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Intuitive explanation

v Equivariance holds for all training times

v Equivariance holds away from the training data

® Atinfinite width, the mean output at
initialization is zero everywhere.

= Training with full data augmentation leads to
an equivariant function.
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Mean prEdiCtion from NTK [Jacot et al. 2018]

® Atinfinite width, the mean prediction is given
in terms of the neural tangent kernel (NTK)

neural tangentkernel  train labels
e (x) = ©(x, X)O(X, X)L (1 - e XXty

learning rate

train data
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Ising model
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Relative orbit standard deviation
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Histological slices

[Kather et al. 2018]
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Out of distribution results
Perfect invariance
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Comparison to other methods

c» Models trained on rotated FashionMNIST

Orbit same predictions out of distribution:

Cy Cs Ci6

DeepEns+DA 3.85+0.12 7.72+0.34 15.24+0.69
only DA 3.41+0.18 6.73x0.24 12.77+0.71
E2CNN! 4:0.0 7.71+0.21 15.08:0.34
Canon? 4:0.0 7.45:0.14 12.41+0.85

L[Weiler et al. 2019], 2[Kaba et al. 2022]
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Key takeaways

If you need ensembles

b use data augmentation to obtain an equivariant
model.

If you need data augmentation
b use an ensemble to boost the equivariance.
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