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A Deep Residual Graph Convolution Network Based on Dropedge
Method
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Abstract:  Graph neural network (GNN) has become an important research field since 2005, and the most active
branch is the graph convolutional network(GCN). In the real world, many applications are directly related to graphic data,
so learning from graphic structure data is becoming more and more important, and can has a huge application prospect.
However, most of the existing graph convolution neural network models can only support very few convoluted layers. This
is mainly because of the over smoothing problem in GCNs, which has become one of the main bottlenecks in GCNs. In this
paper, a novel GCN network: dri-GCN is proposed, which integrates the technologies of the Initial Residual, Identity Map-
ping and DropEdge into the traditional GCN. The main contributions include: using DropEdge to increase data diversity and
prevent over-fitting; constructing the residual convolutional network under the constant mapping to extend the learning
paths, which can effectively weaken the over smooth problem in GCNs. Experimental results show that dri-GCN model can
help building the deeper graph convolution neural networks. There is no doubt that deeper GCNs can achieve better learning
accuracy than shallower networks.
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