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Regular group convolutions: 
Domain expanded feature maps

Steerable group convolutions: 
Co-domain expanded feature 
maps (feature fields)

f (l) : ℝd × H → ℝ

̂f (l) : ℝd→VH

added axis

vector field instead of scalar field 
(vectors in  transform via group  representations)VH H
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(recall lecture 2.5)
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So we “just” need to compute
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So we “just” need to compute
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Regular group convolutions

Steerable group convolutions

with kernel

with kernel

1 Worrall, D. E., Garbin, S. J., Turmukhambetov, D., & Brostow, G. J.  Harmonic networks: Deep translation and rotation equivariance. CVPR 2017
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l ≤ lmax
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Yl(θ) = ei l θ
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ŵJ(∥x′￼− x∥) YJ(αx′￼−x)

k(x, θ) = ∑
l

∑
J=j−l
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- input band-limit      

- output band-limit    
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equivariance condition of harmonic nets!

1 Worrall, D. E., Garbin, S. J., Turmukhambetov, D., & Brostow, G. J.  Harmonic networks: Deep translation and rotation equivariance. CVPR 2017
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= ∫ℝd
∑

l
∑

J=j−l

ŵJ(∥x′￼− x∥) YJ(αx′￼−x) ̂fl(x′￼)dx′￼

Steerable G-CNNs as Clebsch-Gordan networks
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ŵJ(∥x′￼− x∥) YJ(αx′￼−x) ̂fl(x′￼)dx′￼

Steerable G-CNNs as Clebsch-Gordan networks

11

𝒦̂( ̂f )(x) = ∫ℝd
∑

l
∑

J

ŵj
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𝒦̂( ̂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′￼


