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Graph Contrast Learning Based Multi-graph Neural Network for Session-based Recommendation
Method

LU Min and YUAN Ziting
1 College of Computer Science and Technology, Civil Aviation University of China, Tianjin 300300, China

2 Key Laboratory of Smart Airport Theory and System,Civil Aviation Administration of China, Tianjin 300300 ,China

Abstract Session recommendation predicts the next interaction item based on anonymous user interaction data over a short pe-
riod of time. Sessions have characteristics such as few items and long-tail distribution of items. Existing session recommendation
models based on graph contrast learning construct positive and negative samples by randomly cropping and perturbing the items
within a session,etc. However, the above random exit strategy further shrinks the available items in shorter sessions. This makes
the sessions more sparse and causes session interest learning bias. To this end,a graph contrast learning based multi-graph neural
network for session-based recommendation method is proposed. The core idea is as follows: the model extracts item representa-
tions on item local graphs as well as item global graphs,incorporating both local and global higher-order neighborhood informa-
tion of the items. Based on this, the model generates item-level session representations. Then, Session-level session representations
are learned on the session-session graph. Finally, the model recursively generates positive and negative sample pairs using diffe-
rent levels of conversational interest. And the discriminative nature of the session interests is enhanced by the contrast learning
mechanism. Compared with the exit strategy,the proposed model preserves the complete session information and achieves true da-
ta expansion. Extensive experiments on two benchmark datasets show that the recommendation performance of the algorithm is
much better than that of the mainstream baseline approach.

Keywords Session recommendation, Graph contrast learning. Graph neural networks. Session interest, Positive and negative

samples
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Ttem-KNN 6.65 3.11 9.15 3.31 25.07 10.77 35.75 11.57
FPMC 13.10 7.12 16. 06 7.32 15.43 6. 20 26.53 6.95
GRU4REC 9.47 5.78 10.93 5.89 17.93 7.33 29.45 8.33
NARM 19.17 10.42 23.30 10.70 35.44 15.13 49.70 16.17
STAMP 22.63 13.12 26.47 13. 36 33.98 14. 26 45. 64 14.32
SR-GNN 23.41 13.45 27.57 13.72 36. 86 15.52 50.73 17.59
FGNN 20. 67 10.07 25.24 10. 39 37.72 15.95 50.58 16. 84
SZ-DHCN 26.22 14. 60 31.42 15.05 40. 21 17.59 53.66 18.51
Disen-GNN 26.58 14. 82 31.56 15.31 38.13 16. 39 53.49 18. 99
GCLMNN 30.87 17.53 36.75 18. 88 41. 65 18. 04 54.37 19.02
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