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  Réseaux de Neurones Profonds

• Domaine algorithmique et empirique avec des applications 
spectaculaires et soulève des questions fondamentales. 

• But du cours: essayer de comprendre comment et  pourquoi cela 
marche.  

• Au-delà de l’algorithmique: 
• Besoin de nouveaux outils mathématiques: statistiques, 

probabilités, optimisation, analyse harmonique, systèmes 
dynamiques, géométrie… 

• L’intelligence artificielle 
• « L’architecture de la complexité » en sciences et sciences 

humaines.



         Analyse de Données 

Texte

d ⇠ 106

mole de matière

d ⇠ 1024

Reseau social

d ⇠ 109

Image 2D/3D

d ⇠ 106
Données diverses mais avec un grand nombre d de variables

- compression, restauration, synthèse
• Modeliser: capturer la nature et la variabilité des données

analyse de textes ou traductions, prédire la physique...

• Prédire: estimer la réponse d’une question à partir de données

Apprentissage statistique Intelligence artificielle

- Reconnaissance d’images ou de sons, diagnostics médicaux,

d ⇠ 106/mn

Audio



given n sample values {xi , yi = f(xi)}in

• High-dimensional x = (x(1), ..., x(d)) 2 Rd
:

• Classification: estimate a class label f(x)

    Prediction: Supervised Learning

Image Classification d = 106

Anchor Joshua Tree Beaver Lotus Water Lily

Huge variability

inside classes

Find invariants



• High-dimensional x = (x(1), ..., x(d)) 2 Rd
:

• Regression: approximate a functional f(x)

given n sample values {xi , yi = f(xi) 2 R}in

Astronomy Quantum Chemistry

Physics: energy f(x) of a state vector x

Importance of symmetries.

    Prediction: Supervised Learning



       Algorithmes d’Apprentissage

Algorithmex
paramétré

ỹ

xi ỹi ⇡ yiExemples

x

Estimer la réponse y à partir des données x

estimation

Quel est cet animal ? y = chien

Informatique: développer des algorithmes e�caces

Mathématiques: comprendre les conditions de généralisation

Généralisation si peu d’erreur pour des x inconnus: ỹ ⇡ y

Apprentissage: optimise les paramètres pour faire peu
d’erreur sur les exemples ỹi ⇡ yi

régularité

Supervisé
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Turbulence de fluide bidimensionnel (vorticité)

Turbulence tridimensionnelle de gaz interstellaire (hydrogéne, hélium)

• Estimate the probability density p(x)

of X(u) from few realisations {xi(u)}i

  Unsupervised Learning

Published as a conference paper at ICLR 2018

Figure 5: 1024 ⇥ 1024 images generated using the CELEBA-HQ dataset. See Appendix F for a
larger set of results, and the accompanying video for latent space interpolations.

Mao et al. (2016b) (128⇥ 128) Gulrajani et al. (2017) (128⇥ 128) Our (256⇥ 256)

Figure 6: Visual quality comparison in LSUN BEDROOM; pictures copied from the cited articles.

Our contributions allow us to deal with high output resolutions in a robust and efficient fashion.
Figure 5 shows selected 1024 ⇥ 1024 images produced by our network. While megapixel GAN
results have been shown before in another dataset (Marchesi, 2017), our results are vastly more
varied and of higher perceptual quality. Please refer to Appendix F for a larger set of result images
as well as the nearest neighbors found from the training data. The accompanying video shows latent
space interpolations and visualizes the progressive training. The interpolation works so that we first
randomize a latent code for each frame (512 components sampled individually from N (0, 1)), then
blur the latents across time with a Gaussian (� = 45 frames @ 60Hz), and finally normalize each
vector to lie on a hypersphere.

We trained the network on 8 Tesla V100 GPUs for 4 days, after which we no longer observed
qualitative differences between the results of consecutive training iterations. Our implementation
used an adaptive minibatch size depending on the current output resolution so that the available
memory budget was optimally utilized.

In order to demonstrate that our contributions are largely orthogonal to the choice of a loss function,
we also trained the same network using LSGAN loss instead of WGAN-GP loss. Figure 1 shows six
examples of 10242 images produced using our method using LSGAN. Further details of this setup
are given in Appendix B.

8

Under review as a conference paper at ICLR 2016

Figure 4: Top rows: Interpolation between a series of 9 random points in Z show that the space
learned has smooth transitions, with every image in the space plausibly looking like a bedroom. In
the 6th row, you see a room without a window slowly transforming into a room with a giant window.
In the 10th row, you see what appears to be a TV slowly being transformed into a window.

6.3.2 VECTOR ARITHMETIC ON FACE SAMPLES

In the context of evaluating learned representations of words (Mikolov et al., 2013) demonstrated
that simple arithmetic operations revealed rich linear structure in representation space. One canoni-
cal example demonstrated that the vector(”King”) - vector(”Man”) + vector(”Woman”) resulted in a
vector whose nearest neighbor was the vector for Queen. We investigated whether similar structure
emerges in the Z representation of our generators. We performed similar arithmetic on the Z vectors
of sets of exemplar samples for visual concepts. Experiments working on only single samples per
concept were unstable, but averaging the Z vector for three examplars showed consistent and stable
generations that semantically obeyed the arithmetic. In addition to the object manipulation shown
in (Fig. 7), we demonstrate that face pose is also modeled linearly in Z space (Fig. 8).

These demonstrations suggest interesting applications can be developed using Z representations
learned by our models. It has been previously demonstrated that conditional generative models can
learn to convincingly model object attributes like scale, rotation, and position (Dosovitskiy et al.,
2014). This is to our knowledge the first demonstration of this occurring in purely unsupervised

8

Under review as a conference paper at ICLR 2016

Figure 4: Top rows: Interpolation between a series of 9 random points in Z show that the space
learned has smooth transitions, with every image in the space plausibly looking like a bedroom. In
the 6th row, you see a room without a window slowly transforming into a room with a giant window.
In the 10th row, you see what appears to be a TV slowly being transformed into a window.

6.3.2 VECTOR ARITHMETIC ON FACE SAMPLES

In the context of evaluating learned representations of words (Mikolov et al., 2013) demonstrated
that simple arithmetic operations revealed rich linear structure in representation space. One canoni-
cal example demonstrated that the vector(”King”) - vector(”Man”) + vector(”Woman”) resulted in a
vector whose nearest neighbor was the vector for Queen. We investigated whether similar structure
emerges in the Z representation of our generators. We performed similar arithmetic on the Z vectors
of sets of exemplar samples for visual concepts. Experiments working on only single samples per
concept were unstable, but averaging the Z vector for three examplars showed consistent and stable
generations that semantically obeyed the arithmetic. In addition to the object manipulation shown
in (Fig. 7), we demonstrate that face pose is also modeled linearly in Z space (Fig. 8).

These demonstrations suggest interesting applications can be developed using Z representations
learned by our models. It has been previously demonstrated that conditional generative models can
learn to convincingly model object attributes like scale, rotation, and position (Dosovitskiy et al.,
2014). This is to our knowledge the first demonstration of this occurring in purely unsupervised

8



     Unsupervised Clustering 

• Unsupervised learning for classification

• Does not work in high dimension



     Curse of Dimensionality

local interpolation if f is regular and there are close examples:

• f(x) can be approximated from examples {xi , f(xi)}i by

?x

• To cover [0, 1]d at a distance 10�1 we need 10d points
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0 1

1

d=2

Problem: kx� xik is always large



    Kernel Classifiers: Linearize

x

V : hyperplane

w
�

Change of variable �(x) = {�k(x)}kd0 to nearly linearize
class boundaries, and approximate f(x) by:

f̃(x) = sign(hw,�(x)i+ b) = sign(
X

k

wk v
0
k + b

⌘

• How and when is possible to find such a � ?

camions de pompiers versus voitures

�(x) = (v01, ..., v
0
d)x = (v1, ..., vd)

discriminative
direction

A priori/learned ?



       Neurone Informatique

⌃

...

RectificateurSomme
w1

w2

w3

wm

Parcimonie

b

v1

v2

v3

vm

0 si
mX

k=1

vkwk < b

mX

k=1

vkwk � b sinon

• Début dans les années 1950

entrées

sortie

entrées

sortie

Un neurone est paramètré par les wk et le seuil b

McCulloch & Pitts : modèle de neurone de grenouilles

: inspiration biologique



       Réseaux de Neurones

couche 1 couche 2

v1

v2

v3

�(x)x

ỹ

Apprentissage: optimise les paramètres pour minimiser
les erreurs sur les exemples.

Information à priori: elle est dans l’architecture du réseau.

xi

ỹi ⇡ yi

�(xi)

Problèmes di�ciles d’optimisation.



Réseaux Convolutionnels Profonds

x couche 2

filtres

couche 1

parole, diagnostiques, traduction, en physique...
Prédictions exceptionnelles et génériques: pour l’image,

Centaines de millions de paramètres

Y. LeCun

Le �(x) a aplati les frontières. Comment ?

ỹ...

�(x)

filtres

• Les paramètres sont invariants par translations: filtres

filtres

Importance de l’architecture



         Plan du Cours

• Applications spectaculaires et questions mathématiques 
• L’origine: la Cybernétique: Wiener 1947, Herbert Simons 1960 
                    le Perceptron: Franck Rosemblatt 1957 
• Réseaux à deux couches:  
- Théorème d’approximation universelle: Cybenko 1988 
- Théorie de l’approximation 
• Réseaux multicouches: 
- Performances d’approximations ? 
- Optimisation par gradient stochastique: Robbins, Monro 1951 
- Rétro-propagation: Rumelhart, Hinton, Geoffrey 1986 
• Réseaux convolutifs: Y. LeCun 1990, Kriev. Hint. .Sus. 2012 
     Un monde algorithmique, mathématique et d’applications 



  Challenges de Données

• Calculer une prédiction ỹ de y à partir de données x

• Exemples supervisés {xi , yi}in

• Données de test {xt
i}int

• On doit calculer une prédiction ỹti de chaque yti inconnu

• Erreur évaluée par une fonction de risque r(ỹ, y)

Score = n�1
t

ntX

i=1

r(ỹti , y
t
i)

• Maximum 2 soumissions par jour
• Résultat intermédiaire en Juin et final en Décembre 2019.
• Oral en début Avril pour étudiants du MVA

challengedata.ens.fr



     Séminaires et Challenges

• 23 Janvier: Présentation de 7 challenges de données 
• 30 Janvier: Présentation de 7 challenges de données 
• 6 Février: Présentation des gagnants des challenges 2018 
• 13 Février: Josef Sivics, ENS, sur la classification d'images 
• 20 Février: Pitor Bojanowski , Facebook, sur la langage naturel  
• 27 Février : Cordelia Schmid, INRIA sur la classification vidéo 
• 6 Mars: Pas de cours et de séminaire. 
• 13 Mars : Yann Olivier, sur l’apprentissage par renforcement 
• 20 Mars: Chercheur de Owkin, sur l’imagerie médicale



     Applications: La Vision

Lecture 1 -  !
!
!

Fei-Fei Li!

Thorpe, et al.  Nature, 1996 

20:Sep:14'13'

• Reconnaissance d’animaux: 150ms



    La vision par ordinateur

• Quel sont les structures élémentaires ? paternes ? 
• Detection de contours, filtrage, détections de coins 
• Comment sont elles agencées ?  
• Qu’est-ce qui caractèrise une forme, un object ? 
• Représentation symbolique de la connaissance 
• Une approche influencée par le langage: la grammaire des images



  ImageNet Data Basis

• Data basis with 1 million images and 2000 classes



• Imagenet supervised training: 1.2 106 examples, 103 classes
15.3% testing error

  Alex Deep Convolution Network
A. Krizhevsky, Sutsever, Hinton

in 2012

Up to 150 layers!

New networks with 3% errors.

Pourquoi cela marche ?



        Image Classification Y LeCun
MA Ranzato

Object Recognition [Krizhevsky, Sutskever, Hinton 2012]

Quels types d’invariants (connaissance) ont été appris ?



      Erreurs sur ImageNet

Page 6

6 ADVANCED SEMINAR SS 2017: SURVEY OF NEURAL NETWORKS IN AUTONOMOUS DRIVING

from 26% to 16% [14].  This  led  to  dropping  classification
errors every year through various systems as shown in figure
11. Since then DNNs, in particular CNNs outperform any other
form  of  machine  learning  approach  by  orders  of  magnitude
especially  at  Computer  Vision  applications  such  as  object
detection and classification.

26,0 

16,4 

11,7 

7,3 6,7 
5,0 

3,6 3,1 
0,0 

5,0 

10,0 

15,0 

20,0 

25,0 

30,0 

XRCE 2012 (AlexNet) 2013 (ZF) 2014 (VGG) 2014 
(GoogLeNet) 

Human 2015 (ResNet) 2016 
(GoogLeNet-v4) 

ImageNet ClassificaHon Error (Top 5) 

2011 (XRCE) 

Figure  11.    Winner  results  of  the  ImageNet  large  scale  visual  recognition
challenge  (LSVRC)  of  the  past  years  on  the  top-5  classification  task:  The
green bar indicates the best computer vision approach, whereas the blue bars
are all deep neural network architectures. The human score is represented as
the  red  bar.  (The  values  for  the  diagram  are  compiled  from  the  image-net
homepage [36]).

3)  Blackbox  Problem:
[26], this is especially problematic in end-to-end realizations.
The  fact  that  it  is  not  really  visible  what  happens  inside  the
hidden  layers  between  in-  and  output  and  how  it  finally  gets
to  its  solution  is  the  reason  a  lot  of  companies  hesistate  to
use  DNNs.  Furthermore,  troubleshooting  and  debugging  can
sometimes be a hard task the deeper a network gets. Especially
in  applications  concerning  the  security  of  human  life  it  is
absolutely  necessary  to  know  exactly  what  the  system  does.
It is one major hindrance to first collect enough training data
of so called ”corner cases”, situations in autonomous driving
that  are  extremely  rare  but  dangerous  at  the  same  time,  and
later validate the behaviour of the network in those cases [19].

4)  Manipulability: Although    DNNs    perform    robust    in
various  conditions,  they  are  not  completely  secure  against
manipulation.  In  2013,  a  Group  of  Scientists  from  Google,
Facebook and some major US Universities published a paper
where  they  were  able  to  spoof  at  that  time  state-of-the-art
DNNs   such   as   AlexNet   with   putting   filters   or   minimal
distortions  over  test  pictures  that  a  human  eye  can’t  even
recognize   but   led   the   DNNs   to   drop   their   accuracy   by
a   factor   of   ten.   This   Problem   is   not   limited   to   camera
signals,   also   other   sensors   like   Lidar   are   spoofable   with
similar  tricks  [38].  To  overcome  this  problem,  techniques
like  the  previously  mentioned  data  augmentation  or  batch

Overview Stats Comments Citations References (31) Related research



k✏k < 10�2kxk+ ✏ = with

       Why Understanding ?

correctly
classified

classified as 
ostrich

x x̃
Szegedy, Zaremba, Sutskever, Bruna, Erhan, Goodfellow, Fergus

• Trial and error testing can not guarantee reliability.



Large-scale Video Classification with Convolutional Neural Networks
CVPR 2014



    Segmentation d’Images

•Trouver le chien: 

•Séparer les composantes:
Lecture 1 -  !
!
!

Fei-Fei Li!

segmenta.on'

20:Sep:14'17'



    Segmentation d’Images






