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1. Intro
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2. General design pipeline of GNNs
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2. General design pipeline of GNNs

- Directed/Undirected Graphs
- Homogeneous/Heterogeneous Graphs

- Static/Dynamic Graphs
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2. General design pipeline of GNNs
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Node level : node classification, node regression, node clustering

Edge level : edge classification, link prediction

Graph level : graph classification, graph regression, graph matching
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- Semi-supervised setting : 4= 3
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2. General design pipeline of GNNs
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2. General design pipeline of GNNs
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Fig. 2. The general design pipeline for a GNN model.



3. Applications
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- Structure-Aware Convolutlonal Network
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3. Applications
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Fig. 1. Left: image in Euclidean space. Right: graph in non-Euclidean space.
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4. Variants considering graph type and scale
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4. Variants considering graph type and scale

Heterogeneous graph
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5. Instantiations of computational modules
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5. Instantiations of computational modules
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5. Instantiations of computational modules
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“Spatial methods” MoNet
Monti et al.
(CVPR 2017)
Original GNN GG-NN
= Gorietal. = Li et al.
Neural MP
(2005) (ICLR 2016) Gilmer et al.
(ICML 2017)
GCN
Kipf & Welling
(ICLR 2017)
Spectral ChebNet
GBraph ?NlN - Defferrard et al. “Spectral methods”
runa et al.
(ICLR 2015) (NIPS 2016)

5. Instantiations of computational modules
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Other early work:

- Duvenaud et al. (NIPS 2015)

- Dai et al. (ICML 2016)

- Niepert et al. (ICML 2016)

- Battaglia et al. (NIPS 2016)

- Atwood & Towsley (NIPS 2016)
- Sukhbaatar et al. (NIPS 2016)
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5. Instantiations of computational modules
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5. Instantiations of computational modules
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7. Example of Design : GPT-GNN
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7. Example of Design : GPT-GNN
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7. Example of Design : GPT-GNN
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7. Example of Design : GPT-GNN
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