOIORE i
1z [ b+ 4 |
| HEB | MR |
et Sy Sttty pEsioiel St Selvisioiel Sutele Sivie, Stsloieie Svivtel el Seivteivte, Seteiot

Jhalty
I . i I S
| : : : : v :
b [ t LY
i?ﬂ:[ NS ]H _ H[ BN ]?ﬂr:
A S A |
 Lmewen 1 ‘ HIETY
l i TR B i J

B 1 CRRG FERI4EH



%33

THHERREE S VIR SCARFIE RN DY 23 Pl R 7 (4 AR - 167+

e, ¢ RWZKTPIRIIKIE, d R AYESE .
[FREHE, AT LLHISRACM 7 AERA 58 i v I PRR SO
Wi ERE, =] E, .E,,,.E,, |, ¥t n &5H
v FIPFR £ .
22 $HETIE
221 ABAVZ M L%

TG, BT H AR ST SR M B R,
I FHAE R W 2 S BROR P R R i TR VPR SCARE AR
FHIE . BRZEH a M edl g, Mo S%
UL F e R OCHE, b h o3 E 1, 1208
WAL AT HRAFE B N SRS S A R E
55k MG TT A ) JRERHIE 7, R

7z, =ReLU(E, ;+F, +b,) 2)
H, b, e R" £/ &, *Ron B RIS HFF S, ReLU
ESTIN SR

R, PATERKMACERAE, 52050 kg
PR B AR 0, 5 T a MPREE T L IR AE AR U
WG 1 h (WYERENATIER:, RN u B j 407
W CAER o, e R" , BFAFRINS u KT
AR CAERRE O, e R™™ , I FERIRA

0, = max(z],zzy--,z,f*h”) 3)
0,,=[0,,0,-,0,] (4)
Ou =|:ou,1’0u,2"“’ou,m (5)

b, z,2,,, 20 7 ROREE EANNEICHEM B
h EP AR [FIAERE, I mT DAAE GRS & v 1T
AV UAEIRRHIE 0, = [ov‘l,ovyz,---,o‘,,n , Hor,
0,eR"™, o, e R" LR v & n S PHRINSCA
LR .
222 B BB

S PRI PEAM AR, AL R A R R
RS IV REE,  AHEC TR R fid A 2 MK
YRRy, R REPEHUSTIY R 2 RFIE, A ]
Gt AT LAZE =1 d ] BT B ks, H
FOCRTRRD RO A S HAT Bk R s (R ik
178 BARKUL, PR i o SR o VA AR
M e RY, o, N ZORFF G, N, R
B, My RosH R IV . P =R v
IIAEH AT LU —HE G =(3,0,R) #o, Hih, 3
KR HueS, ie{l N, } IR TR
v, €3,,jell, - N,) S, (u,.,r,vj)ea TR

e, R RVE S FE R AR, W
r€{l,-R}=R, R FIRVFIIEHINRNIE . AU
GC-MCP IR R4 T4, Fom A
[P.O]=f(X,.X, .M, .M,) (6)

L, X, e R™ P RO i N 7 R 4E 5B
X, e R FORHNTE i FEEH B s D, R A
FURFIEI E & Dy RO H N B AR E I £
M, {01} FIRGIFA KT e R HIKIIALH:
FERE, R EHMEA 1, BAELMER 05 PRI
R P VERE, O o an Il PR R AE o

Pl 20 A A5E 200 ] LA RO BT & M B 2
[ AR 3BT, RN PE 2 I8 € {1, R} 4MIC
B A TE o SRR ] DUR RS AR,
IR AR AR R v A I i A s Fn e e, R
U DL e AR B IR RS kR, BRI B
T BT SR, IRECH T s PR i 2R Y
FRIEE R, R

1 r

PR —— ) ™

! JI4 4 ’gZ::‘ ¢
Horb, (1A |14, Fom I ACHEL AR AT R
i PARAR, A ORI IARAE, x) e R R
AT R RIRARHFIE I &, T, e R™ RORSHUE
F, B RKINRAYERE . {of5 BfLiE SRy 5, it
XVEA IR r ISR A, WEATRA, K 5E
AP R NG BT RN, AREE eI R
BN T, KRN

p. :o{accum{ z B Z /U,-_N;RH 3

Jedi; Je4ip

Hopr, accum(+)HJ LA 7R A ) S A sum (), AT EA
RoR M ) B K stack(r); o RNTIE R AL ReLU.
AR ARBUT T VPR AL, R

p,=0(W,p) ©)
Hef, o ZoR MR R A ReLU, W, e R™ RoRnZ 4
FEBE, p R 1. mk, ATRAS R PR
RHER R P = p.pyopy, | Horl, PR,
Py, € RALIRI N, AP IGVEAMEE. Hfbl,
T LA S0 B VP LR 0= [ g0, |
Her, QeR™, g, eRMRIRE N, AR i (K0T
IrFAE



. 168« w

¥ iR

43 4

23 HFEXRE

FH R0 VP4 A8 A 20 I A AR G )5
BE A% SR SRR (0 7 R0 IOV AR AE L
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x2 R LR =3 MSE B3 bE SR8 45 R
s O i BRME EEh EER HEFERERY Ml PLG Auto AIV
- Bl Ak W 2% Bk i
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4) DeepCoNNPI AH ] 2 AN IFAT (K B AR 1l 25
2, Sy PR 0 DR SCAR HR B EURT Y )
RFIE R R SR AT 447

5) NARRE™®. 7& DeepCoNN #%7 [f KE7il I,
HRBIAF VPRI EEEAR B, IR SO
HEAT @R %, BINTVERZ AL, K H R
R ID IR A O Ho S R B s A
KRB X T Z VS

6) GC-MCP*, JEFFH /73 S i B 1,
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1014 —% 16 32
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