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An improved RippleNet recommendation model
using common attribute sampling

JIANG Shan, HAN Yonghua

(School of Computer Science and Technology, Zhejiang Sci—Tech University, Hangzhou 310018, China)

Abstract: To address the distortion problem of user interest attributes in the recommendation results of the RippleNet
recommendation model, an improved RippleNet recommendation model RippleNet—CA using shared attribute sampling is proposed.
First of all, the model reconstructs the extended preference set ( RippleSet) on the knowledge graph by replacing the random
sampling of the original model with shared attribute sampling and improves the information contained in user features based on
increasing the frequency of shared attributes among nodes within the RippleSet and enhancing the correlation between user historical
preferences and recommendation preferences. In addition, user features and item features are fed into the model to calculate the
probability of users clicking on items, and top — k recommendations are obtained by ranking the click probabilities. The experimental
results show that the model’s recommendation results are more consistent with users” preference habits in scenarios with diverse user
history preferences, and the recommendation metrics AUC ( Area Under Curve) and diversity are improved accordingly.
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Fig. 1 A RippleNet—CA model framework

M PG 2 LA Jm i 2 firs . 182
PP 4B AG ) FL 2 R B AL 1R e oy, A K
Wk P T A S P RO Y B S R SR £ Bk
J& 1Y T Dt e TR M T L ) PR SR

1.1 {RIFIEHE
111 JREFRRE A i
L 1 AT, P st SRR A A A
BB SFFASA kB (hop) FE B =014l
W, — BT R — A = I e R AT LUE Y
S R I TEAE by i G A2 495 1 I 25 P R & D T
EENBIMAREHFA DRI, P w ik
Bk I SCHE T ( RippleSet) $2 CRKAT 85 h 7E 871
B =JoHES.

Sy =1 (h,r,t) 1 (hyrt) e e}, k=12, H

(3)

RippleNet Y P RFIER & T 2 8k RippleSet Y
TR AR AS R AL, I HLREAS 25 ) AR SC M o i 19
PEARAE A R A5 2R b v, TEOCFR 25 M) R,
AR ARMRLRE ths P RO DG p,, THRE A 50N

" exp(v'R.h,)
p; = softmax(v Rh;) = ~ 1. (4)
z exp(v Rh)
FH P R u TR AR N
u= Y pit (5)

S5 A58 TP RRIE R it AR A TS TR0 A
iR

y. = sigmoid(u"v) (6)

P - 52 (O 42) R
B2 RARXBEEEEEN

Fig. 2 User preference for co-occurring attributes
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