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Comparative learning graph neural network for session-base
recommendation model
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Abstract: Aiming at the problem that existing session recommendation methods are difficult to accurately extract user
preferences from anonymous sessions carrying noise, a graph neural network model for session-based recommendation
is presented in this paper. Specifically, this method first constructed all the session data as a graph, obtaining the local
embedded representation of the node by aggregating the item information on the graph through the graph neural
network. Secondly, the attention mechanism of the noise filter was used to visually filter out the unimportant node
representations to obtain the global embedding representation of denoising enhancement, and the comparative learning
technology was introduced to set the optimization strategy to guide the model for denoising learning. Finally, the gating
mechanism was used to adaptively assign weights to local and global representations, the weighted summation was used
to obtain the user session representation, and then the recommendation list was generated through the prediction layer.
Experimental tests were carried out on two public benchmark datasets of Diginetica and Tmall. The results show that the
recommendation effect of the proposed model is better than other baseline methods, and the MRR@20 on Tmall is
improved by 5.4% compared with the self-supervised hypergraph convolutional network based on session
recommendation (S2-DHCN), and the recommendation performance is significantly improved.

Keywords: session sequence recommendation; graph neural network; attention mechanism; contrasting learning; noise

filter; denoising enhancement; session representation; user preference
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