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Contrastive Learning
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• Contrastive Loss: InfoNCE

• Similarities of Positive Pairs

• Similarities of Negative Pairs

• Cosine similarity

▪

▪

▪

▪



Graph Neural Network
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Feature matrix: 

Adjacency matrix: 



Graph Neural Network
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Graph
-level

Node-
level

Graph Convolutions Graph Convolutions

Activation Function Representations

▪ is a transformation matrix to be learned

▪ is the normalized version of correlation matrix  

▪ denotes a non-linear operation



Graph Neural Network
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Tasks on Graph-Structured Data

Node-level Graph-level

Link Prediction

Node Classification Graph Classification



Motivation



Real World Graph
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Social Graphs Transportation Graphs Brain Graphs

Web Graphs Molecular Graphs Gene Graphs

How to design machine learning models to learn the universal 
structural patterns across networks?



Pre-training and Fine-tuning
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Computer Vision
ResNet

ImageNet

Natural Language Processing 
BERT

Wikipedia + Book corpus

Graph Learning
GCC



Framework



• Learn a function 𝑓 that maps a vertex to a low-dimensional vector.

• Structural similarity: map vertices with similar local network 

topologies close in the vector space.

• Transferability: compatible with vertices and graph from various 

sources, even unseen during training time.

The GNN Pre-training
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Graph Contrastive Coding (GCC)
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Hypothesis: Graph structural patterns are universal and 
transferable across networks.



GCC Pre-training
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• Pre-training Task: Instance Discrimination.

• InfoNCE Loss: output instance representations that are capable of 

capturing the similarities between instances.

• Contrastive learning for graphs ?

◦ Questions 1: How to define instances in graphs?

◦ Questions 2: How to define (dis)similar pairs? 

◦ Questions 3: How to encode the instances ?



GCC Pre-training
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◦ Questions 1: How to define instances in graphs?

◦ Questions 2: How to define (dis)similar pairs? 

◦ Questions 3: How to encode the instances ?



GCC Pre-training: Learning Algorithms
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• Optimizing Contrastive Loss

◦ Encoded query 𝒒

◦ 𝑲+ 𝟏 encoded keys 𝒌𝟎, ⋯ , 𝒌𝑲

End-to-End
(E2E)

Momentum Contrast
(MoCo)



GCC Fine-tuning
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Down-stream 
Tasks

Fine-tuning Encoder classifier Label 𝒚

Full Fine-tuning

Freezing Fine-tuning



Experiment



GCC Pre-training / Fine-tuning
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• Six real-world information networks for pre-training.

• Three fine-tuning tasks:

◦ Node classification

◦ Graph classification

◦ Top-k similarity search

Academic graphs Social graphs



Task 1: Node Classification
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• Node classification: predict unknown node labels in a partially 

labeled network.



Task 2: Graph Classification
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• Graph classification: predict the label of the graph.



Task 3: Top-k similarity search
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• Datasets: the conference co-author graphs of KDD, ICDM, SIGIR, 

CIKM, SIGMOD and ICDE.

• Top-k similarity search: find the most similar vertex 𝑣 from 𝐺1 for 

each vertex 𝑢 in 𝐺2.



Task 3: Top-k similarity search
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Ablation study: contrastive loss mechanisms
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The effect of  a large dictionary size is not as significant as 
reported in computer vision tasks.
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