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Reminder

Deep learning Example:

Shallow Example: Example:

Logistic
regression

Example: autoencoders
MLPs

Representation learning

Machine learning

Different types of Artificial Intelligence. From Goodfellow et al, 2016
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First Neural Network Model : The Perceptron
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First probabilistic model of a neuron proposed by Rosenblatt,

2/19



First Neural Network Model : The Perceptron
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First Neural Network Model : The Perceptron
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First Neural Network Model : The Perceptron

X1 b1
X2 bz
Y= W W ... Wn} N
Xn bn

Uw X 5/19



First Roadblock : XOR problem
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First Roadblock : XOR problem
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1980’s : First Deep Neural Networks

- Non-linearity (e.g. ReLu)

g(2) = max{0, z}

Rectified Linear Unit. Figure from Goodfellow et al,, 2016
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1980’s : First Deep Neural Networks

input hidden layer

- Non-linearity (e.g. ReLu)
- Multi Layer Perceptron

Multi Layer Perceptron



1980’s : First Deep Neural Networks

- Non-linearity (e.g. ReLu)
- Multi Layer Perceptron

- Gradient Descent and
Backpropagation
Rumelhart, 1986

(o)L

Gradient descent example. Figure from Goodfellow et al,, 2016
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As matrices
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1990’s : First Successes

- MNIST
LeCun, 1998

Rl
o

Images from MNIST

Modified National Institute of Standards and Technology



1990’s : First Successes

- MNIST
LeCun, 1998
- LeNet
LeCun et al., 1989b

Modified National Institute of Standards and Technology

convolution
convolution

pooling

6@14xia
2 feature map —
26x28 image 6628:28 16@10x10

C1 feature map o toaamap S foature map

LeNet5.
Figure from Zhang et al. - https://github.com/d21-ai/d21-en
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https://github.com/d2l-ai/d2l-en

1990’s : First Successes

- MNIST
LeCun, 1998

- LeNet
LeCun et al., 1989b

- Convolutional Neural
Network (CNN)
LeCun et al., 1989a

sparse connectivity with CNNs.
Figure from Goodfellow et al,, 2016
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Good proof of concept but too costly in computing power and datasets

WHEN A USER TAKES A PHOTO,
THE APP SHOULD CHECK WHETHER
THEY'RE IN A NATIONAL PARK ....
SURE, ERSY GIS LOOKUR
GIMME A FEW HOURS.

... AND CHECK UHETHER
THE PHOTD 15 OF A BIRD.

ILLNEEDARESEHRO‘I

% TEAM AND FNEYEHRS

INC5, IT CAN BE HARD T EXPLAIN
THE DIFFERENCE BETWEEN THE EASY
AND THE VIRTUALLY IMPOSSIBLE.
XKCD comic from 2014
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Good proof of concept but too costly in computing power and datasets
..until
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Good proof of concept but too costly in computing power and datasets
..until
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2010’s : CNN revolution

- ImageNet
Deng et al.,, 2009
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2010’s : CNN revolution

- ImageNet
Deng et al.,, 2009

- AlexNet
Krizhevsky et al., 2012

AlexNet. Figure from Krizhevsky et al,, 2012
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2010’s : CNN revolution

- ImageNet
Deng et al.,, 2009
- AlexNet
Krizhevsky et al., 2012 . X.
identity
- ResNet

He et al,, 2016

A residual connection. Figure from He et al, 2016
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2010’s : CNN revolution

- ImageNet
Deng et al.,, 2009
- AlexNet
Krizhevsky et al., 2012 . X.
identity
- ResNet

He et al,, 2016

A residual connection. Figure from He et al, 2016

His 2016 paper Deep Residual Learning for Image Recognition is the most cited research
paper in 5 years according to Google Scholar's reports in 2020 and 2021.[71(8]
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2010’s : CNN revolution

- ImageNet
Deng et al.,, 2009

- AlexNet

Krizhevsky et al., 2012
- ResNet

He et al,, 2016

- YOLO, mask-RCNN...
He et al.., 2017, Redmon YOLO. Figure from Redmon et al,, 2016
et al,, 2016

Class probability map
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2020's : Transformers ...

- Attention is all you need
Vaswani et al., 2017

Output
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(shifted right)
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2020’s : Transformers ... and Self Supervised Learning

- Attention is all you need
Vaswani et al., 2017

- LLMs (GPT, BERT...)
Devlin et al., 2019

. MISTRAL
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2020’s : Transformers ... and Self Supervised Learning

Vision Transformer (ViT) Transformer Encoder

- Vision Transformer
Dosovitskiy et al,, 2020

Transformer Encoder
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Figure from Dosovitskiy et al.,, 2020
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2020’s : Transformers ... and Self Supervised Learning
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Figure from He et al,, 2022
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2020’s : Transformers ... and Self Supervised Learning

- Vision Transformer
Dosovitskiy et al,, 2020

- Masked Auto Encoder
He et al,, 2022

- DINO
Caron et al,, 2021

Figure from Caron et al,, 2021
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A lot left out!

Finetuning

Uw g 17/19



A lot left out!

Finetuning

Games
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A lot left out ! ) )
Reinforcement learning

Finetuning

Games
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A lot left out!

Finetuning

Games

Time series

Reinforcement learning
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A lot left out!

Finetuning

Games

Time series

Reinforcement learning

Speech recognition
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A lot left out!

Finetuning
Games

Image generation

Time series

Reinforcement learning

Speech recognition
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A lot left out!

Finetuning
Games

Image generation

Time series

Reinforcement learning

Diffusion models

Speech recognition
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A lot left out ! ) )
Reinforcement learning

Finetuning
Games

Image generation

Diffusion models
Time series Speech recognition
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Useful ressources

State of the art

- Huggingface

- PapersWithCode
Getting started

- Pytorch

- Keras

Understanding papers
- Yannic Kilcher
- Al coffe break
Understanding visually
- 3bluelbrown

- deepia

18/19


https://huggingface.co/
https://paperswithcode.com/sota
https://docs.pytorch.org/tutorials/
https://keras.io/getting_started/
https://www.youtube.com/@YannicKilcher
https://www.youtube.com/@AICoffeeBreak
https://www.youtube.com/@3blue1brown
https://www.youtube.com/@Deepia-ls2fo

Thanks for you attention !

Let's practice !
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Sidestep : Transformers

All

data

in

deep
learning
must

be

represented
as
vectors

Adapted from 3bluelbrown
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represented

vectors



https://www.youtube.com/@3blue1brown

Sidestep : Transformers
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Sidestep : Transformers

ueen
d night

The knight saves the queen



Sidestep : Transformers
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Queen takes knight , checkmate !



Sidestep : Transformers

He was knighted by Queen Elizabeth Il



Sidestep : Transformers
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