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Dynamic Negative Sampling for Graph Convolution Network Based Collaborative Filtering
Recommendation Model

MA Handa and FANG Yuqing

School of Computer Science and Communication Engineering,Jiangsu University, Zhenjiang, Jiangsu 212013, China
Abstract Negative sampling has a great impact on the accuracy of collaborative filtering algorithms, to solve the problem that the
existing graph convolutional network lacks the exploration of negative sampling strategies, dynamic negative sampling-based
graph convolution collaborative filtering recommendation model(DGCCF) is proposed. Firstly.in order to adapt more flexibly to
the needs of different graph data,a normalization parameter is introduced in the graph convolutional network to adjust the influen-
ce of the neighborhood. Secondly.a dynamic negative sampling strategy is proposed,which selects a set of negative samples from
the item nodes that the user has not interacted with,and after graph convolution gets the negative sample score,selects the nega-
tive sample with the highest score as the hard negative sample, and finally uses the obtained hard negative sample and positive
sample as samplesets to input the Bayesian personalized ranking function to optimize the model. Comparison experiments with the
baseline model on the three public datasets Gowalla, Yelp2018 and Amazon-Book show that DGCCF is superior to existing base-
line methods under multiple evaluation indicators. For example, compared to the optimal baseline, its recall rate increases by 0.

39%,9.4% ,and 10. 6% respectively on three dataset.

Keywords Collaborative filtering, Graph convolutional neural network, Negative sampling, Recommendation system, Score pre-
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Table 1 Dataset statistics
B & # User # Item # Interaction
Gowalla 29858 40981 1027370
Yelp2018 31668 38048 1561406
Amazon-Book 52643 91599 2984108
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Table 2 Parameters setting
25 6 405 P F £ 25 o LR P 2 T
(] ) X R AR Gowalla 64 0.0005 3 0.0001 20 48 0.7
(S)LightGCN[ﬂ XTJ— NGCF ﬁ’/ﬁ‘(ﬁ ﬁﬂ,‘j\_’gﬁyﬂﬂﬂéfT,ﬁ\:EPﬂg Yelp2018 64 0.0001 3 0.0001 20 48 0.4
Amazon-book 64 0.0001 3 0.0001 20 48 0.1
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Fig. 2 Recall@20 of DGCCF and its variants on three datasets
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