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Why Is shift-invariance lost”

“Convolutions are shift-equivariant”

"Pooling builds up shift-invariance”

...but striding ignores Nyquist sampling theorem
and aliases
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Re-examining Max-Pooling
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Max-pooling breaks shift-equivariance
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Shift-equivariance in VGG

» CIFAR

* VGG network

* 5 max-pools

* Test shift-equivariance condition
° diSt(F(ShiftAh’Aw (X)), ShlftAh,Aw(F(XD)
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Shift-equivariance, per layer
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Shift-equivariance, per layer
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Shift-equivariance, per layer
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Reconcile antialiasing with max-pooling
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Antialiasing any downsampling layer

 Max Pool
« VGG, Alexnet

e Strided Convolution
 Resnet, MobileNetv2

* Average Pool
* DenseNet
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DISCUSSION

Striding aliases (stride=2)

Add antialiasing filter
+ Improved shift-equivariance
+ Improved accuracy

Additionally
+ Improved stability to other perturbations
+ Improved robustness

Antialiasing code, pretrained models
https://richzhang.qgithub.io/antialiased-cnns/

Thank you!
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