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Contrastive Learning



Graph Contrastive Learning

Node Feature Masking (NFM), Node Feature Shuffle 

(NFS), Edge Modification (EM), Graph Diffusion 

(GD), and Subgraph Sampling (SS).

◆ General Framework
◆ Manual augmentation for CL



Graph Contrastive Learning

◆ Contrast mode

same-scale contrast cross-scale contrast



Motivation

 Difficult to preserve semantics well during augmentations in view 
of the diverse nature of graph data

 Costly & not generative

⚫ selected via cumbersome search.

⚫ obtained by introducing expensive domain-specific 
knowledge as guidance.

Depends on data Augmentation

⚫ manually picked per dataset by trial-and-errors.

No Augmentation!



Framework



SimGRACE vs BYOL(BGRL)

SimGRACE

BYOL (BGRL)

https://arxiv.org/abs/2006.07733
https://arxiv.org/abs/2102.06514


Observation Inspired 

◆ Graph data can preserve their semantics well during encoder 
perturbations

Comparison on MUTAG dataset. Unlike GraphCL, SimGRACE 

and MoCL can preserve the class identity semantics well after 

perturbations.

Original graph/encoder

Perturb graph/encoder



SimGRACE

(1) Encoder perturbation

A GNN encoder               and its its perturbed version 

(2) Projection head.

(3) Contrastive loss.

we utilize the normalized temperature-scaled cross entropy loss (NT-Xent) 



Why can SimGRACE work well?

◆ Using key properties related to contrastive learning: 

alignment and uniformity



AT-SimGRACE

◆ We aim to utilize Adversarial Training (AT) to improve the adversarial robustness of SimGRACE in 

a principled way, directly incorporates adversarial examples into the training process to solve the 

following optimization problem:

(8)
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AT-SimGRACE



AT-SimGRACE Theoretical Justification

Suppose:  it is widely accepted that flatter loss landscape can bring robustness.

Based on 𝑷𝑨𝑪 − 𝑩𝒂𝒚𝒆𝒔 𝒕𝒉𝒆𝒐𝒓𝒚 ,  Assuming that the prior distribution 𝑃
over weights is 𝑁(0, 𝜎2), with probability at least 1 − 𝛿 over the draw of 𝑀
graphs, the expected error of the encoder can be bounded as:

∆ as a 𝑁(0, 𝜎2) perturbationin 
every direction, 𝜎 = 𝛼∥𝜃∥

As                                                     ,  Thus,  AT-SimGRACE optimizes the 

worst-case of sharpness of loss landscape to the 

bound of the expected error, which explains why AT-SimGRACE can enhance 

the robustness.

(11)
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Experiments—Unsupervised and semi-supervised learning (RQ1)



Experiments——Unsupervised and semi-supervised learning (RQ1)



Experiments——Transferability (RQ2)  & Adversarial robustness (RQ3)



Experiments——Efficiency (Training time and memory cost) (RQ4)



Ablation——Hyper-parameters sensitivity analysis(RQ5)
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