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PART 1
GNNs
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Graph Data
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Graphs
• Represent a certain way we describe and capture relationships in data 
• Particular kind of data structure that is nonlinear and abstract
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[*B3-Raschka] Sebastian Raschka, Yuxi Liu, and Vahid Mirjalili, Learning with PyTorch and Scikit-Learn: Develop machine learning and deep 
learning models with Python, Packt Publishing, 2022. 
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Why Graphs?

• Many real-world systems are relational, not Euclidean:
• Molecules (atoms bonded)

• Social networks (people connected)

• Transportation networks

• Knowledge graphs

• Citation networks

• Protein structures

• Recommender systems

• A GNN can naturally capture dependencies across neighbors, similar 
to how CNNs capture local patterns in images.
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What are networks?
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Examples - undirected
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Examples - directed
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Representing molecules as undirected graphs
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Example Relational Networks
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Creating a network from a surface
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Creating a network from data
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Graph Convolutions
Key component for building GNNs
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Recall from CNNs

• For CNNs, the filter can be viewed as a detector for a specific feature.

• This approach to feature detection is well-suited for images for 
several reasons, for instance, the following priors we can place on 
image data:

1. Shift-invariance: We can still recognize a feature in an image regardless of 
where it is located (for example, after translation). A cat can be recognized 
as a cat whether it is in the top left, bottom right, or another part of an 
image.

2. Locality: Nearby pixels are closely related.
3. Hierarchy: Larger parts of an image can often be broken down into 

combinations of associated smaller parts. A cat has a head and legs; the 
head has eyes and a nose; the eyes have pupils and irises.
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Graphs also have natural priors that justify a 
convolutional approach

• Both kinds of data, images and graphs, share the locality 
prior: 
• However, how we define locality differs. In images, the prior is on 

locality in 2D space, while with graphs, it is structural locality - a node 
that is one edge away is more likely to be related than a node five 
edges away. 

• A strict prior for graph data is permutation invariance: 
• Ordering of the nodes does not affect the output.
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• Since the same graph can be represented by multiple adjacency matrices, 
any graph convolution needs to be permutation invariant

• While image convolutional operators are standardized, there are many 
different kinds of graph convolutions

• Development of new graph convolutions is a very active area of research
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Implementing a basic graph convolution
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n×n adjacency matrix A n×fin node feature matrix X

Graph convolutions
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Ultimately, we want a graph convolutional 
layer to update the representation of the 
node information encoded in X by utilizing 
the structural (connectivity) information 
provided by A.

Message-passing framework

• Framework presented in: Neural Message Passing for Quantum Chemistry by 
Justin Gilmer and colleagues, 2017, https://arxiv.org/abs/1704.0121 
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Implementing a GNN in PyTorch from 
scratch
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What Is a Graph Neural Network?
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Defining the 
NodeNetwork 
model
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Structure 
of the 
network
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A visualization of 
each neural 
network layer

Graph convolution layers and global pooling

• See S.Raschka’s book for implementation details in Python of GNN 
from scratch:
• Coding the NodeNetwork’s graph convolution layer

• Adding a global pooling layer to deal with varying graph sizes

• Preparing the DataLoader

• Using the NodeNetwork to make predictions

• Also for:
• Implementing a GNN using the PyTorch Geometric library
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PART 2
Code Time!

Code Time
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•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
lecture assignment.
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Conclusion
Takeaways

Summary
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Appendix A: Graph Partitioning
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Spectral Clustering
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Spectral Clustering
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Definitions

35

Definitions
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Spectral Graph Analysis
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Eigenvectors
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Eigenvectors Illustrated
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Spectral Graph Analysis
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Spectral Graph Analysis

41

Method #1
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Method #2
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Spectral Clustering Algorithm
(by Ng, Jordan, and Weiss)
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Why?
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Nature of the Affinity Matrix

46

45

46



24

User’s Prerogative
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(Some) References

• Alpert et al. Spectral partitioning with multiple eigenvectors

• Brand & Huang. A unifying theorem for spectral embedding and clustering

• Belkin & Niyogi. Laplasian maps for dimensionality reduction and data 
representation

• Blatt et al. Data clustering using a model granular magnet

• Buhmann. Data clustering and learning

• Fowlkes et al. Spectral grouping using the Nystrom method

• Meila & Shi. A random walks view of spectral segmentation

• Ng et al. On Spectral clustering: analysis and algorithm

• Shi & Malik. Normalized cuts and image segmentation

• Weiss et al. Segmentation using eigenvectors: a unifying view
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Community Structures
Community Detection
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Visualization after Grouping
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Classification
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Visualization after Prediction
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Link Prediction
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Communities
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Example of Communities
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Community Detection
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Subjectivity of Community Definition

58

57

58



30

Taxonomy of Community Criteria
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Network-Centric Community Detection
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Network-Centric Community Detection
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Node Similarity
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Vector Similarity Based on Adjacency Matrix
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Clustering based on Node Similarity
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Illustration of k-means clustering
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Block-Model Approximation
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Cut-Minimization
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Graph Laplacian
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Graph Modularity
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Modularity Maximization
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Modularity Matrix
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Properties of Modularity
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Graph Laplacian vs Graph Modularity
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Recap of Network-Centric Community
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