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Feature Preserving Graph Learning for Session—-based Recommendation
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1 (Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology, Changsha 410073, China)
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Abstract: This paper proposes a feature preserving graph learning method with soft normalization constraint. First, the session is
transformed into a session graph, and a feature preserving graph neural network is proposed to preserve the original item features while
conducting information propagation, so as to learn accurate item representations. In addition, on the basis of utilizing the cross-entropy
as the main loss function, a soft normalization constraint is designed to alleviate the long-tail problem caused by the various item
popularity. Experiments conducted on two benchmark datasets, i.e., Diginetica and Gowalla, demonstrate that the proposal can
effectively improve the performance in terms of Recall@20 and MRR@20 on the session-based recommendation task.

Key words: recommender systems; session-based recommendation; graph neural networks; soft normalization constraint
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Fig.2 The framework of the feature preserving graph learning method with soft normalization constraint
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Table 2 Model Performance
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FGNN 50.03 17.01 50.06 24.12
SR-GNN 50.81 17.31 50.32 24.25
GC-SAN 50.90 17.63 50.68 24.67
LESSR 51.71 18.15 51.34 25.49
GCE-GNN 51.66 17.53 51.53 23.52
FPGL-SMC 52.79 18.72 51.75 25.84
& i Lo Al 2.09 0.43 1.37
3 TR
Table 3 Ablation Study
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Fig. 5 The L2 norm comparison of item embeddings learned by FPGL and FPGL-SMC
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Table 4 The influence of & and  on FPGL-SMC in terms of Recall@20

2 1 5 10 20 50
0.5 51.81 52.19 52.26 5241 51.95
1.0 51.77 52.68 52.34 51.75 51.16
15 52.19 52.70 52.23 51.61 50.77
20 52.11 52.79 52.06 51.46 50.69
25 52.21 52.74 52.14 51.22 50.61

# 5 a il B Xt FPGL-SMC £E MRR@20 f&#x - H5mi
Table 5 The influence of & and f# on FPGL-SMC in terms of MRR@20

ZH 1 5 10 20 50

0.5 17.86 18.27 18.50 18.48 18.25

1.0 17.78 18.60 18.48 18.28 18.17

15 17.88 18.60 18.46 18.31 18.03

2.0 17.82 18.72 18.60 18.24 18.09

2.5 18.00 18.68 18.47 18.29 18.14
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