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L'intelligence artificielle moderne...

e se programme elle-méme;
e résoud des problemes complexes;

e lit, écrit, entend, parle et voit.
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L'lA se programme elle-méme
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Comment estimer la pression artérielle d'un
patient en I'absence de tensiometre?

Pression systolique

N
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Les programmes classiques

On écrit un programme qui prend I'age d'un patient et retourne une pression
artérielle en suivant une suite d'instructions pre-définies.

def blood_pressure (age) :

if age < 20:

Age— a SPress.ion return 120
y5t0“que elif age < 40:
return 130

Programme else:

return 140



N
Le machine learning .
On écrit un programme qui apprend, de lui-méme
et sans instructions pré-établies, a predire la g
pression artérielle a partir d'exemples. =
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Credits: Frangois Fleuret, 2023.

\ |/
s -
i@: )
SN

“Régression linéaire”

Pression
Systolique

Pression systolique

A4



Credits: Frangois Fleuret, 2023.
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Credits: Frangois Fleuret, 2023.
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Credits: Frangois Fleuret, 2023.
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Credits: Frangois Fleuret, 2023.
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Credits: Frangois Fleuret, 2023.
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Credits: Frangois Fleuret, 2023.
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Les réseaux de neurones

Des neurones artificiels peuvent étre définis comme des fonctions
mathématiques qui prennent des entrées x, les transforment, et retournent des
sorties y.

Ces neurones peuvent ensuite étre organisés en couches interconnectées, pour
former des réseaux de neurones artificiels.
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Cette strategie rappelle la plasticité des réeseaux de neurones naturels
permettant au cerveau de créer, renforcer ou défaire les connexions entre les
neurones pour apprendre.

Les réseaux de neurones Les réseaux de neurones Les réseaux de neurones
avant lentrainement aprés 2 semaines de aprés 2 mois de stimulation
stimulation cognitive cognitive
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A grande échelle, ces modeéles sont capables d'extraire de I'information & partir

d'image, de son, ou de texte.
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... ou de produire des images, du son, ou du texte.
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Credits: Frangois Fleuret, 2023.
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Comme precedemment, les réeseaux de neurones sont l
entrainés en ajustant leurs parametres pour minimiser
l'erreur entre leurs prédictions et les vraies valeurs.
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Le deep learning (ou apprentissage profond) applique la méme stratégie, mais
a une échelle beaucoup plus grande encore:

 en utilisant des réseaux de neurones gigantesques (jusqu'a 10!
parametres),

e en s'entrainant sur des données les plus larges possibles (TBs ou PBs),

e en utilisant des ressources de calcul dédiées (des data centers entiers).

Crop and concatenate

Crop and concatenate

Crop and concatenate

Crop and concatenate
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L'lA résoud des problémes
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Real world input

Model input

6000 square feet,
4 bedrooms,
previously sold for
$235K in 2005,

1 parking spot.
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“The steak was terrible,
the salad was rotten, and
the soup tasted like socks”
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“Skill without imagination
is craftsmanship and gives us
many useful objects such as

wickerwork picnic baskets.

Imagination without skill

gives us modern art.”
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“Teddy bears mixing
sparkling chemicals as
mad scientists, in
a steampunk style.”
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Real world output

“l draw a jackal-headed
woman in the sand,
Sing of a lover’s fate

sealed by jealous hate”

“L'habileté sans I'imagination

est de l'artisanat et nous
donne de nombreux objets
utiles tels que des paniers

de pique-nique en osier.
Limagination sans habileté
nous donne I'art moderne.”

La plupart des problemes d'lA peuvent étre formulés comme des taches de
prédiction ou I'objectif est de prédire une variable y a partir d'une variable x.

Credits: Simon J.D. Prince, 2023.


https://udlbook.github.io/udlbook/

Des réseaux des neurones spécialisés peuvent ainsi étre entrainés et atteindre
des performances supérieures a celles de I'homme sur des taches complexes.

A person riding a
motorcycle on a dirt road.

Two dogs play in the grass.

e I: Jane went to the hallway.

I: Mary walked to the bathroom.
I: Sandra went to the garden.

o I: Daniel went back to the garden.
__ghting aver he pack. I: Sandra took the milk there.

Q: Where is the milk?

A: garden

(Haut) Compréhension de scene, estimation de pose, raisonnement
géometrique.
(Bas) Planification, annotation d'images, compréhension a la lecture.

Credits: Frangois Fleuret, 2023. 16/40



Les réseaux de neurones forment des primitives qui peuvent étre transférées a
de nombreux domaines.

Target Measurement
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(Haut) Analyse des lames histologiques, débruitage des images IRM, détection
des naevus. (Bas) Reconstruction de I'hémodynamique corporelle a partir de
PPGs.

17740



Autonomous cars (Waymo, 2022)
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https://www.youtube.com/watch?v=hA_-MkU0Nfw
https://www.youtube.com/channel/UCh5Yo6HN5b2Hco70HosIzZA?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

Powering the Future of Clean Energy | | AM ... Y ~»
: e Later bekij... Delen
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LLML Fusion Reactor

Powering the future of clean energy (NVIDIA, 2023)
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https://www.youtube.com/watch?v=zrcxLZmOyNA
https://www.youtube.com/channel/UCHuiy8bXnmK5nisYHUd1J5g?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

How Al is advancing medicine (Google, 2018)
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https://www.youtube.com/watch?v=AbdVsi1VjQY
https://www.youtube.com/channel/UCK8sQmJBp8GCxrOtXWBpyEA?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

Le deep learning peut également résoudre des problemes que personne ne
pouvait résoudre auparavant.
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AlphaFold: D'une séquence d'acides aminés a une structure 3D

nature

Explore content ~  About the journal ~  Publish with us +

nature » articles » article

Article | Open access | Published: 15 July 2021

Highly accurate protein structure prediction with
AlphaFold

John Jumper &, Richard Evans, Alexander Pritzel, Tim Green, Michael Figurnov, Olaf Ronneberger, Kathryn

Tunyasuvunakool, Russ Bates, Augustin Zidek, Anna Potapenko, Alex Bridgland, Clemens Meyer, Simon A.

A. Kohl, Andrew J. Ballard, Andrew Cowie, Bernardino Romera-Paredes, Stanislav Nikolov, Rishub Jain,

Jonas Adler, Trevor Back, Stig Petersen, David Reiman, Ellen Clancy, Michal Zielinski, ... Demis Hassabis &

=+ Show authors

Nature 596, 583—-589 (2021) | Cite this article

1.42m Accesses | 12k Citations | 3493 Altmetric | Metrics

Abstract

Proteins are essential to life, and understanding their structure can facilitate a mechanistic
understanding of their function. Through an enormous experimental effort1234, the

David Baker, Demis Hassabis,

_ and John Jumper awarded
small fraction of the billions of known protein sequences®Z, Structural coverage is Nobel Prize in chemistry for

structures of around 100,000 unique proteins have been determined?, but this represents a

bottlenecked by the months to years of painstaking effort required to determine asingle protein innovations

protein structure. Accurate computational approaches are needed to address this gap and to
enable large-scale structural bioinformatics. Predicting the three-dimensional structure that
a protein will adopt based solely on its amino acid sequence—the structure prediction

component of the ‘protein folding problem’8—has been an important open research problem

for more than 50 vear<? Dec<nite recent nroorecsld1L12,13,14 evictine methods fall far <hort of



(@) AlphaFold: The making of a scientific breakt... L ~»

Al for Science (Deepmind, AlphaFold, 2020)
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https://www.youtube.com/watch?v=gg7WjuFs8F4
https://www.youtube.com/channel/UCP7jMXSY2xbc3KCAE0MHQ-A?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

Découverte de médicaments avec des graph neural networks

Cell

A Deep Learning Approach to Antibiotic Discovery
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Authors

Jonathan M. Stokes, Kevin Yang,
Kyle Swanson, ..., Tommi S. Jaakkola,
Regina Barzilay, James J. Collins

Correspondence

regina@csail.mit.edu (R.B.),
jimjc@mit.edu (J.J.C.)

In Brief

A trained deep neural network predicts
antibiotic activity in molecules that are
structurally different from known
antibiotics, among which Halicin exhibits
efficacy against broad-spectrum
bacterial infections in mice.



GraphCast: des prédictions météorologiques rapides et précises

a) Input weather state b) Predict the next state c) Roll out a forecast

GraphCast
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LlA lit, écrit, entend, parle et voit



The breakthrough

Decoder

[ re |

/ \
Attention Is All You Need !
| Add & norm |
! ]
! — I
1 Positionwise |
! FFN |
Encoder | |
Ashish Vaswani® Noam Shazeer* Niki Parmar*® Jakob Uszkoreit*
Google Brain Google Brain Google Research Google Research ! |
avaswani@google.com noam@google.com nikip@google.com usz@google.com | |
—---- ! Add & norm [y 1
[ v | 1 [[Add8nom |
Llion Jones® Aidan N. Gomez* Lukasz Kaiser* ] |
Google Research University of Toronto Google Brain : Add & norm | | |
1lion@google.com aidan@cs. toronto.edu lukaszkaiser@google.com | 1 : Muti_head : Xn
P - ] i
Illia Polosukhin® : Positionwise l | attention |
illia.polosukhin@gmail.com | FFN | | } } ’ |
+ —
i |
|
| |
Abstract nx 3 | : _Add & norm :
norm |
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performing models also connect the encoder and decoder through an attention A ] A |
mechanism. We propose a new simple network architecture, Ihrr\: Transformer, | Multi head | | multi head |
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In the 1960s, Armstrong
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In the 1960s, Armstrong performed
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In the 1960s, Armstrong performed a moonwalk
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In the 1960s, Armstrong performed a moonwalk on the
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In the 1960s, Armstrong performed a moonwalk on the lunar
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In the 1960s, Armstrong performed a moonwalk on the lunar surface

and said
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What does it mean to predict the next token well enough? It's actually [..] a deeper
question than it seems. Predicting the next token well means that you understand
the underlying reality that led to the creation of that token.

llya Sutskever, 2023.
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Une simplicité brutale: De plus grands modeles, entrainés sur plus de données,
et plus de ressources de calcul continuent de repousser les limites de ce qui
est possible, sans signe de ralentissement.

w
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Help me pick
a gift for my dad who loves fishing

Make up a story
about Sharky, a tooth-brushing shark superhero

@ Sendamessage

Brainstorm edge cases
for a function with birth

Create a personal webpage for me
after asking me three question:




Conversational Al assistants (Anthropic, 2024)
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https://www.youtube.com/watch?v=-dWfl7Dhb0o
https://www.youtube.com/channel/UCrDwWp7EBBv4NwvScIpBDOA?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md
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Code assistants (Cursor, 2024)
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https://www.youtube.com/watch?v=o5uvDZ8srHA
https://www.youtube.com/channel/UCjHHCJSK2ZeEP9P1zsxtTzw?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

Rock, Paper, Scissors with GPT-40 Y ~»
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Not just text, but also images and sounds (OpenAl, 2024)
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https://www.youtube.com/watch?v=fWWCdqyYRPI
https://www.youtube.com/channel/UCXZCJLdBC09xxGZ6gcdrc6A?embeds_referring_euri=http%3A%2F%2F0.0.0.0%3A8003%2F%3Fp%3Dtalk.md

Et maintenant?
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The good

e L'|A est devenue un outil capable de résoudre des problemes complexes et
de faire des découvertes.

e L'interface homme-machine est en train de changer radicalement, avec des
assistants conversationnels facilitant l'utilisation du numérique.

e Les progres continuent a un rythme effréné.
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The bad

Les modeles de deep learning sont souvent difficiles a interpréter et a
expliquer.

e L'IA setrompe, et peut se tromper de maniere catastrophique malgré les
apparences de precision.

e L'IA génere massivement du contenu de faible qualité ("Al slop") qui pollue
l'information et dévalue le travail créatif humain.

e Les modeles de deep learning sont devenus tres gros et necessitent des
ressources de calcul importantes, avec des consequences
environnementales significatives.
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Data Centre Projected Yearly Energy Use (U.S.)

A\ Al ACTION 1000
/s summiT
International
Al Safety Report
The International Scientific Report I i) 750
on the Safety of Advanced Al
January 2025 /
=
250
0]
2020 2022 2024 2026 2028 2030

"Al is a moderate but rapidly growing contributor to global environmental
impacts through energy use and greenhouse gas (GHG) emissions. Current
estimates indicate that data centres and data transmission account for an
estimated 1% of global energy-related GHG emissions, with Al consuming 10-
28% of data centre energy capacity. Al energy demand is expected to grow
substantially [...]"

Credits: Bengio etal, 2025 (arXiv:2501.17805).


https://arxiv.org/abs/2501.17805

3

The ugly

e Les modeles de deep learning sont biaisés et peuvent perpétuer des
discriminations.

e Les utilisations malveillantes de I'lA sont de plus en plus fréquentes (deep
fakes, bots, manipulation, etc).

e Dans tous les domaines de la société, une dépendance a I'lA s'installe, avec
des risques de déshumanisation, de perte de contrdle, et de perte de
compétences cognitives.
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Updated: JUN 23, 2025 4:16 PM CET

ChatGPT May Be Eroding
Critical Thinking Skills,
According to a New MIT
Study

TECH ARTIFICIAL INTELLIGENCE o

g by Andrew R. Chow
CORRESPONDENT “ChatGPT May Be Eroding

Critical Thinking Skills,

"Students who used ChatGPT while completing SAT-style essays showed the
lowest levels of brain activity. Furthermore, their writing became increasingly
formulaic, forgettable, and lacking original thought. Over time, students became
increasingly passive and disengaged. Many couldn't recall what they'd written or
revise their work without Al support, proof that they weren't truly learning.’



The end.
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