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Outline
! Motivation: Why Graph Neural Networks? 

! Basic definitions on graphs 

! Partial historical overview 
- Graph CNN (main focus) 
- Graph autoencoders (briefly) 

! Applications 
- Naturally graph-structured data 
- Images
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Network data are pervasive 
3

Graphs provide a mathematical representation for describing 
and modeling complex systems

 Social networks  Transportation networks 

Communication networks

Biological networks 

moleculen-body system
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Why graph-based modelling?
! Provide a different perspective of data
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! Impose relational inductive bias in data 
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Why graph-based modelling?
! Provide a different perspective of data
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! Impose relational inductive bias in data 

! Lead to knowledge discovery 
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Typical learning tasks on graph-structured data
!  Graph-wise classification 

! Vertex-wise classification/inference of missing values 

! Link prediction 

5

is it a 2?
is it a 4?

condition?
no condition?
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A naive approach
! Embed graph and features into a Euclidean space 
! Feed them into a deep neural net  

! Issues with that: 
- O(N) parameters  
- Not applicable to graphs of different sizes 
- Not invariant to node ordering
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…

Can we do better? 
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GNN: A growing trend 
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CNN on Euclidean data (I)
! Main assumption: data lives on a grid 

! Typical CNN architecture: 
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https://en.wikipedia.org/wiki/File:Typical_cnn.png

https://en.wikipedia.org/wiki/File:Typical_cnn.png
https://en.wikipedia.org/wiki/File:Typical_cnn.png
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CNN on Euclidean data (II)
! Single CNN layer with 3x3 filter:
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How can we extend CNN on graphs?
! Desirable properties 

- Convolution: how to achieve translation invariance 

- Localization: what is the notion of locality 

- Graph pooling: how to downsample on graphs 

- Efficiency: how to keep the computational complexity low  

- Generalization: how to build models that generalize to unseen graphs
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Outline
! Motivation: Why Graph Neural Networks? 

! Basic definitions on graphs 
- Convolution 
- Pooling 

! Partial historical overview 
- Graph CNN (main focus) 
- Graph autoencoders (briefly) 

! Applications 
- Naturally graph-structured data 
- Images
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Graphs and signals on graphs
! Irregular domain: connected, undirected, weighted graph   

! Graph description: 

! Graph signal: a function                   that assigns real values to each 
vertex of the graph  

12

Degree matrix    : diagonal matrix with sum of weights of incident edges 
Laplacian matrix   :                      , 
- Complete set of orthonormal eigenvectors  
- Real, non-negative eigenvalue 

G = (V, E ,W )

D
L L = D �W

y : V ! R

� = [�0,�1, ...,�N�1]

0 = �0 < �1 <= �2 <= ... <= �N�1 <= 2
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Frequency on the graph
! Global smoothness on the graph 

13

yTLy =
X

m2V

X

n2Nm

Wm,n[y(m)� y(n)]2
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Frequency on the graph
! Global smoothness on the graph 

13

yTLy =
X

m2V

X
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Wm,n[y(m)� y(n)]2

yTL2y = 1.8yTL1y = 0.15
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Frequency on the graph
! Global smoothness on the graph 

13

yTLy =
X

m2V

X

n2Nm

Wm,n[y(m)� y(n)]2

! The eigenvectors of the Laplacian permit to define a harmonic (Fourier) 
analysis of graph signals

…
Low frequency High frequency
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Frequency on the graph
! Global smoothness on the graph 

13

yTLy =
X

m2V

X

n2Nm

Wm,n[y(m)� y(n)]2

! The eigenvectors of the Laplacian permit to define a harmonic (Fourier) 
analysis of graph signals

…
Low frequency High frequency

�T
0 L�0 = �0 �T

NL� = �N

ŷ (�`) = hy,�`i =
NX

n=1

y(n)�⇤
` (n), ` = 0, 1, ..., N � 1GFT
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Filtering on graphs 
! Filtering in the spectral domain with a transfer function 
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Spectral convolution on graphs
15

Classical convolution Convolution on graphs

(f ⇤ g)(t) =
Z 1

�1
f(t� ⌧)g(⌧)d⌧
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ĝ✓(�) =
KX

j=0

✓j�
j , ✓ 2 RK+1

<latexit sha1_base64="EwgDsfnxwuDXI27f5GHv/FmGGhU="></latexit><latexit sha1_base64="EwgDsfnxwuDXI27f5GHv/FmGGhU="></latexit><latexit sha1_base64="EwgDsfnxwuDXI27f5GHv/FmGGhU="></latexit><latexit sha1_base64="EwgDsfnxwuDXI27f5GHv/FmGGhU="></latexit>
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<latexit sha1_base64="XUQ0G9pyTEGdXk3B2Vo6RsbdmBU=">AAACJHicbVDLSgMxFM3Ud31VXboJFqFuyowICiIU3bhwUaEv6NRyJ820oZkHyR2hDP0YN/6KGxc+cOHGbzFtZ6HVA4GTc+69yT1eLIVG2/60cguLS8srq2v59Y3Nre3Czm5DR4livM4iGamWB5pLEfI6CpS8FSsOgSd50xteTfzmPVdaRGENRzHvBNAPhS8YoJG6hXOfuqCR9im9oC4bCOoOANP+uOTemCk9OJqqdzXqTwoy7+bIXGm3ULTL9hT0L3EyUiQZqt3Cm9uLWBLwEJkErduOHWMnBYWCST7Ou4nmMbAh9Hnb0BACrjvpdMkxPTRKj/qRMidEOlV/dqQQaD0KPFMZAA70vDcR//PaCfpnnVSEcYI8ZLOH/ERSjOgkMdoTijOUI0OAKWH+StkAFDA0ueZNCM78yn9J47js2GXn9qRYucziWCX75ICUiENOSYVckyqpE0YeyBN5Ia/Wo/VsvVsfs9KclfXskV+wvr4BgVKhnQ==</latexit><latexit sha1_base64="XUQ0G9pyTEGdXk3B2Vo6RsbdmBU=">AAACJHicbVDLSgMxFM3Ud31VXboJFqFuyowICiIU3bhwUaEv6NRyJ820oZkHyR2hDP0YN/6KGxc+cOHGbzFtZ6HVA4GTc+69yT1eLIVG2/60cguLS8srq2v59Y3Nre3Czm5DR4livM4iGamWB5pLEfI6CpS8FSsOgSd50xteTfzmPVdaRGENRzHvBNAPhS8YoJG6hXOfuqCR9im9oC4bCOoOANP+uOTemCk9OJqqdzXqTwoy7+bIXGm3ULTL9hT0L3EyUiQZqt3Cm9uLWBLwEJkErduOHWMnBYWCST7Ou4nmMbAh9Hnb0BACrjvpdMkxPTRKj/qRMidEOlV/dqQQaD0KPFMZAA70vDcR//PaCfpnnVSEcYI8ZLOH/ERSjOgkMdoTijOUI0OAKWH+StkAFDA0ueZNCM78yn9J47js2GXn9qRYucziWCX75ICUiENOSYVckyqpE0YeyBN5Ia/Wo/VsvVsfs9KclfXskV+wvr4BgVKhnQ==</latexit><latexit sha1_base64="XUQ0G9pyTEGdXk3B2Vo6RsbdmBU=">AAACJHicbVDLSgMxFM3Ud31VXboJFqFuyowICiIU3bhwUaEv6NRyJ820oZkHyR2hDP0YN/6KGxc+cOHGbzFtZ6HVA4GTc+69yT1eLIVG2/60cguLS8srq2v59Y3Nre3Czm5DR4livM4iGamWB5pLEfI6CpS8FSsOgSd50xteTfzmPVdaRGENRzHvBNAPhS8YoJG6hXOfuqCR9im9oC4bCOoOANP+uOTemCk9OJqqdzXqTwoy7+bIXGm3ULTL9hT0L3EyUiQZqt3Cm9uLWBLwEJkErduOHWMnBYWCST7Ou4nmMbAh9Hnb0BACrjvpdMkxPTRKj/qRMidEOlV/dqQQaD0KPFMZAA70vDcR//PaCfpnnVSEcYI8ZLOH/ERSjOgkMdoTijOUI0OAKWH+StkAFDA0ueZNCM78yn9J47js2GXn9qRYucziWCX75ICUiENOSYVckyqpE0YeyBN5Ia/Wo/VsvVsfs9KclfXskV+wvr4BgVKhnQ==</latexit><latexit sha1_base64="XUQ0G9pyTEGdXk3B2Vo6RsbdmBU=">AAACJHicbVDLSgMxFM3Ud31VXboJFqFuyowICiIU3bhwUaEv6NRyJ820oZkHyR2hDP0YN/6KGxc+cOHGbzFtZ6HVA4GTc+69yT1eLIVG2/60cguLS8srq2v59Y3Nre3Czm5DR4livM4iGamWB5pLEfI6CpS8FSsOgSd50xteTfzmPVdaRGENRzHvBNAPhS8YoJG6hXOfuqCR9im9oC4bCOoOANP+uOTemCk9OJqqdzXqTwoy7+bIXGm3ULTL9hT0L3EyUiQZqt3Cm9uLWBLwEJkErduOHWMnBYWCST7Ou4nmMbAh9Hnb0BACrjvpdMkxPTRKj/qRMidEOlV/dqQQaD0KPFMZAA70vDcR//PaCfpnnVSEcYI8ZLOH/ERSjOgkMdoTijOUI0OAKWH+StkAFDA0ueZNCM78yn9J47js2GXn9qRYucziWCX75ICUiENOSYVckyqpE0YeyBN5Ia/Wo/VsvVsfs9KclfXskV+wvr4BgVKhnQ==</latexit>
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Localization within K-hop 
neighborhood

• Convolution on graphs: 
• spectrally motivated 
• spatially implemented
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Localization within K-hop 
neighborhood

• Convolution on graphs: 
• spectrally motivated 
• spatially implemented
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Powers of the graph Laplacian
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Slide made by M. Deferrard
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Spatial convolution on graphs

! Defined as a weighted sum of function values at neighboring nodes

18

Classical convolution Convolution on graphs

(f ⇤ g)(t) =
Z 1

�1
f(t� ⌧)g(⌧)d⌧
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(f ⇤ g)n =
X

m2V
f(m)g(m,n)

function value at neighbors



Dorina Thanou University of Oxford, 21-10-2021

Spatial convolution on graphs

! Defined as a weighted sum of function values at neighboring nodes

18

Classical convolution Convolution on graphs

(f ⇤ g)(t) =
Z 1

�1
f(t� ⌧)g(⌧)d⌧

<latexit sha1_base64="0Xae7JZADo9R2ECPOV9F6F6XH/4=">AAACK3icbVDLSsNAFJ34rPVVdenmYhHShSURQTeC6MZlBdsKTS2T6aQOTiZh5kYoof/jxl9xoQsfuPU/nLZZ+LownMM593LnnjCVwqDnvTkzs3PzC4ulpfLyyuraemVjs2WSTDPeZIlM9FVIDZdC8SYKlPwq1ZzGoeTt8PZs7LfvuDYiUZc4THk3pgMlIsEoWqlXOXUjCKhBGEDNxRrAMUAgFPbyPQsRDkfXeUEgcnEvQJrVYOBOsT+GXqXq1b1JwV/iF6RKimr0Kk9BP2FZzBUySY3p+F6K3ZxqFEzyUTnIDE8pu6UD3rFU0Zibbj65dQS7VulDlGj7FMJE/T6R09iYYRzazpjijfntjcX/vE6G0VE3FyrNkCs2XRRlEjCBcXDQF5ozlENLKNPC/hXYDdWUoY23bEPwf5/8l7T2675X9y8OqienRRwlsk12iEt8ckhOyDlpkCZh5J48khfy6jw4z8678zFtnXGKmS3yo5zPLxI9pTY=</latexit><latexit sha1_base64="0Xae7JZADo9R2ECPOV9F6F6XH/4=">AAACK3icbVDLSsNAFJ34rPVVdenmYhHShSURQTeC6MZlBdsKTS2T6aQOTiZh5kYoof/jxl9xoQsfuPU/nLZZ+LownMM593LnnjCVwqDnvTkzs3PzC4ulpfLyyuraemVjs2WSTDPeZIlM9FVIDZdC8SYKlPwq1ZzGoeTt8PZs7LfvuDYiUZc4THk3pgMlIsEoWqlXOXUjCKhBGEDNxRrAMUAgFPbyPQsRDkfXeUEgcnEvQJrVYOBOsT+GXqXq1b1JwV/iF6RKimr0Kk9BP2FZzBUySY3p+F6K3ZxqFEzyUTnIDE8pu6UD3rFU0Zibbj65dQS7VulDlGj7FMJE/T6R09iYYRzazpjijfntjcX/vE6G0VE3FyrNkCs2XRRlEjCBcXDQF5ozlENLKNPC/hXYDdWUoY23bEPwf5/8l7T2675X9y8OqienRRwlsk12iEt8ckhOyDlpkCZh5J48khfy6jw4z8678zFtnXGKmS3yo5zPLxI9pTY=</latexit><latexit sha1_base64="0Xae7JZADo9R2ECPOV9F6F6XH/4=">AAACK3icbVDLSsNAFJ34rPVVdenmYhHShSURQTeC6MZlBdsKTS2T6aQOTiZh5kYoof/jxl9xoQsfuPU/nLZZ+LownMM593LnnjCVwqDnvTkzs3PzC4ulpfLyyuraemVjs2WSTDPeZIlM9FVIDZdC8SYKlPwq1ZzGoeTt8PZs7LfvuDYiUZc4THk3pgMlIsEoWqlXOXUjCKhBGEDNxRrAMUAgFPbyPQsRDkfXeUEgcnEvQJrVYOBOsT+GXqXq1b1JwV/iF6RKimr0Kk9BP2FZzBUySY3p+F6K3ZxqFEzyUTnIDE8pu6UD3rFU0Zibbj65dQS7VulDlGj7FMJE/T6R09iYYRzazpjijfntjcX/vE6G0VE3FyrNkCs2XRRlEjCBcXDQF5ozlENLKNPC/hXYDdWUoY23bEPwf5/8l7T2675X9y8OqienRRwlsk12iEt8ckhOyDlpkCZh5J48khfy6jw4z8678zFtnXGKmS3yo5zPLxI9pTY=</latexit><latexit sha1_base64="0Xae7JZADo9R2ECPOV9F6F6XH/4=">AAACK3icbVDLSsNAFJ34rPVVdenmYhHShSURQTeC6MZlBdsKTS2T6aQOTiZh5kYoof/jxl9xoQsfuPU/nLZZ+LownMM593LnnjCVwqDnvTkzs3PzC4ulpfLyyuraemVjs2WSTDPeZIlM9FVIDZdC8SYKlPwq1ZzGoeTt8PZs7LfvuDYiUZc4THk3pgMlIsEoWqlXOXUjCKhBGEDNxRrAMUAgFPbyPQsRDkfXeUEgcnEvQJrVYOBOsT+GXqXq1b1JwV/iF6RKimr0Kk9BP2FZzBUySY3p+F6K3ZxqFEzyUTnIDE8pu6UD3rFU0Zibbj65dQS7VulDlGj7FMJE/T6R09iYYRzazpjijfntjcX/vE6G0VE3FyrNkCs2XRRlEjCBcXDQF5ozlENLKNPC/hXYDdWUoY23bEPwf5/8l7T2675X9y8OqienRRwlsk12iEt8ckhOyDlpkCZh5J48khfy6jw4z8678zFtnXGKmS3yo5zPLxI9pTY=</latexit>

(f ⇤ g)n =
X

m2V
f(m)g(m,n)

function value at neighbors

weighting function/nodes’ similarity 
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How to define pooling on graphs?

! A relatively open question, with ongoing research 
! Methods can be grouped in three main categories: 

- topology based pooling 
- global pooling 
- hierarchical pooling

19
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Topology based pooling
• Multi-scale graph coarsening: no features involved 

• Graclus algorithm (Dhillon et al. 2007)

20

Defferrard et al. 2016
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Topology based pooling
• Multi-scale graph coarsening: no features involved 

• Graclus algorithm (Dhillon et al. 2007)

20

Defferrard et al. 2016

• 1D grid pooling: [max(0,1), max(4,5,6), max(8,9,10)]

• Local greedy way of merging vertices that minimises the normalised cut

• Add artificial nodes to ensure two children for each vertex
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Global pooling
! Involves node features 
! Uses sum/max or neural networks to pool all representation of nodes 

! Also known as READOUT 

! Example: SortPool (Zhang et al. 2018) 
- sorts embeddings for nodes according to the structural roles of a graph 

21
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hG = mean/max/sum(h(K)
1 , h(K)

2 , ..., h(K)
N )



Dorina Thanou University of Oxford, 21-10-2021

Hierarchical pooling 
! Involved nodes features 
! Aggregate information in a hierarchical way that respects the graph 

structure 
! Results in cluster selection 
! Example: DiffPool [Ying et al. 2019]

22
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Summary so far
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Summary so far
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• Graph convolution: spectral or spatial

• Graph pooling: structural, global, or hierarchical
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Outline
! Motivation: Why Graph Neural Networks? 

! Basic definitions on graphs 

! Partial historical overview 
- Graph CNN (main focus) 
- Graph autoencoders (briefly) 

! Applications 
- Naturally graph-structured data 
- Images

24
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MoNet

Partial historical overview 

! Recent trends in introducing GSP-inspired architectures 
- GraphHeat (Xu’19), GWNN (Xu’19), SIGN (Frasca’20), DGN (Beaini’20), Spectral GNs (Stachenfeld’20), Framelets (Zheng’21), 

FAGCN (Bo’21) …

25
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Balcilar et al., “Analyzing the expressive power of graph neural networks in a spectral perspective,” ICLR, 2021 
Bronstein et al., Geometric deep learning: Grids, Groups, Graphs, Geodesics, and Gauges, arXiv, 2021 
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GNNs in one slide 
26

Slide taken from P. Veličković

ChebyNet 
GCN 
SGC

MoNet 
GAT

MPNN 
GraphNets
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Spatial approaches in one slide
! Generate node embeddings based on local neighborhoods  

- nodes aggregate information from their neighbors using neural networks  

! Feed the embeddings into a loss function 

! Key difference: how nodes aggregate information across layers

27
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Spatial approaches in one slide
! Generate node embeddings based on local neighborhoods  
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! Feed the embeddings into a loss function 

! Key difference: how nodes aggregate information across layers
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i = �(W (k)h(k)

i +Q(k)
X

n2Ni

h(k)
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Trainable parameters
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GraphSAGE
! Node’s neighborhood defines a computational graph 
! Each edge in this graph is a transformation/aggregator function 
! Cross-entropy loss 
! 2-3 layers deep

28

h(k+1)
i = Relu(W (k)h(k)

i ,
X

n2Ni

(Relu(Q(k)h(k)
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GraphSAGE
! Node’s neighborhood defines a computational graph 
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! 2-3 layers deep
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h(k+1)
i = Relu(W (k)h(k)

i ,
X

n2Ni

(Relu(Q(k)h(k)
n )))

Averaging/max pooling/LSTM
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Graph attention networks (GAT)
! Nodes attend over their neighborhood’s features 

- Different weights to different nodes in a neighbourhood 
- Remove dependence on the global graph structure

29

Attention	weights

Comparison	of	
input	features

Input	features	of	nodes	i,	j

Output	features
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Summary of spatial methods
! Pros:  

- Intuitive 
- Easy to implement 
- Generalized to inductive settings  

! Cons:  
- Lack of interpretation in the spectral domain 
- Requires many message passing iterations is the size of the graph is large

30
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MoNet

Partial historical overview 
31
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Spectral approaches in one slide
! Convolution is defined on the graph Fourier domain 

! Spectral GCNN:  

! ChebNet: 

! GCN: 

! Parameters     are learned through the network   

32
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! Spectral GCNN:  

! ChebNet: 

! GCN: 

! Parameters     are learned through the network   
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ChebNet
! Graph filters: Chebyshev polynomials

33
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GCN

! Mainly used for semi-supervised learning

34

Fig. from T. Kirf

Node classification

Graph classification
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Simple graph convolution (SGC)

! Reduces the procedure to a simple feature propagation step followed 
by standard logistic regression

35

Fig. from Wu et al. 
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Summary of spectral methods
! Pros:  

- More interpretable 
- Takes into account the global structure of the graph  

! Cons:  
- Generalization is an open research question 

36
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DeepGCNs
! Design deeper networks by using intuitions from ResNet, DenseNet

37

Li et. al, 2019
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MoNet

Partial historical overview 
38

2005 201720172009

Original 
GNN

Gori et al.

2017

Monti et al. 
(CVPR)

20192018 2019

Spectral 
graph CNN

Bruna et al.
(ICLR)

2015

ChebNet

Defferrard et al.
(NIPS)

Li et al. 
(ICLR)
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2016
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(ICML)
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Kipf et al.
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GAT
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CapsGNN
Xinyi at al.
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Spectral-based methods
Spatial-based methods

GNN

Scarselli 
et al.

2016

PATCHY-
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Niepert 
et al.

(ICML)

2016 2019
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Xu at al.
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Wu et al.
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Joint graph learning
! Infers simultaneously the graph structure 

39
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Joint graph learning
! Infers simultaneously the graph structure 

39

Zhu et al., Deep Graph Structure Learning for Robust Representations: A Survey, arXiv, 2021 
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Outline
! Motivation: Why Graph Neural Networks? 

! Basic definitions on graphs 

! Partial historical overview 
- Graph CNN (main focus) 
- Graph autoencoders (briefly) 

! Applications 
- Naturally graph-structured data 
- Images

40
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Graph autoencoders (GAEs)
! Unsupervised learning: encode graphs into a latent space and 

reconstruct the graph from that space  

! Examples: SDNE, graphVAE, MolGAN  

41

Wu et. al 2019
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Neuroscience: learn to compare 
43

Ktena et al., NeuroImage, 2018
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Protein-protein interactions
! Exploit GNNs to learn interaction fingerprints in protein molecular 

surfaces

44

Gainza et al, Nature methods, 2019



Dorina Thanou University of Oxford, 21-10-2021

Protein-protein interactions
! Exploit GNNs to learn interaction fingerprints in protein molecular 

surfaces

44

Gainza et al, Nature methods, 2019



Dorina Thanou University of Oxford, 21-10-2021

Protein-protein interactions
! Exploit GNNs to learn interaction fingerprints in protein molecular 

surfaces

44

Gainza et al, Nature methods, 2019



Dorina Thanou University of Oxford, 21-10-2021

Protein-protein interactions
! Exploit GNNs to learn interaction fingerprints in protein molecular 

surfaces

44

Gainza et al, Nature methods, 2019



Dorina Thanou University of Oxford, 21-10-2021

GNNs for medical imaging 
! Digital pathology [1] 

! Graph based representations provide a flexible tool for modelling 
complex dependencies at different levels of hierarchy (e.g., cells, 
tissues)

45

[1] Pati et al, “Hierarchical graph representation in digital pathology,” arXiv, 2021 

[2] Li et al, Representation learning for networks in biology and medicine: Advancements, challenges, and opportunities, arXiv, 2021
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GNNs for spherical imaging
• Spherical data has specific spatial and statistical properties that cannot 

be captured by regular CNN models   

• Sphere is modelled as a graph and classical operation (convolution,  
translation, pooling…) are performed on the graph 

46

Perraudin et al., “DeepSphere”, Astronomy and Computing, 2019 
Bidgoli et al, OSLO: On-the-Sphere Learning for Omnidirectional images and its application to 360-degree image compression, arXiv, 2021 

Brain activity (MEG) Cosmic microwave  
background temperature Omnidirectional images
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Point cloud semantic 
47

Wang et al., 2019
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3D point clouds semantic 
48

Li et al. 2019 
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Recommender systems 
! Matrix completion: deep learning on user and item graphs 
! Multi-graph convolution (spatial features), followed by LSTM (diffusion 

process)

49

Monti et al. NIPS, 2017
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Few-shot learning
! Represent images as a fully connected graph 
! Pose the problem as a supervised task using GNN 

50

Garcia at et., ICLR, 2018
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Molecular graph generation
! Recent advances in antibiotic discovery …

51

Simonovsky et al, 2017, De Cao et al 2018, Stokes et al 2020 



Dorina Thanou University of Oxford, 21-10-2021

Traffic prediction
52

[Derrow-Pinion et al., 2021]
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Traffic prediction
52

[Derrow-Pinion et al., 2021]
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GNN for COVID-19
! Use GNN to locate the source of the epidemics [Shah et al. 2020] 

53
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Concluding remarks 
! Deep learning on graphs 

- Emerging field that extends data analysis to irregular domains 

- Highly disciplinary topic: machine learning, signal processing, graph theory, 
harmonic analysis, statistics 

- Spectral- and spatial-domain approaches: different frameworks, significant 
overlaps  

- More and more applications are emerging 

54
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Open issues/Future directions
! Scalability issues 
! Limited theoretical understanding 
! Lack of performance guarantees; vulnerability to adversarial attacks   
! Lack of interpretability 
! Dealing with dynamic graphs 
! Incorporating higher-order structures into GNNs 
! Lack of standardized benchmarks  
! https://towardsdatascience.com/graph-deep-learning/home

55

https://towardsdatascience.com/graph-deep-learning/home
https://towardsdatascience.com/graph-deep-learning/home
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Useful resources 
! Toolboxes 

- https://github.com/rusty1s/pytorch_geometric 

- https://github.com/dmlc/dgl 

! Datasets 

- https://chrsmrrs.github.io/datasets/ 

- https://ogb.stanford.edu
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https://github.com/rusty1s/pytorch_geometric
https://github.com/dmlc/dgl
https://chrsmrrs.github.io/datasets/
https://ogb.stanford.edu
https://github.com/rusty1s/pytorch_geometric
https://github.com/dmlc/dgl
https://chrsmrrs.github.io/datasets/
https://ogb.stanford.edu


Dorina Thanou University of Oxford, 21-10-2021

58

Thank you for your attention! 


