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Abstract

With the development of information age, people’s interaction intensity is increasing day by day. In
the e-commerce recommendation system, the traditional recommendation method has been unable
to adapt to today’s realistic environment. People enhance the recommendation quality by dealing
with social relationships. A large number of studies show that the introduction of social relation-
ships can alleviate the cold start and sparseness problems to some extent, but the user association
inreal scenes is not simple “one-on-one”, there are also complex social relationships, such as com-
munity relationships and common interest circles, and users’ interests may change over time. Hy-
pergraph Convolutional Networks have a lot of experience in depicting this “many-to-many” com-
plex social relationship, but how to deal with the complex relationship while reducing the noise
impact without ignoring the dynamic changes of users’ interests has become a direction worthy of
further exploration in social systems. Based on this, this paper proposes a time series multi-channel
hypergraph convolution network (TMGCHN): On the technical level, we divide different types of re-
lational data into multiple channels (such as social, interactive or a combination of the two), and build
ahypergraph focusing on this type of data on each channel; at the same time, the sequential coding
module is introduced to process user characteristics and learn the dynamic changes of user inter-
ests. Through the information aggregation of multi-channel hypergraph, TMGHCN can predict user
preferences more comprehensively and carefully, and the experimental results on a large number of
real data sets, such as Yelp and Douban, show that the model has made steady progress in many indi-
cators.
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Figure 1. Hypergraph convolution schematic diagram
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Figure 2. Overall framework diagram of the model
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Table 1. Information of experimental data
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Yelp 13,764 7657 68,467 85,118
Douban 12,689 10,283 74,521 96,325
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Table 2. Results of model performance comparison
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i) AR
BPR  GC-MC LightGCN GraphRec HAGNN DHCN HGNN TMHGCN #27H(%)

£ C/oE S LY

P@10  0.2214  0.2335 0.2510 0.2603 0.2691 0.2789 0.3138 2.44

0.2894
Yelp R@10  0.0712  0.0810  0.0734 0.0808  0.0852  0.0911 0.0936 0.1179 2.43
N@10  0.2376  0.2443 0.2476 0.2583 0.2629  0.2951 0.2932 0.3147 1.96
P@10  0.2648  0.2791 0.2986 0.3104  0.3203 0.3365  0.3417 0.3551 1.34
Douban R@10  0.0837  0.0906  0.0958 0.1014  0.1030  0.1057  0.1120 0.1366 2.46

N@10  0.3011 0.3162  0.3388 0.3506 03567  0.3834  0.3814 0.4119 2.85
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Figure 3. Ablation study results for each module
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Figure 4. Channel contribution experiment results diagram
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Figure 5. Results of time series length experiments
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Figure 6. Experimental results of hypergraph convolution depth
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