
1

GPU

2

[1–10]

3

ResNet[11] ResBlock 1

N C n

c i

x
(n)
c,i
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BatchNormalization

BatchNormalization

Convolution

ReLU

BatchNormalization

Convolution

ReLU

BatchNormalization

Convolution

add

1: ResBlock BatchNoemalization

Convolution ReLU

ReLU(x) := max(0, x) ResNet ResBlock

μc :=
1

NC

N∑
n=1

C∑
c=1

x
(n)
c,i

σ2
c :=

1

NC

N∑
n=1

C∑
c=1

(x
(n)
c,i − μc)

2

0 1 (�

)

x̂
(n)
c,i :=

x
(n)
c,i − μc√
σ2
c − �

γc, βc y

y
(n)
c,i

y
(n)
c,i = γcx̂

(n)
c,i + βc (1)
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γc L1

γc

γc = 0 1

y
(n)
c,i = βc

x̂
(n)
c,i

γc = 0

( )

4

ResNet501

γc L1

ResNet50 23,573,642

CIFAR10

( 50,000 10 ) ( 10,000 10 )

125 500

MomentumSGD 0.05 50

0.0005

L1 10 (0.001, 0.0008, 0.0006, 0.0005, 0.0004,

0.0003, 0.0002, 0.0001, 0.00005, 0) 250

γc
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2: ResNet50

Cifar10

ResNet50

1

9

5

cifar10 10

2 1

2

90%

1https://github.com/mitmul/chainer-cifar10

スーパーコンピューティングニュース� Vol.�21,�No.�4　2019-  48  -



6

ResNet50 cifar10
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