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E R THEE L. H caffesll Sk B T  HIBGR, Pt DL 75 Z 3T =R ¥ RGBIE Fr BR {31 .
red, green, blue = tf.split(axis=3, num_or_size_splits=3, value=rgb_scaled)

assert red.get_shape().as_list()[1:] == [224, 224, 1]

assert green.get_shape().as_list()[1:] ==[224, 224, 1]

assert blue.get_shape().as_list()[1:] == [224, 224, 1]

R FE R FE2: Y325 IS S BB SR I (8] Fr URGB {1 I8 & ) 2B A R A [ o
[Rmean, Gmean, Bmean], BHEIEIE S —EIME. A2 A EGE R LA &

VGG_MEAN =[103.939, 116.779, 123.68]

bgr = tf.concat(axis=3, values=[ blue - VGG_MEAN|0],green - VGG_MEAN[1],red -
VGG_MEAN[2],])
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convl: 224x224x64

self.convl_1 = self.conv_layer(bgr, 3, 64, "convl_1")

self.convl_2 = self.conv_layer(self.convl_1, 64, 64, "convl_2")

self.pooll = self.max_pool(self.convl_2, 'pooll’)

conv2: 112x112x128

self.conv2_1 = self.conv_layer(self.pooll, 64, 128, "conv2_1")
self.conv2_2 = self.conv_layer(self.conv2_1, 128, 128, "conv2_2")

self.pool2 = self.max_pool(self.conv2_2, 'pool2’)

conv3: 56x56x256

self.conv3_1 = self.conv_layer(self.pool2, 128, 256, "conv3_1")

self.conv3_2 = self.conv_layer(self.conv3_1, 256, 256, "conv3_2")
self.conv3_3 = self.conv_layer(self.conv3_2, 256, 256, "conv3_3")
self.conv3_4 = self.conv_layer(self.conv3_3, 256, 256, "conv3_4")

self.pool3 = self.max_pool(self.conv3_4, 'pool3’)

ConvNet Con ﬁg:uration

A A-LRN B C D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 | conv3-64 | conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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conv4: 28x28x512

self.conv4_1 = self.conv_layer(self.pool3, 256, 512, "conv4_1")

self.conv4_2 = self.conv_layer(self.conv4_1, 512, 512, "conv4_2")
self.conv4_3 = self.conv_layer(self.conv4_2, 512, 512, "conv4_3")
self.conv4_4 = self.conv_layer(self.conv4_3, 512, 512, "conv4_4")

self.pool4 = self.max_pool(self.conv4_4, 'poold’)

convb: 14x14x512

self.conv5_1 = self.conv_layer(self.pool4, 512, 512, "conv5_1")

self.conv5_2 = self.conv_layer(self.conv5_1, 512, 512, "conv5_2")
self.conv5_3 = self.conv_layer(self.conv5_2, 512, 512, "conv5_3")
self.conv5_4 = self.conv_layer(self.conv5_3, 512, 512, "conv5_4")

self.pool5 = self.max_pool(self.conv5_4, 'pool5’)

ConvNet Configuration
A A-LRN B & D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 | conv3-64 | conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 | conv3-64 | conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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fc6: 25088(=7x7x512)x4096

self.fc6 = self.fc_layer(self.pool5, 25088, 4096, "fc6") # 25088 = ((224 // (2 ** 5)) ** 2) * 512
self.relu6 = tf.nn.relu(self.fc6)
if train_mode is not None:
self.relu6 = tf.cond(train_mode, lambda: tf.nn.dropout(self.relu6, self.dropout),
lambda: self.relu6)
elif self.trainable:

self.relu6 = tf.nn.dropout(self.relus, self.dropout)

fc7: 4096x4096

self.fc7 = self.fc_layer(self.relu6, 4096, 4096, "fc7")
self.relu? = tf.nn.relu(self.fc7)
if train_mode is not None:
self.relu? = tf.cond(train_mode, lambda: tf.nn.dropout(self.relu7, self.dropout),
lambda: self.relu7)
elif self.trainable:

self.relu7 = tf.nn.dropout(self.relu7, self.dropout)

fc8: 4096x1000

self.fc8 = self.fc_layer(self.relu7, 4096, 1000, "fc8")

self.prob = tf.nn.softmax(self.fc8, name="prob")

ConvNet Conﬁg:uration

A A-LRN B & D E
11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
input (224 x 224 RGB image)

conv3-64 | conv3-64 | conv3-64 conv3-64 | conv3-64 conv3-64
LRN conv3-64 | conv3-64 | conv3-64 conv3-64

maxpool
conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
conv3-128 | conv3-128 | conv3-128 | conv3-128

maxpool
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
convl-256 | conv3-256 | conv3-256
conv3-256

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max
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def avg_pool(self, bottom, name):

def max_pool(self, bottom, name):

def conv_layer(self, bottom, in_channels, out_channels, name):
def fc_layer(self, bottom, in_size, out_size, name):

def get_conv_var(self, filter_size, in_channels, out_channels, name):
def get_fc_var(self, in_size, out_size, name):

def get_var(self, initial_value, name, idx, var_name):
def save npy(self, sess, npy path="./vgg19-save.npy"):
def get_var_count(self):
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Table 3: ConvNet performance at a single test scale.

ConvINet config. ( Iable[l] smallest image side top-1 val. error (%o) top-5 val. error (%%)
train (5 test ()
A 256 2506 29 .6 10.4
A-TRIN 256 256 29 7 10.5
B 256 2506 287 o9
256 256 251 o4
e 384 384 281 93
[2506:512] 384 2r3 5.8
256 256 270 8.8
D 354 384 26.8 8.7
[Z56:517] 354 250 5.1
256 256 273 o O
E 354 384 269 8.7
[256:512] 384 25 5 8.0
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Table 4: ConvNet performance at multiple test scales.

ConwvINet config. (Table|l) smallest tmage side top-1 val. error (%) | top-5 val. error (%c)
tram (5) test (L))
B 256 224 256,258 282 96
256 224 256 288 Fol? o2
e 384 3532 384 416 278 9.2
2ab: ald] | 250,384 512 203 5.2
2506 224 256,288 20.6 8.0
D 384 352 384 416 20.5 5.6
256; 512 256,384 512 24.8 1.5
256 224 256,288 269 8.7
E EEES 322 364 410 207 5.0
[256; 512 256384 512 24.8 1.5
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T #ilmageNet 10007F# 755
DYi&E il

{5 FH veg 8 B sk i1 A7 15 [ )#
sk 1) 465 2R e AR 5 70 R
24 A AN 2R A
n02231487 walking stick,
walkingstick, stick insect 0.131548

\_I

n01784675 centipede 0.0609114
n02226429 grasshopper, hopper 0.0406519



KT EEsE R (2)

KA AR TTIERS I T AlexNet,  {H BN SRIRE [i] 2 — L&

Type train test Time top—3 66%HIT
Conl‘;Net 10000 1000 1 82. 33%

AlexNet 10000 1000 0.77 76. 25%
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