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Abstract Graph convolutional network is a deep learning model for graph structure data, and it has
become a very hot approach in the research of recommendation system due to its powerful ability in
feature extraction and representation of data. This paper focuses on the rating prediction tasks in
recommendation system, and points out two deficiencies of existing graph convolutional network
based recommendation models by detailed analysis, including making use of first-order collaborative
signals only and ignoring the differences of user opinions. For solving them, an end-to-end enhanced
graph convolutional network based collaborative recommendation model is proposed. It adopts an
enhanced graph convolutional layer to take full advantage of collaborative signals to learn embeddings
of users and items on graph, which aggregates second-order collaborative signals and incorporates the
influence of different user opinions. And it also stacks several graph convolutional layers to iteratively
refine the embeddings and finally uses a nonlinear multilayer perceptron network to make rating
prediction. The experiments on 5 benchmark recommendation datasets show that the proposed model
achieves lower prediction errors compared with several state-of-the-art graph convolutional network

based recommendation models.
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Table 2 Comparison of Prediction Errors (RMSE) of Different Recommendation Models
F2 LKEAEEFEREMTNIRE (RMSE)

iR Flixster Douban ML-100K ML-1M ML-10M
NeuCF 1.301 0.822 0.916 0.848 0.787
GCMC 0.917 0.734 0.910 0.832 0.777
GraphRec 0.892 0.720 0.901 0.829 0.777
NGCF 0.898 0.731 0.895 0.823 0.779
EGCN-CF 0.876 0.721 0.884 0.817 0.763
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Table 3 Comparison of Prediction Errors (RMSE) of Different Variant Models
F3 LEEABZTFEERMHHNIRE (RMSE)

R Flixster Douban ML-100K ML-1M ML-10M
EGCN-CF-a4 0.874 0.723 0.888 0.817 0.766
EGCN-CF-do 0.880 0.723 0.890 0.819 0.771
EGCN-CF-o0 0.894 0.729 0.895 0.826 0.775
EGCN-CF-1 0.884 0.725 0.888 0.819 0.770

EGCN-CF 0.876 0.721 0.884 0.817 0.763
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