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What is graph?

* Set of nodes (vertices)

* Connected by directed/undirected
edges

* In many practical cases, it is

e, 8 s,
\?3\ 8 I:I actually you who gets to decide what
8/8\\,3*8\\8 i m; are the nodes and edges in a graph.

(e) social network (f) generation
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Why graphs can be useful?

* Traditional DL is designed for simple grids
% 000000 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
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Why graphs can be useful?

°algzugar\ggﬁtwork itself can be viewed - Representing your data as graph(s)
* Nodes are neurons and edges are gives you a lot of flexibility
weights

* Give you a very different and interesting

* Nodes are layers and edges denote perspective on your problem

flow of forward/backward pass

epresentatio

Activation
Functionm

Gr
Convolutions Convolutions
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Why graphs can be useful?
®» Data can be viewed as graphs

Superpixels at Hierarchical .
different scales Multigraph Graph propagation layers
Global pooling Classification

| g=(v, &) g=(v,&") G,.=(V,, &7 over nodes  with FC layers

el O oo G o

Instead of learning from image pixels you can learn from “superpixels”

Input image
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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
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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

(d) (e) ()

Figure 2: Employed graph structures. (a) Complete graph.
(b) Chain per area. (c¢) Chain and complete per area.
(d) Chain and complete per area with connections between
them. (¢) Minimum spanning tree. (f) Empty graph.
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Why is it difficult to define convolution
on graphs?

* 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)
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Convolution on images in terms of graphs
age to graph

Spatial closeness between all pairs of pixels

Subgraph of our 784 node graph

Distance between all pairs of pixels
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Adjacency matrix (NxN) in the form of distances (left) and closeness (middle) between all pairs of nodes. (right) A
subgraph with 16 neighboring pixels corresponding to the adjacency matrix in the middle. Since it's a complete
subgraph, it's also called a "clique”.

import numpy as np

from scipy.spatial.distance import cdist
10

img size = 28 # MNIST image width and height

cel, row = np.meshgrid(np.arange(img size), np.arange(img size))
coord = np.stack((col, row), axis=2).reshape(-1l, 2) / img size
dist = cdist(coord, coord) # see figure below on the left

sigma = 0.2 * np.pi # width of a Gaussian

A = np.exp(- dist / sigma ** 2) $# see figure below in the middle

15
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A 28x28 filter (left) and the result of 2D convolution of this filter with the image of digit 7 (right).
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mage to graph

ution on images in terms of graphs

Distance between all pairs of pixels
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Spatial closeness between all pairs of pixels
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Subgraph of our 784 node graph

Adjacency matrix (NxN) in the form of distances (left) and closeness (middle) between all pairs of nodes. (right) A

subgraph with 16 neighboring pixels corresponding to the adjacency matrix in the middle. Since it's a complete

10

15

of pixels
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A 28x28 filter (left) and the result of 2D convolution of this filter with the image of digit 7 (right).
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subgraph, it's also called a "clique”.

Instead of using a predefined filter, we can
learn to predict an edge between any pair




Convolution on images in terms of graphs
B Aggregator operators
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* Graph G is going to : * Dot product used above to compute
* Have N=784 (28x28) nodes convolution at each step is sensitive
* Edges will have large values for closely to the order

located pixels
* Small values for remote pixels.
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Convolution on images in terms of graphs
B Aggregator operators

Irregular grid with 5 nodes

Irregular grid with 6 nodes

lllustration of "convolution on graphs” of node features X with filter W centered at node 1 (dark blue).

* 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”
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Convolution on images in terms of graphs
B 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




The next week

Graph RNN (Sperduti, 1997)

!

[ DAG RNN (Bianchini, 2001)

word2vec (Mikolov, 2013) /GNN (Gori, 2005)

DeepWalk (Perozzi, 2014) Gated GNN (Li, 2016) | Graph RL (Sukhbaatar, Battaglia, 2016)

VA

Deep learning (2012+)

Mol. fingerprints (Duvenaud, 2015) | Dynamic filters (Brabandere, 2016) |

L

Spectral cluster (Belkin, 200

|Graclu~:pnnl (Dhillon, 2m2)‘ |Spctlral araph (Hammond, 2m|)| W spectral NN (Bruma, 2013) Graph kemels (Kondor, 2002)

!

Planetoid (Yang, 2016) node2vec (Grover, 2016) | IEdg:-uond filters (Simonovsky, 2017)' ‘ChebNet, 2016 ‘Weisfeiler-Lehman (Shervashidze, 2009)
|Deep Infomax (Hjelm, 2018) ‘ GraphSage (Hamilton, mm‘ |Diffclustering (Shnhnm,l(]]S)l || Anisotropic MoNet (Monti, 2017) GON (Kipf, 2017) || |Surface networks (Kostrikov, 2017) |—| LanczosNet (Liao, 2019) | |Leam£|hle kernel (Niepert, 2016) | | WL-OA (Kriege, 2016)
| Deep Graph Infomax (Velickovic, 2018) | I Graph attention networks (Velickovié, 2017) | I DiftPool (Ying, 2018) |_| Hierarchical multigraphs (Knyazev, 2019) | | General MP-GNN (Gilmer, Battaglia, 2018) | | Graph U-Net (Gao, 2018) ‘ _[ GIN (Xu, 2019) ‘ Higher-order GNNs (Morris, 2018)

Non-local NN (Wang, 2017) |

| NRI (Kipf, 2018) | Understanding attention (Knyazev, 2019) } /

Relation NN (Santoro, 2017)

DeepSets (Zaheer, 2017)

Transformer (Vaswani, 2017)
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