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What is graph?
• Set of nodes (vertices)

• Connected by directed/undirected 
edges

• In many practical cases, it is 
actually you who gets to decide what 
are the nodes and edges in a graph.
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Why graphs can be useful?
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• Traditional DL is designed for simple grids 
or sequences:
• CNNs for fixed-size images/grids

• RNNs for text/sequences

• But nodes on graphs have different 
connections:
• Arbitrary neighbor size

• Complex topological structure

• No fixed node ordering



Why graphs can be useful?
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• Representing your data as graph(s) 
gives you a lot of flexibility

• Give you a very different and interesting 
perspective on your problem

• Neural network itself can be viewed 
as a graph
• Nodes are neurons and edges are 

weights
• Nodes are layers and edges denote 

flow of forward/backward pass



Why graphs can be useful?
Data can be viewed as graphs
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Instead of learning from image pixels you can learn from “superpixels”

https://scikit-image.org/docs/dev/api/skimage.segmentation.html


Why graphs can be useful?
Data can be viewed as graphs
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About a human pose, your relational bias can be a 
graph of skeleton joints of a human body



Why graphs can be useful?
Data can be viewed as graphs
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Another example can be 
representing facial landmarks as a 
graph



Why is it difficult to define convolution 
on graphs?
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• ConvNets exploit a natural prior in images:
• Shift-invariance

• Locality 

• Compositionality (or hierarchy)

• ConvNets model is parametric

➢ Transfer all these properties to graph 
neural networks (GNNs)



Convolution on images in terms of graphs
Image to graph
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Convolution on images in terms of graphs
Image to graph
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Instead of using a predefined filter, we can 
learn to predict an edge between any pair 
of pixels



Convolution on images in terms of graphs
Aggregator operators
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• Graph G is going to :
• Have N=784 (28x28) nodes
• Edges will have large values for closely 

located pixels

• Small values for remote pixels.

• Dot product used above to compute 
convolution at each step is sensitive 
to the order



Convolution on images in terms of graphs
Aggregator operators
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• Nodes are a set, and any permutation of this set does not change it

• Therefore, the aggregator operator should be permutation-invariant.

• The core idea behind GNNs is aggregation over “neighbors”



Convolution on images in terms of graphs
Convolution
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Conclusion
• GNN are a very flexible and interesting that can be applied 
to complex data at a certain cost

• We should learn to predict an edge between any pair of 
pixels

• It is the difficulty of regularizing the model by defining such 
operators as convolution
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The next week
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