DHGCN: Dynamic Hop Graph Convolution Network for
Self-Supervised Point Cloud Learning
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® PointFeatureConv extracts point-wise representations.
® HopGraphConv layer extracts parts features while also predicting the hop distance matrix.
e Hop Graph Attention (HGA) embeds the learned geometric information into point features.
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Visual results of sematic segmentation on S3DIS
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DHGCN reconstructs the topology from the initialized
complete graph. The hop distance loss supervises the
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1 1 : :
G(z) exp (—2—2:132) represents (Gaussian kernel, allowing
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edge features to contribute distinctively in aggregation.
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predicted distance matrix, which undergoes dynamic updates
in each layer.
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