
Apprentissage profond et intelligence artificielle

Formation CRM

François Fleuret

http://www.idiap.ch/~fleuret/

19 septembre 2019

http://www.idiap.ch/~fleuret/


Apprentissage artificiel

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 1 / 97



L’intelligence artificielle “moderne” repose sur des méthodes d’apprentissage
statistique capables d’adapter des modèles à des données.
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Les modèles les plus performants sont très proches des réseaux de neurones
artificiels “traditionnels.”

130 LOGICAL CALCULUS FOR NERVOUS ACTIVITY 
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1943 – McCulloch et Pitts modèlent un réseau de neurones.

1949 – Hebb propose une règle d’apprentissage.

1951 – Minsky crée le premier réseau de neurones artificiel.

1958 – Rosenblatt crée un neurone qui classe des images.

1959 – Hubel et Wiesel analysent le cortex visuel du chat.

1982 – Werbos propose la rétro-propagation de l’erreur.
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. . . 1990–2010 “éclipse des réseaux de neurones” . . .

AlexNet

Figure 2: An illustration of the architecture of our CNN, explicitly showing the delineation of responsibilities
between the two GPUs. One GPU runs the layer-parts at the top of the figure while the other runs the layer-parts
at the bottom. The GPUs communicate only at certain layers. The network’s input is 150,528-dimensional, and
the number of neurons in the network’s remaining layers is given by 253,440–186,624–64,896–64,896–43,264–
4096–4096–1000.

neurons in a kernel map). The second convolutional layer takes as input the (response-normalized
and pooled) output of the first convolutional layer and filters it with 256 kernels of size 5× 5× 48.
The third, fourth, and fifth convolutional layers are connected to one another without any intervening
pooling or normalization layers. The third convolutional layer has 384 kernels of size 3 × 3 ×
256 connected to the (normalized, pooled) outputs of the second convolutional layer. The fourth
convolutional layer has 384 kernels of size 3 × 3 × 192 , and the fifth convolutional layer has 256
kernels of size 3× 3× 192. The fully-connected layers have 4096 neurons each.

4 Reducing Overfitting

Our neural network architecture has 60 million parameters. Although the 1000 classes of ILSVRC
make each training example impose 10 bits of constraint on the mapping from image to label, this
turns out to be insufficient to learn so many parameters without considerable overfitting. Below, we
describe the two primary ways in which we combat overfitting.

4.1 Data Augmentation

The easiest and most common method to reduce overfitting on image data is to artificially enlarge
the dataset using label-preserving transformations (e.g., [25, 4, 5]). We employ two distinct forms
of data augmentation, both of which allow transformed images to be produced from the original
images with very little computation, so the transformed images do not need to be stored on disk.
In our implementation, the transformed images are generated in Python code on the CPU while the
GPU is training on the previous batch of images. So these data augmentation schemes are, in effect,
computationally free.

The first form of data augmentation consists of generating image translations and horizontal reflec-
tions. We do this by extracting random 224× 224 patches (and their horizontal reflections) from the
256×256 images and training our network on these extracted patches4. This increases the size of our
training set by a factor of 2048, though the resulting training examples are, of course, highly inter-
dependent. Without this scheme, our network suffers from substantial overfitting, which would have
forced us to use much smaller networks. At test time, the network makes a prediction by extracting
five 224 × 224 patches (the four corner patches and the center patch) as well as their horizontal
reflections (hence ten patches in all), and averaging the predictions made by the network’s softmax
layer on the ten patches.

The second form of data augmentation consists of altering the intensities of the RGB channels in
training images. Specifically, we perform PCA on the set of RGB pixel values throughout the
ImageNet training set. To each training image, we add multiples of the found principal components,

4This is the reason why the input images in Figure 2 are 224× 224× 3-dimensional.
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Figure 3: GoogLeNet network with all the bells and whistles
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(Szegedy et al., 2015)
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ImageNet Large Scale Visual Recognition Challenge.

1000 categories, > 1M images

(http://image-net.org/challenges/LSVRC/2014/browse-synsets)
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(Gershgorn, 2017)
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La cause des progrès récents et spectaculaires de l’IA est multi-factorielle:

• Cinq décennies de recherche en intelligence artificielle,

• des ordinateurs développés pour d’autres raisons,

• d’énormes quantités de données grâce à “internet”,

• une culture de développement collaboratif de logiciels libres,

• des ressources et des efforts de grands groupes industriels.
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En particulier la puissance de calcul et les capacités de stockage des ordinateurs
n’ont cessé de crôıtre exponentiellement depuis près de 50 ans.
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Un PC standard peut effectuer 10’000 milliards d’opérations scalaires par
seconde, et stocker 4’000 milliards de caractères.
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Figure 1: Top1 vs. network. Single-crop top-1 vali-
dation accuracies for top scoring single-model archi-
tectures. We introduce with this chart our choice of
colour scheme, which will be used throughout this
publication to distinguish effectively different archi-
tectures and their correspondent authors. Notice that
network of the same group share colour, for example
ResNet are all variations of pink.

Figure 2: Top1 vs. operations, size ∝ parameters.
Top-1 one-crop accuracy versus amount of operations
required for a single forward pass. The size of the
blobs is proportional to the number of network param-
eters; a legend is reported in the bottom right corner,
spanning from 5× 106 to 155× 106 params.
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Figure 3: Inference time vs. batch size. These two charts show inference time across different batch sizes with
a linear and logarithmic ordinate respectively and logarithmic abscissa. Missing data points are due to lack of
enough system memory required to process bigger batches.

3.2 Inference Time

Figure 3 reports inference time per image on each architecture, as a function of image batch size
(from 1 to 64). We notice that VGG processes one image in more than half second, making it a less
likely contender in real-time applications on a NVIDIA TX1. AlexNet shows a speed up of roughly
15× going from batch of 1 to 64 images, due to weak optimisation of its fully connected layers. It is
a very surprising finding, that will be further discussed in the next subsection.

3.3 Power

Power measurements are complicated by the high frequency swings in current consumption, which
required high sampling current read-out to avoid aliasing. In this work, we used a 200MHz digital
oscilloscope with a current probe, as reported in section 2. Other measuring instruments, such as an
AC power strip with 2Hz sampling rate, or a GPIB controlled DC power supply with 12Hz sampling
rate, did not provide enough bandwidth to properly conduct power measurements.
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(Canziani et al., 2016)
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500Mwh

'
1.7M kms en voiture

'
120kCHF

GTX 1080

une journée

'
5kwh

(OpenAI blog, 2018)

1 petaflop/s-day ' 100 GPUs pendant un jour, ' 500kwh, ' 100CHF
d’électricité
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Fonctions de perte et apprentissage

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 11 / 97



Étant donné un ensemble d’apprentissage

(xn, yn) ∈ RD × C ,

une fonction paramétrique

∀w ∈ RQ , x 7→ f (x ;w),

et une fonction de perte

ℒ (w) =
1

N

N∑
n=1

l(f (xn;w), yn) = Ê(l(f (X ;w),Y )),

l’apprentissage consiste à estimer

w∗ = argmin
w

ℒ (w).

Ou plus simplement “Pour quelles valeurs des paramètres le modèle fait-il le
moins d’erreurs ?”
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Les deux fonctions de perte standards sont:

• La “mean square error” pour la regression:

ℒ (w) =
1

ND

N∑
n=1

D∑
d=1

(
fd (xn;w)− yn,d

)2
.

• La “cross entropy” pour la classification:

ℒ (w) =
1

N

N∑
n=1

log

(
efyn (xn ;w)∑
y e

fy (xn ;w)

)
.
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Modèles linéaires et MLP
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Un perceptron combine une transformation linéaire paramétrique et une
application non-linéaire

fw : RD → R

x 7→ σ(wT x + b),

avec w ∈ RD , b ∈ R, and σ : R→ R.

On appelle σ traditionnellement la “fonction d’activation”.
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Deux fonctions d’activation classiques sont la tangente hyperbolique

x 7→
2

1 + e−2x
− 1

−1

1

et la “rectified linear unit” (ReLU)

x 7→ max(0, x)

0
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σx f (x ;w , b)

w , b
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Ceci peut être naturellement étendu à plusieurs dimensions de sortie en
répliquant autant que nécessaire une unité de ce type

RD → RC

x 7→ σ(w x + b),

avec w ∈ RC×D , b ∈ RC , et σ est appliquée sur chaque composante.
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σ

σ

σ

σ

σ

σ

x f (x ;w , b)

w , b
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Un prédicteur de ce type ne peut évidemment représenter qu’une classe limitée
de fonctions, et par exemple ne peut classer correctement que des populations
linéairement séparables.

“ou exclusif”
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Le “ou exclusif” peut être calculé en pré-processant l’entrée pour rendre les
population linéairement séparables.

Φ : (xu , xv ) 7→ (xu , xv , xuxv ).

(0, 0)

(0, 1)

(1, 0)

(1, 1)

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 21 / 97
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Perceptron

x Φ ×

w

+

b

σ y
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Il est possible d’approcher toute fonction continue sur un compact

ψ : [0, 1]D → R

avec un réseau à une couche cachée

x 7→ ω · σ(w x + b),

où b ∈ RK , w ∈ RK×D , et ω ∈ RK .

Couche “cachée”

x ×

w

+

b

σ ·

ω

y

Ceci constitue le théorème d’approximation universelle des réseaux de
neurones.
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Ce résultat motive l’utilisation de fonctions composées de plusieurs couches.

Avec x(0) = x :

∀l = 1, . . . , L, x(l) = σ
(
w (l)x(l−1) + b(l)

)
et f (x ;w , b) = x(L).

Couche 1 Couche L

x = x(0) ×

w (1)

+

b(1)

σ x(1) . . . x(L−1) ×

w (L)

+

b(L)

σ x(L) = f (x ; w, b)

Un modèle de ce type est appelé un Multi-Layer Perceptron (MLP).
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L’implémentation de ces modèles se fait à l’aide de librairies (PyTorch,
TensorFlow, Torch7, CNTK, MXNet), la plupart dans le langage Python.

E.g

f : R3 → R

x 7→ wT x + b

>>> f = nn.Linear(3, 1)
>>> x = torch.empty(5, 3).normal_()
>>> f(x)
tensor([[-0.4264],

[-0.0265],
[-0.2168],
[ 0.2507],
[-0.3525]], grad_fn=<AddmmBackward>)

>>> for t in f.parameters(): print(t.size())
...
torch.Size([1, 3])
torch.Size([1])
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>>> f = nn.Sequential(nn.Linear(3, 9), nn.ReLU(),
... nn.Linear(9, 2), nn.ReLU(),
... nn.Linear(2, 2))
>>> x = torch.empty(5, 3).normal_()
>>> f(x)
tensor([[-0.2195, -0.4222],

[-0.2234, -0.4257],
[-0.2217, -0.4241],
[-0.2195, -0.4222],
[-0.2465, -0.4459]], grad_fn=<AddmmBackward>)

>>> for t in f.parameters(): print(t.size())
...
torch.Size([9, 3])
torch.Size([9])
torch.Size([2, 9])
torch.Size([2])
torch.Size([2, 2])
torch.Size([2])
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Couches convolutionnelles
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S’ils étaient traités comme des vecteurs sans structure particulière, les signaux
de grandes dimensions comme les images ou le sons demanderaient des modèles
de tailles excessives.

Par exemple un modèle linéaire prenant une image 256× 256 couleur en entrée
et générant un signal similaire demanderait

(256× 256× 3)2 ' 3.87e+10

paramètres ('150Gb !)

De plus un tel modèle n’exploiterait pas l’intuition que nous avons que ces
signaux sont stationnaires et qu’une représentation du signal qui est adéquate à
une position dans une image ou un son l’est partout ailleurs.

Une couche “convolutionnaire” implémente précisément cette idée.
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Une convolution peut implémenter un opérateur différentiel, e.g.

(0, 0, 0, 0, 1, 2, 3, 4, 4, 4, 4) ~ (−1, 1) = (0, 0, 0, 1, 1, 1, 1, 0, 0, 0).

~ =

ou un simple détecteur de motif, e.g.

~ =
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(0, 0, 0, 0, 1, 2, 3, 4, 4, 4, 4) ~ (−1, 1) = (0, 0, 0, 1, 1, 1, 1, 0, 0, 0).

~ =
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Le même concept peut être généralisé à un signal 2d multi-canaux:
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Entrée

Sortie

Noyau

Noyaux

D H − h + 1

W − w + 1

1D

H

W

C

h

w

C

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 31 / 97



Le même concept peut être généralisé à un signal 2d multi-canaux:
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Un réseau de neurones classique de traitement d’images, par exemple pour faire
de la classification, combine des couches convolutionnelles, des couches qui
réduisent la taille du signal (“pooling”), et des couches linéaires classiques.

model = nn.Sequential(
nn.Conv2d( 1, 32, 5), nn.ReLU(), nn.MaxPool2d(3),
nn.Conv2d(32, 64, 5), nn.ReLU(), nn.MaxPool2d(2),
Shape1D(),
nn.Linear(256, 200), nn.ReLU(),
nn.Linear(200, 10)

)
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Entrâınement
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Finalement, la fonction fw correspondant à un “réseaux de neurones” s’exprime
comme un graphe d’opérateurs tensoriels qui sont essentiellement de deux types:

• Paramétriques et linéaires,

• Non-paramétriques et non-linéaires.

Le vecteur w est l’ensemble de tous les paramètres de tous les opérateurs du
graphe et sa dimension est de l’ordre de 105 − 109.
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Le vecteur w est l’ensemble de tous les paramètres de tous les opérateurs du
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Sauf dans de rares cas (e.g. régression linéaire), la quantité

argmin
w

ℒ (w)

n’a pas d’expression analytique, et on doit l’estimer à l’aide de méthodes
numériques, telles que la “descente de gradient”.
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Étant donnée une fonction

f : RD → R
x 7→ f (x1, . . . , xD),

son gradient est l’application

∇f : RD → RD

x 7→
(
∂f

∂x1
(x), . . . ,

∂f

∂xD
(x)

)
.
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Pour minimiser une fonction

ℒ : RD → R

la descente de gradient utilise itérativement une approximation linéaire locale
pour améliorer la meilleure solution obtenue jusque là.

Considérons l’approximation suivante de ℒ dans le voisinage de w0 ∈ RD

ℒ̃w0 (w) = ℒ (w0) +∇ℒ (w0)T (w − w0) +
1

2η
‖w − w0‖2.

Notons en particulier que le terme quadratique ne dépend pas de ℒ .

Nous avons

∇ℒ̃w0 (w) = ∇ℒ (w0) +
1

η
(w − w0),

qui entrâıne
argmin

w
ℒ̃w0 (w) = w0 − η∇ℒ (w0).
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Nous avons

∇ℒ̃w0 (w) = ∇ℒ (w0) +
1

η
(w − w0),

qui entrâıne
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argmin

w
ℒ̃w0 (w) = w0 − η∇ℒ (w0).

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 38 / 97



La règle itérative qui consiste à aller au minimum de cette approximation prend
donc la forme:

wt+1 = wt − η∇ℒ (wt),

ce qui correspond intuitivement à “suivre la pente maximale”.

Cette stratégie mène [la plupart du temps] à un minimum local, qui dépend
fortement de w0 et η.
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Différentiation automatique et optimisation
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La descente de gradient peut donc être utilisée en générale, quelle que soit la
fonction f et la fonction de perte ℒ , à condition de pouvoir calculer les
dérivées de cette dernière par rapport aux paramètres w .

Les librairies de deep learning fournissent des mécanismes de différentiation
automatique et des implémentations de la descente de gradient.

PyTorch enregistre dynamiquement les séquences de calculs tensoriels et permet
de calculer n’importe quel gradient.
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>>> t = torch.tensor([1., 2., 4.]).requires_grad_()
>>> a = t.pow(2).sum()
>>> torch.autograd.grad(a, (t,))
(tensor([2., 4., 8.]),)
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w1 = torch.rand(20, 10).requires_grad_()
b1 = torch.rand(20).requires_grad_()
w2 = torch.rand(5, 20).requires_grad_()
b2 = torch.rand(5).requires_grad_()

x = torch.rand(10)
h = torch.tanh(w1 @ x + b1)
y = torch.tanh(w2 @ h + b2)

target = torch.rand(5)

loss = (y - target).pow(2).mean()

loss []

MeanBackward0

PowBackward0

SubBackward0

TanhBackward

AddBackward0

0 1

MvBackward

0 1
AccumulateGrad

AccumulateGrad TanhBackward

w2 [5, 20]
AddBackward0

0 1

MvBackward AccumulateGrad

AccumulateGrad

w1 [20, 10]

b1 [20]

b2 [5]

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 47 / 97



w1 = torch.rand(20, 10).requires_grad_()
b1 = torch.rand(20).requires_grad_()
w2 = torch.rand(5, 20).requires_grad_()
b2 = torch.rand(5).requires_grad_()

x = torch.rand(10)
h = torch.tanh(w1 @ x + b1)
y = torch.tanh(w2 @ h + b2)

target = torch.rand(5)

loss = (y - target).pow(2).mean()

loss []

MeanBackward0

PowBackward0

SubBackward0

TanhBackward

AddBackward0

0 1

MvBackward

0 1
AccumulateGrad

AccumulateGrad TanhBackward

w2 [5, 20]
AddBackward0

0 1

MvBackward AccumulateGrad

AccumulateGrad

w1 [20, 10]

b1 [20]

b2 [5]

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 47 / 97



MNIST

(leCun et al., 1998)
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model = nn.Sequential(
nn.Conv2d(1, 32, 5),
nn.ReLU(),
nn.MaxPool2d(3),
nn.Conv2d(32, 64, 5),
nn.ReLU(),
nn.MaxPool2d(2),
Shape1D(),
nn.Linear(256, 256),
nn.ReLU(),
nn.Linear(256, 10)

)

criterion = nn.CrossEntropyLoss()

optimizer = torch.optim.SGD(model.parameters(), lr = 1e-2)

for e in range(10):
for input, target in data_loader_iterator(train_loader):

output = model(input)
loss = criterion(output, target)
optimizer.zero_grad()
loss.backward()
optimizer.step()

Temps d’apprentissage <10s, erreur '1%
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Les librairies de “Deep Learning” tells que PyTorch ou TensorFlow simplifient
énormément l’utilisation de ces techniques.

import PIL, torch, torchvision

img = torchvision.transforms.ToTensor()(PIL.Image.open('blacklab.jpg'))
img = img.view(1, img.size(0), img.size(1), img.size(2))
img = 0.5 + 0.5 * (img - img.mean()) / img.std()

alexnet = torchvision.models.alexnet(pretrained = True)
alexnet.eval()
output = alexnet(Variable(img))
scores, indexes = output.data.view(-1).sort(descending = True)

class_names = eval(open('imagenet1000_clsid_to_human.txt', 'r').read())
for k in range(15):

print('#{:d} ({:.02f}) {:s}'.format(k, scores[k], class_names[indexes[k]]))
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#1 (12.26) Weimaraner
#2 (10.95) Chesapeake Bay retriever
#3 (10.87) Labrador retriever
#4 (10.10) Staffordshire bullterrier, Staffordshire bull terrier
#5 (9.55) flat-coated retriever
#6 (9.40) Italian greyhound
#7 (9.31) American Staffordshire terrier, Staffordshire terrier
#8 (9.12) Great Dane
#9 (8.94) German short-haired pointer
#10 (8.53) Doberman, Doberman pinscher
#11 (8.35) Rottweiler
#12 (8.25) kelpie

Weimaraner Chesapeake Bay retriever
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Auto-encodeurs
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Certaines applications comme la synthèse de signaux ou le débruitage,
nécessitent de disposer d’une représentation en petite dimension d’un signal.

La construction d’une telle représentation repose en général sur un
auto-encodeur, composé de deux modèles optimisés ensemble.
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Un auto-encodeur (Bourlard and Kamp, 1988; Hinton and Zemel, 1994)
combine un encodeur f depuis l’espace du signal X vers un espace latent ℱ ,
et un décodeur g qui projette réciproquement vers X , de manière à ce que
g ◦ f soit [proche de] l’identité sur les données.

Espace du signal X

Espace latent ℱ

f

g

Un bon auto-encodeur capture la “structure” du signal, et en particulier les
dépendances statistiques entre ses différentes composantes.
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Espace du signal X

Espace latent ℱ

f

g

Un bon auto-encodeur capture la “structure” du signal, et en particulier les
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Soit q la distribution des données sur X . La qualité d’un auto-encodeur peut
être estimée à l’aide de l’erreur quadratique

EX∼q

[
‖X − g ◦ f (X )‖2

]
' 0.

Étant données deux fonctions paramétriques f (· ;w) et g(· ;w), l’entrâınement
consiste à minimiser une estimation empirique de cette quantité

ŵf , ŵg = argmin
wf ,wg

1

N

N∑
n=1

‖xn − g(f (xn;wf );wg )‖2 .

Un exemple simple d’auto-encodeur serait composé de deux modèles linéaires,
auquel cas la solution est celle du PCA. De bien meilleurs résultats peuvent être
obtenus avec des fonctions plus complexes comme des réseaux de neurones.
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X (examples originaux)

g ◦ f (X ) (CNN, d = 2)

g ◦ f (X ) (PCA, d = 2)
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X (examples originaux)

g ◦ f (X ) (CNN, d = 4)

g ◦ f (X ) (PCA, d = 4)
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X (examples originaux)

g ◦ f (X ) (CNN, d = 8)

g ◦ f (X ) (PCA, d = 8)
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X (examples originaux)

g ◦ f (X ) (CNN, d = 16)

g ◦ f (X ) (PCA, d = 16)
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X (examples originaux)

g ◦ f (X ) (CNN, d = 32)

g ◦ f (X ) (PCA, d = 32)
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Pour avoir une intuition de la représentation latente, nous pouvons choisir deux
exemples x et x ′ au hasard et interpoler linéairement dans l’espace latent.

∀x , x ′ ∈ X 2, α ∈ [0, 1], ξ(x , x ′, α) = g((1− α)f (x) + αf (x ′)).

Espace du signal X

Espace latent ℱ

x x ′

f (x)

f (x ′)

f

g
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Interpolation avec PCA (d = 32)
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Interpolation avec un auto-encodeur (d = 8)
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Interpolation avec un auto-encodeur (d = 32)
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Modèles génératifs adverseriaux
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Une approche puissante pour apprendre un modèle génératif en grande
dimension consiste à entrâıner deux modèles avec des objectifs
adverseriaux (Goodfellow et al., 2014).

• Un discriminateur D pour prédire si un exemple est “vrai” ou “faux”,

• un générateur G pour transformer des échantillons d’une distribution fixe
en exemples qui trompent D.

“vrai”
tirage D

Z

G
“faux”

D

Ce que D veut

Cette stratégie est adverseriale car les modèles ont des objectifs antagonistes.
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dimension consiste à entrâıner deux modèles avec des objectifs
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François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 62 / 97



Une approche puissante pour apprendre un modèle génératif en grande
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Soit X l’espace du signal et D la dimension de l’espace latent.

• Le générateur
G : RD → X

est optimisé de manière à ce que [idéalement] s’il a une entrée Z qui suit
une loi normale, il génère un exemple qui suit la distribution des données
en sortie.

• Le discriminateur
D : X → [0, 1]

est optimisé pour classifier correctement si un exemple provient de la base
d’apprentissage ou a été généré par G.

On peut montrer que sous certaines conditions l’optimisation jointe minimise
DJS (µ, µG) où µ est la “vraie”distribution et µG celle des exemples synthétisés.
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DJS (µ, µG) où µ est la “vraie”distribution et µG celle des exemples synthétisés.

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 63 / 97



Images de la classe “chambres à coucher” de la base LSUN.
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Images synthétiées après 1 epoch (3M images)
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Images synthétiées après 2 epochs
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Images synthétiées après 5 epochs
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Images synthétiées après 10 epochs
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Images synthétiées après 20 epochs
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(Brock et al., 2018)
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(Brock et al., 2018)
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(Karras et al., 2018)
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Applications

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 73 / 97



Les applications vont du traitement d’images à celui de la langue.
16 Pinheiro, Lin, Collobert, Dollár

Fig. 8: More selected qualitative results (see also Figure 4).

Détection d’objets Estimation de poses Planification de l’action

Figure 5. A selection of evaluation results, grouped by human rating.

4.3.7 Analysis of Embeddings

In order to represent the previous word St−1 as input to
the decoding LSTM producing St, we use word embedding
vectors [22], which have the advantage of being indepen-
dent of the size of the dictionary (contrary to a simpler one-
hot-encoding approach). Furthermore, these word embed-
dings can be jointly trained with the rest of the model. It
is remarkable to see how the learned representations have
captured some semantic from the statistics of the language.
Table 4.3.7 shows, for a few example words, the nearest
other words found in the learned embedding space.

Note how some of the relationships learned by the model
will help the vision component. Indeed, having “horse”,
“pony”, and “donkey” close to each other will encourage the
CNN to extract features that are relevant to horse-looking
animals. We hypothesize that, in the extreme case where
we see very few examples of a class (e.g., “unicorn”), its
proximity to other word embeddings (e.g., “horse”) should
provide a lot more information that would be completely
lost with more traditional bag-of-words based approaches.

5. Conclusion

We have presented NIC, an end-to-end neural network
system that can automatically view an image and generate

Word Neighbors
car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

Table 6. Nearest neighbors of a few example words

a reasonable description in plain English. NIC is based on
a convolution neural network that encodes an image into a
compact representation, followed by a recurrent neural net-
work that generates a corresponding sentence. The model is
trained to maximize the likelihood of the sentence given the
image. Experiments on several datasets show the robust-
ness of NIC in terms of qualitative results (the generated
sentences are very reasonable) and quantitative evaluations,
using either ranking metrics or BLEU, a metric used in ma-
chine translation to evaluate the quality of generated sen-
tences. It is clear from these experiments that, as the size
of the available datasets for image description increases, so
will the performance of approaches like NIC. Furthermore,
it will be interesting to see how one can use unsupervised
data, both from images alone and text alone, to improve im-
age description approaches.

I: Jane went to the hallway.
I: Mary walked to the bathroom.
I: Sandra went to the garden.
I: Daniel went back to the garden.
I: Sandra took the milk there.
Q: Where is the milk?
A: garden

Stratégie Description d’images Compréhension de textes
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Estimation de profondeur à partir d’une paire d’images.

(S. Tulyakov)
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Classification d’actions.

VidéoVidéo

(T. Bagautdinov)

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 76 / 97
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Optimisation de formes aérodynamiques.

VidéoVidéo

VidéoVidéo

(Neural Concept, P. Baqué)
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Compréhension des modèles
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Les classes de fonctions considérées ont des propriétés d’approximateurs
universels, et sont en pratiquement extrêmement complexes. Le
“fonctionnement” du f appris n’est que partiellement compris.

Nombres de techniques ont étés développées pour analyser les grandeurs
intermédiaires qui sont calculées dans un modèle.
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L’algorithme t-SNE permet de visualiser en 2d des ensembles de points
appartenant à des espaces de très grandes dimensions.

Nous pouvons l’utiliser pour visualiser les encodages réalisés par les couches
successives d’un réseau de neurones.
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Input

Encodages de MNIST dans les couches d’un LeNet
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Layer #1

Encodages de MNIST dans les couches d’un LeNet
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Layer #4

Encodages de MNIST dans les couches d’un LeNet
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Layer #7

Encodages de MNIST dans les couches d’un LeNet
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Layer #9

Encodages de MNIST dans les couches d’un LeNet
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Input

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #4

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #14

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #24

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #34

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #44

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #54

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #56

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #58

Encodages de CIFAR10 dans les couches d’un ResNet

François Fleuret Apprentissage profond et intelligence artificielle / Formation CRM 82 / 97



Layer #60

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #62

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #64

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #65

Encodages de CIFAR10 dans les couches d’un ResNet
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Layer #66

Encodages de CIFAR10 dans les couches d’un ResNet
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Images originales

VGG16, rétro-propagation guidée
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(Zeiler and Fergus, 2014)
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(Zeiler and Fergus, 2014)
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VGG16, maximisation d’un canal de la 4ème couche convolutionnelle
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VGG16, maximisation d’un canal de la 7ème couche convolutionnelle
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VGG16, maximisation d’une unité de la 13ème couche
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VGG16, maximisation d’une unité de la couche de sortie

“King crab” “Samoyed”
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VGG16, maximisation d’une unité de la couche de sortie

“Hourglass” “Paper towel”
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Relation avec la neurobiologie.

nature neuroscience	 VOLUME 19 | NUMBER 3 | MARCH 2016 357

a rectified linear threshold or a sigmoid, (iii) pooling, a nonlinear  
aggregation operation—typically the mean or maximum of local  
values13, and (iv) divisive normalization, correcting output values to 
a standard range17. Not all HCNN incarnations use these operations 
in this order, but most are reasonably similar. All the basic operations 
exist within a single HCNN layer, which is then typically mapped to 
a single cortical area.

Analogously to neural receptive fields, all HCNN operations are 
applied locally, over a fixed-size input zone that is typically smaller 
than the full spatial extent of the input (Fig. 1c). For example, on a 
256 × 256 pixel image, a layer’s receptive fields might be 7 × 7 pixels. 

Because they are spatially overlapping, the filter and pooling operations  
are typically ‘strided’, meaning that output is retained for only a  
fraction of positions along each spatial dimension: a stride of 2 in 
image convolution will skip every second row and column.

In HCNNs, filtering is implemented via convolutional weight shar-
ing, meaning that the same filter templates are applied at all spatial 
locations. Since identical operations are applied everywhere, spatial 
variation in the output arises entirely from spatial variation in the 
input stimulus. It is unlikely the brain literally implements weight 
sharing, since the physiology of the ventral stream and other sensory 
cortices appears to rule out the existence of a single master location in 
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Figure 1 HCNNs as models of sensory  
cortex. (a) The basic framework in which  
sensory cortex is studied is one of encoding—the process by which stimuli are transformed  
into patterns of neural activity—and decoding, the process by which neural activity generates  
behavior. HCNNs have been used to make models of the encoding step; that is, they describe  
the mapping of stimuli to neural responses as measured in brain. (b) The ventral visual pathway is the most comprehensively studied sensory cascade. 
It consists of a series of connected cortical brain areas (macaque brain shown). PIT, posterior inferior temporal cortex; CIT, central; AIT, anterior; 
RGC, retinal ganglion cell; LGN, lateral geniculate nucleus. DoG, difference of Gaussians model; T(•), transformation. (c) HCNNs are multilayer neural 
networks, each of whose layers are made up of a linear-nonlinear (LN) combination of simple operations such as filtering, thresholding, pooling and 
normalization. The filter bank in each layer consists of a set of weights analogous to synaptic strengths. Each filter in the filter bank corresponds to a 
distinct template, analogous to Gabor wavelets with different frequencies and orientations; the image shows a model with four filters in layer 1, eight in 
layer 2, and so on. The operations within a layer are applied locally to spatial patches within the input, corresponding to simple, limited-size receptive 
fields (red boxes). The composition of multiple layers leads to a complex nonlinear transform of the original input stimulus. At each layer, retinopy 
decreases and effective receptive field size increases. HCNNs are good candidates for models of the ventral visual pathway. By definition, they are image 
computable, meaning that they generate responses for arbitrary input images; they are also mappable, meaning that they can be naturally identified in a 
component-wise fashion with observable structures in the ventral pathway; and, when their parameters are chosen correctly, they are predictive, meaning 
that layers within the network describe the neural response patterns to large classes of stimuli outside the domain on which the models were built.

Box 1 Minimal criteria for a sensory encoding model 

We identify three criteria that any encoding model of a sensory cortical system should meet:
Stimulus-computability: The model should accept arbitrary stimuli within the general stimulus domain of interest;
Mappability: The components of the model should correspond to experimentally definable components of the neural system; and
Predictivity: The units of the model should provide detailed predictions of stimulus-by-stimulus responses, for arbitrarily chosen neurons in each 
mapped area.
These criteria may sometimes be in tension—insisting on mappability at the finest grain might hinder identifying models that actually work for complex 
real-world stimuli, since low-level circuit tools may operate best in reduced stimulus regimes. While seeking detailed models of neural circuit connec-
tivity in simplified contexts is important, if such models do not add up in the aggregate to accurate predictors of neural responses to real-world stimuli, 
the utility of their lower-level verisimilitude is limited.
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(Yamins and DiCarlo, 2016)
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Promesses et risques
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Performances surhumaines:

• Reconnaissance d’images.

• Lecture de panneaux de signalisation.

• Reconnaissance de visages.

• Go et échecs (“from first principles”), poker.

• Jeux vidéos des années 80.

Performances au niveau des humains:

• Détection de cancers de la peau.

• Compréhension de la parole.

Il est extrêmement difficile de comprendre les modèles actuels, et de prévoir
les développements et les progrès possibles de l’IA à 10-20 ans.
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VidéoVidéo

VidéoVidéo
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https://talktotransformer.com/

The meeting about deep fakes is an important event since it will give
consumers and journalists the facts before these companies rush to exploit them.
With the meeting, we hope that we will reach a good balance between
protecting the legitimate business and being fair to companies that do not
follow traditional guidelines. This is a very important issue and is now going to
be discussed at many more international conferences. And I can only hope that
the government will take the initiative to address it urgently so that consumers
get a right to know the true nature of their product.”
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“Obama: If properly harnessed, it can generate enormous prosperity and
opportunity. But it also has some downsides that we’re gonna have to
figure out in terms of not eliminating jobs. It could increase inequality.
It could suppress wages.”

(WIRED, Aug. 24, 2016)

“Deep-learning systems for breast and heart imaging have already been
developed commercially. ’It’s just completely obvious that in five years deep
learning is going to do better than radiologists,’ he went on. ’It might be
ten years. I said this at a hospital. It did not go down too well.’

Hinton’s actual words, in that hospital talk, were blunt: ’They should stop
training radiologists now.’ ”

(The New-Yorker, Apr. 3, 2017)
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“Putin, speaking Friday at a meeting with students, said the development of
AI raises ’colossal opportunities and threats that are difficult to predict now.’

He warned that ’the one who becomes the leader in this sphere will be
the ruler of the world.’ /.../

The Russian leader predicted that future wars will be fought by drones,
and ’when one party’s drones are destroyed by drones of another, it will have
no other choice but to surrender.’ ”

(Associated Press, Sep. 1, 2017)

“There was no faltering psychologically and [AlphaGo] focused relentlessly.
Really, I don’t know, even if I were to play again, I wonder if I will be able
to win. Rather than the technique, in its psychological aspects no human
can match it. I cannot accept a technical superiority, but in that area, I
believe it will be difficult to beat for humans.”’

(Lee Sedol answer to NHK question, Mar. 15, 2016)
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The end
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