~
-
. e
o M‘* e
]

. " E ool [, T Sl gy o T
) . . P oo ey Py . AT i Ry S e L R e
. . K PNV G RTINS e TN AR A
~ < — .
et - By = - 'y - ': A e » ,7‘11 o 'l_,'lliﬂ "!'U L l»-. : R & -
e T : . A R ol e i
. £ . . " e ks - -
- L e oy - L 4 . 4:_ .\’._ i L™ ‘: = o

o

- g ". .
R
)

S540 Introduction to Artificial Intelligence
onvolutional Neural Networks (l)

Sharon Yixuan Li
University of Wisconsin-Madison

March 18, 2021



Congrats on getting midterm done!

Reminder: HW6 deadline has been extended to Sunday 2:30pm



Outline

* |ntro of convolutional computations
e 2D convolution
 Padding, stride etc
* Multiple input and output channels
* Pooling
» Basic Convolutional Neural Networks

e [ eNet



Review: Deep neural networks (DNNs)

i o h, = o(Wx +b))
s oge h, = o(W5h, + b,)
Hidden layer o“\Qg"/o f m— Wﬁle’ -+ bffl
A< PN —
NSO S NNs are composition
%?’:;%@'\\‘ of nonlinear
Input layer o @ ° ° functions




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+3X24+4X%X3=19,
I xX0+2%x14+4%X2+35%x3 =25,
IX0+4x14+6X2+4+7X%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=X*xW+5)

W and b are learnable parameters




Examples

Edge Detection

Sharpen

(wikipedia)

Gaussian Blur




Examples

T oo =

{4

(Rob Fergus)




Convolutional Neural Networks

Strong empirical application performance

-Convolutional networks: neural networks that use convolution
In place of general matrix multiplication in at least one of their
layers



Advantage: sparse interaction

Fully connected layer, mXn edges

O m output nodes
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Figure from Deep Learning, by Goodfellow, Bengio, and Courville



Advantage: sparse interaction

Convolutional layer, < m Xk edges

0 ° ° @ m output nodes

k kernel size

ojcRcgoReo ™

Figure from Deep Learning, by Goodfellow, Bengio, and Courville



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+0XxX1+0%x24+0x%x3



Padding

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

(n,—k,+p,+1)Xx@mn,—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

re===*r==""r===r==°*r"=°"=%
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» O

OXO04+0X1+1X%X24+2x3=28
OXO04+6X14+0Xx24+0%xXx3=6



Stride

* Given stride s, for the height and stride s,, for the width,
the output shape is

| (), — ky, + pp, + sp)/s;,] X L(nw -k, +p,+s,)/ SwJ

* With p,=k,—1and p,6 =k, —1
((n, + s, — D/s,| X |(n,+5s,— 1)/s, |
* |f input height/width are divisible by strides

(n,/s,) X (n,/s,)
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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
.WZCithka 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
an output channel

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




Multiple Input/Output Channels

» Each 3-D kernel may recognize a particular pattern

T TT—— T———
-

(Gabor filters)
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Pooling

Let us assume filter is an “eye” detector.

Q.: how can we make the detection robust to
the exact location of the eye?

Slides Credit: Deep Learning Tutorial by Marc’Aurelio Ranzato



Pooling

By “pooling” (e.g., taking max) filter

responses at different locations we gain
robustness to the exact spatial location
of features.

Slides Credit: Deep Learning Tutorial by Marc’Aurelio Ranzato



2-D Max Pooling

 Returns the maximal value In the
sliding window

Output

2 X 2 Max
Pooling n

max(0,1,3,4) =4




Padding, Stride, and Multiple Channels

* Pooling layers have similar padding
and stride as convolutional layers

* No learnable parameters

* Apply pooling for each input channel to
obtain the corresponding output
channel

#output channels = #input channels



Average Pooling

* Max pooling: the strongest pattern signal in a window
* Average pooling: replace max with mean in max pooling
* T[he average signal strength in a window

Max pooling Average pooling




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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Y. LeCun, L.
Bottou, Y. Bengio,
P. Haffner, 1998
Gradient-based
learning applied to
document
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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




def init  (self):
super(LeNet5, self).__init_ ()

LeNet in Pytorch

# Convolution (In LeNet-5, 32x32 images are given as input. Hence padding of 2 is done below)

self.convl = torch.nn.Conv2d(in_channels=1, out_channels=6, kernel_size=5, stride=1, padding=2, bias=True)
#¥ Max-poollng
self.max_pool_1 = torch.nn.MaxPool2d(kernel_size=2)
# Convolution
self.conv2 = torch.nn.Conv2d(in_channels=6, out_channels=16, kernel_size=5, stride=1, padding=0, bias=True)
¥ Max-pooling
self.max_pool_2 = torch.nn.MaxPool2d(kernel_size=2)
# Fully connected layer

self.fcl
self.fc2
self.fc3

torch.nn.
torch.nn.
torch.nn.

Linear(16x5%5, 120)
_inear(120, 84)

_inear(84, 10)

# convert matrix with 16%5%5 (= 400) features to a matrix of 120 features (co!
# convert matrix with 120 features to a matrix of 84 features (columns)
# convert matrix with 84 features to a matrix of 10 features (columns)



Summary

* |ntro of convolutional computations
e 2D convolution
 Padding, stride etc
* Multiple input and output channels
* Pooling
» Basic Convolutional Neural Networks

* LeNet (first conv nets)
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