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Two direction

[1 Spectral domain

B Based on the spectral graph theory

B Convolution operation is defined in the Fourier domain
[1 Spatial domain

B Define convolutions directly on the graph
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Spectral Networks and Deep Locally Connected Networks on Graphs_ICLR_2014
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Convolutional Neural Networks on Graphs with Fast Localized Spectral Filtering_NIPS 2016
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Convolutional Neural Networks on Graphs with Fast Localized Spectral Filtering_NIPS 2016
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Convolutional Neural Networks on Graphs with Fast Localized Spectral Filtering_NIPS 2016
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Semi-Supervised Classification with Graph Convolutional Networks ICLR_2017
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Semi-Supervised Classification with Graph Convolutional Networks ICLR 2017



Spatial domain

1 Define convolutions directly on the graph
B BN REETERHEND TR
O EEEE K/ R SR iR

18



Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs ICML_2016



Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs
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Learning Convolutional Neural Networks for Graphs

softmax
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Learning Convolutional Neural Networks for Graphs
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Summary
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