Chapter 1: Getting Started with Graph Learning

Tabular dataset

Nodes

ID Name Age Gender
1 Mary 76 Female
2 John 75 Male
3 Kate 46 Female
4 Robert 47 Male
5 Loise 18 Female

Graph dataset
Mary, 76, Female John, 75, Male

Robert, 47, Male

Kate, 46, Female

Louise, 18, Female
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Chapter 2: Graph Theory for Graph Neural Networks
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Chapter 3: Creating Node Representations with DeepWalk
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Chapter 4: Improving Embeddings with Biased Random
Walks in Node2Vec
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Chapter 5: Including Node Features with Vanilla Neural
Networks




Chapter 6: Introducing Graph Convolutional Networks
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Chapter 7: Graph Attention Networks
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Chapter 8: Scaling up Graph Neural Networks with
GraphSAGE
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Chapter 9: Defining Expressiveness for Graph Classification
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Chapter 10: Predicting Links with Graph Neural Networks
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Chapter 11: Generating Graphs Using Graph Neural
Networks




Sample + Edge-level Update
—
Node-level Update



Adjacency tensor A Sampled A Graph

Discriminator

Generator

r@ Reward network

N D G



Chapter 12: Learning from Heterogeneous Graphs
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Chapter 13: Temporal Graph Neural Networks
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Chapter 14: Explaining Graph Neural Networks

Node feature Feature excluded
vector from explanation
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Chapter 15: Forecasting Traffic Using A3T-GCN
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Chapter 16: Detecting Anomalies Using Heterogeneous

GNNs
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Chapter 17: Recommending Books Using LightGCN
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Chapter 18: Unlocking the Potential of Graph Neural
Networks for Real-Word Applications
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