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Graph Neural Network Recommendation Model Integrating User Preferences

XIONG Zhong-min,SHU Gui-wen and GUO Huai-yu

College of Information, Shanghai Ocean University,Shanghai 201306, China
Abstract Aiming at the problem that knowledge graph-driven graph neural network recommendation algorithm cannot learn the
user and item representations at the same time,a graph neural network recommendation model that integrates user preferences is
proposed. The model learns user and item representations from user’s perspective and entity’s perspective respectively. Firstly,
the user’s perspective spreads user preferences in the knowledge graph based on user historical interaction records and enhances
user representation. Secondly, the entity perspective gathers neighbor information of candidate entities through graph convolu-
tional network to enrich the representation of the entity. At the same time, a hybrid layer is designed to capture high-level
connectivity and hybrid hierarchical information from both the width and depth aspects to enhance the item representation. The
enhanced user representation vector and item representation vector are input to the prediction function to predict the interaction
probability. Finally, the fixed-size sampling method and phased training strategy are used to optimize the model. The click-through
rate prediction experiment is conducted on the Moviel.ens-1M data set,and the results show that,compared with the benchmark

methods RippleNet and KGCN,its AUC increases by 1. 7% and 2. 3% respectively.

Keywords Recommendation system, Knowledge graph.Graph neural network, Preference propagation, Personalized recommen-
dation
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Fig.1 User preference perception
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EA 3 A #83d GNNRM-UP. X £ X & RippleNet {28 1 i/
) R T R AT P A R T P SRR TR A Al
FI RIS W H R AR R . Kl , KGAT fl KGCN 3 it
P 2 T 46 A 8 T 300 Y R B R L E 2N T P D A 1Y
B, H KGAT BAHIRA GCN EMELE Xt — £ S8 —8f
TR SCHEfE B 200, 55 HAth 3 48 5 T A8 Y, GNNRM-UP
£ AUC M1 ACC #5845 E3A Frde ., X R W 7 GNNRM-UP
WA R .
5.3.2 AR R LA AT AR 44 R

Sy 38 UE AR SCASE D (3 T A5 Bl 1 S T) 2 o A5 R i 7Y
SN FR AT AR R B0 T Rl S A ok R S A AL A AL, 7E
FH P -9k 22 A g, B KGUR 26 718 18 B 3% 38 i 4 1
FR s ME IR SR 2 T AP, GCIA R B2 ) GON W15
BERA ML ERZIRAVLHE . SW HoRBr Be vl 2. #Hl &
AR FEAT S L 45 N 3 A,

%3 GNNRM-UP i} fil BF 52 1) 45
Table 3 Results of GNNRM-UP ablation study

" 4 P %R
1A

KGUR  GCIA ML SW AUC
GNNRM-UP NG NG NG NG 0.9306
GNNRM-UPkGUR - N N N 0.9121
GNNRM-UPpyy, Nj NG - NG 0.9130
GNNRM-UPsw N NG N — 0.9122
GNNRM-UPpg J — — Ni 0.9068

M 3 T LA H L 7243 BB B GNNRM-UP H (i 54~ 41
PRI 455280 10 8 A M BEAH L GNNRM-UP #4 FF F I iEW T
GNNRM-UP &g A~ 4 8 (9 A 2% P, %S B A figoan F f#
B R BR S0 IR 3% 14 35 (% ] P 28 78 (KG Enhance User Repre-
sentation, KGUR) i}, iz & I F # I (9 I P 3R 78 ) &= 6 ¥k
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R4 PR GEE B TR ST (R B A% 3 P RN NS R 3k
TR T HE T 9 2 M 68 00 06 B B BR IR A )2 (Mixed Layer,
ML) J& £ R A 4B a5 B SR 1 40 Ja 15 B RE R 6 A R 1Y
ARJEAE B, J0 1 IR BRI B A2 AR A B BB B B B M I 2k
(Stage-wish Training, SW) J5 , 5 I ¥4 BE B A 7 T~ %, UL B By
B 25 i 3SR BE SR TS B GNNRM-UP 4 7 % £ iy 52
P L LB 5 e b R DL AN A0 T

254 GNNRM-UPxiur FIGNNRM-UP i e 1 Ji A5 5 1y
S 25 RN K B L B T AR P RN SR R R L R A
S5 H 52 4% I GNNRM-UP BB #8 A BF A Fe . 31X 78 43 15 B
T AR ST 1 R I AR T P R SR R X R R R R
BRI .
5.3.3 MpdF A A FARARE K DR

ko B AE TR P R B 5 P R L R A AR A R BERNK,,
TSI R 48 i A2 G SRR J/INK, SR A R 1 B A 52 ), AR SO AT T
Xf b S L S A5 R SR 4 BT,

F4 RFEK, K, x5 5 P fE Y 5 i

Table 4 Tinfluence of different K,, and K, on model performance

Ksize (K, =4) 4 8 16 32 64
AUC 0.9133  0.9186  0.9242  0.9283  0.9253

Kysize (K, =16) 4 8 16 32 64
AUC 0.9242  0.9250  0.9259  0.9268  0.9240

SR AL, FH P O g 4 B R SR AR 38R AR TR /N Y E BT
THEREE —E W, HE 4 AL R K, MK, 05
K BIRG PE RE S W 3 Tt . B KL, K, SRR RN 32 B,
TR P R o £ 5 B S Ak 2 9 SR AR R/ BB iz AL B8 0 T iR
BT EH, HFEFERET  RESES AW KRR
N5 BN £, 78 A 35 B SR AR /NG B A KRR T
TR (10 3 27 1 B 5 SR T, 24 K, FNK, B9 SR BE (3o KA, SRR 4R
Gl 2 R AR TR A AL .

5.3.4 ARIFHEERH A RS BRE EEMEREG A

R 5 A A% 1% Bk A, TR TR A ML R S R L, IR B L
RERUPEBE A RE W, BOAS ,  L s Lo B R /N IR AT S50, 24 1 47 1% 1%
BYBREC, =0 B R P R A 4R A AR B P D s 38 Bl
SR SLERZE R 5 FR .

F 5 ONFL, Ly LN B R BE (4 5 Wi

Table 5 Influence of different of /,,/,, and /4 on model performance

Iy 0 1 2 3
AUC  0.9233  0.9296 0.9231 0.9196
lw 0 1 2 3
AUC - 0.9256  0.9269  0.9253
la 0 1 2 3
AUC - 0.9255 0.9268  0.9252

HI 2 5 T, 20 i S A% 4 O B B, = 1 i, B M A e
Lo (BB 7 AR O S A 22, I 7 i R, 5 SC R (16 ] — B
X TR AG R Y TG B L, MR Lo, SN T B E] 2 1L GN-
NRM-UP B 3R45 7 545 ) P RERCR: » 3% B 38 fin gk 2o mT DAL
Ui e e . A Bk Ak S B n L 1 R DU T R T R SR T 5
JE Y I A 2 T8 9 TR 6 R OR B L IX 5 SCIR(19, 26 ] — 2L

BRI Bl L TR R 3 A 1 I 4 e A B
TR SEN A B REHRAE R AN MRS RRIMRZ

T i R A I A, A SR R T S P O A 1 R b ) 4
FEREAL(GNNRM-UP) , [ i 25 8 P -5 1A 28 10 52 {4 -5 4
38T o A TR P A B B 8 N S R R R L R A R B 4R
R HEAT SRS A R TR O R B A F My I AE &I b
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