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is one of the most important algorithms of big data recommendation system. In
of furniture recommendations, this paper proposes to improve recommendation
nvolution. Firstly, classic algorithms of collaborative filtering are introduced. Then

based on graph convolution are sorted out and improved, and a model based on the

collected data set is built. Finally, other classic algorithms of collaborative filtering are selected for comparison and
analysis. Experimental results show that compared with ItemCF and UserCF models, the collaborative filtering
algorithm model based on graph convolution has better performance in evaluation indicators and is more suitable for
furniture recommendation.
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Fig. 1 User-furniture bipartite graph
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to GCN recommendation algorithm framework)
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Tab.1 User profile attributes
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Tab.2 Comparison of evaluation data for collaborative

filtering algorithms
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