Image Classification using Rotation Equivariant and Invariant CNNs
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Department of
Information

e H-Nets hard-bakes 360° rotation equivariance into the
structure by using filters from the circular harmonics
family.

input which is processed in a separate stream.
e In the polar representation of the filter each radius has a
single learnable weight and the whole filter has a bias.

Technology

H-Nets outperforms G-CNN, CFNet and
standard CNN in both MNIST and oral
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