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GoogleNet: Going Deeper with Convolutions
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Figure 2: Inception module
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GoogleNet: Going Deeper with Convolutions
(1) GoogleNetFHXT K H 1 BBl IR 4571 ;

Filter
Filter concatenation

i By i

P il . S

1x1 convolutions

3x3 convolutions

5x5 convolutions

3x3 max pooling

1x1 convolutions

3x3 convolutions

5x5 convolutions

$

4

1x1 convolutions

B

N/

Previous layer

1x1 convolutions 1x1 convolutions 3x3 max pooling
/ —

Previous layer

(a) Inception module, naive version (b) Inception module with dimension reductions

1x1conv[&{kfeaturemapH] 4,

Ky

Figure 2: Inception module



GoogleNet: Going Deeper with Convolutions
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Inception v3: Rethinking the Inception Architecture for Computer Vision
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Inception v3: Rethinking the Inception Architecture for Computer Vision
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Resnet: Deep Residual Learning for Image Recognition

layer name | output size 18-layer 34-layer S50-layer 101-layer 152-layer
convl 112x112 Tx7, 64, stride 2
X 3x3 max pool, stridg 2
: - 1x1,64 | - 1x1,64 |  1x1,64
| weight layer conv2 X 56 x 56 [ giggj ]}{2 [ giggj ]}{3 3% 3. 64 3x3.64 | x3 3x3.64 |x3
F(x) Lrelu . ' ' 1x1,256 1x1,256 1x1,256
| weight layer e - N - " Ix1,128 | T 1x1, 128 T Ix1, 128
identity ;i; :gg X2 ;zg 33 <4 || 3x3.128 3x3, 128 | x4 3x3,128 | x8
F(x) 4 x - ' - - ' - 1x1,512 1x1,512 1x1,512
: - : : - 1x1,256 1x1,256 1x1,256
3x3, 256 3% 3,256 . ~ :
Figure 2. Residual learning: a building block. conva.x 2 X6 |l 3x3.256 3%3,256 | x23 || 3x3,256 | x36
£ : E | 3%3,256 | | 3%3,256 | 1x1,1024 | 11,1024 1x1,1024
- . . - - 1x1,512 1x1,512 1x1,512
conv5 x ;;g:i X2 ;iggg <3 ||| 3x3.512 | x3 |]| 3x3.512 [x3 | | 3x3.512 [x3
W - ' - - ' - | 1x1,2048 | 1x1, 2048 1x1,2048
Y = .F{}E,{ -i” + X. average pool, 1000-d fc, oftmax
1.8%107 3.6 %10 3.8x10? 7.6x10 11.3x10°




ResNeXt: Aggregated Residual Transformations for Deep Neural Networks
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Figure 1. Left: A block of ResNet [14]. Right: A block of
ResNeXt with cardinality = 32, with roughly the same complex-
ity. A layer 1s shown as (# in channels, filter size, # out channels).



ResNeXt: Aggregated Residual Transformations for Deep Neural Networks
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ResNeXt: Aggregated Residual Transformations for Deep Neural Networks

stage | output

ResMNet=50)

ResMNeXt=-50 (32 < 4d)
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DenseNet: Densely Connected Convolutional Networks

ResNets.

xp = Hp(x5-1) + Xp—1.

Dense block: ®NNZEE Sz H i TG E/E A SN En

Dense connectivity




DenseNet: Densely Connected Convolutional Networks
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Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

feature-map sizes via convolution and pooling.
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DenseNet: Densely Connected Convolutional Networks
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Figure 2: A deep DenseNet with three dense blocks. The layers between two adjacent blocks are referred to as transition layers and change

feature-map sizes via convolution and pooling.
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DenseNet: Densely Connected Convolutional Networks

class Transition{nn.Module):

def init  (self, nChannels, nOutChannels): AoOutChannels
super{Transition, self)._ init ()

inti{math.floor{nChannels*reduction))

self.bnl = nn.BatchNorm2d({nChannels)
self.convl = nn.ConvZd({nChannels, nQutChannels, kernel _size=1,

bias=False)

def forward(self, x):
out = self.convl(F.relu(self.bnl{x)))
out = F.avg_pool2d{out, 2)

return out

det make _dense(self, nChannels, growthRate, nDenseBlocks, bottleneck):
lavers = []
for 1 in range(int{nDenseBlocks)):
if bottleneck:
layers.append(Bottleneck{nChannels, growthRate))

else:
layers.append(Singlelaver{nChannels, growthRate))
nChannels += growthRate

return nn.Sequential({*layers)



Deformable Convolutional Networks
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Deformable Convolutional Networks

(a) (b) (c) (d)

Figure 1: Illustration of the sampling locations in 3 x 3
standard and deformable convolutions. (a) regular sam-

pling grid (green points) of standard convolution. (b) de-
formed sampling locations (dark blue points) with aug-
mented offsets (light blue arrows) in deformable convolu-
tion. (c)(d) are special cases of (b), showing that the de-
formable convolution generalizes various transformations
for scale, (anisotropic) aspect ratio and rotation.
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Figure 3: Illustration of 3 x 3 deformable Rol pooling.
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Figure 2: Illustration of 3 x 3 deformable convolution.



Deformable Convolutional Networks

Deformable convolution
For each location py on the output feature map v,

v(po) = Y wi(pa) - x(po + Pn). (1)
PnER

R={(-1.-1).(-10),..., (0.1).(1.1)}

y(po) = > wipa) x(po+ Pn f Apa)|  (2)
PnEX

Now, the sampling 15 on the uregular and offset locations
Pn+ AP, As the offset Ap, is typically fractional. Eq. (2)
15 implemented via bilinear interpolation as

x(p) = ¥ G(q.p)-x(q). (3)
q

where p denotes an arbitrary (fractional) location (p =
Po + Pn + Ap, for Eq. (2))), q enumerates all integral spa-
tial locations in the feature map x, and (5(-, -) is the bilinear
interpolation kernel. Note that ¢ 15 two dimensional. It 1s
separated into two one dimensional kernels as

/
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Figure 2: Illustration of 3 x 3 deformable convolution.



Deformable Convolutional Networks

Deformable convolution A 25~ NE
BAMPIchannel 472: X WA 3X3Hkernel size , fit% (x,y) 4%&'{! offsets

Wila~group. [FIta G %0 H channel /£72. 4/ -group: KT

AN[E] P E B s A AN R B389, Al ge A ANE Y L A2 4L,
A 1 7F deformable group®:i K] fﬁ O B ORI,

Y
- -= e T_':.ﬁ:lr'r.

deformable convolution

input feature map output feature map

Figure 2: Illustration of 3 x 3 deformable convolution.



Deformable Convolutional Networks

Deformable Rol pooling
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Figure 3: Illustration of 3 X 3 deformable Rol pooling.



MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application
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MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application
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MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application
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Standard convolutions have the computational cost of: (b) Depthwise Convolutional Filters
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. . 1
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text of Depthwise Separable Convolution
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MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application

Table 1. MobileNet Body Architecture

Figure 3. Left: Standard convolutional layer with batchnorm and
RelLU. Right: Depthwise Separable convolutions with Depthwise

3x3 Conv 3x3 Depthwise Conv
BN BN
RelLU RelLU
1x1 Conv
BN
RelLU

and Pointwise layers followed by batchnorm and RelLU.

Type / Stride Filter Shape Input Size
Conv / s2 3 x 3 xdxa2 224 % 224 % 3
Conv dw / sl 3 x 3 x32dw 112 = 112 x 32
Conv / sl 1 x1 =32 x64 112 = 112 x 32
Conv dw / s2 3 x 3 x64ddw 112 = 112 x 64
Conv /sl 1 x 1 x64 x 128 a0 = 56 x 64
Conv dw / sl 3 x 3 x 128 dw b x Hb = 128
Conv /sl 1 %1 =128 = 128 00 x D6 x 128
Conv dw / s2 3 x 3 x 128 dw b x Hb = 1258
Conv / sl 1 =1 = 128 = 256 28 x 28 x 128
Conv dw / sl 3 = 3 = 256 dw 28 x 28 x 256
Conv / sl 1 x 1 x 256 x 256 28 x 28 =« 2506
Conv dw / s2 3 X 9 X 200 dw 28 X 28 X 200
Conv / sl 1 %1 x 256 x 512 14 = 14 = 256
- Convdw /sl | 3 x3 x512dw 14 = 14 = 512
Conv / sl 1 x1 =512 x 512 14 = 14 = 512
Conv dw / s2 3 x 3 = 5Hl12 dw 14 = 14 = 512
Conv / sl 1 =1 =512 x 1024 T x 7 = 5l2
Conv dw / s2 3 x 3 x 1024 dw T ox T x 1024
Conv / sl 1 x1x1024 x 1024 | 7 x 7 x 1024
Avg Pool / sl Pool 7T x 7 Tx 7T x1024
FC /sl 1024 = 1000 1 =1 x 1024

Softmax / sl

Classifier

1 =1 = 1000




MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application
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MobileNetV1: Efficient Convolutional Neural Networks for Mobile Vision Application
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MobileNetV2: Inverted Residuals and Line
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MobileNetV2: Inverted Residuals and Linear Bottlenecks
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MobileNetV2: Inverted Residuals and Linear Bottlenecks
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ResNet

MobileNet V2

Cin
— =

Ciin

1 =1
PW

1x1
PW

-

3 x J

Standard
CONV

3 X3
D'W

0.26 % (s,

Ei :ﬂ:ﬂ-{ﬂ

1 x1
PW

1 =1
PW

Cowt [ = Tl )

¥

Cout [ = i)
—




MobileNetV2:

MobileNetV2H]block5 MobileNetV1 block

Add

f

conv 1x1, Linear

conv 1x1, Linear

f

T

Dwise 3x3, Relub

Dwise 3x3,
stride=2, Relub

T

T

Conv 1x1, Relub

Conv 1x1, Relub

i /

|nput
Strlde 1 bln-:l-r:

C_input_>

Stride=2 block

Inverted Residuals and Linear Bottlenecks

Input Operator t ¢ n | 8
2242 x 3 conv2d - | 32 |1|2
1122 x 32 | bottleneck | 1 16 |11
1122 x 16 | bottleneck | 6 | 24 |2 | 2
56% x 24 | bottleneck | 6 | 32 | 3|2
284 ¢ 32 hottleneck | 6 | 64 | 4 | 2
282 x 64 bottleneck | 6 96 311
142 x 96 hottleneck | 6 | 160 | 3 | 2
72 % 160 hottleneck | 6 | 320 [ 1 | 1
7?2 x 320 | conv2d 1x1 | - | 1280 1
7% x 1280 | avgpool 7x7 | - - -
1x1xk | conv2d 1x1 | - k -

Network Top 1 | Params
MobileNetV1 70.6 4.2M
ShuffleNet (1.5) 71.5 3.4M
ShuffleNet (x2) 73.7 5.4M
NasNet-A 74.0 5.3M
MobileNetV?2 72.0 3.4M
MobileNetV2 (1.4) | 74.7 6.9M



SqueezeNet

Fire module
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Figure 2: Macroarchitectural view of our SqueezeNet architecture. Left: SqueezeNet (Section [3.3);
Middle: SqueezeNet with simple bypass (Section[6)); Right: SqueezeNet with complex bypass (Sec-

tion [6)).
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