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Deep Learning Essentials

5. Convolutional Neural Networks (CNNs)

The story of a cat’s brain surgery

Lukas Neumann

Adapted from B3B33UROB slides of Karel Zimmerman



https://cw.fel.cvut.cz/b241/courses/b3b33urob/start
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Multi-layer perceptron (MLP)

* How many inputs would the MLP have?
The number of pixels!

* How many weights would the first layer of the MLP have?
Number of pixels times the number of neurons!

* Does the position of individual parts (eye, wheel) actually matter?
No...
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Electrical signal
from brain

Hubel, David H. "Tungsten microelectrode for recording from single units.” Science (1957) Recordlng electrode —»

Visual area
of brain

0
Q Stimulus

fﬁ

Anaesthétlzed cat

Hubel, David H., and Torsten N. Wiesel. "Receptive fields, binocular
interaction and functional architecture in the cat's visual cortex.”
The Journal of physiology (1962)




Hubel and Wiesel




Hubel and Wiesel

* Edge sensitivity

* Nearby neurons process information from nearby visual fields
— Topographical mapping

* The same edge is detected in all positions
— Translation equivariance
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Nobel Prize in Physiology and Medicine (1981)



Topological mapping

* The processing of visual information is not fully connected
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Topological mapping

* The processing of visual information is not fully connected
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Translation equivariance

* Theresponse should be same, regardless of position
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Translation equivariance

* Theresponse should be same, regardless of position
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Translation equivariance

* Theresponse should be same, regardless of position
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Convolution

weights (kernel)

output
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Output Size
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Output Size
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Output Size
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Output Size
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Output Size

conv( i )

image kernel output
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Output Size

N=M-K+1
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Stride

Stride =1
Window moves by 1 pixel in each iteration
.
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Stride

Stride =3
Window moves by 3 pixels in each iteration
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Stride

Stride =3
Window moves by 3 pixels in each iteration
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Stride

Stride =3
Window moves by 3 pixels in each iteration
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Stride

Stride =3
Window moves by 3 pixels in each iteration
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Stride

N =floor((M - K)/stride + 1)
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Padding

Pad =1
Virtually adds zero padding to the input image
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Padding

Pad =1
Virtually adds zero padding to the input image
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Padding

Pad =1
Virtually adds zero padding to the input image
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Pad =1
Virtually adds zero padding to the input image
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Padding

Pad =1
Virtually adds zero padding to the input image
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Padding

N =floor((M + 2*padding — K)/stride + 1)
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Inputkernel

Output

nn.Convz2d (
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Multi-channel convolution

conv( T i )

image kernel output
(3x5x5) (3x2x2) (?x7?)



Multi-channel convolution
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Multi-channel convolution
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Multi-channel convolution
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Multi-channel convolution

conv( T i )

image kernel output
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Convolutional Layer

T 1

o Ty

Weights
(16x3x2x2\\\\‘
—( conv(x, W)

Input
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first layer =

nn.Conv2d(in_channhels=3,
out_channels=16,
kernel size=2,
stride=1,
padding=1)

Output
(16x5x5)




Backward Pass
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Backward Pass
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Backward Pass
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Backward Pass

0L 0L N oL N 0L N 0L
Owiy  0y1q = 0y12 2 0Y21 = 0y22 "2
0L 0L s oL N 0L N L
Owi,  0yiy 2 0y12 3 0Y21 = 0y22 23
0L B 0L 0L 0L 0L
dw,q B Y11 Tt Y12 Iy, 2T Y21 Ty LT Y22 *32
oL oL s oL N 0L N 0L
aWZZ B ayll *22 ay1z *23 a}’z1 *32 ayZZ *33
oL oL
w11 | wi9 w11 Owi2
21 22 8’1021 8’&)22
Yi1 | Y12
T11 | 12 | %13 Y21 | Y22
T21 | T22 | T23 —’ j
oL oL
r31 | 32 | I33 oy11 dy12
oL oL
Y21 Oy22




_|_

_|_

_|_

_|_

0L

A%P
oL

A%P
oL

Y12
oL

Y12

_|_

_|_

+

_|_

0L

Y21
oL

Y21
oL

Y21
oL

Y21

Y11 | Y12
Y21 | Y22
oL oL
dy11 | Oyia
oL oL
Oya1 | Oy2a




Backward Pass

* Lossgradient wrt the weights is defined as
“convolution of input feature map with upstream gradient”

* Lossgradient wrt the input is defined as
“convolution of padded upstream gradient with mirrored weights”

 Summary: Backward pass through a convolutional layer is also a convolution!



Activation Function Layers

Sigmoid | Leaky ReLU )
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Max pooling layer

Max Pool

>

Filter - (2 x 2)
Stride - (2, 2)




Simple CNN
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Input: 3D tensor [channels x height x width]

Output: 4-way classification [no. of classes]
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Simple CNN with mini-batches

Input: 4D tensor [batch x channels x height x width]
Output: 4-way classification [batch x no. of classes]
Batch size: 8

X W
Wo
y u 5

e P e S

fully connected
layer output
(MLP)

conv1 feature activation feature maxpooling feature

Input image layer map function map layer map

8X3x5x5 8x16x5x5 8x16x5x5 8x16x1x1 8x4x1x1



Convolutional Neural Networks (CNNs)

* Convolutional network is a concatenation of convolutional layers and
activation functions

* Bothforward and backward pass are convolutions — efficient implementation
on GPUs (NVidia)
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ImageNet challenge

Top-5 Classification Accuracy

AlexNet
0.3 8 layers
0.25 VGGnet
19 layers
0.2
GooglLeNet
22 layers
0.15
ResNet
0.1 152 layers
16.7% | 23.3% |,
0.036
. 0036 | 0.3
2010 2011 2012 2013 2014 2015 2016 2017




Adversarial attacks

* Given a trained network and an image, find the closest image on which the
classification fails

ConvNet

y(x)
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Adversarial attacks

f%:?%é N

* Given a trained network and an image, find the closest image on which the
classification fails

“airliner”

+ 0.005 x

X 0x

* White-box attacks (full access to the model)
* Black-box attacks (limited access)
* Perturbations (noise), adversary patches, adversary pixels



Adversarial attacks




Competencies gained for the test

* Convolutional forward and backward pass
* Convolutional layer hyper-parameters (channels, kernel size, stride, padding)
* Prosandcons of CNNs
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