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Graph learning
• 3D Shapes 

• Molecules and chemical compounds 

• Social Networks 

• Scenes in images



Supervised learning on graphs
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Graphs encoded as matrices
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Basic requirement: equivariance

f ( ) =

f( X ) = f(X)P PT P PT



Equivariance: additional benefits

• Often reduces the number of parameters in the model (e.g. conv layers) 

• Improves generalization 

• Allows us to work with larger data 

• (Sometimes) allows us to work with arbitrary object size

f( X ) = f(X)P PT P PT
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[Duvenaud et al. 2015; Kipf and Welling, 2016; Atwood and Towsley 2016; Niepert et al. 2016; Hamilton et al. 2017b; 
Velickovic et al. 2017; Monti et al. 2018; Gilmer et al., 2017; Morris et al. 2018; Xu et al. 2019]
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Message Passing: limitations 
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Questions: 
1. How to measure expressive power of graph neural networks? 

2. Can we find a simple model which is stronger? 



1. How to measure expressive power of graph neural networks? 
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2-Weisfeiler Lehman
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2. Can we find a simple model which is stronger? 



A simple powerful model
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A simple powerful model
X Y

?? ? ?

X ↦ (M3(X), M1(X)M2(X))
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Theorem [Maron, Ben-Hamu, Serviansky, Lipman]: The simple graph network has 3-WL power in 
distinguishing non-isomorphic graphs. 
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X X

M1 X)M2( X)( )↦ ,X ( XM3 )(



X → (X, X2) → X3

X X

M1 X)M2( X)( )↦ ,X ( XM3 )(



X → X3
X X



X → X3

(X3)i,i = 2

X X



X → X3

(X3)i,i = 2 (X3)i,i = 0

X X



Limitations

• Works with full matrix representation 

• Suitable for dense small graphs 

• Not applicable for large sparse graphs

X Y



Molecule dataset (QM9)
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Blog: 
irregulardeep.org

Code is online! 
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