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Data augmentation

no augmentation basic 
augmentation

advanced 
augmentation

resnet18 (11M) 90% 96% 98%

cait_xxs36 (17M) 77% 88% 97%

vit_tiny (6M) 75% 86% 96%



Data augmentation as feature manipulation

Consider three types of features
1. “good” & “easy to learn” 

– accurate features with large contribution to gradients

2. “good” & “hard to learn” 
– accurate features with small contribution to gradients

3. “bad” & “easy to learn”

– inaccurate features with large contribution to gradients

Gradient descent learns by fitting data with (1)&(3) first before using (2)
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Theory: Multi-view data model
• Two classes 𝑦 ∈ −1,1
• Inputs x has 𝑃 patches x = x!, x", … , x# ∈ ℝ$×&

Allen-Zhu & Li (2019)
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One patch contains the “good” 
feature:
𝑦𝑣$, k ∈ 1,… , 𝐾

(𝜌$)   

One patch contains the 
dominant “bad” feature:

𝜉 ∼ 𝒩 0,
𝜎%
"

𝑑 𝐼



Patchwise convolutional model
𝐶 channel 
patchwise
convolution 

gradient descent on logistic loss

𝑥!
𝑥"

⋮

𝑥#



Patchwise convolutional model
𝐶 channel 
patchwise
convolution 

gradient descent on logistic loss

𝑥!
𝑥"

⋮

𝑥#
* Learning dynamic of “good” feature 𝑣!:

* Learning dynamic of noise 𝜉(#):

Fraction of datapoints with 𝑣!

Number of datapoints
Noise variance

*under assumptions on feature and noise
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* Learning dynamic of “good” feature 𝑣!:

* Learning dynamic of noise 𝜉(#):
Data augmentation:

• “good” and “hard” -> “good” and “easy”: Increase 𝜌! of rare views 𝑘.

• “bad” and “easy” -> “bad” and “hard”: Increase 𝑛 (through perturbing 𝜉).

Fraction of datapoints with 𝑣!

Number of datapoints
Noise variance

*under assumptions on feature and noise



Thank you


