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JEOR 4 P 25 T2 vegl6 SREEIUATIRAFAL , BT AREZI T veel9. B SERAL M )2 vegl6
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ConvNet Configuration
A A-LRN B C ] E
11 weight 11 weight 13 weight 16 weight 16 weight 19 weight
layers layers layers layers layers layers
input (224 = 224 RGB image)

convi-Hd convi-hd conv3-hHd conv i-hd comy -0 convi-hd
LRN conv3-hd comv3-Hd comv -6 conv3-Hd

maxpool
convi-128 | convi-128 | convi-128 | convi-128 | comvi-128 | convi-12&
conv3-128 | conv3-128 | comv3-128 | conv3-128

maxpool
convi-256 | convi-256 | convi-256 | convi-236 | comvi-256 | convi-Z256
convi-256 | conv3-256 | convi-256 | conv3-256 | comv3-256 | conv3-256
conv1-256 | conv3-256 | conv3-256
conv3i-256

maxpool
convi-512 | conv3-512 | conv3-512 | conv3-312 | comv3-512 | conv3i-512
convi-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3i-512
conv1-512 | conv3-512 | conv3-512
conv3-512

maxpool
convi-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3i-512
convi-512 | conv3-512 | conv3-512 | conv3-512 | comv3-512 | conv3-512
conv1-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-30960

FC-1000

soft-max

P 1 vegg [7]

3.2 ¥#i residual block

4 2, JFoR ) TransformNet 7E_FRFERTR RAEZE)H 5 4> ResidualBlock, it PAZEE] ResNet
T+ ResNeXt [8], H—1 ResNeXtBlock f{# 5>k ResidualBlock. ResNeXtBlock At AGE



TN EE R, NEA 32 AMHEI 73 3. AR 5 > ResNeXtBlock [1)5E & X FERY 45
AR THFEIT AR, — 1 ResNextBlock 77 KA A1 FF A EL A KIEARL T 5 4~ ResidualBlock, J&
SEMIBIEYIZE 1 4> epoch HFFELZY 25 434h, Bk)EnRiBUNFRELy 35 404,

XHEARR, MM TH 32 M X T 5 ANHRATIEEM, INGEIGIT . (HARSOA R
ResNextBlock A 1Z5#EME A TransformNet B, ®1E] 32 M LS E0% A 1EA TransformNet
, PRERIX S SRR S K, WA DB TransformNet, [ HIABTENFEAE, BTPASH.

layer activation size
input 3 x 256 x 256
Reflection Padding (40 x 40) 3 x 336 x 336
8 x 9 x 9 conv, stride 1 8 x 336 x 336
16 x 3 x 3 conv, stride 2 16 x 168 x 168
32 x 3 x 3 conv, stride 2 32 x 84 x 84
Residual block, 32 filters 32 x 80 x 80
Residual block, 32 filters 32 x 76 X 76
Residual block, 32 filters 32x72xT72
Residual block, 32 filters 32 x 68 x 63
Residual block, 32 filters 32 x 64 x 64
16 X 3 x 3 deconv, stride 2 16 x 128 x 128
8 x 3 x 3 deconv, stride 2 8 x 256 x 256
3 x 9 x 9 conv, stride 1 3 x 256 x 256
[ 2: TransformNet [6]
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