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Graph Convolutional Network for Recommender Systems

GE Yao, CHEN Song-Can

(College of Computer Science and Technology, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China)

Abstract: Graph convolutional network (GCN) is a deep learning model for graph signal processing and has been used in many
real-world applications due to its powerful ability of feature extraction. As the recommendation problem can be viewed as link prediction
of graph signals, recently several GCN based methods have been proposed for recommender systems. A recommender system involves
two kinds of interactions, with one representing interactions between users and items and the other representing interactions among users
(or items). However, existing methods focus on either heterogeneous or homogeneous interactions only, thus their modeling
expressiveness is limited. In this study, a new GCN based recommendation algorithm is proposed to jointly utilize these two types of
interactions. Specifically, a heterogeneous convolutional operator is used to mine information from the spectrum of user-item graphs,
while a homogeneous convolutional operator is used to enforce similar vertices to be similar in the hidden space. Finally, the experiments
on benchmark datasets show that the proposed method achieves better performance compared with several state-of-the-art methods.

Key words: graph convolutional network; graph signal; geometric deep learning; neural network; recommender system
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SR, F0 S5 v o T A R ) W) e 5040 2 b 3 77 7 — 28 B B R A A 5 (graph sigan) MO 3OHE (P AR S ), &
A3 A B XCAEAS KU A% (irregular grid) 25 b B BIE 5 00K BE 2 31 AR JLART IR BE 2 2 (geometric deep
learning)™. — J5 1, {5 5 AT ML A P B LT A L FAO A 5 86 6 5 — O T FEIMs 5 A vl R ol — 2R AR 57 [0 43 A 1) 3
Wi o, — R AR G BB, A B O R B R R R R A2 0 CNN HES S Re g A B 5 55 2% 1) RS
5B R X 2% BT 5 B X 4% (graph convolutional network, fiiFX GCN), ) F 5 K (S AE T AL Bt 13 TH 54 313K
SRS BB SRR 2 1 CVE.

HAT A Y2 TR S8 GON J& T BT 70, 3546 B A B _E B T 2 & ) SRS — A ) A 145 5 %1 i
S5 T MR R R A L GON St e 22 P2 8 A g T L 213 P 0 D 2 4 2 2R 131 2
GCN f 8T N 3 5% B AR BIHERE R G0, 95 B0 FH 7 R0 v o BT A0 D B T s, P P X0 e o B0 9 0 AT AL 9 0 (B 42, T
FH P T it R AR A 40 A 7 T s B (1) RS 5 skt 242 1 AR 4 A, g ] 110 S 2 ol v 0 A1 4590 R 1) A,
FF F G R AEAE PP ] — o S 53 T 52 P, B Bl P 6 Tl B AT R, 0 A v . T SRS 5 — o [ B T A2
L S B P (R ) B PRI AEACUPE 0 G B A DG ZR T AR E R B S5 P R L B 15 R S P DL SIS
BEP R RS 2 CHZE IR, IA BT GON BIHETE R G BN O 57 51 ), LA AN O () o Pl e 2 B
AR P HE RS —HELE, O IRATEE T 7 IR BB 7 P R 0 2 18] R e, A S H s 2 3R e 4t
— R X B E Y GON 3 B AT A S LR T R T T ARAT R Je /i B M 2570,

BT RS H GCN 2877 ¥ (hetero-GCN)AE 5 5t 10 w5t [B) 36 AT B ARERAE K m AN FH 206 n AN ol 89 97 40 40
9= AN (mAn)x(m-+n) 1 =358 B, 28 05 vk E 424 A P e 2 S R S B GON B\ i E iR
HURFAE.GC-MCU A Spectral CFU™ i 1 F AR 38 J7 3, 19 2 5 LA T s G AE A9 15 5, LAVE 40 {5 B o B iR 47 I 5 B4
28 T7 A AE Y e B T A 2 AR S, S T T AR AT S FE VP 40 3 D I 2238 3174 5 Bl (cold start) 7] L

I J5 T 5. 38 H. GCN 28 /772 (homo-GCN)TE [F] 5 17 & [A] 33: 47 IS AR AE A48 m AN 6 n ANi & PR or A0
—A> mxn FIHLRE, 3 U 23 SRR S B A mxm (1947 Bl (row graph)F1 nxn #4151 B (column graph), 4371483 FH 7
IR it AR R 06 28 T A D AR ARL R P (P it ) B4 3R 73 ) 2 S 24 AR U, T b 2 R AR ) 10 5 T () 3R AT P A5 AR 156
155 P . RGCNNIFI GCMC-BEPP i i 38 7 vk, 15 25 10 MVE 43 B 5K BT A A, 20 1 /47 B R 87 ) 1
HEAT B B AR SR U R AR 3R 7R e 28 07 V07 4315 A 9 SR AL RR A 1) R e, VA s A T A 0 4 v 28 )
45 BARBRAS 2R H.

ASCE 1 FN 48 Hetero-GCN HEZE R AR J7 1558 2 FT 14 Homo-GCN HEZE R AR T ik 56 3 TR H —Fh
G H 7 5t 5 (R 5T 52 AR S GON HERE 508 28 4 9 76 LS04 B kAT S8, B0 U AR SC 7 VAR T30 7.
BRGS0 IR ROk TAEMT R .

1 Hetero-GCN

1.1 1ERIFESE
Bm AR 0 AR SRR RN R e R™, W/ BUE TEFE M {1,2,..., L}, P R B AE D X e R™%
A X; e R™ . AE— iR o0 W -7 i A8 1

RI
Ghetero = d=12,.,L 1
hetero |: ( R| )T j| ( )

L, R =I
0,R .=

Hl, Gy € RN, LR :{
b |,J

1 Ghaery WA Gy = (G, [1 = 12,0, Ly AFIAL 530 X, =[X,,01€R™, X, =[0,X;] < R™, ]

X =[X] X]T ARG FTAT L T AR 0 HE 95 R TS S (G X} FR L, G, (REELX AR

FI A AR I BB AL G, O BE S TN 18 1) GON NTH £ 3 16 8B CURR I 11 ) FH N

e B E AT B 1 T
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WS MNREIC N Z=(Z)  Z] ] e R™™ N Hetero-GCN 135 Bl Ky
Z =ConV(Gyyyer,» X) @
Bl 145 H T —A> Hetero-GCN [ 45 R AF 7= {81, ] o 7 2 8 43 30 FH P 78 i U 2 P 2 0 0 R IR 5 B 4
et P2 I A6 RRVE S5 B T st (AT T g PR R AIE 28 SRR T VP20 IR o 1y s s P i PR RRAE SRR T
RS R ug A,

Fig.1 Convolution operator in hetero-GCN

Kl 1 Hetero-GCN [ 45FR #AE

1.2 RERFGE
1.2.1 GC-MC

WHBEME S {Gx},G HE RS R i 60y L :I—D%GD% =UAU", Bl B e O 3 =0 x PUR IR
TR B B AN 5 25 A A8 B AR S SR A AR S TR A SR I AR gy S E T x BB A RN
7=8,"x=Ug,(A)U" x (3)
)V BB FAERAEAAAE 3/ ) 8 55 ZERFAE AR 20 il DU 45 2 B30 IR R 3 B DL I ik 28 SR 0 B s 2 = 3.
SCHR[ 7118 H Chebyshev 2 TR IT g,(A) IFFR5E B k B ok 1 b it i . SCHR[8]3E — 25 44 22 1t =X PR e 31— B 16
A E

z =6{I+D;GD;]x @)

KAE TP R B 2 M IE FF AN AR 2 P 28 e A8 H 33— 4 1 75 n S B AR e 1,49 31— B i LB A
zZ- a[biai)iij )
H,G=G+1, G & D MM, X RV REANEE S, Z e RV Rl EE 5, W e RYC R 455 2] JE I 2
ﬁ%ﬁ(sﬁﬁ%%%ﬂi@%ﬁamﬁ%:ﬁTbiﬁ i A ST 4048 5 vy L IURFAIE (15 5 g 230 L gy HELAT, 28 A1

e Ja AR TR, Vi BOBTRRAE X 5 AR AL B rh 22 6 AR AR B B ], e s(5) oo H A e 22 i B BE
X,GC-MC B ARBIR ] e X

2l @y a0 X | ©)
z = o| accum, X

|
Ho, M :LRl)T R } D' & M AR FE . accum[-] 143 58 A BR 3L, B 40 stack-] &5 TBk BR %5, 8] sum(-] SR AT ER 3L

W o=

Spectral CF.
Spectral CF - F T fiff e i X HE 77 100 850, 0 288 i AL b S PP X e e 0 08 DD S A AT 915 I8, A S st oy
L R e {0,3™" AR T 57 it e BAFE S LN G,y B E — DI HIEL
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SpectralCF 4 :(3)H 11 g,(A) £ TR IR 2 2 —Fr:

7=0(UU" +UAU )x =0(I +G)x 7
G TP B ZMIE IHRINIE Lt A 45 3]
Z=0(I+G)XW) (3)
SpectralCF H &R HRAE A
zZ X
{Zﬂza((um{xﬂm )

ﬁtﬁ,M{RT R}.

sk b, 30(6) F1 2 (9) B A5 AR 45 1R 1 e — Xl D S 15 7 48 42 I b s n B 3R A2 A5 3 — 46 .GC-MC Al
SpectralCF A #14 Hetero-GCN 1L &/~ FBR xUHERE R 40 b i) BAR ST,

U4, PinSagel ¥ & —Fh Hetero-GCN #5781 7 & 2 #E 4% i i1 PinSage K Fl 5 GC-MC KA B FLE X,
R BTl R HERE RGN Tk g S,

2 Homo-GCN

2.1 HEBIESR

HE 11 WARRL WA WM R H AR SRR X, X 53 A B R AR s AR AL BE SR FE G, e R™T,
G, eR™.

AFACL B2 A AT 3l 3 22 i Igs 42 3R A5 0 an 1 38 AL 22 I 4845 5« VP43 1Al d AE ARLRE AR AR A ABLRE 50X B i &
P58 G, G [E S AR A

Ghomo :|:G" } (10)
Gi

ﬁ':l:', Ghomo c R(m+n)x(m+n).

5 Hetero-GCN ¥ R # A KA A, Homo-GCN ¥ R A% . Homo-GCN M R FH2EUE SAE AT S (E 5.
Bt R ERAT FIREF 43 BIAE S F P FORS S REAE, BN RARFR 2 il 5 4 70 45 R 1 9 RR e 432 R 40 vl FH S
GG oo (X R} TR

M X AR AT S S X, B X B 5 20 BIE G, F Gy F AT ISR A5 B RN ) =

Z =Conv(G,,,.,,(X,R)) (11)

Bl 2 45 7 —/> Homo-GCN A& R AR 7= 461, I v 7 =380 43 3% 7 (R 53 58 . LRI 43 BB A 2 30 4 R s IS
B AR R S R VP2 4 MR AW IR R AL, AN DL T 25 5 B AU 2 B 5 AR [R5 T s (B) 6 AT, R 7 uy B3
FRIE R 7~ SRR T AHABL R P up A0 uss B b i (RSB SRR T AR BA RS & 0 A .

Fig.2 Convolution operator in homo-GCN

Kl 2 Homo-GCN 1 {35 #1E
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22 REHE
2.2.1 RGCNN

RGCNN SHFMHEE R AR A R = X, X[, 13 0K 75 1 S B PR E 5 00545 5 M 5708 ] Chebyshev
Z DU SR RE A£G g,(A) RIT:

2,(A)= YT (A) (12)
k=0

W J5 T & B Chebyshev 2 T2 1) 32 V3 14 57 17 A4 1 B8, B4 0 580 0 =0 L SCHR[7].RGCNN H B R AE
Z, ChebyNet(G,, X,)
{z,. } B {ChebyNet(G,.,X,.) }
RIF - AR S IS 5 2 5ITE G, M1 Gy F AR
222 GCMC-BEP
GCMC-BEP [AJ#EXF 14 FE B R ARKR 73 3K VI 4G R AE B JS 7E G, 1 G BT X, 71X 23 0l gk AT B 5 AR AR

B ER R BB E SCRTA(S).
—o - w (14)
Z; G, X;

o, G, f G, 7 IR G, B G I B FR I — 14 )5 ) 181

SCHR[8]4E H, 2 (14) 8 F I — B BT A S B B 0 R (13)F 1) Chebyshev BRI AL, GCMC-BEP
AN RGCNN (1) fai 4k i 4.

I 4R, GCNCF!' 1 /2 —Ff Homo-GCN #%! GCNCF 745 — 2002 B A 75 28 1. [, 37 #EAT B35 AR AR

(13)

3 GCNA4RS

S o Tt PR AR A 5 T PR b 4 A IR, D 5T Tt T A AR AR BA T A A A 3 3R 7 . () ) A e Jo A [
BT HAG B @ 5 B E B s HEE R e, A X T GCN4RS(graph comvolutional network for
recommender systems)%&i%.GCN4RS % FH E 44 i #% (autoencoder) HEHE, 45 H tn [B] 3 7 - 4 AL 2% 61, 5 42 B B4
B GCON ZE AR BURFE(S B 00 4152 2 0 28 ML 4R RN 1) S AR DL RS TN B e e 5 5

B
Jafg A b Sy
=1 X v EEEE
5.\ )
A a O ) _
LR 'y [al Jifi
/ Al ?
. O
ol A TN
et AN
& 4T
I’-J..

Fig.3 Framework of GCN4RS
Kl 3 GCN4RS HE4E

3.1 Ymigss

7015 F 5 5 A HE 2 2R 4 P, S 0 20 ) S 5 T o1 A B A [) B T A 38 LA R, TR 5 2 i R A A R, i
GCN 1E Ngmts s Re 8 4 — Rl H X 2245 B8 e 1100 B B B R 3 T HEFE &R Go P RE. B i, SCRR[8 148 72 3% A Tl
FUSAER, LT &S 7 5 M #44m 15 (one-hot  encoding) A TH f15 5 i1 GCN gt v] 3R 45 1002 55 4+ 77 B RUR, SCRR[17]1H)
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FEAE A0 B HETE ] AU, USRS 5 D9 TR A5 5, AU s AR A0 Dy B A5 J2 5T 3045 B A1 1k R IR w4 St R
TP e, AT 2 B 2 1 24 48— M T R BOE B[R BSE EL AN TR R AR R 3 FAS [R5 R
FAE BB AR SR 5 28 LA

R x
1 _ ) -1 u
Zhetera - (Dhetera) |:RIT :||:X :|"/1 (15)

R I, R =1 o 3
He, D), {R'T } () SR T IH— 1L, R = {0 R ! 2 RELEN LR BRSO, X, X, 2&H
> TN
FORIE SRR, W RSB R RN RRRETA S | LMRFEREER: 2, = stack,[Z),.,]-
FefelHb, A8 H KBRS PE IR A B B

1 Gu X
Zhomo = (Dhama)7 |: G:||:Xu:|W2 (16)

i

Kb, D, & {G“ G } (¥ BESE B H T IR — 4k, G, A1 G, 43 0 AR 3 7 2 L0 W AT Wt 58 FLAELRE, X, N X, o P

JURVRE dt A A B, W R A5 5 21 (K0 S 80 A AT A0 ) S EL AR B N A S 2% L R R ERIN L G, A G 7 A
FHCA 5 B s, o ) P 0 R AR AR AU o PP 20 B R DA S8 A ST S B0 3 208 & — e 16 228 e T 7.
T R AIE A R SR N P 45

Xu
Z o =W, X, +b; (17)
e — A ERRRE M 3 ARG R Z o Ziomor Z fout *
Z:G(W4 [Zhetera’Zhamzl’Zfeat}+b4) (18)

GONARS 11157 7% P45 A5 I I 1 204 £ P 652 (1 -Tayer) B 26 85 00 5240 th 22 B0 TH0 AN T I
LRI, 2 3 AR 5 o L N\ DRI 452 I 0 S 9 BT IR R 2 o LRI RGO T
VR 5 B, 77 P 52 O 45 475

X"

{EER R, B GCNARS AT T X BB RERAE B ES L} } RS Y R OO A mn AR

i

TooE, HAEE R G h B 2 A0S O(m+n) AN T0ei A B B, 26 AR B0 A O A% 0 94 20 LR Sl i {RT RH;}E

S BEAUA O(men) A L T BLA 77 R BN - 5 TF 4.
3.2 MIERSHMARN

AT A5 R 2 D 5 o WX ) F 2 8443 OO, 6 P PP 2 R 9 1 B o BURE ) Ry GCNARS
A O M AT 58 T4 Ry Ay | AR 2

exp((z)' 0%

> exp((z) Q2
oo, g 2 AR BUAREES | AN PRI | OO IR 0, € RO S AT U R0 2 5T L T LB AL 22 5 2
AL BN @y T RSB 0L A i 1.

T B e (ML R, NP 40 26 F-HERE p(R, = 1) (0 302

p(Rij =)=

(19)

Ry =§I -P(Ry =1) (20)

DLtk H Awide FI A2 SR 45k
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L
L= SIR;=1]-logp(R, =1) 1)

Qj=11=1
Horr, @ = 1R Ry f B TCE TN, 1[] AR 875 bR £ A B 2 S AR AL SR I 25
3.3 BAERIE
3% 1. GCN4RS.
BIONVEERE R € R™, I VRFAE X2, € R™% ) B S AE X € R™%, N A B 4E 1 ¢, 7% AR epoch.
ik AR R AR Z=[2]) 2] ] eRT
1) of FH PRI T 5 A B 3R A3 T S 5 X, e R™(™M X, e R™™D
2) K ORI SRR 7 B R 4B X, =[X],0]e R™, X, =[0,X]] e R™
L R =l

. R
3) MEFPL LM Gl =| J=1,2,.,L 34, R =
R 0, R ; # |

o G
4) Mj@ﬁ)ﬁi/)czgchmm):{ !

G } PR TR AR 3.1

i

5) for i=1: epoch do

R\ X :
6) HUAT 5 F AN L B 2, = (D) [ " }{X}W Ziomo = Diany)” {Gu }{X}W
) X G | X;
X
7) PTG 4% 2B 5 2, = W, {X} ~

8) *E% Z = O'(W4 [Zhetero’Zhvma’Z_feat]+ b4) gj.i?%ﬁ./f()\rﬂ% Z

9) MR QUK I S L FB 6 2 S (19 RS 3 24 0, FIIR A M & Z

10) S [A) 7% 45 5 B gm b 8% S50 W, W, Wa, W, Ws, W

11) & [H] 5)

12) end for
3.4 GCNHEHEFEFEZEIL

3 K EHH EUE 5 W HERE RS @, BIE 5 th B S5 M R0 T 5 A5 5 2B 0, (R 0,3 28 07 v I 2 B2 X 7E T
et RO TR (S BN (5 S 00 TR 0 1 777, Hetero-GONIVSIZE 43 F8 b T3 A A A i 4745
F1, Homo-GCNU! %2007 R AL BE P 156 5K [ 9740 6 B (KD R SR AT 5 B 3RATTE0 5 125 GON4RS #3749 R T0 2+ AU
PEFEBA N L.

Table 1 Comparsion of the way to use information in RS

1 HERE R g B A D5 U R

Hetero-GCN Homo-GCN GCN4RS
vEr Kl TsfES K&

T RURFAE TiRifE o TR
o s AR B T &l A

Hetero-GCN K PF 73 R F4E R WL 985 A me+n AN THU A = 308 B, 2 v 45 07 48 T FH P MR i T 1) A X 18
B, P60 25 B 22055 5, 091 v 0, 5 5155 v ORI A3 1 43 5 10, RS T e 22 b Y PRI 7 0 S8 R T £ R
(K342 P T it A A S AT A5 5 O 3015 AR HL Hetero-GCN AR A TG AR UL A5 2,761 20 2
BRI S8 B 5 2 R L

Homo-GCN 3 A 545 m Al n ST 18y P 221 i FH 7 AR AL FSE A R it A DA 32 SRR T ) £ A (DL 2.
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FH T B AR A 2 (AR ALE 6 A 408 T 1B 9 30 52 L, ARVBA A T A 2 A AR RO ARFAIE R 7R 4015 B LTI RS 5 1
FAF LA F 181 G 7 43 6 R 1) A 47 A0 510 43 S0l 49 P P R RE ot TO0 s AR DR A, BR3P 20 il s o IR
FEREAE N TR RS 5 Homo-GCN AR F F F P AR IR RFAEAS 28, — 67 28 (48 2507 2002 K R AE A5 S B A0 A T
55 A, R X T 4R R T %0 1 5 22 15 B Homo-GCN  DUAE B4 10 AN A2 I i 8 AR A 40, 5 2% 7 PR 40 B g
o MIEZERE L.

GCN4RS JH % Fft B 43 31) 201 e S5 Jof 0 [ J0 T 2558 BLAS S, R GON #2308 B R 2 & 1015 B R R A 1058
HAE ST LS 2 R R TOACREAE A S, 0 A P Bk s T o R 5 D0 AT A 5 e T XA DUR R TEVE 4 4
B IN TS AHUME BT AR — R JE R G2 ARV J8 B 7] L 8 TH s R AL A0 THL R AR B JEAS 2 I, 7 4 1) o da o 2
B IS BATAE A 14N 70 s, 5 R [ 53 22 FL A5 S8 /E GCN4RS HE 42 A se Bl 1 L By AR S B0 0F B i —
&R BT DR AL R G BE.

3RFIEERA T ARG B ARG 3T BSR4, £ B AR Aok B B RIE . 558 3.1 4
TR 7], 677 2R 48 2 N B0IE LT TS i s i 10 35 m AN P R n A7 o B HE T 2R 48 Hetero-GCN 1E 5
O(m+n) 4k 1 1) 5 i — 73 I b 347 B35 3 ,Homo-GCN 7E& 45 O(m)+O(n) 4 32 it 5 A~ 7] 52 1 _E 347 L 35
GCNA4RS [7] i #4779 A 8 35 A7 320 B 8029 O(m+n)+0(m)+O(n). 7T I, GCN4RS K 7] & 4% & 5 Hetero-GCN Al
Homo-GCN [AIBr, & O(m+n). ELAR 75 B2k AT 3 4L 1R A5 A B A8 S5 ol 1l 0 [ ot ] ) Pl A s B0 A o 4 il
SRR 5 AT AT ,GCN4RS 1938 B ] Toonans M Trctero + Trome P 2 max( Typiero » Thetero )-

4 SLWELHER

4.1 SLWKE

AT BAE GCN4RS [YERETE 4 /Nl AR R4 LT 7 9258 s 42 (10 36 A (5 B L3 2. Flixster.
Douban 1 YahooMusic 4 848 F SCHR[19] 32 4t 1) 2850 Ab #1167 4, 35654 3 000 F P A1 3 000 i i .MovieLens
1% 0.8/0.2 LI YN 2R G FI MR 4, HoAh 3 /N d 42 4% 0.9/0.1 %147

Table 2 Experimental datasets
FR2 RHIE
B £ M %E MRfE P E R PFo

Flixster 3000 3000 26 173 0.002 9 0.5,1,...,5
Douban 3000 3000 136 891 0.0152 1,2,5..,3
YahooMusic 3000 3000 5335 0.000 6 1.2, %100
MovieLens 943 1682 100 000 0.063 0 1,2, 7%

S5 AL R R B TV N N R — B4 M — ) 0-1 4B 42 B, Flixster Douban. YahooMusic 11 MovieLens
AR D S 104 5. 71, 5 ZARFHIPESr (YahooMusic U 45 AT 71 FhAS [ R4 HBL), #2042 10,
5. 71, 54 0-1 ZZHA.

W HE G, A G R 54 RS FVE o 802 T K T0 R 180 0 N B 422 BUE R R AR AR AL K /s i
Befd R E 2 (H T 5T 85 B8 2 38 00, 75 78 W3 2 80 m UBUEE AR PF /3 25 J¥ A A Flixster. Douban. YahooMusic Al
MovieLens 48 £ RMH K 73 li% 9 5. 15, 2. 30.

FATHIREAL A TensorFlow SEBL. 28258 AL Je i FI 40 Nl S 8O B Z,,,,,y, M 2, HEPL 09200, Z ,,, A1

Z,, MEFEN 64,10 4545 5 dropout MEFR 154 0.7, 8055 bR %% A ReLU( ). ] Adam 4L 28] % 351 %y 0.01.
%t MovieLens F#E £, T SURFAE A HEAT dropout,iZ4T 1 000 4835EAX; 54 HAth 3 AN Eda 48, T 55 KR 4E dropout A
FHN 0.7,181T 200 #1548 2 FSCHR[17] 7 198 UL 72 S 805 ST R A NN ZE IR F 0.995 1136 51k 30 17-15.
X b 7 0 B A BRI GC-MC! A S BB VE RGONNL GONCF!, - i B4 B b 42
MCPH, JLAT R B AN 4 GMCI), 22 B fe /s 3 JLAT 40 4 4 GRALSPOVSEBIL AR N 5 R I Ah 38 U B 9 Fh
GCN4RS 2B Pk AT Lt 43 87, 1 ,GCN4RS-hetero {0 3E AT 5 5 Tl i 45 #1,GCN4R S-homo {0 3EAT [ 57 Tl i AR,
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1 SRR AMEAE N K ASSCN Flixster. Douban. YahooMusic Al MovieLens Et#E & 7> Hli&H 5. 15, 2. 30 1F
HIBE K.
422 SER5HW

S S5 BT ILER 3BT Mo L 7 135 2R F o STk R ) BRI S 80 B .GCNCF 145 L H SCHR[14], 36K
1E MovieLens $#E4E L 3E4T 52060 #ARTC IR 45 5.

Hp MC. GMC 1 GRALS J& T4 MR ARk KR BEYJE T GON 883E 7E GCON K HEH,GC-MC
I GCN4RS-hetero J& T 57 i %2 H. GCN 245 RGCNN. GCNCF I GCN4RS-homo J& T [ % H. GCN K
i%:. GCN4RS JE A SCHIE, G —FI 7 55 R A 2 BR AT T % 8 TR ORI R 45 AR N EE 04T

Table 3 Experimental results

#3 LR
Flixster Douban YahooMusic MovielLens

MCPH 1.428 0.902 44.2 0.973
GMC®! 1.411 0.878 40.4 0.996
GRALS?Y 1.245 0.833 38.0 0.945
Ge-mcl!” 0.917 0.734 20.5 0.905
RGCNN!!! 0.926 0.801 224 0.929

GCNCF!¥ 0.903 0.729 19.0 -
GCN4RS-Hetero 0.890 0.730 19.2 0.897
GCN4RS-Homo 0.941 0.814 19.0 0.953
GCN4RS 0.883 0.728 18.7 0.895

PRATHIHEE GCN4RS TE 4 MR R EHEUS T 45 F b, i 250 25 RT3 2 n T 458

(1) HFEAN2 2857 MC. GMC. GRALS AR B 2T GON KA AN R E PG A S5 i
2 H AR R HE B, B T2 IR 2R A 06 S5 ARRRS B GON ZREE L p 32400 28 B B A (K45 5 A b 20 B ] 2 i 5
A5 JB., M9 G A 220 EE A 408 TH et () PR BB R 3 i 7 S O 2 i R A T ] P AR I R e 4 270 i [ R A X
SERIE 2 T B R BT 1k LA 58 K R s BE 7, GON 2B 50355 i 2003 5B 35 A0 T 4B P b 4 2R B0 IR EIAIE 1 48
3.4 W4k,

(2) 5538 B BLAN [R5 22 B S 525 0 00 5 AT L 1) S BV SR P AR [ 1) PRI AR O =B 7 2 0
ARG R EE S, X AMTE T BE 5 00 & s AR 0SB ). B4 B 5 58 B 2R BV V05 B 56 B
MAZ BBV 5 B LT AE SRS S R B E R E S GE 50 207 K SR R85 52 26 T B 58K
B N VAR

(3) B& YahooMusic #F,GCN4RS-Hetero 7 HALZHE A AR B E M T GCN4RS-Homo.iX £ K
GCN4RS-Homo 584 KA V5 B, P05 BAG AR RS % 0 .GCN4RS-Hetero A& 1R i Hh R FH $F 43
=B B2 7T A AR, AT T GCN4RS-Hetero, GCN4RS 45 71 &5 40wt e 1 %6 THL 0 AR ALL 1 43 J20 B 1 9
Yahoo Music i 4 FI4HF m A2 P 25 R IRAR(ILER 2), B 7 Fi 32 B B 1R > ,GCN4RS-Hetero & 78 A& W 7 5 A2 H.
= BT RO E K T R R S HAS B, GCN4RS-Hetero 7E UL B3R 4 b 12 0% 22 F GCN4RS-Homo.

(4) GCN4RS [ RCERA T 57 53 58 H AN [R] 53 A8 BBV A b T 7 ot 22 28 075 GCN4ARS A 1 T skt ] 9
AEALLPE A5 S, (5 AR BA T £ 2L 6 A 3 R RN [ B 3 7E JEAT 13 I, AR ALLTO0 o B T 8 7 AR A 3 14T R, 3% 13 A 4
FERGFEARB A T R A B 28592, GCNARS 1T A A2 P 46 B SR Z0 1 V12345 2., B8 B8 4 b 1) I 28 L]
3 R 2 A IR 2 R R T A R AN TR BT 0 ) £ e

5 RESRE

AT g R 1A Tl LR G T N HERE AR SR B TR PB4 R SRR A5 B M T KA [ s A
BT PG AR 2% 1A A7 SR90% 20 D8 D9 e O T A8 L B9 0 [ J5 T e 58 L 50925 T 9 28 D7 VR 48 22 17 1 1) Y L
Bl B2 T 9 e 8 TR TN AR ST Y 1 — I 45 ) S SR ) o 5 T P ) 11 A6 AR I 5 SR S B 46 B
(1 S 56 25 SRR W], AR SOk B AT LR BUA 5 i AR I P RE.
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R B et T 1 T A R 7E [ AR R AR T R ILAUE B R IT.GCN4RS N — 40t i — A I A,
J ST M R IX 2858 B R R A B RS BBl E R SR T AR R P R R R 5>4>3>2>1, 4
[F] PP 73 (158 B I 52 B b A2 1R SRS B 11, 22086 1 288 5C 33 2 16 Il A 7 A e %) T B8R IR b, AR SR ) AR B2 A R R Ao £
GCN4RS H#RNVE H 715 2, 71 % [E 5 B A /7 [71 )3 (ordinal regression) 4% B 3k AT 2ot

1 A T S B AR 7= B8 A G i xS R 1 AT Ot £ O BB A T K R P R 1R R R I )
GCN4RS H i A5 B R FH 2 T4 P 3l vk 1) il 3 AR, B AR R 08 A RG240 P18 3 b 145 2L (RLPE P9 A 52 BRI i LA
HEAT I8 50T 2 pE A S T 1) 2 3 B TSR RE- R A B AR A AT A bk i . oy A Ui
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