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Session enhanced graph neural network recommendation model
DIAO Xin

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai 200082, China)

Abstract; The main objective of session—based recommendation is to predict the behavior of anonymous users. However, many
conversational recommendation models neglect the impact of similar conversations, which can affect recommendation performance.
Although graph neural networks can capture the transitional relationships between items within a session, some intra — session
transitions are not useful for recommendation, thereby requiring the model to acquire more representative session embeddings. To
address these limitations, this paper proposes an improved model, called SE-GNNRM, which is a session—enhanced graph neural
network recommendation model. SE-GNNRM uses a graph neural network and self-attention mechanism to capture complex item
transformation relationships and more representative item features during the encoding stage. Then, the model employs an attention
mechanism to combine short—term and long—term preferences for building a global session graph, while a similarity —fused graph
attention network captures analogous session information. To showcase SE-GNNRM s efficacy, the model is compared to existing
baseline models on three public datasets. Results indicate that SE-GNNRM outperforms baseline models and is an efficient session—
based recommendation method.
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Fig. 2 The effect of co—occurrence parameter ¢; in three datasets
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