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Abstract

The embedded representation of users and objects to be predicted is the core of the recommenda-
tion system. Such embedding is generally obtained through mapping. However, the above method
cannot effectively utilize the cooperative signals of user interaction, so the generated embedding
cannot give good play to the effect of collaborative filtering. To solve this problem, this paper stu-
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dies a collaborative filtering (NACF) model based on neighborhood aggregation, which integrates
user interaction into embedding and encodes cooperative signals in the form of high-order con-
nectivity by embedding propagation. Finally, the experimental results of this model, Bayesian
personalized ordering matrix decomposition (BPRMF) and graph neural network cooperative fil-
tering (NGCF) on MovieLens data set show that the proposed method achieves better results.
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Figure 1. Collaborative filtering model architecture based on neighborhood aggregation
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Table 1. Model performance comparison
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