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Light graph convolutional collaborative filtering recommendation
approach incorporating social relationships

ZHU lJinxia, MENG Xiangfu, XING Changzheng, SUN Dewei, XUE Qi, GUAN Junbo

(School of Electronics and Information Engineering, Liaoning Technical University, Huludao 125105, China)

Abstract: Graph convolutional network (GCN) has rapidly developed due to their powerful modeling capability.
However, much of the research up to now has directly inherited the complex design of GCN (e.g., feature transforma-
tion and nonlinear activation), which lacks thorough ablation analysis on GCN. Additionally, implicit feedback is not
fully utilized, and data sparsity is not well resolved, which are also shortcomings of current recommendation algorithms.
This paper proposes a light graph convolutional collaborative filtering recommendation approach that incorporates so-
cial relationships to address such problems (F-LightGCCF). In GCN, the model abandons the design of feature trans-
formation and nonlinear activation. Then it can generate a series of intermediate feedback from users’ implicit negative
feedback by taking advantage of social networking, improving the utilization of implicit negative feedback. Lastly, the
importance of the contribution values of neighboring nodes and the learning vectors of each layer of the graph convolu-
tion layer are aggregated separately using the dual attention mechanism. By conducting experiments on two publicly
available datasets, the results show that the proposed model outperforms current graph convolutional collaborative filter-
ing algorithms in the recommendation.

Keywords: collaborative filtering; graph convolution network; attention mechanism; social relationships; recommenda-

tion system; implicit negative feedback; graph embedding; user preference
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Fig. 4 Top-k recommendation performance on two different data sets
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Table3 Recommendation effects of different graph convolution layer models
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