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Regular group convolutions: 
Domain expanded feature maps
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Co-domain expanded feature 
maps (feature fields)
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Fourier transform:       ℱH(f( ⋅ ))j=∫S1
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So we “just” need to compute
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So we “just” need to compute

Recall that we given enough frequencies we can expand any spatial kernel in circular harmonics (lecture 2.1)
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So we “just” need to compute
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ŵJ(∥x′ − x∥) ei J αx′ −x ∫S1

e−i (l+J−j) θdθ

Fourier trafo + shift theorem

∫S1

e−i (l+J−j) θdθ = {2π if l + J − j = 0
0 otherwise

(reflection  conjugate)↔



     = ∫S1 ∫S1
∑

J

wJ(∥x′ − x∥, θ′ − θ) ei J αx′ −x e−i l θ′ e−i (J−j) θdθ dθ′ 

Deriving  from the knowns ( )�̂� 𝒦, ℱH

8

So we “just” need to compute

̂kjl(x′ − x)

  = ∫S1
∑

J
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ŵJ(∥x′ − x∥) ei J αx′ −x ∫S1

e−i (l+J−j) θdθ

= ∑
J=j−l
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�̂�( ̂f )(x) = ∫ℝd
∑

l
∑

J

ŵj
Jl(∥x′ − x∥) YJ(αx′ −x) ̂fl(x′ )dx′ = ∫ℝd

̂f ⊗ŵ(∥x′ −x∥)
CG Y(αx′ −x) dx′ 


