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Medical Images

Their RandAugment

• They are based on pre-defined operations and are not fully automated.

• They rely on domain knowledge to preserve label and are thus restricted to 
few domains.

Preliminary: representation learning with data 
augmentation

𝑋: data observation

𝑌: label

𝑁: nuisance part in data, which is independent to label

𝑍′: low-dimensional representation of data (mapped by an encoder 𝐸)

𝐴: augmentation selection

𝑋′: augmented data

Sufficiency: should contain all the information about label 𝑌.

Minimality: should contain as little information as possible about data 𝑋.

Proper data augmentation leads to optimal 
representation

Label-preservation: keep all the label-relevant information in augmentation

Adversary: maximally perturbs the label-irrelevant information 

Label-Preserving Adversarial Auto-Augment (LPA3)
Initial optimization problem:

Implementation of mutual information:

Constraint term:                                                     (Neural network classification result)

Objective term:                                                      (Neural network midden-layer features)

The final optimization problem:

Visualization on MedMNIST

Semi-supervised learning

Noisy-label learning

Medical image classification
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