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Data augmentation is a crucial technique for deep neural 
network training, especially when limited training data is 
available. However, there are wide variations in image intensity, 
appearance and object shape for different medical tasks. 
Human-designed augmentation policy and current automatic 
augmentation search either required expert knowledge or 
huge searching time. Medical image analysis faces a vital 
problem: How to effectively augment medical data with more 
diversity and less human effort?

Contributions:
• We propose a new search space parameterized by three 

differentiable conditional generative networks that generate 
global and local geometric transformations as well as 
appearance perturbation with little domain knowledge.

• To boost training efficiency, we formulate the augmentation 
to a two min-max game within a triplet: an augmentation 
generator, a discriminator, and a target network.

• Our data augmentation framework is automatic, 
generalizable, and computationally efficient for a variety of 
data-driven tasks. 

Optimization Framework Three augmentation models

The augmentation generator G, considering both input 
data and target network T’s training state, aims to 
generate challenging augmentations. Simultaneously, 
it still needs to ensure the augmented data are realistic 
and in-distribution by competing with the 
discriminator D.
The optimization of the triplet is efficient which can be 
updated with one pair of forward and backward flow.

Ablation Study

To cover diverse medical image variations, we use three generators 
to model the transformations, including affine transformation, local 
deformation and appearance perturbation.  Each model takes image 
and noise as input and output corresponding transformation to wrap 
the images into augmented images. 
The generators are jointly optimized with the target network to 
generate diverse and hard augmented images.

The three augmentation models learn comprehensive 
distribution of augmentation to boost performance and 
outperform other automatic augmentation methods in 2D 
skin lesion classification task and 3D organ-at-risk 
segmentation task. The joint optimization of the 
augmentation generators and the target network improves 
computational efficiency without re-training.


