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Motivation




Challenges
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Node, link, and graph classification/regression
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Adjacency matrix
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Features and largets/Labels
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First Approach
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First Approach




Neighbors
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Neighbors
N(A)=1{j: al-jEA}




Message Passing GNIN
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Aggregate order Mmvedet—




Agoregate
xagg: Z ¢(xj’xi) (sum)



Agoregate




Aggregate

= Z ¢ (xja X;)

JEN (D)
Z ¢(’xja xi)
Lo JEN
e | (@) ]
Xy0e = MAX gb(x X;)

JEN (D)

(sum)

(mean)

(max or min)



Agoregate
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Update
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All Together
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Simple version actva>~
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Graph Convolutional Network (GCN)
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Matrix form (for some GNNs)

N = A XW



Network of Layers
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Node, link, and graph classification/regression




Node, link, and graph classification/regression
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Node, link, and graph classification/regression
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Node, link, and graph classification/regression
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Testing (inductive)
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Testing (transductive)
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Graph Attention Networks
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