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1) What is equivariance and why you should use it
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Task: 7 is rotation, design equivariant layers f
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2) Our solution: Harmonic Networks

Image
transformation harmonics to preserve rotational equivariance
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Rotational equivariance
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* Free-form weights
* Highly expressive
* Few data assumptions

* Works on small images

3) Results
Sanity check: MNIST-rot

Boundary segmentation: BSD500

* Fewer parameters

* Translationally equivariant

* Need data augmentation* No need to learn trans. equi.
* High performance on images
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Architectures
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Convolve with learnable combination of circular Complex-valued feature channels

Response rotates m times over input rotation
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e Still need to learn other transformations
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4) Detaills

The Equivariance Condition

Chained convolution of rotation orders m; and m,
leasd to response order m,+m,. At feature map, all
iIncoming features must have same rotation order.

stream m = (

Nonlinearities: apply to modulus only
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Computational cost
1 complex convolution

Circular harmonics are defined in polar coordinates, /

so resample with .G.au35|an anh-ghasmg fllter. W, *F _WhRe , pRe _ wim , plm
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Ce e e —> + (W F™ 4 W™ 5 FRe)
oo o o F(rj) =2, 95(xi) F(x;) 7

4 real convolutions

Pixel filter Polar filter

Harmonic convolution is bandlimited Fourier
transform on circle. Rotation Is translation on
circle, so phase shift in the (Fourier) response.

F (60 — ¢) = eimf‘(w)

This complexity is function of feature bandwidth
Our method: 360° equivariant convolutions:
» Computational complexity: O(#bandwidth)

Resampling per-patch leads to rotational
equivariance about each plxel (yellow dots).
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Naive rotational weight-tying:
» Computational complexity: O(#rotations)
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