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. Chollet, F. (2022). Deep learning with python. Manning publications
. Fei-Fei, L. (2021). CNN Architectures. Lecture 9. Stanford University
e Amini, A. (2020). Introduction to Deep Learning. Lecture 3 - 6.5191 - from MIT.
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. Convolutional Neural Networks for Visual Recognition (Stanford University):
http://cs231n.stanford.edu/
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Artificial Intelligence

The effort to automate intellectual tasks normally performed by humans

VNNID

4.0

Artificial
intelligence

Machine
learning

Deep
learning
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Artificial Intelligence

Al is a general field that includes
machine learning and deep learning,
>maohine learning but also other approaches that do
not involve any learning at all

VNNID

deep learning

4.0

predictive analytics

translation
T : natural language
classification & clustering } processing (NLP)
information extraction
speech to text - -
~.._ speech Artificial Intelligence
expert systems —
planning, scheduling & /
optimization
robotics

image recognition o

machine vision > — . Machine Learning
. Natural Language Processing
. Knowledge representation
Automated reasoning
. Computer Vision
. Robotics
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Artificial Intelligence

What can Al do? (Difficult question...)

% Q&%rsidad

Robotic vehicles
Speech recognition
Autonomous planning and scheduling
Game playing

Spam detection
Logistic planning
Robotics

Machine Translation
Face detection

Face recognition
Phishing detection

Speech N
Recognition?
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https://ai.meta.com/blog/emu-text-to-video-generation-image-editing-research/

https://ai.meta.com/blog/ai-dataset-animation-drawings/
https://blog.research.google/2023/11/metnet-3-state-of-art-neural-weather.html
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Artificial Intelligence

What can Al do today? (2023-¢20247?)

X
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ChatG PT (https://chat.openai.com/)
BARD (https://bard.google.com/?hl=es)
LLAMA'Z (https://ai.meta.com/llama/)

een (.2)
DALL'E 3 (https://cdn.openai.com/papers/dall-e-3.pdf)

SeamleSSM4 T (https://ai.meta.com/blog/seamless-m4t/)

Automatic speech recognition for nearly 100 languages

. Speech-to-text translation for nearly 100 input and output languages

. Speech-to-speech translation, supporting nearly 100 input languages and 35 (+ English) output languages
. Text-to-text translation for nearly 100 languages

. Text-to-speech translation, supporting nearly 100 input languages and 35 (+ English) output languages

Emu Video (hips//bitiy/zmpaiam)
Microsoft (GitHub) Copilot
MetNet-3

Animate your kid drawings...

A person is standing at a pizza counter,
holding a gigantic quarter the size of a

pizza. The cashier, wide-eyed with as-
tonishment, hands over a tiny, quarter-

sized pizza in return. The background
features various pizza toppings and other
customers, all of them equally amazed by
the unusual transaction.
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https://chat.openai.com/
https://bard.google.com/?hl=es
https://cdn.openai.com/papers/dall-e-3.pdf
https://ai.meta.com/blog/seamless-m4t/
https://bit.ly/3MPaIaM
https://ai.meta.com/blog/emu-text-to-video-generation-image-editing-research/
https://ai.meta.com/blog/ai-dataset-animation-drawings/
https://blog.research.google/2023/11/metnet-3-state-of-art-neural-weather.html

Machine Learning

Difference between classic Al and Machine Learning

* A machine-learning system is trained rather than explicitly programmed

Rules —=

Data —=

Data —»

Answers ——-

Page 8
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Classical
programming

—== Answers

Machine
learning

—= Rules

Machine learning —> mapping inputs
(e.g., images of inserts) to targets (such
as the label “damaged insert”), which is
done by observing many examples of
inputs and targets.
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Machine Learning

Difference between classic Al and Machine Learning

* Machine learning —> mapping inputs (e.g., images of inserts) to targets (such as the label
“damaged insert”), which is done by observing many examples of inputs and targets.

VNNID

4.0

* A machine-learning system is trained rather than explicitly programmed

Rules » Classical

. —= Answers
Data — | Programming

Data = Machine

. —= Rules
Answers —» learning

Example of machine learning with an
autonomous cars?
- Data: images containing (or not) pedestrians

ﬁ in,ersidad
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Machine Learning

Difference between classic Al and Machine Learning

* Machine learning —> mapping inputs (e.g., images of inserts) to targets (such as the label
“damaged insert”), which is done by observing many examples of inputs and targets.

VNNID

B
o

* A machine-learning system is trained rather than explicitly programmed

Rules » Classical

Data — | Programming

—= Answers

Data = Machine

Answers —» learning

—= Rules

Example of machine learning with an

autonomous cars?

- Data: images containing (or not) pedestrians

- Answers: indications about where are pedestrians
- Rules? Model for pedestrian detection?

ﬁ in,ersidad
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Machine Learning

Difference between classic Al and Machine Learning

VNNID

4.0

Machine learning —> mapping ((such as the label
“damaged insert”), which is done by observing many examples of inputs and targets.

In machine learning:

- A category in a classification problem is called a class.

- Data points are called samples.

- The class associated with a specific sample is called a label.
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Deep Learning

Introduction and definition

* Deep Learning: subfield of Machine
Learning, based on neural networks with a
huge number of nodes, connections and
layers. It is based on a multistage way to
learn data representations.

% Q&%rsidad

DEEP: Learning successive layers  of

increasingly meaningful representations. Depth
of a model: how many layers, learned automatically from
exposure to training data

Machine learning —> mapping inputs (e.g., images) to targets (such as
the label “cat”), which is done by observing many examples of inputs

and targets.

Deep learning —> mapping inputs to targets, via a
deep sequence of simple data transformations
(layers) which are learned by exposure to examples.
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Deep Learning

The deep in Deep Learning

VNNID

* How we learn in Deep Learning? Neural Networks
* Deep Learning models are not models of the brain!
* How it looks like?

4.0

Layer1 Layer2 Layer3 Layer4

Original
input

Final
output

|
|
|
|

ﬁ in,ersidad
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Deep Learning

The deep in Deep Learning

VNNID

* How we learn in Deep Learning? Neural Networks

4.0
Layer 1 Layer 2 Layer 3
representations representations representations

Layer 4

representations

(final output)
Original (1)
input 5
3
_» 4
5
6
7
8
9
Layer 4

Deep network -> multistage information-distillation operation.
Information goes through successive filters and comes out more purified (more useful with regard to some task)

ﬁ geniv,ersidad
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Computer Vision: basic concepts

VNNID

Image (or video) Sefiif,g device Interp:eting device Interpretations Computer Vision: science and
. P PUA technology that allows machine to see. 70
i —* - . Subfield of Al where we extract of ‘
garden, spring, ) . ) .
bridge, water, information from images/videos to
trees, flower,
“ / i, Bl understand them.
Qu ~ — —
- SN =1

Pixels: tiny little dots that form the image. The smallest visual elements that can be seen, physically located somewhere in a
raster image. When an image is stored, the image file contains:
- Pixel Location
- Pixel Intensity

Resolution: total number of pixels in an image

Aspect Ratio: ratio width:height of the image.
E.g. an image of 1024x1024 has an aspect ratio of 1:1

ﬁ geniv,ersidad
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Computer Vision: basic concepts

* Images represented as a matrix

row
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Computer Vision: basic concepts

VNNID

4.0
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Computer Vision: image classification

Image classification: Assigning a class label to the image

Does this image contain a cat?
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Computer Vision: image classification

VNNID

Image classification: Assigning a class label to the image

4.0

Does this image contain an integer insert?

ﬁ geniv,ersidad
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Computer Vision: image classification

How do you classify the following images based on their content?

. OK/ .
{ ) il

Damaged

VNNID

4.0
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Computer Vision: image classification

Supervised Learning

VNNID

. 4.0
_[7| Training [ |features
Text vectors
Documents,
Images,
Sounds... ‘ -

j il
E Labels I

New
Text features
Document, | sl | | vector () Prediciive [IIL) | Expected
Image, Model Label
Sound

ﬁ geniv,ersidad
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Computer Vision: image classification

Supervised Learning

Viewpoint variation Scale variation Deformation Occlusion

’ i [
-
=" &

Background clutter Intra-class variation

U e 2
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Neural Networks
What we need to build and train a Neural Network (parts of a NN)

VNNID

* Input data and its corresponding targets or labels.

* Layers of Neurons, (think about them as filters).
*  Extract representations of the data fed into them.
*  Data goes in/out in a more useful form (for the problem at hand).
*  Are combined into a network (or model).

* Loss function: how the network measures its performance on the training data.

Defines the feedback signal used for learning.

* Optimizer: Mechanism that defines how the network updates itself based on
data and the loss function. Input X

4.0

e Metrics to monitor during training/testing - * :
(data transformation)
Y
- Layer
Category_' class @_’ (data transformation)
Data points. Samp/es Weight
Sample class: label update Y Y

Optimizer

Loss score

i geniv,ersidad
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Neural Networks

What is the goal of training a neural network?

VNNID

* Specification of what a layer does to its input data is stored in
the layers’ weights (a bunch of numbers).

4.0

* More technical: transformation implemented by a layer is
parameterized by its weights. Weights a.k.a network
parameters.

* Learning means finding a set of values for the weights of all
layers in a network, such that the network will correctly map

example inputs to their associated targets. InprtX
- Layer
Goal: finding the Weights " | (data transformation)
right values for
these weights ]
. _ ayer
EECIGNI " | (data transformation)

ﬁ yniversidad Predictions
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Neural Networks

What is the goal of training a neural network?

* To control something, first you need to
observe it ©

* To control the output of a neural network,
you need to measure how far its outputs
(predictions) are from what you expected
(true target or real outputs)

* This is the job of the loss function of the
network, also called the objective
function.

Loss function computes a distance score

ﬁ &Tiv,ersidad
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Input X

:

Weights

Layer

(data transformation)

'

Weights

Layer
(data transformation)

f

Predictions True targets
Y' Y

Loss score

Distance score: how well the network
has done on a specific example
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Neural Networks

What is the goal of training a neural network?

VNNID

Input X

Fundamental trick of Deep Learning -> use the p¢ 70
loss score as feedback signal to adjust the : Layer ‘
weights a little, to decrease the score for the Weights [ (data transformation)
observed sample. ‘

. Layer
Optimizer makes the adjustment, and We:f’hts ™| (data transformation)
implements the Backpropagation, central '
algorithm of Deep Learning. Weight

update Y' Y

Initially, random weights (Random

transformations)... big score... thousands of @ @
iterations (training loop)... weight values that

minimize loss function... trained network. y
Loss score

Dataset

Training Validation Test

ﬁ in,ersidad
Page 27 ¥ “leon




=&

Neural Networks - =
Network Layers (data tr::syfilr'mation) Z

) >
Fundamental data structure of neural networks. e o 4.0

f

Predictions
v

Input: tensors — Output: tensors

True targets
Y

 Made by a set of nodes or neurons.
* Neurons connected between them.

Loss score

* Frequently, layers have a state: the layers weights.

* Weights: Tensors learned with stochastic gradient descent, which are the
network’s knowledge.
* Depending on the tensor and data type:

*  Fully Connected layers: Process 2D tensors. Often used for classification.
* Recurrent layers: Process 3D tensors storing time series data.
*  Convolutional Layers: Process Image data, stored in 4D tensors.

i geniv,ersidad
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Neural Networks s =
Network Layers (and the weights?) e o Z
* >

(data tr::;i:mation) 4 . O

f

X1
X2
~ Integer
Damaged
X3
X4
Input Hidden Output

% &T‘ie\g%rsidad
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Neural Networks

Network Layers (and the weights?)

The perceptron is the most basic building unit of neural
networks. Neurons are functions!! Activation function

+1_ N

y=o0(2)

m
Z=b+2xiwi
=1

— T
Activation Output z=w'x+b
function

Inputs  Weights  Sum

ﬁ &Tiv,ersidad
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Neural Networks

Network Layers (and the weights?)

VNNID

The perceptron is the most basic building unit of neural
networks. Neurons are functions!!

4.0

Activation function

N

9 y =0(2)

m
yza z=b+inWi
Output =1

z=wlx+b

Inputs

Weights Activation
function

Page 31
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Neural Networks

Network Layers (activation function, what for?) y=9@) =gWw'x +b)

The purpose of activation functions is to introduce non-linearities.
When you build a neural network, one of the choices to make is what activation function to use in
* the hidden layers and

VNNID

4.0

* at the output units. Sigmoid
. . a 1
7) =
ost 09r /‘ﬁ O-( ) 1+e~ 2
- - ) >Z
o7 o7 Tanh
a
06F oo e?+e”?
N | % . tanh(z) = . —;
Linear activation functions produce ~ Non-linearities in the activation ~ Rectified Linear
linear decisions, no matter the functions allow us to approximate ~ Unit (ReLU): ReLu(z) 0.2)
) eLu(z) = max(0, z
network size. complex functions. 4

y= wlx+b

ﬁ in,ersidad
Page 32 ¥ “leon




Neural Networks

Deep neural network
Multiple hidden layers Output layer

I e X
N\ AN
OO
A’A’%: .é’g
0
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Visual features

O
=
=z
>

Example:
Which US president is this?

B
o
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Visual features

VNNID

What we see... is not what a computer sees... 40

Page 36
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Visual features

We cannot work with pixel values (intensities) as they are.
Not invariant to certain changes

VNNID

4.0

75 12 80 15 30

39 80 102 103 110 23

150 195 200 196 208 19

We should use descriptors!
An image descriptor “describes” a feature of a region in an image. Describes -> “a vector that represents...”

What is a feature? Shape, colour, texture, motion, location...

% &rl\‘ie\g?‘rsidad
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Visual features =
An image descriptor is a vector with n variables that represents a region JZ>
within an image 4.0

* The region may be the complete image

To compare two such regions/images, descriptors will be compared

v

F

n—

% &rl\‘ie\g?‘rsidad

Descriptor

v
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Visual features

Identify key features on each category we are working in

VNNID

4.0

Nose, Wheels, Door,
Eyes, License Plate, Windows,
Mouth Headlights Steps

Not an easy task... we are looking a bunch of brightness values (intensity) that can represent anything (e.g., objects,
persons...), and “anything” can be presented in multiple situations (i.e. multiple problems)

Viewpoint vanatlon Scale variation Deformation Occlusion

Intra-class variation

561"—:

Background clutter

% Q&%rsidad
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Visual features

VNNID

Can we learn a hierarchy of features directly from data Instead of hand
engineering? For any specific task

4.0

Low level features Mid level features High level features

Edges, dark spots Eyes, ears, nose Facial structure

i ggl\iv,ersidad
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Visual features

Input image

Lincoln

W ashington

Ffferson

Obama B
Prediction

ﬁ in,ersidad
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Pixel representation

08

01

0.05

0.05

—> x(1) = [azgi),xg;) ...,azgf)]

NN allow us to build (learn) these features
If we build them correctly ©

Y

Feature extraction
Image Descriptor (in
this case global)

Classification
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Visual features

VNNID

Deep Learning automates what used to be the crucial step in traditional
Machine Learning (shallow learning) workflow: Feature engineering.

4.0

TRADITIONAL MACHINE LEARNING

Feature extraction Classification

DEEP LEARNING

Output

Page 42
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Visual features

. Feature hierarchy: Each layer’s input is the output of the previous layer’s output.
. The deeper you go in the network, the more complex the features become.
. All layers’ weights are learnt jointly, at the same time, rather than in a succession.

VNNID

4.0

Low level features

Input X

'

Layer
(data transformation)

'

Edges, dark spots

Mid level features

Layer
(data transformation) Eyes, ears, nose
+ High level features
Predictions
"Llfr
Page 43 % S erstiad Facial structure
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Visual features

What we know so far? Dense Layer
. Fully connected Neu IN tw rk
Densely connected: every input is nected to output

(/‘%\QMQ/ =

/«» «»\ @
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Visual features

Input:
* 2D Image we convert to a
vector of pixel values

VNNID

4.0

 We are losing spatial information!!

* Many parameters. Densely connected, because we are connecting every single pixel to
every single neuron in our hidden layers.

How can we use spatial structure in the input to inform the architecture of the network? We
should be able to use this prior knowledge we have...

i geniv,ersidad
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i i O
Visual features: Image Convolution =
How to keep spatial structure =» Connect patches of the input to neurons in the JZ>
hidden layer of the neural network. 4.0

The neuron connected to the region of the input only “sees” this value. In other words, this neuron is only
influenced by the patch connected to it.

| 000000000000
Input: 0/0/0/0/00/0/0/0/00/0/0/0'®
* 2D Image *.*. ‘*.*.f‘§.*'*."§‘§‘*.*

* Array of pixel ‘§.§‘ $AAB LSRN ‘*

OO0

values

Yo aa a'ale’a
00 C 00 90000
<P N e atata'
Sifsisstiacies
e alele e et
0000000000000 ws
LI KNI NN
el
XX

00000000

e s eeeeek
0/0/0/0/0/00 0000

OO0

&

00000000000
IO
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Image Convolution

VNNID

Connect patches of the input to neurons in the hidden layer.

4.0

Use a sliding window to define connections.

How can we weight the patch to detect particular features? Using filters!

0900 0000000000
0/05'20/0'0/0/09/0'0'0
00069 505'000/0'0'0

&
glosasseee
LI

“ .\V‘\’\\\\
0000000052
C%NWWHNUUUWWU$5S§\
SIS
0/0/00/00/0/0'000'00'e
PSS S>>
9000000000000
PP IS S > <>
XXX LXAXXLXNARD
0/0/00/00/0/0'000'00'0
PP >
0/0/00/00/0'0'000
0/0/0000/0'0'00000'0
LA LLXALIX0K
OO

Instead of weighting single pixel values, we are going to weight these patches

ﬁ &Tiv,ersidad
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Image Convolution -
From the example: <
* Filter of size 4x4: 16 different weights %

* Apply same filter to 4x4 patches to all image:
we will use the result of this operation to define the neuron state in
the next hidden layer

* Shift by 2 pixels for next patch

This “patchy” operation is convolution ©

1. A patch (2D-array, matrix) with a set of weights is a filter.

2. Each filter highlights a different type of local feature

For example, horizontal/vertical edges

Applying many different filters, you would get different local features.

4, SpatiaIIy share parameters of each filter (i.e., features that matter in one part of the input should

w

matter elsewhere).

i geniv,ersidad
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Image Convolution

VNNID

4.0

Laplacian Sobel H Sobel V Emboss
0O -1 O —1 —=2 =l =1 @ 1 -2 =1 0
[—1 4 —1] 0 0 0 —2 U 2 -1 1 1
0O -1 O 1 ’, 1 = 9 "l 0 1 2

universidad
deledn

ﬂ Adapted from CVBLAB
Page 49 X
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Image Convolution

Convolution operation

VNNID

Operation between two functions, that give a third function that expresses how the shape of one
function is modified by the other

gx,y) = f(x,y) * h(x,y)

4.0

Instead of working with functions , we work with images. Matrixes with Image pixel values

fx,y) = I(x,y)

Operation between two images, that give a third image that expresses how the shape of one image is
modified by the other

resultingimage = originaliymqge * kernelipmage

fr,y)  +  h(xy)

[ o I
o r O
[ = I =

g(x,y)

Operation between images of the same size. Summation of the multiplication of those elements that
occupy the same position in the matrix.

ﬁ &Tiv,ersidad
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Image Convolution

Convolution operation

SO 000000/0/0'0

QIQ’:’i e Sesee’el
i e

0200 200,58 SV0'0

. P
ss'See S0
X

VNNID

4.0

090000000000
CIXLIX

o000 e
atata( ¢y
@' X3

Convolved
Feature

Image

i grl\iv,ersidad
Page 51 ¥ Tleon




=&

Table of contents

VNNID

Introduction

4.0

Neural Networks

Image Convolution
Convolutional Neural Networks
Issues with CNNs

Some Applications

N o v ke W

Hands on: Automatic classification of inserts using image classification with CNN

Page 52

% &rl\‘ie\g?‘rsidad




Liu, Z., Mao, H., Wu, C. Y., Feichtenhofer, C., Darrell, T., & Xie, S. (2022). A convnet for the 2020s. In Proceedings of the IEEE/CVF conference on computer vision and pattern recognition (pp. 11976-11986).

Page 53

Convolutional Neural Networks

Convolutional Neural Networks (CNN): type of NN architecture with three
types of layers:
- Convolutional layers: Convolve the input data. Extract feature maps.
- Non-linearity
- Pooling layers: Keeps the most important features (subsampling).
- Fully connected layers: Classification layers.

Some examples: Inception v3, ResNet, VGG16, ..., EfficientNets, ConvNeXts*

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

- Adapted from CVBLAB
i niversidad
n gleon
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Convolutional Neural Networks
Definition of CNN

VNNID

* A Convolutional Neural Network (CNN) takes images

4.0

* The first layers of these networks are a set of convolutional layers and pooling layers. That
make possible to learn meaningful features directly from the images instead of using
handcrafted features.

* They are usually followed by a set of fully connected layers that carry out the classification
using the patterns learnt before.

214 214 215 214 214 215 215 216 — -
214 214 214 214 214 215 215 216 wEapﬂn 08
213 214 214 214 214 215 215 216

213 214 214 214 214 214 215 215
213 213 213 213 213 214 214 215 Drugs 0.1
212 212 212 212 212 213 213 213 -
210 211 211 211 211 212 212 212
209 210 210 210 211 211 211 212 % cC

209 209 209 209 210 210 211 212 005
208 208 208 208 208 209 210 210
205 205 205 205 205 206 207 208
204 204 204 204 204 205 205 206 C.ID 005
203 203 203 203 203 204 204 205 -
202 202 201 202 202 202 203 203 — -
201 201 201 201 201 201 201 202
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https://keras.io/api/layers/convolution_layers/

Convolutional Neural Networks

CNN (Convolutional Layer) layers.Conv2D(16, 3, padding='same', activation="relu’)

 Fundamental difference with fully connected layers:
 Dense layers learn global patterns in the input feature space.
* Objective. Convolutional layers learn local patterns found in
small 2D windows.

4 4
g@ 4x4 filter: matrix
Wij xi+p‘j+q + b

of weights wj;

i=1j=1

for neuron (p,q) in hidden layer

* Convolutional layers can carry out convolutions to the input images
with multlple filters (or multiple features to extract).

* Each filter extracts different local features from the image.

* Filters (kernel values) are learnt during the training process.

ﬁ geniv,ersidad
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Convolutional Neural Networks -
CNN (Convolutional Layer) |

VNNID

e Convnets learn translation-invariant patterns: After

learning a pattern in one area of the image, it can be % {\\
recognized anywhere.

4.0

. . . A= 0= A AL
* Hierarchy: The output of one convolutional layer is the
input image of the next convolutional layer. N4
* They can learn spatial hierarchies of patterns: Convnets ® o
can increasingly complex and abstract visual concepts. BE
Low level features Mid level features High level features

Edges dark spots Eyes, ears, noe Facid gructure
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Convolutional Neural Networks

CNN (Convolutional Layer) layers.Conv2D(filters, kernel_size, strides)

VNNID

4.0

Layer dimension (on what depends)
* Border effect: When applying filters with size n x n, the output feature map will shrink some
rows and columns in the borders, because of the positions where the filter will not fit.

Pixels were the

/ filter will convolve

2 4(3|4
== >]a]3

1 2|13|4
feature map

* Stride: Number of pixels the filter will shift at convolution

7% 7 Input Volume 5 x 5 Qutput Volume 7 x7 Input Volume 3 x 3 Output Volume
ole] C1 ] o[ > Stride 2
\\\
\\\ . ®
Stride 1
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Convolutional Neural Networks

CNN (Pooling layers) layers.MaxPooling2D()

VNNID

« Common practice to insert a pooling layer in-between successive convolutional layers.

4.0

* Function: Down sample the output data from the previous conv layer.

» Useful because:

* Reduces the number of parameters and, therefore, computation.
* Controls overfitting..

* Induce spatial filter hierarchies by making successive convolution filters to look at increasingly
large windows.

 Normally use max pooling: Max operation on 2x2 windows with stride 2

Single depth slice

% 11112 |4
max pool with 2x2 filters
oNmoN 7 | 8 and stride 2 6 | 8
3 | 2 INIEG ] 3|4
1 | 2 S

¥ Q&%rsidad y
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Convolutional Neural Networks

CNN (Fully Connected layers) layers.Dense(128, activation="relu'),
layers.Dense(num_classes)

VNNID

4.0

Finally, convolutional and pooling layers are connected to fully connected layers to make the
final predictions.

Therefore, the output of the convolutions and down samplings is flattened (i.e., converted into
a feature vector) and used as an input for fully connected layers, which will carry out the
classification.

— CAR
— TRUCK
— VAN

|j |:.| — BICYCLE

TN

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN  CNEcTep SOFTMAX
FEATURE LEARNING CLASSIFICATION
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Convolutional Neural Networks
CNN (Summary)

In summary, given an input image, the feature learning part (a.k.a. Convolutional
base):

1. Learns features in input image through convolution.

2. Introduce non-linearity through activation function (e.g. ReLU)

3. Reduce dimensionality and preserve spatial invariance with pooling.

VNNID

4.0

2

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING

~

FEATURE LEARNING

T

Page 60
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. O
Convolutional Neural Networks =
In the classification part: JZ>
* Features are flattened 410

* And given as an inputs to fully connected layers to make predictions

eyi
softmax(y;) =
Z . eYi
J
— CAR
z ; — TRUCK
— VAN
g |:| BICYCLE
FLATTEN coLur:grm SOFTMAX
Y

CLASSIFICATION
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Convolutional Neural Networks

Architectures

Image Maps

VNNID

Lee-Net (LeCun et al. 1998) Input

Kﬂ\m AN\

Fully Connected

4.0

AlexNet (Krizhevsky et al. 2012)

Convolutions

Subsampllng

VGGNet (Simonyan and Zisserman, 2014)

13 13 13

GoogleNet (Szegedy et al. 2014)

ResNet (He et al. 2015)

=

i}
w
w

I relu

FractalNet (Larsson et al. 2017)
MobileNets (Howard et al. 2017)

F(x) + x

192 192

Pooling

X

F
o) identity

EfficientNet (Tan and Le, 2019)

ConvNeXt (Liu et al. 2022)

X
Residual block
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Table of contents

VNNID

Introduction

4.0

Neural Networks

Image Convolution
Convolutional Neural Networks
Issues with CNNs

Some Applications

N o Uk~ wbh e

Hands on: Automatic classification of inserts using image classification with CNN

Page 63
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Convolutional Neural Networks

Issues

VNNID

 Deep learning can find features in the training data on its own when an amount of data large
enough is available. Especially in the case of high dimensional data.

4.0

 What is “large enough”? In the context of ConvNets, a few thousands (depending on number
of classes, etc.) of images is considered a small dataset.

Tor darknet

i I;"'\a
LY
\ W i
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Convolutional Neural Networks

Issues

VNNID

Basic approaches
* Training a new model from scratch + data augmentation
* Transfer Learning: feature extraction with a pre-trained network
* Fine-tuning a pre-trained network

4.0

% gerl\‘ie\g?‘rsidad
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Convolutional Neural Networks

Training a new model from scratch + data augmentation

VNNID

4.0

Working with a small amount of data:
the network cannot properly learn all
the possibilities -> Overfitting

Data augmentation generates more
training data from existing training
samples.

Data is augmented via random
transformations that yield believable-
looking images. It helps expose the
model to more aspects of the data and
generalize better.

% Q&%rsidad
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Convolutional Neural Networks

Transfer Learning: feature extraction with a pretrained network

VNNID

* Pretrained network: Saved network that was previously trained on a large dataset.
* Typically, trained on a large image-classification task such as ImageNet (1.4M images, 1000 classes:
animals, objects, etc.).

4.0

* Such general network can be repurposed for different problems.
* Pretrained networks publicly available (e.g. in the module keras.applications).

 Examples:
*  Xception.

* VGG16
e VGGI19
* ResNet50

* InceptionV3

ﬁ &Tiv,ersidad
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Convolutional Neural Networks

Transfer Learning: feature extraction with a pretrained network

VNNID

e Consists of using a pretrained network to extract features from new images using its
convolutional base.

4.0

 These features are then run through a new classifier, which is trained from scratch.
e Alternative: Add fully connected layers or freeze the convolutional base

Prediction Prediction Prediction

$ } ! “cat”
Trained in New classifier |
classifier ssifi (randomly initialized)
; : ; O v @
Trained Trained Trained
convolutional convolutional convolutional
base base base
(frozen) I~ ) v |||~ j
- EE—
O O
e
Input Input Input
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Convolutional Neural Networks

Transfer Learning: feature extraction with a pretrained network

VNNID

* Consists of using a pretrained network to extract features from new images using its
convolutional base.

* These features are then run through a new classifier, which is trained from scratch.

4.0

e Alternative: Add fully connected layers or freeze the convolutional base

T

INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING

~

FEATURE LEARNING
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Convolutional Neural Networks

Fine-tuning a pre-trained network

* Consists on freezing the convolutional base except a few
layers on top of it, and jointly training this non-frozen part
and the fully connected layers added on top of it.

* Only fine-tune the top layers of the convolutional base once
the classifier on top has been trained.

* Steps:

1.

vk wnN

% Q&%rsidad

Add dense network on top of an pretrained network.

Freeze the convolutional base.

Train the added part.

Unfreeze some top layers in the convolutional base.

Jointly train both these layers and the Dense layers added before.

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Convolution2D

Convolution2D

Convolution2D

MaxPooling2D

Flatten

Dense

oo LD SO 0

Conv block 1:
frozen

Conv block 2:
frozen

Conv block 3:
frozen

Conv block 4:
frozen

We fine-tune

Conv block 5.

We fine-tune
our own fully
connected
classifier.
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Some applications
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Beyond classification
Semantic Segmentation Object Detection Image Captioning

P T

VNNID

4.0

CAT CAT, DOG, DUCK The cat isin the grass
Ingance Segmentation
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Cybersecurity
Spam detection & classification

Botnet Detection : Malware detection

VNNID

B
o

Ransomware Detection

ZN protege
g tuempresa
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Self driving cars

VNNID

4.0

w&ww Buijood “ll '
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Healthcare

INPUT IMAGE EXTRACT PHENOTYPE OUTPUT SYNDROMES
= MR XL Bain Type
Angelman
Prader-Willi
Ch 1p36 del
Down
Holoprosencephaly
Potocki—Lupski
Phelan—McDermid
Fetal alcohol
Rett
Fragile X MR
Williams—Beuren
Trisomy 18
Tetrasomy 18
DiGeorge
Greig CPS
Rubinstein-Taybi
Velocardiofacial
Skraban—Deardorff
Lubs XL MR

J

VNNID

4.0

TR

\

SIMILARITY SCORE

Phelan—McDermid |
Trisomy 18 |
DiGeorge (i

ang —— Williams—Beuren (I
- A Holoprosencephaly |
INPUT IMAGE MAX POOLING {8 3 | Tetrasomy 18 (I
MAX POOLING MAX POOLING Rubinstein-Taybi |l
A Lubs XL MR [

Fragile X MR |
Prader—Willi |E——

» I » I»MRXLBainType_

¥
B

»

Angelman (I————
Ch1p36 del |nm——

(@]
o

NV 7x7x160

A\ 4

CONV 13x13x128
A 4

CONV 50x50x64 Fetal Alcohol |
CONV 100x100x32 4 L 4 —_— ‘ AVG FULLY potocki-Lupski (I
¥ — —— POOLING CONNECTED gett —
' Greig CPS [mmm
is i = CONV 7X7X322 Skraban—Deardorff [l
; N CONV 13x13x256 Velocardiofacial [l
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Industry 4.0

VNNID

4.0

\ »
N OGS
NS D
i Robotics Figure from https://www.sick.com/at/en/deep-learning-as-motor-for-industry-40/w/blog-deep-learning/
niversidad et I - . e
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https://www.anybotics.com/computer-vision-and-synthetic-data-are-key-to-training-autonomous-robots/
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Hands on: Automatic classification of inserts
using image classification with CNN
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