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Zhang Z, Cui P, Zhu W. Deep learning on graphs: A survey[J]. arXiv preprint arXiv:1812.04202, 2018.
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Survey 2: THU, 2018
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Survey 3: IEEE Fellow, 2019
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Fig. 2: Network Embedding v.s. Graph Neural Networks.

Wu Z, Pan S, Chen F, et al. A comprehensive survey on graph neural networks[J]. arXiv
preprint arXiv:1901.00596, 20109.
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Applications

O Tasks & Practical Applications

Node classification

Graph classification

Network embedding

Graph generation
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Point clouds classification and segmentation
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Introduction

O Goal: Handle Graph Structured Data
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Introduction

Starting point: RNNs
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Introduction

Graph Permutation Symmetry
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Graph neural networks: Variations and applications
21,160 views

I. 465 .I 7 ~ SHARE =} SAVE

14



Introduction
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Introduction

The Graph Neural Network: Unrolling
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History

The Graph Neural Network: History
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Graph neural networks: Variations and applications
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Spectral Conv.
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Spectral Conv.
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Spectral Conv.

O GCN
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GCN

O GCN

Hidden layer

Kipf T N, Welling M. Semi-supervised classification with graph convolutional networks[J].

RelLU

Hidden layer
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arXiv preprint arXiv:1609.02907, 2016.
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Spatiotemporal GCN
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Spatiotemporal GCN
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SDNE
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node2vec
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struc2vec
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Summary

¢ 1. Survey: Graph Neural Network

> Background, Graph Models, Applications
¢ 2. GCN: EEFRMEMLE

~ Introduction, Spectral Conv.,

+ 3. Application: TR

> SDNE, node2vec, struc2vec
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