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Inception Module

Concatenate

3 x 3 Conv

(24)

1 x1 Conv 5 x 5 Conv 3 x 3 Conv
(24) (24) (24)
Average 1 x 1 Conv 1 x1 Conv 1 x 1 Conv
Pooling (16) (16) (16)
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1 x 1 Conv
(16)

What is 1 x 1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?
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What is 1x1 convolution?

1213
1x1 Convolution

4|5|6

71819

1 4 7 26|38 (5.0

2 5 8 3.8|50(6.2

3 6 9 50162 |74

9 8 7

6 5 4

3 2 1

Lecturer : Hongpu Liu Lecture 11-11 PyTorch Tutorial @ SLAM Research Group



Why is 1x1 convolution?

192@28x28 32@28x28
Operations:
- 52 x 282 X 192 X 32 =
120,422,400
5x5

Convolution
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Why is 1x1 convolution?

192@28x28

5x5
Convolution

192@28x28

Tx1
Convolution

32@28x28

16@28x28 32@28x28

5x5

Convolution

Operations:
52 X 282 x 192 X 32 =
120,422,400

Operations:

1% x 282 x 192 x 16 +
52 x 282 X 16 X 32 =
12,433,648
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Implementation of Inception Module

Concatenate

3 x 3 Conv
(24)

1 x1 Conv 5 x5 Conv 3 x 3 Conv
(24) (24) (24)
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Pooling (16) (16) (16)
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Implementation of Inception Module

- > ; self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)
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Implementation of Inception Module

self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

l branch pool = F.avg pool2d(x, kernel size=3, stride=1, padding=1)

branch pool = self.branch pool (branch pool)
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self. branchlxl = nn. Conv2d(in channels, 16, kernel size=1)

branch1x1 = self. branchlxl (x)
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Implementation of Inception Module

pe :g ; self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

R N -
‘E?ég £ S’ branch pool = F.avg pool2d(x, kernel size=3, stride=1, padding=1)
Qo = branch pool = self.branch pool (branch pool)

self. branchlxl = nn. Conv2d(in channels, 16, kernel size=1)

branchlxl = self. branchlxl (x)
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self. branchbxb 1
self. branchbxb 2

nn. Conv2d (in_channels, 16, kernel size=1)
nn. Conv2d (16, 24, kernel size=5, padding=2)

branch5x5 = self. branch5x5 1(x)
branch5x5 = self. branch5x5 2 (branchb5x5)
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Implementation of Inception Module

self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

l branch pool = F.avg pool2d(x, kernel size=3, stride=1, padding=1)

branch pool = self.branch pool (branch pool)
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self. branchlxl = nn. Conv2d(in channels, 16, kernel size=1)

branchlxl = self. branchlxl (x)
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nn. Conv2d (in_channels, 16, kernel size=1)
nn. Conv2d (16, 24, kernel size=5, padding=2)
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branchbx5 = self. branch5x5 2 (branchb5x5)
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_ self. branch3x3 3

branch3x3 = self. branch3x3 1 (x)
branch3x3 = self. branch3x3 2(branch3x3)

nn. Conv2d (in_channels, 16, kernel size=1)
nn. Conv2d (16, 24, kernel size=3, padding=1)
nn. Conv2d (24, 24, kernel size=3, padding=1)
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Implementation of Inception Module
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Implementation of Inception Module
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Implementation of Inception Module

>
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outputs = [branchlxl, branch5x5, branch3x3, branch pool]
return torch. cat (outputs, dim=1)
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Implementation of Inception Module

class InceptionA (nn. Module) :
def init (self, in_channels):
super (InceptionA, self). init ()
self.branchlxl = nn. Conv2d(in channels, 16, kernel size=1)

self.branch5x5 1 = nn. Conv2d(in channels, 16, kernel size=1)
self.branch5x5 2 = nn.Conv2d (16, 24, kernel size=5, padding=2)

self.branch3x3 1 = nn.Conv2d(in channels, 16, kernel size=1)
self.branch3x3 2 = nn.Conv2d (16, 24, kernel size=3, padding=1)
self.branch3x3 3 = nn.Conv2d (24, 24, kernel size=3, padding=1)

self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

def forward(self, x):

branchlxl = self.branchlxl (x)

branch5x5 = self. branch5x5 1(x)
branch5x5 = self. branch5x5 2 (branch5x5)
branch3x3 = self. branch3x3 1(x)
branch3x3 = self. branch3x3 2 (branch3x3)
branch3x3 = self.branch3x3_ 3 (branch3x3)

F.avg pool2d(x, kernel size=3, stride=1, padding=1)
self. branch pool (branch pool)

branch pool
branch pool

outputs = [branchlxl, branch5x5, branch3x3, branch pool]
return torch. cat (outputs, dim=1)
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Using Inception Module

class InceptionA (nn. Module) :
def init (self, in channels): class Net (nn. Module) :

super (InceptionA, self). init () def init (self):

self.branchlxl = nn. Conv2d(in channels, 16, kernel size=1) super (Net, self) ] __il’lit_ ()

self.branch5x5 1 = nn. Conv2d(in channels, 16, kernel size=1) self. convl = nn. COHVZd(L 10’ kernel—SizeZS)
self.branch5x5 2 = nn.Conv2d (16, 24, kernel size=5, padding=2) self. conv2 = nn. Conv2d (88, 20, kernel_sizeZB)

self.branch3x3 1 = nn.Conv2d(in channels, 16, kernel size=1) . . . _
self.branch3x3 2 = nn.Conv2d (16, 24, kernel size=3, padding=1) self. incepl InceptlonA(1n_channels—10)

self.branch3x3 3 = nn.Conv2d (24, 24, kernel size=3, padding=1) self. incep2 = InceptionA(in_channels=20)

self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

self.mp = nn.MaxPool2d(2)
def forward(self, x): self. fc = nn.Linear (1408, 10)

branchlxl = self.branchlxl (x)
branch5x5 = self. branch5x5 1(x) def fOI‘W&I‘d(SGlf, X) :
branchb5x5 = self. branch5x5 2 (branch5x5) in size = x.size (0)
branch3x3 = self. branch3x3 1(x) x : E. rehfl (self. mp (self. convl(x)))
branch3x3 = self. branch3x3 2 (branch3x3) x = self. incepl (x)
branch3x3 = self.branch3x3 3(branch3x3) x = F.relu(self.mp(self. conv2(x)))
branch pool = F.avg pool2d(x, kernel size=3, stride=1, padding=1) X : Self' 1n?ep2 <X)
branch pool = self.branch pool (branch pool) X = X. VleW(ln_Slze: -1)
x = self. fc(x)
outputs = [branchlxl, branch5x5, branch3x3, branch pool] return x

return torch. cat (outputs, dim=1)
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Using Inception Module

class InceptionA (nn. Module) :
def init (self, in_channels):
super (InceptionA, self). init ()
self.branchlxl = nn. Conv2d(in channels, 16, kernel size=1)

self.branch5x5 1 = nn. Conv2d(in channels, 16, kernel size=1)
self.branch5x5 2 = nn.Conv2d (16, 24, kernel size=5, padding=2)

self.branch3x3 1 = nn.Conv2d(in channels, 16, kernel size=1)
self.branch3x3 2 = nn.Conv2d (16, 24, kernel size=3, padding=1)
self.branch3x3 3 = nn.Conv2d (24, 24, kernel size=3, padding=1)

self. branch pool = nn.Conv2d(in channels, 24, kernel size=1)

def forward(self, x):

branchlxl = self.branchlxl (x)

branch5x5 = self. branch5x5 1(x)
branch5x5 = self. branch5x5 2 (branch5x5)
branch3x3 = self. branch3x3 1(x)
branch3x3 = self. branch3x3 2 (branch3x3)
branch3x3 = self.branch3x3_ 3 (branch3x3)

F.avg pool2d(x, kernel size=3, stride=1, padding=1)
self.branch pool (branch pool)

branch pool
branch pool

outputs = [branchlxl, branch5x5, branch3x3, branch pool]
return torch. cat (outputs, dim=1)

class Net (nn. Module) :
def init (self):
super (Net, self). init ()
self.convl = nn.Conv2d (1, 10, kernel size=5)
self.conv2 = nn.Conv2d (88, 20, kernel size=b)

self. incepl = InceptionA(in channels=10)
self. incep2 = InceptionA(in channels=20)

self.mp = nn.MaxPool2d(2)
self.fc = nn.Linear (1408, 10)

def forward(self, x):
in size = x.size(0)
= F.relu(self.mp(self. convl(x)))
= self.incep1(x)
= F.relu(self.mp(self. conv2(x)))
= self.incep2(x)
= x.view(in size, -1)
= self. fc(x)
return x

Mo X X X M
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Results of using Inception Module

Accuracy on test set: 9 % [982/10000]
[1, 300] loss: 0.141

[1, 600] loss: 0.031

[1, 900] loss: 0.020 0.9301
Accuracy on test set: 95 % [9554/10000]
[2, 300] loss: 0.015

[2, 600] loss: 0.014 0.980 -
[2, 900] loss: 0.012

Accuracy on test set: 97 % [9793/10000]

0.985 ~

0.975

Accuracy

0.970 7

[9, 300] loss: 0.005

[9, 600] loss: 0.005 0.965 -

[9, 900] loss: 0.005

Accuracy on test set: 98 % [9888/10000] 09607

[10, 300] loss: 0.005 a.555 4

[10, 600] loss: 0.005 i ; : . 3
[10, 900] loss: 0.005 Epoch

Accuracy on test set: 98 % [9866/10000]
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Go Deeper

WE NEED TOJGO -

£

»

DEEPER g

. Vo

Lecturer : Hongpu Liu Lecture 11-27 PyTorch Tutorial @ SLAM Research Group



Can we stack layers to go deeper?

CIFAR-10
train error (%) test error (%)
20( 20¢
56-layer
56-layer
10F 101
20-layer
20-layer
U(l 1 2 3 4 5 6 ﬂﬂ 1 2 3: 4 flp O
iter. (le4) iter. (1ed)

Plain nets: stacking 3x3 conv layers

He K, Zhang X, Ren S, et al. Deep Residual Learning for Image Recognition[C]// IEEE Conference on Computer Vision and Pattern Recognition. IEEE Computer Society, 2016:770-778.
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Deep Residual Learning

Residual net

X X

l i
Weight Layer Weight Layer

l relu F(x) l relu
Weight Layer Weight Layer

relu
H(x) Y T
(x) H(x)=F(x)+xEB<

relu

\ 4
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Residual Network
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Implementation of Simple Residual Network

|
self.convl = nn.Conv2d(l, 16, kernel size=b)
|
(] Input Layer ' S R
) Convad layer ,,
?
[ JRelUlayer W (batch, 16,12,12)
:] Pooling Layer self.conv2 = nn.Conv2d(16, 32, kernel size=5)
|
(] Linear Layer
() Residual Block ]
:] Output Layer p 4
_
Il (batch,32,4,4) > (batch,512)
(batch, 10)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
y def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d(channels, channels,
F(X) l relu kernel size=3, padding=1)
] self.conv2 = nn. Conv2d(channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x < y = F.relu(self. convl (x))
relu y = self.conv2(y)
v return F.relu(x + y)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
y def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d (channels, channels,
F(X) l relu kernel size=3, padding=1)
] self.conv2 = nn. Conv2d(channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x < y = F.relu(self. convl (x))
relu y = self.conv2(y)
v return F.relu(x + y)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
y def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d(channels, channels,
F(X) l relu kernel size=3, padding=1)
] self.conv2 = nn. Conv2d(channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x < y = Frelu(self. convl (x))
relu y = self.conv2(y)
v return F.relu(x + y)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
J def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d(channels, channels,
F(X) l relu kernel size=3, padding=1)
, self.conv2 = nn.Conv2d (channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x < y = F.relu(self. convl (x))
relu y = self.conv2(y)
v return F.relu(x + y)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
) def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d(channels, channels,
F(X) l relu kernel size=3, padding=1)
] self.conv2 = nn. Conv2d(channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x - y = F.relu(self. convl(x))
relu y = self.conv2(y)
v return F.relu(x +y)
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Implementation of Residual Block

X | class ResidualBlock (nn. Module) :
) def init (self, channels):
super (ResidualBlock, self). init ()
Weight Layer self. channels = channels
self.convl = nn.Conv2d(channels, channels,
F(X) l relu kernel size=3, padding=1)
] self.conv2 = nn. Conv2d(channels, channels,
Weight Layer kernel size=3, padding=1)
v def forward(self, x):
H(x) = F(x) + x < y = F.relu(self. convl (x))
relu y = self.conv2(y)
v return F.relu(x + y)
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Implementation of Simple Residual Network

class Net (nn. Module) :
| def init (self):
super (Net, self). 1init ()
| self.convl = nn.Conv2d(1, 16, kernel size=5)
self.conv2 = nn.Conv2d (16, 32, kernel size=b)
| self.mp = nn.MaxPool2d(2)
() Input Layer ' -
\ | self.rblockl = ResidualBlock (16)
() Convad Layer ) ) self. rblock2 = ResidualBlock (32)
[ JRelUlayer ,, welf. fe = nn. Linear (512, 10)
() Pooling Layer —
! def forward(self, x):
(] Linear Layer in_size = x.size(0)
. 1 x = self.mp (F. relu(self. convl (x)))
:] Residual Block ‘ x = self.rblockl (x)
| x = self.mp(F. relu(self. conv2(x)))
:] Output Layer f : ) x = self.rblock2 (x)
x = x.view(in size, -1)
+ x = self. fc(x)
(batch, 10) retirn
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Accuracy on test set: 9 % [916/10000]
[1, 300] loss: 0.074

[1, 600] loss: 0.021

[1, 900] loss: 0.017

Accuracy on test set: 97 % [9736/10000]

0.9900 +

[2, 300] loss: 0.013 0.9875 -

[2, 600] loss: 0.011

[2, 900] loss: 0.011 0.9850 1

Accuracy on test set: 98 % [9831/10000] 2 00825 4

[9, 300] loss: 0.003 * 09800 -

[9, 600] loss: 0.004

[9, 900] loss: 0.004 097757

Accuracy on test set: 99 % [9900/10000] 0.9750

[10, 300] loss: 0.003

[10, 600] loss: 0.003 ] : T T -
[10, 900] loss: 0.004 Epoch

Accuracy on test set: 99 % [9901/10000]
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Exercise 11-1: Reading Paper and Implementing

L

3x3 conv

J' RelU

3x3 conv

0.5 0.5

addition
lReLU

(b) constant scaling

L

3x3 conv
v iReLU
1x1 conv 3x3 conv

A 4
addition

[ Retv (e) conv shortcut

He K, Zhang X, Ren S, et al. Identity Mappings in Deep Residual Networks[C]
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Exercise 11-2: Reading and Implementing DenseNet

Huang G, Liu Z, Laurens V D M, et al. Densely Connected Convolutional Networks[J]. 2016:2261-2269.
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