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Graph Neural Collaborative Filtering Model
Research Based on Self-Attention

SONG Yong-lei', CAO Shu-guo®

1. College of Mathematics and Information Engineering , Chongqing University of Education, Chongqing 400065, China ;
2. Office of Academic Affairs, Chongqing University of Education, Chongqging 400065, China

Abstract: Aiming at the problem that the amount of interactive coding data of the collaborative filtering

signal in the collaborative filtering algorithm is too large, it is difficult to effectively obtain the required

collaborative signal. The deep learning method is used here to propose a graph neural collaborative filtering

model fused with self-attention (UAGNCF). First, apply the free attention mechanism to the message in-

tegration between users and projects, and then apply high-level connectivity to the embedded graph neural

netw

ork layer for the processed messages, and finally aggregate the obtained messages before outputting.

Experimental analysis on three data sets. The experimental results show that, compared with the existing

model, its recall rate replaces other models by 5% —9% , indicating that the constructed UAGNCF model

is reasonable and effective, and can obtain better recommendations effect.

Key words: collaborative filtering; attention mechanism; high-order proximity; graph neural network;

message aggregation
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