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Label could be node-level, graph-level...
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Invariant Property
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Paradigm

In Euclidean Space In Non-Euclidean Space



Message Passing
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INPUT GRAPH Compute graph for node A Compute graph for node B



Message Passing
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Failure of MLP

Accuracy
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Deep?
Oversmoothing

1-hop neighbor overlap 2-hop neighbor overlap 3-hop neighbor overlap
Only 1 node About 20 nodes Almost all the nodes!

O Nodes of interest
@ Shared neighbors
O Other nodes
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Deep?
Oversquanshing

Layer 1 Layer 2 Layer 3 Layer 4
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Mean undisguised for target node
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Deep?

Bottleneck

input sequence

(a) The bottleneck of RNN seq2seq models
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(b) The bottleneck of graph neural networks
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Future “Al4Science”
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“Geometric Graphs”

Small Brotains Inorganic Catalysis
Molecules Crystals Systems
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Transportation & Robotic 3D Computer

Logistics Navigation Vision
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F u t u re Invariance

Equivariance

“Geometric Graphs”

i

= A:an nxn adjacency matrix.
= S e R™Y: scalar features.
= X € R™4: tensor features, e.g., coordinates.
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Thank you

&More Discussion
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