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Convolutional Neural Network (CNN)

Residual Network (ResNet)




Agenda for today

e Perceptron

e Multi-Layer Perceptron

e Backpropagation

e Neural Network

e Convolutional Neural Network

e Residual Neural Network
e Practical



Neural Networks
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Neural Networks
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Neural Networks: forward and backward
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Neural networks and images




Neural Networks... and images
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d = 1000 x 1000 x 3
dV = 1000 = W)

3 billion
parameters

(3x10%) %1000

Deep arquitectures
Learned non-linear transformations
GD with non-convex functions

o does not guarantee global optimum
o global minimum: overfitting

o local minima with similar
performance

Large number of parameters
Generalization & overfitting

Data, data, data, ...
Not suitable for (big) images

Vectorized images lose their structure
Non multi-scale analysis



Digital images
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Digital images representation

A digital image is a matrix of values in

a certain range.

Continuous

image in space
and values.

Sampling and
. quantification
— result.

I (R




Digital images

[003, 011, 030] [098, 236, 255]

Al

. Red channel Green channel Blue channel
A color (RGB) image

is a three channels
image, with three
matrices.




Convolution
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Convolution and images

convolution

0 21 (3113119 |5

0 24 | 22 |14 | 16 |18

1 — |36 |24 |10 7 |11

0 27 | 27 | 28 | 27 | 29

1 21| 31 | 40 | 39 |39
image kernel output

e 2D convolution

I(u,v) = (I * K)(u,v) = Z ZI(U,U)K(u—m,v—n)

e |tis across-correlation!



Convolution and images
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Convolution and images
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Convolution and images: filtering

Feature descriptor 1

Feature descriptor 2



Convolution and images: padding

Km

Filter (kernel)

Image



Convolution and images: padding

Km

Km

Filter (kernel)

Padding pixel




Convolution and images: padding

M + 2p,,

Km

Filter (kernel)

Padding pixel




Convolution and images: padding

Km

M + 2p,,

Padding pixel

Filter (kernel)




Convolution and images: stride

Stride: skip intermediate locations when moving the kernel.

km

stride: S = 2
Pm = 0

M

<+—>
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_ M — b + 2

+1



Convolution and images: pooling

Reduces feature descriptor maps resolution,
and increases translation invariance.

Max. 6 | 8
1 2 1314 pooling
9 6
516|718
910 | 1 2
3 4 5 6 14/4122/4
Avg.
pooling 16/4|14/4
Zn = max Lnxstride+k

k=0,...,K—1



Neural networks: batch normalization

Normalization of the means and
variances of each layer's inputs. It is
computed in each mini-batch in the
training process.

Denote B as a mini-batch of size N, of
the entire training set.
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representation.



Neural networks: softmax

« Converts a vector of K real
numbers into a probability
distribution of K possible
outcomes.

* Probabilistic output.

-fori=1,---K and z = (21, - , 2K ) € RE



Neural networks: dropout

* Regularization techniques for . {
wij =

reducing overfitting on training
data.

* Randomly put to zero a fraction of
the weights (except for the output
layer).

« Layers neurons does not
synchronously optimizing their
weights, thus decorrelating the
weights.

* The activations of the hidden
units become sparse, which is
desirable.

w;; with probability (1 — p)
0 with probability p
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Without dropout.

With dropout.



FILTERING IS
CHANGING THE COLOR
OF A PIXEL GIVEN
THE COLORS OF ITS
NEIGHBORING PIXELS

IS THE KEY TO
CONVOLUTIONAL
NEURAL NETWORKS

THE WAY IT
CHANGES DEPENDS
ON A "FILTER"




Convolutional Neural Network (CNN)

image filter 1




Convolutional Neural Network (CNN)

feature descriptor 1

image filter 1




Convolutional Neural Network (CNN)

input
image

filter 2

feature descriptor 2




Convolutional Neural Network (CNN)

Filter values
are learned in
CNN training
input
image
# layer
channels




Convolutional Neural Network (CNN)

Feature descriptors 1, 2, 3
with non-linear stage
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Convolutional Neural Network (CNN)

Feature descriptors 1, 2, 3
with non-linear stage

size scaling
(pooling)

Scaling attends to different
levels of details




Convolutional Neural Network (CNN)

Feature descriptors 1, 2, 3
with non-linear stage

size scaling
(pooling)




Convolutional Neural Network (CNN)

new filters and
nonlinearities...

...and other size
scaling (pooling)




Convolutional Neural Network (CNN)

It quickly transforms into a deep
architecture.




Convolutional Neural Network (CNN)

Computation time on Intel Xeon 3rd Gen Scalable cpu: 4.073 s

wall

sky

ceiling

person

fence

grandstand

stage

Hugging Face

UperNet, ConvNeXt small-sized backbone

.000

.000

.000

.000

.000

.000

.000



Convolutional Neural Network (CNN)

Training dataset

Training
Filter parameters Test dataset
are learned Assign one of the
learned labels
CNN




What does a CNN "see"?

Layer 1

N

<
I -
- -

Zeiler, Matthew D., and Rob Fergus. "Visualizing and understanding convolutional networks." Computer Vision-ECCV 2014 13th European Conference, Zurich, Switzerland,
September 6-12, 2014, Proceedings, Part | 13. Springer International Publishing, 2014.



What does a CNN "see"? Receptive field




Convolutional Neural Networks: LeNet

C3: f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 @28x S2: f. maps
6@14x14

|
‘ Full conAection ‘ Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

LeNet

| Image: 28 (height) x 28 (width) x 1 (channel) |

* 60,000 parameters

\, sigmoid
| Pool with 2x2 average kernel+2 stride: 14x14x6 |

| Pool with 2x2 average kernel+2 stride: 5x5x16 |

| flatten

| Dense: 120 fully connected neurons |
., sigmoid

| Dense: 84 fully connected neurons |
., sigmoid

| Dense: 10 fully connected neurons |

v

Output: 1 of 10 classes

LeCun, Yann, et al. "Gradient-based learning applied to document recognition." Proceedings of the IEEE 86.11 (1998): 2278-2324.



Convolutional Neural Networks: LeNet

LeNet

' Image: 28 (height) x 28 (width) x 1 (channel) |

J

' Convolution with 5x5 kernel+2padding:28x28x6 |
\ sigmoid

| Pool with 2x2 average kernel+2 stride: 14x14x6 |

' Convolution with 5x5 kernel (no pad):10x10x16 |
\ sigmoid

| Pool with 2x2 average kernel+2 stride: 5x5x16 |
\ flatten

| Dense: 120 fully connected neurons |
\ sigmoid

| Dense: 84 fully connected neurons |
\, sigmoid

| Dense: 10 fully connected neurons |
v

Output: 1 of 10 classes

# Pytorch: LeNet 5
class LeNet5(nn.Module):

def

def

__init_ (self, num_classes):
super(ConvNeuralNet, self). init_ ()
self.layerl = nn.Sequential(
nn.Conv2d(1l, 6, kernel size=5, stride=1, padding=0),
nn.BatchNorm2d(6),
nn.ReLU(),
nn.MaxPool2d(kernel _size = 2, stride = 2))
self.layer2 = nn.Sequential(
nn.Conv2d(6, 16, kernel size=5, stride=1, padding=0),
nn.BatchNorm2d(16),
nn.ReLU(),
nn.MaxPool2d(kernel _size = 2, stride = 2))
self.fc = nn.Linear (400, 120)
self.relu = nn.ReLU()
self.fcl = nn.Linear(120, 84)
self.relul = nn.ReLU()
self.fc2 = nn.Linear(84, num_classes)

forward(self, x):

out = self.layerl(x)

out = self.layer 2(out)

out = out.reshape(out.size(9), -1)
out = self.fc(out)

out = self.relu(out)

out = self.fcl(out)

out = self.relul(out)

out = self.fc2(out)

return out



Convolutional Neural Networks: AlexNet
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e |[mageNet 2012

e 60 million parameters

13 13 13
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Max

Max pooling 4096 4096
pooling

Top 5 error for the algorithms that won the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC)

30% 28%
25%
20%
15%
10% -
5% -

26%

0%
2010 2011 2012 2013 2014 Human 2015 2016 2017
NEC-UIUC XRCE AlexNet ZFNet GooglLeNet ResNet GoogLeNet
VGGNet -v4

Krizhevsky, Alex et al. "ImageNet classification with deep convolutional neural networks." Advances in neural information processing systems 25 (2012)



Convolutional Neural Networks: AlexNet

LeNet AlexNet

. Image: 28 (height) x 28 (width) x 1 (channel) | Image: 224 (height) x 224 (width) x 3 (channels)

7 T

' Convolution with 5x5 kernel+2padding:28x28x6  Convolution with11x11kernel+4stride:54x54x96
\, sigmoid v RelLu

| Pool with 2x2 average kernel+2 stride: 14x14x6 | | Pool with 3x3 max. kernel+2 stride: 26x26x96 |

 Gonvolution with 5x5 kernel (no pad):10x10x16 | | Convolution with 5x5 kemnel+2 pad:26x26x256 |

v sigmoid v Relu

' Pool with 2x2 average kernel+2 stride: 5x5x16 | | Pool with 3x3 max.kernel+2stride:12x12x256 |

v flatten N,

| Dense: 120 fully connected neurons | Convolution with 3x3 kernel+1 pad:12x12x384 |
 sigmoid v RelLu

\ Dense: 84 fully connected neurons | Convolution with 3x3 kernel+1 pad:12x12x384 |
. sigmoid v Relu

\ Dense: 10 fully connected neurons | Convolution with 3x3 kernel+1 pad:12x12x256 |
N v RelLu

Output: 1 of 10 classes . Pool with 3x3 max.kernel+2stride:5x5x256 |
v flatten

] Dense: 4096 fully connected neurons \
\» RelLu, dropout p=0.5

‘ Dense: 4096 fully connected neurons
v RelLu, dropout p=0.5

| Dense: 1000 fully connected neurons |

Output: 1 of 1000 classes



Convolutional Neural Networks: VGG

Conv-1 (=7 Convolution 4+ RelLU
=7 Max Pooling
1 Fully connected + ReLU

Conv-2

Conv-3

fc6 fc7 fc8

14 % 14 x 512 1x1x4096 1x1x1000

7x7x512

28 x 28 x 512

56 x 56 x 256

AN
11/x 112 x 128

e
224 x 224 x 64

Very simple architecture
*  3x3 convolution
« stride =1, "same" padding
*  2x2 max. pool

Very large number of

parameters: ~100 M
* Features map: 256, 512,
512, ...
* FCN: 4096, 4096, 1000
Slow

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).



Convolutional Neural Networks: VGG

Conv-1

Conv-2

Conv-3

56

11/x 112 x 128

LA
224 x 224 x 64

Keep early layers

28 x 28 x 512

14 x 14 x 512
7x7x512

Fine-tune last layers

(=7 Convolution 4+ RelLU
=7 Max Pooling
1 Fully connected + ReLU

1x1x128

rin: 1x1x 43

Train new
classifier

Fine-tune / Train

Very simple architecture
o 3x3 convolution
o stride =1, "same" padding
o 2x2 max. pool
Very large number of
parameters: ~100 M
o Features map: 256, 512,
512, ...
o FCN: 4096, 4096, 1000
Slow

» 4 Transfer learning

Simonyan, Karen, and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition." arXiv preprint arXiv:1409.1556 (2014).



Convolutional Neural Networks: Residual Network (ResNet) s s

image image

e Vanishing gradient: s
x o Update proportional to gradient :;,4:
o No update —_
e Skip connection ﬁu =
o Skip the errors by regularization o

CNN w o ResNet-N: 18, 20, 34, 50, 101, 152, ... —otes
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¥
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2 3 4
iter. (le4)

F(x)+ Wx

[(33com, 51272 ]
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2
[_3a3com,512 3 con, 512

L7

¥
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——N\ 3
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training error (%)
(D
S
S

[3acomw,sz_ ]

: c ol
0 1 2 5 6 0 ¥

fc 1000 ] [ fc 1000 ]

3 4
iter. (1e4)

He, Kaiming, et al. "Deep residual learning for image recognition." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.



Convolutional Neural Networks: U-Net

64 64
Encoder Decoder
_input skip connection
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=» conv 3x3, RelLU
copy and crop

¥ max pool 2x2

4 up-conv 2x2
=» conv 1x1

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." Medical Image Computing and Computer-Assisted
Intervention-MICCAI 2015: 18th International Conference, Munich, Germany, October 5-9, 2015, Proceedings, Part Ill 18. Springer International Publishing, 2015.



Practicals

shape = 21275 x 32 shape = 10637 x 64 shape = 512



Practicals
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