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Symmetries in physics
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Can we understand data augmentation theoretically?
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Empirical NTK

Training dynamics under continuous gradient descent:

learning rate [ loss
dN@(X) Z o (X X oL
dt O ON(x;)

training sample
with the empirical neural tangent kernel (NTK)
ON(x) ON(x")

Og(x,x") =
2. 98, 8,




Inﬁnite Width limit [Jacot et al. 2018]

//A\§ 4 A\;,é/'A
\VAY



Inﬁnite Width limit [Jacot et al. 2018]

//A\\% V4 A\\,




Infinite Width limit [Jacot et al. 2018]

b NTK becomes independent of initialization




Infinite Width limit [Jacot et al. 2018]

b NTK becomes independent of initialization

& NTKbecomes constantin training

o‘,"” I‘



Infinite Width limit [Jacot et al. 2018]

b NTK becomes independent of initialization

& NTKbecomes constantin training

ZI0NY NTK can be computed for most networks



Infinite Width limit [Jacot et al. 2018]

o‘,"” I‘

b NTK becomes independent of initialization
& NTKbecomes constantin training
@5 NTK can be computed for most networks

v Training dynamics can be solved
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® Atinfinite width, the mean prediction is given by
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Mean prediction from NTK acot et al. 2015]

® Atinfinite width, the mean prediction is given by

neural tangent kernel train labels

He(x) = O, X)O(X, X)L (1 - e 1OXX)tyy

learning rate j

train data
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Data augmentation at infinite width
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Data augmentation at infinite width

( group transformation
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pe(x) = [E60~initializations [Net (x)] =
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mean prediction ofdeep ensemble
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Main conclusion

Deep ensembles trained with data augmentation are equivariant.

v Proof of exact equivariance for

¢ full data augmentation
* infinite ensembles
* atinfinite width

v Equivariance holds for all training times

v Equivariance holds away from the training data
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Ising model
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Relative orbit standard deviation
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Out of Distribution Data
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Key takeaways
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Key takeaways

b Deep ensembles trained with data augmentation are
equivariant

©y Using physics approaches in deep learning can be very fruitful

b Neural tangent kernels provide a powerful theoretical handle
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