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AGRU-GNN Graph Network for Social Recommendation

ZHUO Jia-Ning, LEI Jing-Sheng, ZHOU Xue-Xue
(College of Computer and Science, Shanghai University of Electric Power, Shanghai 200090, China)

Abstract: In a recommendation system, users’ interest in items changes dynamically and is affected by various factors
such as users' own historical behaviors, their friends’ historical behaviors, and even short-term hot spots. How to describe
users’ temporal interests in a recommendation system and extract effective information has alvtfayé been one of the
challenges for the recommendation algorithms. On the basis of the Graph Neural Network (GNN) recommendation
algorithm, we propose an improved graph network algorithm based on the Attéhtion Gated Recurrent Unit (Attention-
GRU) in this study. Furthermore, feature modeling is performed on the temporal interactive history of users and items,
and in combination with social network, the temporal charagteristics are transmitted between users and items. In addition,
the proposed algorithm is verified on the Ciao and Epionions data sets and compared with other related work, proving that
the model proposed in this study canjeffectively extract the temporal characteristics of users and items and improve the
effectiveness of the recpmme‘ndz?ltion systems.
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WFRE M BT TR U O VIEIBRGIEN T — IR
AT AT A S FE LR, 5 AN A S EIE 21 1 iR
PUAE, RSB G n, AR L T — e R R i

LA SIS 25 T GRU X I35 S8 L A B )
RoRBES], PUEMIR I 1 I L W0 I AR RS AE; 55—
Jit, T GRU WSSO R %, IR 1AL

4R, ILRERT L T — @R R A I 5.

# 2 ACEP: AGRU-GNN 5 HAR R 0of g5 5
PlER S P R PMF SoRec SocialMF NCF Deep-SoR GraphRec AGRU-GNN
) MAE 0.9498  0.8491 0.8349 0.8250 0.7798 0.7540 0.7410
Ciao(60%)
RMSE 12017  1.0730 1.0601 1.0799 1.0435 1.0093 0.9892
) MAE 0.9019  0.8399 0.8268 0.7998 0.7741 0.7387 0.7029
Ciao(80%) \
RMSE 1.1240  1.0652 1.0499 1.0615 1.0298 0.9794 %“_ i 0.9659
o MAE 1.0211 09101 0.9001 0.9097 0.8518 0.8441 0.8332
Epinions(60%) '
RMSE 12740  1.1565 0.1419 1.1645 11134+ 1.0878 1.0719
- MAE 0.9952  0.8958 0.8836 0.9070 ‘0.8410 0.8168 0.8072
Epinions(80%)
RMSE 12128  1.1435 0.1317 1.1475 1.1001 1.0631 1.0454
0.85 1.20 0.75 1.02
=@ = MAE
0.74 | 1 1.01
080 t %, —e—RMSE | 113 -t
0.73 | e 1 1.00
0.75 /.
. 072 | 10.
< 8 5 c.\ ”1 0.99 5
= 0.70 5 = o} ‘\ , 1098 5
0.70 | A 1097
0.65 - @ = MAE
0.69 | 1 0.96
e RMSE
0.60 e 0.68 " " " " 0.95
1 2 3 4 5 6 7 8 9 10 1 2 3 4
Epoch GRU 2%
Bl 4 AR TR 22 b 3 AR A AR 1 5 *EE%%E?MUE%B@-GRU EE AR A,
\ | =
> N P, He . v
GRU MEH8— R LvE TR E AR, 0.76 1.00
TS E AL, AT T ANE GRU JZE0% |
BRI 2 (G, W 5. 7T UG t, WUE GRU 78 o | | o8
AU £ b B B 1R HE R RROR, ﬁﬁ}%ﬁﬁﬂcmﬁ&
e A3t L, SR AN 5 T £ s | o 8
ST = <
N T SR AR o O, AR e A RS A AR LA
S s sy [y \ 0.70 | 1 0.94
WO BT A B o LA X GRU ZE I T dropout =, -w= MAE
FEiE L4 R 8t — Y dropout MER N LRSI, K 6 JBR T RMSE
—r—
P B AR TR 25 BE dropout MER AR 1L, DL 50% #E 0.68 . . '25 . '50 ; '75 0.92

BT FFrI, REBLLE TN 2 A LA 2 A E] T
B P4, R AR MR SR 75% kAT 3%, LAY
(I REAK SR AT 5245, (H N5 22 T Ue B 4.

Ak, BATER LE T A SO ) AR PSR, 4y
e

Dropout
Kl 6 MR AETINIRZRE dropout MEZR 11751k

(1) AGRU-GNN: X GRU 1E N2 7R &
AL SEAEY-F P B AR E AR AR T
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TR TN, BA SCHE H ) e 452

(2) GRU-GNN: Z5H] 7B b i3 = L], o
2405 (1) M,

(3) ARNN-GNN: X ] Vanilla RNN 1y P /9 2% i
R AR, RIS T VR ST

(4) GNN(H]! GraphRec!™): J ik & o 4 # 7Y|  B%
MHEEIIRE.

DU Fsh A A R 73 S TE Ciao(80%) A1 Epinions(80%)
Hfn g EHEAT T XFEE, R WK 7 Bras. GRU X P
= R R I B8 77 B AR T8 RNN, %38 RNN
XTI P AE B R RRICIZ . B REIA R, T8 ARNN-
GNN HJ#EFEA S 2 55 T R TS GraphRec; A
A1, T B IR A7 AE o BT B AR 1 R A — i $2 7T,
XU B R I B T LE R P B i A2 B (RN
RUET ATHAF, IR, 75 452 P o o AN IR L A7
FEAR R AL

u

AGRU-GNN GRU-GNN ARNN-GNN  GNN
(GraphRec)

Epionions (80%)

RMSE

OO — ittt

bLobooooooo
SNKIRXSOER®

ACiao (80%)

K7 AR AR TR 22 RMSE X LE
g5 LTk, ASCIR )3T AGRU B BRI 28 58 &
SR, AR AT A I ) B A AL A2 A5 R HE S B4 48 Ciao.
Epinions EHUS T RAFHIPERE, UEH] 7 AL R

(K] AGRU 25 M It e P4 I S B B oA 2015 2

FETH T HERE RGEIHERA Y

4 gips5EE !

ASCAE A 2% GNN 280 [ 3EmE b, T4
RGP FAF I P LR REE . P REE Y
AR A, R T PR T TR A BT R R
A5k, #iT Ciao. Epinions $¥E4E, IFEMH T ARIELE
I PP Bt 4R b B AT SEAIC ) T R 2, B A
AP AR DGR )k B AR RN T HERE RSt 2 G H B
GRU XI5 [8] 57 51 A B0 1) 2 1 68 0, JE 2 TAE W %
FEIE T UL R S ISR R AR L 25, RIS N £ s
A B8 I TR]R B B i T EHE, P 4 e B i 1 B K B

226 B AR H % Software TechniquesAlgorithm

AL, ff GRU ML 2B 4l 3R B0 25 (K I 4341,
AL SEEUHE AR 2R G0 A8 LRI AR AN B A5 HERE . fELR 2N
ASHERE SN S R A vh BOHERE R 487 dh, 48R, 18
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