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(c) PyramidNet + “I-branch Shake.”
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0O 1: CIFAR-1000 000000 «0O 00000 Pyra-
midNet+ShakeDrop O Top-1 error 00 4000 (%)0

Case o B Error (%) Note

A 1 1 18.01 PyramidNet
B 0 0 17.74 PyramidDrop|[9]
C 1 [0,1] 18.80

D 1 [—1,1] 21.69

E | [0,1] 1 38.48

F [0,1] 0 19.68

G | 0,1 [ [0,1] 18.27

H 0,1 | [=1,1] 20.61

I | [-1,1] 1 18.68

J | -1 0 17.28

K | [-1,1] | [0,1] 16.22

L | [-1,1] | [-1,1] 18.26
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0 2: CIFAR-100 O O Tiny-ImageNet 0000 Top-lerrorJ (%). T0O 400000000000 [3]000000O.
(a) Residual Block 0 G(z) =z + F(x) 0000000 (ResNet, ResNeXt, Wide-ResNet PyramidNet)

Methods Regularization | CIFAR-100 (%) | Tiny-ImageNet (%)
Vanilla 24.93 41.24
ResNet-110
ResDrop 22.88 42.50
<Conv-BN-ReLU-Conv-BN-add>
ShakeDrop 21.70 43.88
Vanilla 21.96 36.52
ResNet-164 Bottleneck
ResDrop 20.35 38.09
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add>
ShakeDrop 19.58 38.25
Vanilla 24.24 37.88
Wide-ResNet-28-10k
ResDrop 26.64 45.80
<BN-ReLU-Conv-BN-ReLU-Conv-BN-add >
ShakeDrop 20.50 34.29
Vanilla 20.25 34.21
ResNeXt-29 8-64d
ResDrop 20.28 33.98
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add>
ShakeDrop 18.66 34.96
X Vanilla +18.01 36.52
PyramidNet-110 o270
ResDrop +17.74 33.97
<BN-Conv-BN-ReLU-Conv-BN-add>
ShakeDrop +15.78 30.70
. Vanilla *16.35
PyramidNet-272 o200
ResDrop 15.94 -
<BN-Conv-BN-ReLU-Conv-BN-add>
ShakeDrop 14.96

(b) Residual Block O G(z) =z + Fi(z) + Fo(z) 00000000 (ResNeXt)

Methods Regularization CIFAR-100 (%) | Tiny-ImageNet (%)
Vanilla 21.75 38.56
ResDrop Type-A 20.44 36.98
ResNeXt-164 2-1-40d Bottleneck ResDrop Type-B 20.21 37.08
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add> Shake-Shake 22.51 38.03
ShakeDrop Type-A 19.19 37.61
ShakeDrop Type-B 18.66 36.75
Vanilla X 34.30
ResDrop Type-A 20.13 34.04
ResNeXt-29 2-4-64d Bottleneck ResDrop Type-B 19.01 32.90
<Conv-BN-ReLU-Conv-BN-ReLU-Conv-BN-add > Shake-Shake 18.82 33.30
ShakeDrop Type-A 18.49 38.05
ShakeDrop Type-B 17.80 32.05
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