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Seven Bridges of Königsberg

Graph Theory

Can you walk through the city 
crossing all bridges only once?
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Graph Theory

Not possible!



4/56

Why Graphs are important?!
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Real World Graphs

Graphs from social networks
• people and their interactions

• directed (Twitter) and undirected (Facebook)

• typical ML tasks

• Node prediction

• Link(edge) prediction
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Real World Graphs

Biomedical Data: Molecular Scale

Molecular scale: Small molecule drugs can be represented as graphs relating their constituent 
atoms and chemical bonding structure. Complex molecules, such as proteins, can be 
represented as graphs capturing spatial and structural relationships between their amino acid 
residues.
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Real World Graphs

Changing Molecule to Graph
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Real World Graphs

Biomedical Data: Intermediary Scale

Excerpt from gene–drug interactome: The network shows the drugs that target genes from the 
schizophrenia interactome. Drugs are shown as round nodes coloured in green and genes as 
square nodes coloured in dark blue (schizophrenia genes), light blue (known interactors), and 
red (novel interactors).
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Real World Graphs

Road Network
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Real World Graphs

Computer Vision:  Scene Graphs
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What is special about graph
machine learning?
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Graph Machine Learning

ML algorithms make assumptions about the data, e.g., the data points are 

independent and identically distributed (i.i.d.):

• independence: no need to model the dependencies,

• identical distribution: generalization guarantees possible to new/unseen data 

points.

These assumptions are unrealistic in the context of graphs.
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What Kind of Graphs?

Simple, undirected, unweighted graphs  attributed with node features.

 Set of vertices/nodes

 Set of undirected edges

 Node feature matrix, which stores a feature vector  for each node u.
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What Kind of Graphs?

Features:
• Node features can be domain-specific attributes, or node degrees, or 

simply one-hot encodings.

• We can extend the class of (attributed) graphs to include edge features .
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Representations of Graphs
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heterogeneous vs homogeneous graphs
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heterogeneous to homogeneous graphs
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Example of a Heterogeneous graph
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What Is a Graph Neural Network (GNN)?

• A graph neural network is a neural model that we can apply directly to 

graphs without prior knowledge of every component within the graph. GNN 

provides a convenient way for node level, edge level and graph level 

prediction tasks.

• In GNNs, neighbours and connections define nodes. If we remove the 

neighbours and connections around a node, then the node will lose all its 

information. .
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Message Passing in GNNs
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Message Passing Neural Networks

A graph (left) and an illustration of message passing on this graph with respect to the target 

node A for 3 iterations (right). Directed arrows depict the messages, and yellow boxes denote 

aggregation. At least 3 iterations are needed to get information from all nodes, i.e., F will not 

pass any messages to A with .
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Message Passing Neural Networks
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Message Passing Neural Networks
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Message Passing Neural Networks
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GNN Tasks
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Node Level Tasks- Node Classification

Example:

• Citeseer is a citation network, where nodes represent papers, and edges 

denote citation links, and a subset of the nodes are labelled with a paper 

category (e.g., AI, ML).

• Predict the category (or, categories) of the remaining papers.

Input: a graph  where a subset of the 

nodes are labelled with a class.

Task: predict the labels of the remaining 

nodes, i.e., test nodes in the graph
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Edge Level Tasks-Link Prediction

Input: a graph 

Task: predict new links

Example: 

• OGBL-DDI is a drug-drug interaction network: Nodes represent drugs and 

edges interactions between drugs.

• Predict drug-drug interactions: rank true drug interactions higher than non-

interacting drug pairs, using, e.g., a pairwise decoder.
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Graph Level Tasks- Graph Classification

Hard

Soft

homopolymers

GNN

Classification
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Graph Convolutional Network
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The graph convolutional layer
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Comparing GCNs and CNNs
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The graph convolutional Output
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The graph convolutional Process
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The graph convolutional Process



41/56

Graph convolutional Equation
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Normalization
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Graph Attention Network
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Graph Attention Network
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45/56



46/56

Graph Attention Network
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Dynamic Graph Neural Network
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Dynamic Graphs
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Dynamic GNN Network
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Dynamic GNN Network
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Dynamic Variational Model 
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Practical Scenarios

• Handling Small Datasets

• Robustness to Missing Information

• Effective with Sparse Data

• Adaptability to Non-Euclidean Data

• Capturing Complex Interactions

• Suitability for Dynamic and Heterogeneous Data
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Applications in Healthcare
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Medical Graphs
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Brain Graph



56/56


