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Slide, Quiz, Notes Submission (Paper Presentation)

 Email to TA sunyiyou@cs.wisc.edu day before the presentation (by 6pm)
 Downloadable link to Google Drive slides
» Keynote slides or Powerpoint slides

* Quiz questions (3) and answers


mailto:sunyiyou@cs.wisc.edu

Outline

* Brief review of convolutional computations
e 2D convolution
 Padding, stride etc
 Multiple input and output channels
* Basic convolutional neural networks
* LeNet (the first convolutional neural network)
* AlexNet
* ResNet

 DenseNet (more in next class)



Dual

12MP

wide-angle and
telephoto cameras

How to classify

Cats vs. dogs?

36M floats in a RGB image!



Fully Connected Networks

Input

Hidden layer
100 neurons

Cats vs. dogs?

Output

36M elements x 100 = 3.6B parameters!



Convolutions come to rescue!



Where Is




Why Convolution?

e Translation
lnvariance

« Locality




2-D Convolution

Input Kernel Output

OXO0O+1X1+3%X24+4%X3=19,
I X04+2X1+4X2+4+5%X3 =25,
IX0+4X14+6X%X2+7%x3 =737,
4X0+5X1+7%X2+8X3=43.

(vdumoulin@ Github)



2-D Convolution Layer

o
x —
B

,» Input matrix
» W: k Xk, 6 kernel matrix
* b: scalar bias

*Y:(nm—k,+1)xX(n,—k,+ 1) output matrix
Y=XxW+5)

W and b are learnable parameters




Examples

Edge Detection

Sharpen

(wikipedia)

Gaussian Blur




Examples

T oo =

{4

(Rob Fergus)




Efficiency of Convolution
* |nput size: 320 x 280

e Kernel Size: 2 x 1

* Output size: 319 x 280 Convolution Dense matrix

Stored floats

F'loat muls or
adds







Padding

* Given a 32 x 32 input image

* Apply convolution with 5 x 5 kernel
o 28 X 28 output with 1 layer
* 4 x 4 output with 7 layers

» Shape decreases faster with larger kernels
» Shape reduces from n, Xn, to

EEE B




Padding

Padding adds rows/columns around input

Output

Kernel

Input

=0

OxXx04+0XxXx1+0x24+0x%x3



Padding

* Padding p, rows and p,, columns, output shape will be

(n,—k,+p,+1)xMn,—k,+p, +1)

 Acommon choiceis p,=k,—1 and p,=k, 6 — 1
* Odd k,: pad p,/2 on both sides
* Even k, : pad [p,/2]0n top, |p,/2]on bottom



Stride

» Stride Is the #rows/#columns per slide

Strides of 3 and 2 for height and width

Input Kernel Output
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OXO04+0X1+1X24+2x3=28
OX04+6Xx14+0x24+0x3=6
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Multiple Input Channels

» Color image may have three RGB channels
» Converting to grayscale loses information




Multiple Input Channels

» Color image may have three RGB channels
» Converting to grayscale loses information



Multiple Input Channels

« Have a kernel for each channel, and then sum results
over channels

Input




Multiple Input Channels

° XICanthW |nput
o WZCithXkW kernel
e Y :my, Xm, output

Y = i Xi,:,: * Wi,:,:
=0



Multiple Output Channels

* No matter how many inputs channels, so far we always
get single output channel

* We can have multiple 3-D kernels, each one generates a
output channel

* Input X:c¢ xn,Xn,
* Kernel W : ¢ Xxc xk, Xk,
* Output Y : ¢, xm, xm,,




Multiple Input/Output Channels

» Each output channel may recognize a particular pattern

T TT—— T———
-

(Gabor filters)



Convolutional Neural Networks



Evolution of neural net architectures
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LeNet Architecture

orakuion convolution pooling full
pooling ful
| . Gauss
3 |3 =
(9]
= A E
o ' O
T | B
6@14x14
S2 feature map 16@5x5
32x32 image 6@28x28 16@10x10 S4 featurc)a( map
C1 feature map C3 feature map

gluon-cv.mxnet.io



Handwritten Digit
Recognition
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32x32 image

gluon-cv.mxnet.io

LeNet Architecture

pooling

convolution

convolution

pooling

T

6@28x28
C1 feature map

6@14x14
S2 feature map

16@10x10
C3 feature map

T

120 - F5 full

—
=1

84 - F6 full

16@5x5
S4 feature map

Gauss

10 - Out




LeNet in Pytorch

LeNet(nn.Module) :
__init__(self):
super(LeNet,

self.convi

self.conv2
self.fc1
self.fc2
self.fc3

self).__init__()

nn
nn
nn
nn
nn

.Conv2d(1, 6, (5,5), padding=2)
.Conv2d(6, 16, (5,5))
.Linear(16*5%5, 120)
.Linear(126, 84)

.Linear(84, 10)

https://www.kaggle.com/usingtc/lenet-with-pytorch



https://www.kaggle.com/usingtc/lenet-with-pytorch

3\
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o, 192 192 128 2048 7048 \dense
128 %
) 1370 13
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3 13 dense dense

1000

192 192 128 Max

MaXx 128 Max pooling
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AlexNet

* AlexNet won ImageNet
competition in 2012

» Deeper and bigger LeNet

» Paradigm shift for
computer vision




AlexNet Architecture

AlexNet

3x3 MaxPool, stride 2

11x11 Conv (96), stride 4

image (3x224x224)

LeNet

2x2 AvgPool, stride 2

5x5 Conv (6), pad 2

image (32x32)



AlexNet Architecture
AlexNet

3x3 MaxPool, stride 2

3x3 Conv (384), pad 1 L eNet

3x3 Conv (384), pad 1 2x2 AvgPool, stride 2
3x3 Conv (384), pad 1 5x5 Conv (16)
A

3x3 MaxPooling, stride 2

5x5 Conv (256), pad 2
A



AlexNet Architecture

AlexNet LeNet

Dense (1000) Dense (10)

Dense (4096) Dense (84)

Dense (4096) Dense (120)

¢ ¢



More Differences...

» Change activation function from sigmoid to RelLu
(no more vanishing gradient)

sigmoid




More Differences...

» Change activation function from sigmoid to RelLu
(no more vanishing gradient)

* Add a dropout layer after two hidden dense layers
(better robustness / regularization)

« Data augmentation




Complexity

#parameters
AlexNet LeNet

Conv1 35K 150
Conv2 614K 2.4K
Conv3-5 3M
Dense1 20M 0.48M

Dense?2 16M 0.1M

Total 40M 0.0M
Increase 11x 1x

T11x11x3x96=35k

Dense (1000)

!

Dense (4096)

t

Dense (4096)

f

Max Pooling

t

3x3 Conv (384)

t

3x3 Conv (384)

t

3x3 Conv (384)

!

Max Pooling

t

5x5 Conv (256)

!

Max Pooling

!

11x11 Conv (96), stride 4

t

image (224x224)




Complexity

#parameters FLOP
AlexNet LeNet AlexNet LeNet
Conv1 35K 150 101M 1.2M
Conv2 614K 2.4K 415M 2.4M
Conv3-5 3M 445M
Dense1 20M 0.48M 20M 0.48M
Dense2 16M 0.1M 16M 0.1M
Total 46M 0.6M 1G 4M
Increase 11X 1X 250X 1X

Dense (1000)

T

Dense (4096)

T

Dense (4096)

T

Max Pooling

3x3 Conv (384)

t

t
3x3 Con
t

v (384)

3x3 Conv (384)

!

Max Pooling

1
5x5 Conv (256)
1

Max Pooling

11x11 Conv (96), stride 4

t

image (224x224)




ResNet: Going deeper in depth

28.2

16.4

22 layers
11.7 19 layers

7.3

8 layers

ILSVRC'10 ILSVRC'11 ILSVRC'12 ILSVRC'13 ILSVRC'14 ILSVRC'14
AlexNet GoogleNel VGG

ImageNet Top-5 Classification Accuracy (%)
[He et al. 2015]



ResNet: Going deeper in depth

152 layers

28.2

16.4

22 layers
11.7 19 layers

7.3

6./
8 layers I

ILSVRC'10 ILSVRC'11 ILSVRC'12 ILSVRC'13 ILSVRC'14 [ILSVRC'14 [ILSVRC'15
AlexNel GoogleNet VGG ResNel

ImageNet Top-5 Classification Accuracy (%)

3.57

[He et al. 2015]






ResNet

[He et al., 2015]

 \What happens when we simply stack more and more layers on a “plain”

convolutional neural networks?
ﬁ o6-layer

Training error
Test error

lterations lterations

(Figure from CS231n course slides)



Deeper models are harder to optimize.



ResNet “Plain” layers Residual block

Solution:
Copy the learned layers from Activation function Activation function

the shallower model and setting
additional layers to identity mapping

H(x) = x + f(x)

Weight layer

Activation function
Weight layer

Use layers to fit residual
f(x) = H(x) — x Instead of H(x)

[He et al., 2015]}



Full ResNet Architecture
[He et al. 2015]

o Stack residual blocks

* Every residual block has two 3x3 |
conv layers |

Weight layer

Activation function
Weight layer

* Periodically, double # of filters
and downsample spatially using
stride of 2 (/2 in each dimension)

3x3 conv, 256 |

\

3x3 conv, 256 |

(Figure from Stanford CS231n)




ResNet Architecture

Various depth
layer name | output size 18-layer 34-layer 50-layer 101-layer 152-layer
conv |l 112112
3 x3 max pool, stride 2
C 1x1,64 [ 1x1,64 [ I1x1,64
convix [ J6X36 { gig gi ]xz l gzgz ]><3 Ix3 64 | X3 Ix3 64 | X3 I1%3.64 | x3
’ ’ | 1x1,256 | | 1x1,256 | 1x1,256 |
 1x1, 128 | [ 1x1, 128 [ 1x1, 128
conv3.x | 28x28 {g:g i;g }xz [g:g 32 ]x4 3x3, 128 | x4 3x3, 128 | x4 3x3, 128 | x8
’ ’ | 1x1,512 | | 1x1,512 | 1x1,512
[ 1x1,256  1x1,256  1x1,256 |
convdx | 14x14 [ g:g ggg }xz [ gi; gzg ]x6 3%3.256 | x6 | | 3x3.256 |x23 || 3x3.256 |x36
’ ’ 1x1,1024 | | 1x1,1024 1x1,1024 |
| [ 1x1,512 " 1x1, 512 C 1x1,512
convs X 7x7 [ gxg’zg }xz [ gxg’gg ]x3 3x3,512 | x3 3x3,512 | x3 3x3,512 | x3
o 5 | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10Y 3.8x10Y 7.6x10" 11.3x10¢

Table 1. Architectures for ImageNet. Building blocks are shown 1n brackets (see also Fig. 5), with the numbers of blocks stacked. Down-

sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.



ResNet Architecture
Various depth

layer name | output size 18-layer ] 34-layer | 50-layer ‘ 101-layer ‘ 152-layer
convl 112x112 7x7, 64, stride 2
3 x3 max pool, stride 2
[ I1x1,64 [ 1x1,64 [ I1x1,64
comvax | J6X36 { gig gi ]xz l gigﬁ Jx?) I%3 64 | x3 Ix3 64 | X3 1%3.64 | x3
’ ’ | 1x1,256 | 1x1,256 | 1x1,256 |
[ 1x1, 128 | [ 1x1, 128 [ 1x1, 128
conv3.x | 28x28 B:g gg }xz [g:g 32 ]x4 3x3, 128 | x4 3x3, 128 | x4 3x3, 128 | x8
’ ’ | 1x1,512 | | 1x1,512 | 1x1,512
[ 1x1,256  1x1,256  1x1,256 |
convdx | 14x14 { g:g ;gg }xz [ gig gzg ]x6 3%3.256 | x6 | | 3x3.256 |x23 || 3x3.256 |x36
’ ’ 1x1,1024 | | 1x1,1024 1x1,1024 |
| [ 1x1,512 " 1x1, 512 C 1x1,512
convs X 7x7 [ gxg’gg }xz [ gxg’gg ]x3 3x3,512 | x3 3x3,512 | x3 3x3,512 | x3
o 5 | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10Y 3.8x10Y 7.6x10" 11.3x10¢

Table 1. Architectures for ImageNet. Building blocks are shown 1n brackets (see also Fig. 5), with the numbers of blocks stacked. Down-
sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.



ResNet Architecture

Various depth
layer name | output size 18-layer 34-layer | 50-layer 101-layer 152-layer
convl 112x112 7x7, 64, stride 2
3 x3 max pool, stride 2
[ I1x1,64 [ 1x1,64 [ Ix1,64
convix [ J6X36 { gig gi ]xz l gzggj ]><3 3x3 64 | x3 I%3 64 | x3 1%3.64 | X3
’ ' | 1x1,256 | 1x1,256 | 1x1,256 |
[ 1x1, 128 | [ 1x1, 128 [ 1x1, 128
convix | 28x28 B:g gg }xz [g:g gg ]x4 3x3, 128 | x4 3x3, 128 | x4 3x3, 128 | x8
’ ’ - 1x1,512 - 1x1, 512 i 1x1, 512 ]
: [ 1x1,256 " 1x1,256  1x1,256
convdx | 14x14 { g:; ;gg }xz | gig gzg ]x6 3%3.256 | x6 | | 3x3.256 |x23 || 3x3.256 |x36
’ ’ 1x1,1024 | | 1x1,1024 1x1,1024 |
: | [ 1x1,512 [ 1x1, 512 C 1x1,512
convs X 7x7 [ gxg’gg }XZ | gxz";g’ ]x?a 3x3,512 | x3 3x3,512 | x3 3x3,512 | x3
o 5 | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10Y 3.8x10Y 7.6x10" 11.3x10¢

Table 1. Architectures for ImageNet. Building blocks are shown 1n brackets (see also Fig. 5), with the numbers of blocks stacked. Down-

sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.



ResNet Architecture
Various depth

layer name | output size 18-layer 34-layer S(C-layer 101-layer 152-layer
convl 112x112 Tx1, 64, stride 2
3>{3 max pool, stride 2
P 1x1,64 C 1x1,.64 C I1x1.64
2 ? ? ?
convix [ J6X36 { gig gi ]xz l gzggj ]><3 I3 64 | X3 I3 64 | X3 I1%3. 64 | x3
’ ' | 1x1,256 | 1x1,256 | 1x1,256 |
[ 1x1, 128 | [ 1x1, 128 [ 1x1, 128
conv3ix | 28x28 B:g gg }xz [g:g 32 }x4 3x3, 128 | x4 3x3, 128 | x4 3x3, 128 | x8
’ ’ - 1x1,512 - 1x1, 512 i 1x1, 512 ]
: [ 1x1,256 " 1x1,256  1x1,256
convdx | 14x14 { g:; ;gg }xz | gig gzg ]x6 3%3.256 | x6 | | 3x3.256 |x23 || 3x3.256 |x36
’ ’ 1x1,1024 | | 1x1,1024 1x1,1024 |
: | [ 1x1,512 [ 1x1, 512 C 1x1,512
convs X 7x7 [ gxg’gg }XZ | gxz";g’ ]x?a 3x3,512 | x3 3x3,512 | x3 3x3,512 | x3
o 5 | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10Y 3.8x10Y 7.6x10" 11.3x10¢

Table 1. Architectures for ImageNet. Building blocks are shown 1n brackets (see also Fig. 5), with the numbers of blocks stacked. Down-
sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.



ResNet Architecture
Various depth

layer name | output size 18-layer 34-layer S(C-layer 101-layer 152-layer
convl 112x112 Tx1, 64, stride 2
3>{3 max pool, stride 2
7 1x1,64 | [ 1x1,64 [ I1x1,64
convZx | 36x36 { gig gi ]xz l gzggj ]><3 Ix3, 64 | X3 Ix3, 64 | X3 Ix3,64 | x3
’ ' | 1x1,256 | 1x1,256 | 1x1,256 |
[ 1x1, 128 | [ 1x1, 128 [ 1x1, 128
conv3ix | 28x28 B:g gg }xz [g:g 32 }x4 3x3, 128 | x4 3x3, 128 | x4 3x3, 128 | 8
’ ’ - 1x1,512 - 1x1, 512 i 1x1, 512 ]
: : [ 1x1,256 " 1x1,256  1x1,256
convdx | 14x14 { g:; ;gg }xz | gig gzg Jx() 3%3.256 | x6 | | 3x3.256 |x23 || 3x3.256 |x36
’ ’ 1x1,1024 | C1x1,1024 | 1x1,1024 |
: - [ 1x1,512 [ 1x1, 512 [ 1x1,512
convS _x Tx7 [ gxg’gg }XZ | gxz";g’ Jx3 3x3,512 | X3 3x3,512 | x3 3x3,512 | x3
o 5 | 1x1,2048 | | 1x1,2048 | | 1x1,2048 |
Ix1 average pool, 1000-d fc, softmax
FLOPs 1.8x10° 3.6x10Y 3.8x10Y 7.6x10" 11.3x10¢

Table 1. Architectures for ImageNet. Building blocks are shown 1n brackets (see also Fig. 5), with the numbers of blocks stacked. Down-
sampling is performed by conv3_1, conv4_1, and conv5_1 with a stride of 2.



ResNet Training Curves on ImageNet
[He et al., 2015]
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Accuracy
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ResNet 152

alexnet
darknet
densenet
inceptionv3
mobilenet
mobilenetv2
resnet_v-
resnet_vib
resnet_vic
resnet_vid
resnet_v2
senet_154
squeezenet

vag

1000

#samples/sec

2000

3000

RLRLRRRLLE LLRRRRIMBLLIRIIRL LR )
4000 5000 6000 7000

GluonCV Model Zoo

https://gluon-
cv.mxnet.io/model zoo/

classification.html


https://gluon-cv.mxnet.io/model_zoo/classification.html
https://gluon-cv.mxnet.io/model_zoo/classification.html
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More Ideas




DenseNet (Huang et al., 2016)
» ResNet adds x and f(x) & L1
* DenseNet concatenates x and f(x) [ & :

A A
/'Q'r
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® :Channel-wise concatenation

More to discuss next class!



Other architectures to know...

 ResNeXt [Xie et al., 2016]

 Wide ResNet [Zagoruyko et al. 2016}

 Deep Networks with Stochastic Depth [Huang et al. 20106]
 FractalNet [Larsson et al. 2017]

 SqueezeNet [landola et al. 2017]
* ShuffleNet [Zhang et al. 2018]



Neural Architecture Search
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Summary

* Convolution computation
2D conv
 Padding, stride
 Multiple input and output channels
» Case study of a few convolutional neural networks
* LeNet (first conv nets)
* AlexNet

* ResNet (trend towards extremely deep networks)
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