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Graph-structured data

Introduction

Real-world example:

• Social networks
• World-wide-web
• Protein-interaction netwoks

• Citation networks
• Knowledge graphs
• ……
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Semi-supervised classification on graphs

• Setting: 

A small number of labeled nodes and 

large number of unlabeled nodes

• Task:

Predict node label of unlabeled nodes

• Standard approach:
– Graph-based regularizetion(“smoothness constraints”)  [Zhu et al., 2003]

Assumption: connected nodes likely to share same label

Introduction
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Semi-supervised classification on graphs

Introduction

Embedding-based approaches
Two-step pipeline:

1)Get embedding for nodes
2)Train classifier on node embedding

Examples:
• DeepWalk [Perozzi et al., 2014]

• node2vec [Grover & Leskovec, 2016]

Problem: Embeddings are not optimized for classification task!

Solution: Train graph-based classifier end-to-end using GCN
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Convolutional network

Introduction

Convolutional network is a useful tool on Euclidean Structure graphs

Generalizing networks to arbitrarily structure graphs is a challenging problem



http://lamda.nju.edu.cn

http://lamda.nju.edu.cn/guolz8

An example

Introduction
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GCNs Part I: Definitions

The goal is to learn a function of features on a graph G = (V, E) which tasks as 
input:

• A 𝑁 × 𝐷 feature matrix X(N: number of nodes, D: number of features)

• A representative description of the graph structure in matrix form; typically in 
the form of adjacency matrix 𝐴

and produces a node-level output 𝑍 (an 𝑁 × 𝐹 feature matrix where 𝐹 is the 
number of output features per node)

Every neural network layer can be written as 

where 

GCN
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GCNs Part II: Two tricks

GCN

Multiplication with 𝐴 means for every node, we sum up all the feature vectors of all 
neighboring nodes but the node itself

Solution: simply add the identity matrix to 𝐴

A is not normalized and therefore the multiplication with 𝐴 will change the scale of the 
feature vectors 

Solution: Normalizing A such that all rows sum to one, i.e. 𝐷−1𝐴. In practice, 

we use 𝐷−
1

2𝐴𝐷−
1

2

where 
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GCNs Part III: Embedding the karate club network

• Take a 3-layer GCN with randomly initialized weights

• Simply insert the adjacency matrix and 𝑋 = 𝐼

GCN
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GCNs Part IV: Theory(1)

GCN

Weisfeiler-Lehman algorithm:
For all nodes 𝑣𝑖:
• Get features {ℎ𝑣𝑗} of neighboring nodes {𝑣𝑖}

• update node feature ℎ𝑣𝑖 <-- hash(σℎ𝑣𝑗)

Repeat for 𝑘 steps or until convergence

For GCN:

The propagation rule can be interpreted as a differentiable and parameterized variant 
of hash function
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GCNs Part IV: Theory(2)

• Spectral Graph Theory:

• Where

• Chebyshev polynomials and other approximations:

GCNs
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GCNs Part VI: Semi-supervised 

GCN

• Calculate

• Get the result:

• Use cross entropy as the loss function:
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Experiments

Experiments
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Comparison of propagation models

Experiments
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Training time per epoch

Experiments
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Influence of model depth

Experiments
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Conclusions

• Proposed a noval approach for SSC on graph-structed 
data

• Discussion:
– Memory requirement

– Directed edges and edge features

– Limiting assumptions: 

Conclusions


