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Center element of the kernel is placed over the (0 X 0)
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Graph Convolutional Network (GCN)

Input: Feature matrix X € R™ % preprocessed adjacency matrix A

Node classification:

Higden layer Hidden layer
. softmax(zy)
i e.g. Kipf & Welling (ICLR 2017)
Input o ' . Output ) ]
. ‘ A g : S Graph classification:
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. 3 &.0. Duvenaud et al. (NIPS 2015)
X = H™ . Z =HW . —_—
Link prediction:
" T
V% | p(Aij) = o(z; z;)

Kipf & Welling (NIPS BDOL 2018)
“Graph Auto-Encoders"

g+ — 4 (AHU]WH:)
* One fits all: Classification and link prediction with GNNs/GCNs

* |dea: Pass messages between nodes to capture the dependence over graphs
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Matrix completion: ‘Netflix challenge’
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Shape spatio-temporal prediction using geometric deep learning
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Text Classification
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Siamese GNNs for QAP

@ Goal: learn data-driven relaxations using GNNs trained on certain
random graph families

e Data generation:

Wi~pu. Wo| W, =PW,P' +N

e o : Erdos-Renyi, Random-Regular
o P: uniform permuation.
o IN: Erdos-Renyi noise of varying intensity.

@ Approach: Map from Quadratic to Linear Assignment using a GNN
siamese embedding architecture:
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Figure 1: DGN architecture. All agents share weights and
gradients are accumulated to update the weights., Iroth
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https://www.zhihu.com/question/54504471/answer/332657604 tn{if 2L fi# Graph Convolutional Network (GCN) ?
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https://www.zhihu.com/question/54504471/answer/630639025 tn{if#Efi# Graph Convolutional Network (GCN) ?

https://www.zhihu.com/question/305395488/answer/554847680 graph convolutional network 114 FL #4112 H
task?
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