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There is a need to analyzing NTKs under modern training 
regimes to better practically understand real training
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Data augmentations via NTKs exhibit uniquely tunable properties of neural network 
function dynamics beyond what conventional data augmentation regimes provide  

NTK-Inspired data augmentations offer a promising avenue to expand the capabilities of 
more sophisticated augmentation strategies that control training for user-specified intents  

Understanding training remains a fundamental  problem

Neural Tangent Kernels (NTKs)
A similarity measure of a neural net’s sensitivity

Neural Tangent Kernels offer a tractable approach

Modern training involves more complicated training 
assumptions beyond the foundational assumptions

How can we leverage NTKs to understand how data 
augmentations during training can perturb dynamics?

For a loss C, the NTK describes function dynamics

By looking at the inverse of g, we can investigate elements 
on the same level-set that act identically under the NTK 

We also can consider the local directions to augment 
points to either stay on the level set or perturb off of it. 

Data augmentations that are conducted along first-order approximations of the local kernel 
fiber (blue) can produce novel datasets that yield near-identical training dynamics 

Conventional augmentations lie near dynamic-preserving 
directions but yield high relative level set deviation leading 
to chaotic control over dynamics, whereas NTK-based 
augmentations yield consistent and predictable control. [1]
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