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Laboratoire de vision et
systèmes numériques

16 mars 2017
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Intelligence naturelle

Cerveau : siège de l’intelligence naturelle
I Calculs parallèles et distribués
I Apprentissage et généralisation
I Adaption et contexte
I Tolérant aux fautes
I Faible consommation d’énergie

Machine computationnelle biologique !
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Neurone biologique
2.2. MODÈLE D’UN NEURONE 9

FIG. 2.2 – Schéma d’un neurone biologique.

il engendre un potentiel électrique qui se propage à travers son axone1 pour éventuellement ve-
nir exciter d’autres neurones. Le point de contact entre l’axone d’un neurone et le dendrite d’un
autre neurone s’appelle le synapse. Il semble que c’est l’arrangement spatial des neurones et de
leur axone, ainsi que la qualité des connexions synaptiques individuelles qui détermine la fonc-
tion2 précise d’un réseau de neurones biologique. C’est en se basant sur ces connaissances que le
modèle mathématique décrit ci-dessus a été défini.

Un poids d’un neurone artificiel représente donc l’efficacité d’une connexion synaptique. Un
poids négatif vient inhiber une entrée, alors qu’un poids positif vient l’accentuer. Il importe de
retenir que ceci est une grossière approximation d’un véritable synapse qui résulte en fait d’un pro-
cessus chimique très complexe et dépendant de nombreux facteurs extérieurs encore mal connus.
Il faut bien comprendre que notre neurone artificiel est un modèle pragmatique qui, comme nous
le verrons plus loin, nous permettra d’accomplir des tâches intéressantes. La vraisemblance bio-
logique de ce modèle ne nous importe peu. Ce qui compte est le résultat que ce modèle nous
permettra d’atteindre.

Un autre facteur limitatif dans le modèle que nous nous sommes donnés concerne son caractère
discret. En effet, pour pouvoir simuler un réseau de neurones, nous allons rendre le temps discret
dans nos équations. Autrement dit, nous allons supposer que tous les neurones sont synchrones,
c’est-à-dire qu’à chaque temps t, ils vont simultanément calculer leur somme pondérée et produire
une sortie a(t) = f(n(t)). Dans les réseaux biologiques, tous les neurones sont en fait asynchrones.

Revenons donc à notre modèle tel que formulé par l’équation 2.2 et ajoutons la fonction d’ac-

1Un axone peut être plus ou moins long selon le type de neurone.
2Notez bien, cependant, que des théories récentes remettent en cause cette hypothèse. Mais ceci sort du cadre du

cours !
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Modèle de neurone artificiel
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Perceptron multicouche
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Exemple d’apprentissage supervisé

Une entreprise en crédit doit estimer automatiquement le niveau de
risque de ses clients

Mesures disponibles : revenus du client (variable x1) et épargnes du
client (variable x2)

Banque de données sur des clients pré identifiés comme étant à haut
risque (rouge) ou à faible risque (vert)
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Exemple d’apprentissage supervisé
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Schématisation de l’apprentissage supervisé
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Rétropropagation des erreurs
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Historique des réseaux de neurones

1957 : proposition du perceptron par Frank Rosenblatt

1967 : démonstration par Marvin Minsky que le perceptron est
incapable de traiter des données non linéairement séparables,
désintérêt pour les approches neuronales

1986 : Rumelhart, Hinton et Williams démontrent l’utilisation de la
rétropropagation des gradients pour l’entrâınement du perceptron
multicouche

1995-2005 : développement des SVM, perte d’intérêt pour les réseaux
de neurones

2006 : premières architectures profondes de réseaux de neurones

2012 : résultats en reconnaissance d’objets (Toronto, ImageNet) et de
la parole (Microsoft) démontre le potentiel de technologie disruptive
de l’apprentissage profond

2014 : explosion d’investissements privés en apprentissage
automatique, en particulier en apprentissage profond
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Émergence des réseaux profonds

Conditions ayant permis l’émergence des réseaux profonds :
1 Disponibilités de très grands jeux de données (big data)
2 Disponibilité d’une capacité de calcul faramineuse (GPU)
3 Nouveaux modèles d’apprentissage très flexibles, avec des a priori

permettant de bien gérer la malédiction de la dimensionnalité
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Apprentissage de représentations

Pipeline classique de la reconnaissance des formes

Segmentation
Feature 

extraction

Classification / 

regression

Decision / 

combining

Dans le passé, chaque module conçu indépendamment

Apprentissage profond permet l’apprentissage de représentations
I Apprentissage de tous les modules simultanément
I Possibilité de récupérer les représentations (segmentation, extraction de

caractéristiques) et les utiliser avec d’autres modules de classement et
de prise de décision
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Composition de modèles

« Compositionnalité » de modèle est nécessaire en apprentissage
automatique

I Comme le langage, il faut composer des éléments pour définir un
langage donnant un sens à des notions complexes

Exploiter la compositionnalité permet un gain exponentiel en
puissance de représentation

I Représentations distribuées, apprentissage de caractéristiques
I Architectures profondes : plusieurs niveaux d’apprentissage de

représentations

Composition de modèles est utile pour décrire notre monde
efficacement

C. Gagné (U. Laval) Réseaux de neurones profonds D̂ıner-conférence UMRsu 13 / 26



Réseau à convolution

raw pixels could not possibly distinguish the latter two, while putting 
the former two in the same category. This is why shallow classifiers 
require a good feature extractor that solves the selectivity–invariance 
dilemma — one that produces representations that are selective to 
the aspects of the image that are important for discrimination, but 
that are invariant to irrelevant aspects such as the pose of the animal. 
To make classifiers more powerful, one can use generic non-linear 
features, as with kernel methods20, but generic features such as those 
arising with the Gaussian kernel do not allow the learner to general-
ize well far from the training examples21. The conventional option is 
to hand design good feature extractors, which requires a consider-
able amount of engineering skill and domain expertise. But this can 
all be avoided if good features can be learned automatically using a 
general-purpose learning procedure. This is the key advantage of 
deep learning. 

A deep-learning architecture is a multilayer stack of simple mod-
ules, all (or most) of which are subject to learning, and many of which 
compute non-linear input–output mappings. Each module in the 
stack transforms its input to increase both the selectivity and the 
invariance of the representation. With multiple non-linear layers, say 
a depth of 5 to 20, a system can implement extremely intricate func-
tions of its inputs that are simultaneously sensitive to minute details 
— distinguishing Samoyeds from white wolves — and insensitive to 
large irrelevant variations such as the background, pose, lighting and 
surrounding objects. 

Backpropagation to train multilayer architectures 
From the earliest days of pattern recognition22,23, the aim of research-
ers has been to replace hand-engineered features with trainable 
multilayer networks, but despite its simplicity, the solution was not 
widely understood until the mid 1980s. As it turns out, multilayer 
architectures can be trained by simple stochastic gradient descent. 
As long as the modules are relatively smooth functions of their inputs 
and of their internal weights, one can compute gradients using the 
backpropagation procedure. The idea that this could be done, and 
that it worked, was discovered independently by several different 
groups during the 1970s and 1980s24–27.  

The backpropagation procedure to compute the gradient of an 
objective function with respect to the weights of a multilayer stack 
of modules is nothing more than a practical application of the chain 

rule for derivatives. The key insight is that the derivative (or gradi-
ent) of the objective with respect to the input of a module can be 
computed by working backwards from the gradient with respect to 
the output of that module (or the input of the subsequent module) 
(Fig. 1). The backpropagation equation can be applied repeatedly to 
propagate gradients through all modules, starting from the output 
at the top (where the network produces its prediction) all the way to 
the bottom (where the external input is fed). Once these gradients 
have been computed, it is straightforward to compute the gradients 
with respect to the weights of each module. 

Many applications of deep learning use feedforward neural net-
work architectures (Fig. 1), which learn to map a fixed-size input 
(for example, an image) to a fixed-size output (for example, a prob-
ability for each of several categories). To go from one layer to the 
next, a set of units compute a weighted sum of their inputs from the 
previous layer and pass the result through a non-linear function. At 
present, the most popular non-linear function is the rectified linear 
unit (ReLU), which is simply the half-wave rectifier f(z) = max(z, 0). 
In past decades, neural nets used smoother non-linearities, such as 
tanh(z) or 1/(1 + exp(−z)), but the ReLU typically learns much faster 
in networks with many layers, allowing training of a deep supervised 
network without unsupervised pre-training28. Units that are not in 
the input or output layer are conventionally called hidden units. The 
hidden layers can be seen as distorting the input in a non-linear way 
so that categories become linearly separable by the last layer (Fig. 1). 

In the late 1990s, neural nets and backpropagation were largely 
forsaken by the machine-learning community and ignored by the 
computer-vision and speech-recognition communities. It was widely 
thought that learning useful, multistage, feature extractors with lit-
tle prior knowledge was infeasible. In particular, it was commonly 
thought that simple gradient descent would get trapped in poor local 
minima — weight configurations for which no small change would 
reduce the average error. 

In practice, poor local minima are rarely a problem with large net-
works. Regardless of the initial conditions, the system nearly always 
reaches solutions of very similar quality. Recent theoretical and 
empirical results strongly suggest that local minima are not a serious 
issue in general. Instead, the landscape is packed with a combinato-
rially large number of saddle points where the gradient is zero, and 
the surface curves up in most dimensions and curves down in the 

Figure 2 | Inside a convolutional network. The outputs (not the filters) 
of each layer (horizontally) of a typical convolutional network architecture 
applied to the image of a Samoyed dog (bottom left; and RGB (red, green, 
blue) inputs, bottom right). Each rectangular image is a feature map 

corresponding to the output for one of the learned features, detected at each 
of the image positions. Information flows bottom up, with lower-level features 
acting as oriented edge detectors, and a score is computed for each image class 
in output. ReLU, rectified linear unit.

Red Green Blue

Samoyed (16); Papillon (5.7); Pomeranian (2.7); Arctic fox (1.0); Eskimo dog (0.6); white wolf (0.4); Siberian husky (0.4)

Convolutions and ReLU

Max pooling

Max pooling

Convolutions and ReLU

Convolutions and ReLU

4 3 8  |  N A T U R E  |  V O L  5 2 1  |  2 8  M A Y  2 0 1 5

REVIEWINSIGHT

© 2015 Macmillan Publishers Limited. All rights reserved

Tiré de Y. LeCun, Y. Bengio et G. Hinton, Deep Learning, Nature, vol. 521, 28 mai 2015.
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Composition de filtres

Y LeCun 
Why Multiple Layers? The World is Compositional 

" Hierarchy of representations with increasing level of abstraction 

" Each stage is a kind of trainable feature transform 

" Image recognition: Pixel → edge → texton → motif → part → object 

" Text: Character → word → word group → clause → sentence → story 

" Speech: Sample → spectral band → sound → … → phone → phoneme → word 

 

 
Trainable  
Classifier 

Low-Level 
Feature 

Mid-Level 
Feature 

High-Level 
Feature 

Tiré de G. Hinton, Y. Bengio et Y. LeCun, Deep Learning NIPS’15 Tutorial, 2015.
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Reconnaissance d’objets

Compétition ImageNet : reconnâıtre les objets d’images (1000
classes), en donnant la bonne classe dans un top 5

Y LeCun
ImageNet: Classification

Give the name of the dominant object in the image

Top-5 error rates: if correct class is not in top 5, count as error
Red:ConvNet, blue: no ConvNet

 2012 Teams %error

Supervision (Toronto)   15.3

ISI (Tokyo)   26.1

VGG (Oxford)   26.9

XRCE/INRIA   27.0

UvA (Amsterdam)   29.6

INRIA/LEAR   33.4

  2013 Teams  %error

Clarifai (NYU spinoff)   11.7

NUS (singapore)   12.9

Zeiler-Fergus (NYU)   13.5

A. Howard   13.5

OverFeat (NYU)   14.1

UvA (Amsterdam)   14.2

Adobe   15.2

VGG (Oxford)   15.2

VGG (Oxford)   23.0

  2014 Teams %error

GoogLeNet    6.6

VGG (Oxford)    7.3

MSRA    8.0

A. Howard    8.1

DeeperVision    9.5

NUS-BST    9.7

TTIC-ECP   10.2

XYZ   11.2

UvA   12.1

Tiré de G. Hinton, Y. Bengio et Y. LeCun, Deep Learning NIPS’15 Tutorial, 2015.
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Transfert de représentations

Apprentissage d’un réseau profond sur tâche A

Nouvelle tâche B, basée sur données similaires à tâche A
I Récupérer représentation de tâche A
I Entrâıner nouveau classifieur pour tâche B

Représentation

Classifieur tâche A

Représentation

Classifieur tâche B

I Permet un transfert de représentation (transfer learning)
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Apprentissage multitâche

Apprentissage multitâche : apprendre simultanément une
représentation pour des opérations distinctes

I Réseau à deux têtes, une pour chaque tâche

Représentation

Classifieur tâche A Classifieur tâche B

I Rétropropagation provient d’une tête à la fois
I Mélange des données et des tâches durant l’apprentissage
I Performe bien à produire des représentations capturant des concepts

généraux
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Génération de légendes

self-driving cars60,61. Companies such as Mobileye and NVIDIA are 
using such ConvNet-based methods in their upcoming vision sys-
tems for cars. Other applications gaining importance involve natural 
language understanding14 and speech recognition7. 

Despite these successes, ConvNets were largely forsaken by the 
mainstream computer-vision and machine-learning communities 
until the ImageNet competition in 2012. When deep convolutional 
networks were applied to a data set of about a million images from 
the web that contained 1,000 different classes, they achieved spec-
tacular results, almost halving the error rates of the best compet-
ing approaches1. This success came from the efficient use of GPUs, 
ReLUs, a new regularization technique called dropout62, and tech-
niques to generate more training examples by deforming the existing 
ones. This success has brought about a revolution in computer vision; 
ConvNets are now the dominant approach for almost all recognition 
and detection tasks4,58,59,63–65 and approach human performance on 
some tasks. A recent stunning demonstration combines ConvNets 
and recurrent net modules for the generation of image captions 
(Fig. 3). 

Recent ConvNet architectures have 10 to 20 layers of ReLUs, hun-
dreds of millions of weights, and billions of connections between 
units. Whereas training such large networks could have taken weeks 
only two years ago, progress in hardware, software and algorithm 
parallelization have reduced training times to a few hours. 

The performance of ConvNet-based vision systems has caused 
most major technology companies, including Google, Facebook, 

Microsoft, IBM, Yahoo!, Twitter and Adobe, as well as a quickly 
growing number of start-ups to initiate research and development 
projects and to deploy ConvNet-based image understanding products 
and services. 

ConvNets are easily amenable to efficient hardware implemen-
tations in chips or field-programmable gate arrays66,67. A number 
of companies such as NVIDIA, Mobileye, Intel, Qualcomm and 
Samsung are developing ConvNet chips to enable real-time vision 
applications in smartphones, cameras, robots and self-driving cars. 

Distributed representations and language processing 
Deep-learning theory shows that deep nets have two different expo-
nential advantages over classic learning algorithms that do not use 
distributed representations21. Both of these advantages arise from the 
power of composition and depend on the underlying data-generating 
distribution having an appropriate componential structure40. First, 
learning distributed representations enable generalization to new 
combinations of the values of learned features beyond those seen 
during training (for example, 2n combinations are possible with n 
binary features)68,69. Second, composing layers of representation in 
a deep net brings the potential for another exponential advantage70 
(exponential in the depth). 

The hidden layers of a multilayer neural network learn to repre-
sent the network’s inputs in a way that makes it easy to predict the 
target outputs. This is nicely demonstrated by training a multilayer 
neural network to predict the next word in a sequence from a local 

Figure 3 | From image to text. Captions generated by a recurrent neural 
network (RNN) taking, as extra input, the representation extracted by a deep 
convolution neural network (CNN) from a test image, with the RNN trained to 
‘translate’ high-level representations of images into captions (top). Reproduced 

with permission from ref. 102. When the RNN is given the ability to focus its 
attention on a different location in the input image (middle and bottom; the 
lighter patches were given more attention) as it generates each word (bold), we 
found86 that it exploits this to achieve better ‘translation’ of images into captions.

Vision
Deep CNN

Language
Generating RNN

A group of people 
shopping at an outdoor 

market.

There are many 
vegetables at the 

fruit stand.

A woman is throwing a frisbee in a park.

A little girl sitting on a bed with a teddy bear. A group of people sitting on a boat in the water. A giraffe standing in a forest with
trees in the background.

A dog is standing on a hardwood floor. A stop sign is on a road with a
mountain in the background

4 4 0  |  N A T U R E  |  V O L  5 2 1  |  2 8  M A Y  2 0 1 5

REVIEWINSIGHT

© 2015 Macmillan Publishers Limited. All rights reserved

Tiré de Y. LeCun, Y. Bengio et G. Hinton, Deep Learning, Nature, vol. 521, 28 mai 2015.
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Groupe de recherche à Québec

Nouvelle initiative de recherche à l’UMRsu en apprentissage
automatique

I Nombreux étudiants gradués et postdoc impliqués
I Collaboration étroite avec E Machine Learning Inc.

Applications visées
I Capteurs et caméras intelligentes
I Dispositifs personnels portables
I Automatisation de l’apprentissage automatique
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Cameras et capteurs portables

Source : The Toronto Star, https://www.thestar.com/news/crime/2016/06/01/
police-body-worn-cameras-not-a-magic-bullet-say-u-of-t-researchers.html.
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Dispositifs personnels portables

Source : Forbes, https://www.forbes.com/sites/danmunro/2013/05/19/
credit-suisse-says-wearable-tech-the-next-big-thing/#62149d5f732a.
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Automatisation de l’apprentissage automatique

A simple strategy to build an ensemble from a hyperparam-
eter optimization is to keep the trained models as they are
generated for evaluation instead of discarding them (Feurer
et al., 2015a). This effectively generates a pool of classi-
fiers to combine at the end of the optimization, a process
which is called post-hoc ensemble generation. Forward
greedy selection has been shown to perform well in the con-
text of pruning a pool of classifiers (Caruana et al., 2004).
At each iteration, given a pool of trained classifiers H to
select from, a new classifier is added to the ensemble, se-
lected according to the minimum ensemble generalization
error. At the first iteration, the classifier added is simply
the single best classifier. At step t, given the ensemble
E = {he1

, he2
, . . . , het�1

}, the next classifier is chosen
to minimize the empirical error on the validation dataset
when added to E:

ht = arg min
h2H

L(E [ {h}|XV ) (3)

L(E [ {h}|XV ) =

|XV |X

i=0

l0�1

�
g(xi, E [ {h}), yi

�
, (4)

where g(xi, E) is a function combining the predictions
of the classifiers in E on sample xi. In this case, the
combination rule is majority voting, as it is less prone to
overfitting (Caruana et al., 2004; Feurer et al., 2015a).
Other possible combination rules include weighted voting,
stacking (Kuncheva, 2004) and agnostic Bayesian combi-
nation (Lacoste et al., 2014a), to name only a few. Such
an approach can be shown to perform better than the single
best classifier produced by the hyperparameter optimiza-
tion, due in part to a reduction of the classifiers’ variance
through combination.

3 ENSEMBLE OPTIMIZATION

In this work, we aim at directly optimizing an ensemble of
classifiers through Bayesian hyperparameter optimization.
The strategies discussed in the previous section mostly
aimed at reusing the product of a completed hyperparame-
ter optimization after the fact. The goal is to make an online
selection of hyperparameters that could be more interesting
for an ensemble, but which do not necessarily maximize
the objective function of Equation 1 on their own. Directly
posing a model on the space of all possible ensembles of
a given size f(E) = f(�1, . . . , �m) would result in a very
hard and inefficient optimization problem, effectively du-
plicating the training of many models.

In order to palliate this, we propose a more focused ap-
proach. We define the objective function to be the perfor-
mance of a given ensemble E when it is augmented with
a new classifier trained with hyperparameters �, or h� . In
other words, the objective function is the empirical error
provided by adding a model h� to the ensemble E:

f(�|E) = L(E [A(�, XT )|XV ), (5)

�4 �2 0 2 4
log10 �

0.25

0.30

0.35

0.40

er
r

f(�)

f(�|E)

E
L(h�)

L(E [ {h�})

Figure 1: Example of an ensemble optimization. The red
marks represent trained models and their standalone gener-
alization error, and black circles represent two models se-
lected for the current ensemble E. Blue marks represent
the performance of an ensemble when we add the trained
model with corresponding hyperparameters �.

again using the empirical loss on a hold-out validation set
XV . Contrarily to the post-hoc ensemble generation, a
probabilistic model is fit on the performance that a model
trained with given hyperparameters would provide to the
ensemble. In order to do this, two things are required: 1)
an already established ensemble, and 2) a pool of trained
classifiers available to compute observations of Equation 5
to condition our model on. Given the history of trained
models so far H = {h1, . . . , ht} and an ensemble de-
fined by a selection of classifiers within the history E =
{he1 , . . . , hem}, the observations used to model f(�) are
obtained by reusing the trained classifiers in H , keeping E
constant. Consequently, the objective function models the
true ensemble error. Given a zero-one loss function and an
empty ensemble E = ?, Equation 5 falls back to a clas-
sical hyperparameter optimization problem, and the objec-
tive function will be minimized by the best hyperparame-
ters for a single model �⇤.

The power of the suggested framework is illustrated with
an example shown in Figure 1. This figure presents one
iteration of ensemble optimization given 20 trained SVMs
in a one-dimensional hyperparameter space, where the sin-
gle hyperparameter is the width of the RBF kernel (� 2
[10�5, 105]). The dataset used is the Pima Indian Diabetes
dataset available from UCI (Frank and Asuncion, 2010),
with separate training and validation splits. The current
ensemble E consists of two models selected by forward
greedy selection shown by black circles. Ensemble eval-
uation and member selection strategies will be discussed
further; for now let us assume a fixed ensemble. The red
Xs represent the generalization error of single models and
the red curve represents a Gaussian Process prior condi-
tioned on those observations, in other words, a model of
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Investissement dans l’intelligence artificielle

could also explore whether the use of 
historical data to predict where crimes will  
happen is driving overpolicing of margin-
alized communities. Or it could investigate 
why high-rolling investors are given the right 
to understand the financial decisions made 
on their behalf by humans and algorithms, 
whereas low-income loan seekers are often 
left to wonder why their requests have been 
rejected. 

A SINGULAR PROBLEM 
“People worry that computers will get too 
smart and take over the world, but the 
real problem is that they’re too stupid and 
they’ve already taken over the world.” This 
is how computer scientist Pedro Domingos  
sums up the issue in his 2015 book The 
Master Algorithm1. Even the many research-
ers who reject the prospect of a ‘techno-
logical singularity’ — saying the field is 
too young — support the introduction of 
relatively untested AI systems into social 
institutions. 

In part thanks to the enthusiasm of AI 
researchers, such systems are already being 
used by physicians to guide diagnoses. They 
are also used by law firms to advise clients 
on the likelihood of their winning a case, 
by financial institutions to help decide who 
should receive loans, and by employers to 
guide whom to hire. 

Analysts are expecting the uses of AI  
systems in these and other contexts to soar. 
Current market analyses put the economic 
value of AI applications in the billion-dollar 
range (see ‘On the rise’), and IBM’s chief exec-
utive Ginni Rometty has said that she sees a 
US$2-trillion opportunity in AI systems over 
the coming decade. Admittedly, estimates are 
difficult to make, in part because there is no 
consensus on what counts as AI.

AI will not necessarily be worse than 
human-operated systems at making predic-
tions and guiding decisions. On the con-
trary, engineers are optimistic that AI can 
help to detect and reduce human bias and 
prejudice. But studies indicate that in some 

current contexts, the downsides of AI sys-
tems disproportionately affect groups that 
are already disadvantaged by factors such 
as race, gender and socio-economic back-
ground2. 

In a 2013 study, for example, Google 
searches of first names commonly used by 
black people were 25% more likely to flag 
up advertisements for a criminal-records 
search than those of ‘white-identifying’ 
names3. In another race-related finding, a 
ProPublica investigation in May 2016 found 
that the proprietary algorithms widely used 
by judges to help determine the risk of reof-
fending are almost twice as likely to mis-
takenly flag black defendants than white 
defendants (see go.nature.com/29aznyw). 

THREE TOOLS 
How can such effects be avoided? So far, 
there have been three dominant modes of 
responding to concerns about the social and 
ethical impacts of AI systems: compliance, 
‘values in design’ and thought experiments. 
All three are valuable. None is individually 
or collectively sufficient. 

Deploy and comply. Most commonly, com-
panies and others take basic steps to adhere 
to a set of industry best practices or legal 
obligations, so as to avoid government, 
press or other scrutiny. This approach can 
produce short-term benefits. Google, for 
example, tweaked its image-recognition 
algorithm in 2015 after the system mis-
labelled an African American couple as 
gorillas. The company has also proposed 
introducing a ‘red button’ into its AI systems 
that researchers could press should the sys-
tem seem to be getting out of control4. 

Similarly, Facebook made an exception to 
its rule of removing images of nude children 
from its site after the public backlash about 
its censorship of the Pulitzer-prizewinning 
photograph of a naked girl, Kim Phúc, flee-
ing a napalm attack in Vietnam. And just 
last month, several leading AI companies, 
including Microsoft, Amazon and IBM, 

formed the Partnership on AI to try to 
advance public understanding and develop 
some shared standards. 

Yet the ‘deploy and comply’ approach can 
be ad hoc and reactive, and industry efforts 
can prove inadequate if they lack sufficient 
critical voices and independent contributors. 
The new AI partnership is inviting ethicists 
and civil-society organizations to participate. 
But the concern remains that corporations 
are relatively free to field test their AI systems 
on the public without sustained research on 
medium- or even near-term effects. 

Values in design. Thanks to pioneers in the 
ethical design of technology, including the 
influential scholars Batya Friedman and 
Helen Nissenbaum, researchers and firms 
now deploy frameworks such as value sen-
sitive design or ‘responsible innovation’ to 
help them to identify likely stakeholders 
and their values. Focus groups or other 
techniques are used to establish people’s 
views about personal privacy, the environ-
ment and so on. The values of prospective 
users are then incorporated into the design 
of the technology, whether it is a phone 
app or a driverless car5. Developers of AI 
systems should draw on these important 
methods more. 

Nevertheless, such tools often work 
on the assumption that the system will be 
built. They are less able to help designers, 
policymakers or society to decide whether 
a system should be built at all, or when a 
proto type is too preliminary or unreliable 
to be unleashed on infrastructure such as 
hospitals or courtrooms.

Thought experiments. In the past few 
years, hypothetical situations have domi-
nated the public debate around the social 
impacts of AI. 

The possibility that humans will create a 
highly intelligent system that will ultimately 
rule over us or even destroy us has been most 
discussed (see, for example, ref. 6). Also, one 
relevant thought experiment from 1967 — 
the trolley problem — has taken on new 
life. This scenario raises questions about 
responsibility and culpability. In it, a per-
son can either let a runaway trolley car run 
along a track where five men are working, 
or pull a lever to redirect the trolley on to 
another track where only one person is at 
risk. Various commentators have applied 
this hypothetical scenario to self-driving 
cars, which they argue will have to make 
automated decisions that constitute ethical 
choices7. 

Yet as with the robot apocalypse, the 
possibility of a driverless car weighing up 
‘kill decisions’ presents a narrow frame 
for moral reasoning. The trolley problem 
offers little guidance on the wider social 
issues at hand: the value of a massive 
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Tiré de K. Crawford et R. Calo, There is a blind spot in AI research, Nature, vol. 538, 20 octobre 2016.
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Montréal et le Québec : nouvelle Silicon Valley de l’IA ?

L’apprentissage profond a été développé en bonne partie au Canada
(Hinton à Toronto, Bengio à Montréal)

I Plusieurs des grands joueurs sont maintenant avec les Google,
Facebook et cie

I Plus grands groupes de recherche en apprentissage profond à Montréal

Contrecarrer l’exode des cerveaux
I Subvention Apogée à Campus Montréal : 98 M$ sur 7 ans sur l’IA

(octobre 2016)
I Element AI : startup dans l’application de l’apprentissage automatique

(octobre 2016)
I Bureau satellite de Google Brain s’implante à Montréal (novembre

2016)
I Acquisition de Maluuba par Microsoft (janvier 2017)

Début d’une nouvelle révolution industrielle, par l’automatisation des
tâches cognitives ?
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Merci de votre attention !

http://vision.gel.ulaval.ca/~cgagne
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Problème de la dilution du gradient

L’entrâınement de perceptron multicouche de plus de deux couches
cachées avec rétropropagation ne fonctionne pas bien

I Neurones saturés, avec gradient est très faible
I Dilution du gradient (vanishing gradient) de couche en couche
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Pré-entrâınement non supervisé

Réseaux profonds avant 2011 : pré-entrâınement non supervisé
nécessaire

I Initialisation aléatoire de réseaux profonds génère une grande variété de
solutions sous-optimales (minima locaux)

I Pré-entrâınement non supervisé permet de démarrer la rétropropagation
dans une « bonne configuration » (bassin d’attraction)

CHAPTER 15. REPRESENTATION LEARNING
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Figure 15.1: Visualization via nonlinear projection of the learning trajectories of different
neural networks in function space (not parameter space, to avoid the issue of many-to-one
mappings from parameter vectors to functions), with different random initializations
and with or without unsupervised pretraining. Each point corresponds to a different
neural network, at a particular time during its training process. This figure is adapted
with permission from ( ). A coordinate in function space is an infinite-Erhan et al. 2010
dimensional vector associating every input x with an output y . ( ) madeErhan et al. 2010
a linear projection to high-dimensional space by concatenating the y for many specific x
points. They then made a further nonlinear projection to 2-D by Isomap (Tenenbaum
et al., ). Color indicates time. All networks are initialized near the center of the plot2000
(corresponding to the region of functions that produce approximately uniform distributions
over the class y for most inputs). Over time, learning moves the function outward, to
points that make strong predictions. Training consistently terminates in one region when
using pretraining and in another, non-overlapping region when not using pretraining.
Isomap tries to preserve global relative distances (and hence volumes) so the small region
corresponding to pretrained models may indicate that the pretraining-based estimator
has reduced variance.

533

Tiré de I. Goodfellow, Y. Bengio et A. Courville, Deep Learning, MIT Press, 2016.
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Génération d’exemples

Idée : générer des données d’entrées à partir d’une sortie désirée
I Générer donc un modèle de la donnée pouvant produire la sortie selon

le réseau de neurones

Approche : descendre le gradient sur la donnée d’entrée

∆x = −η∂E (x|θ)

∂x

I On va donc générer une nouvelle donnée à partir de la valeur initiale de
x et la sortie désirée r

I Poids du réseau ne changent pas

Utilisé dans diverses circonstances
I Générateur d’images Deep Dream de Google
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Deep dream

Tiré de https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html.
Licensed by Google Inc. under a Creative Commons Attribution 4.0 International License.
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Données adversariales

Utiliser génération de données pour déterminer plus petite variation
permettant de faire une erreur de classement
CHAPTER 7. REGULARIZATION FOR DEEP LEARNING

+ .007× =

x sign(∇xJ (θ x, , y))
x+

s sign(∇xJ (θ x, , y))
y =“panda” “nematode” “gibbon”
w/ 57.7%
confidence

w/ 8.2%
confidence

w/ 99.3 %
confidence

Figure 7.8: A demonstration of adversarial example generation applied to GoogLeNet
( , ) on ImageNet. By adding an imperceptibly small vector whoseSzegedy et al. 2014a
elements are equal to the sign of the elements of the gradient of the cost function with
respect to the input, we can change GoogLeNet’s classification of the image. Reproduced
with permission from ( ).Goodfellow et al. 2014b

to optimize. Unfortunately, the value of a linear function can change very rapidly

if it has numerous inputs. If we change each input by s, then a linear function

with weights w can change by as much as s|| ||w 1, which can be a very large
amount if w is high-dimensional. Adversarial training discourages this highly
sensitive locally linear behavior by encouraging the network to be locally constant
in the neighborhood of the training data. This can be seen as a way of explicitly
introducing a local constancy prior into supervised neural nets.

Adversarial training helps to illustrate the power of using a large function
family in combination with aggressive regularization. Purely linear models, like
logistic regression, are not able to resist adversarial examples because they are
forced to be linear. Neural networks are able to represent functions that can range
from nearly linear to nearly locally constant and thus have the flexibility to capture

linear trends in the training data while still learning to resist local perturbation.

Adversarial examples also provide a means of accomplishing semi-supervised
learning. At a point x that is not associated with a label in the dataset, the
model itself assigns some label ŷ . The model’s label ŷ may not be the true label,
but if the model is high quality, then ŷ has a high probability of providing the
true label. We can seek an adversarial example x� that causes the classifier to
output a label y� with y � �= ŷ. Adversarial examples generated using not the true
label but a label provided by a trained model are called virtual adversarial
examples (Miyato 2015et al., ). The classifier may then be trained to assign the
same label to x and x�. This encourages the classifier to learn a function that is

269

Tiré de I. Goodfellow, Y. Bengio et A. Courville, Deep Learning, MIT Press, 2016.

Causé par l’utilisation de représentation distribuée dans un espace à
très haute dimensionnalité

Illustre une difficultée actuelle avec réseaux profonds, robustesse aux
données adversariales doit être améliorée
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Apprentissage par renforcement profond

Apprentissage par renforcement : déterminer les bonnes actions à
effectuer selon les conditions actuelles

I Guidé par récompense ponctuelle, sans indication précise sur actions
décisives

I Forme plus élaborée (et plus complexe) d’intelligence que tâches de
classement et régression

Réseaux profonds s’avèrent très prometeurs pour l’apprentissage par
renforcement

I Simulations massives permettent d’apprendre à effectuer certaines
actions précises

Jeux vidéos (Atari 2600) : Deep Q-learning Network (Deepmind)
I Entrée est la capture de l’écran, récompense est le pointage obtenu
I 49 jeux différents, performances « surhumaines »

Jeu de Go : AlphaGo (encore Google Deepmind)
I Go : jeu traditionnel asiatique, plus complexe que les échecs
I http://www.theverge.com/2016/3/9/11185030/

google-deepmind-alphago-go-artificial-intelligence-impact
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Traduction automatisée

Google’s Neural Machine Translation System : nouvelle mouture de
Google Translate basée sur des réseaux profonds

I Amélioration de 60 % des performances relativement à la version
précédente

I En cours de déploiement sur les systèmes de Google

Figure 1: The model architecture of GNMT, Google’s Neural Machine Translation system. On the left
is the encoder network, on the right is the decoder network, in the middle is the attention module. The
bottom encoder layer is bi-directional: the pink nodes gather information from left to right while the green
nodes gather information from right to left. The other layers of the encoder are uni-directional. Residual
connections start from the layer third from the bottom in the encoder and decoder. The model is partitioned
into multiple GPUs to speed up training. In our setup, we have 8 encoder LSTM layers (1 bi-directional layer
and 7 uni-directional layers), and 8 decoder layers. With this setting, one model replica is partitioned 8-ways
and is placed on 8 di�erent GPUs typically belonging to one host machine. During training, the bottom
bi-directional encoder layers compute in parallel first. Once both finish, the uni-directional encoder layers
can start computing, each on a separate GPU. To retain as much parallelism as possible during running
the decoder layers, we use the bottom decoder layer output only for obtaining recurrent attention context,
which is sent directly to all the remaining decoder layers. The softmax layer is also partitioned and placed on
multiple GPUs. Depending on the output vocabulary size we either have them run on the same GPUs as the
encoder and decoder networks, or have them run on a separate set of dedicated GPUs.

st = AttentionFunction(yi≠1,xt) ’t, 1 Æ t Æ M

pt = exp(st)/
Mÿ

t=1
exp(st) ’t, 1 Æ t Æ M

ai =
Mÿ

t=1
pt.xt

(4)

where AttentionFunction in our implementation is a feed forward network with one hidden layer.

3.1 Residual Connections
As mentioned above, deep stacked LSTMs often give better accuracy over shallower models. However, simply
stacking more layers of LSTM works only to a certain number of layers, beyond which the network becomes
too slow and di�cult to train, likely due to exploding and vanishing gradient problems [32, 21]. In our

4

Tiré de Wu et al., Google’s Neural Machine Translation System : Bridging the Gap between Human and Machine Translation,
arXiv:1609.08144v1, 2016.

C. Gagné (U. Laval) Réseaux de neurones profonds D̂ıner-conférence UMRsu 7 / 10



Exemples de traduction avec GNMT (1/3)

Table 11: Some example translations from PBMT [15], our GNMT system (the "NMT before RL", Table 9),
and Human. Source and target sentences (human translations) are from the public benchmark WMT EnæFr
(newstest2014) data set. The right-hand column shows the human ratings on a scale of 0 (complete nonsense)
to 6 (perfect translation). We disagree with some of the human ratings, e.g., the translation “Elle a été
repéré trois jours plus tard par un promeneur de chien piégé dans la carrière” contains grammatical mistakes
and changes semantics, and is still scored 6. We present it to illustrate the potential problems of the scoring
process.

Source
"The reason Boeing are doing this is to cram more seats in to make their plane more
competitive with our products," said Kevin Keniston, head of passenger comfort at
Europe’s Airbus.

PBMT
"La raison pour laquelle Boeing sont en train de faire, c’est de concentrer davantage de
sièges pour prendre leur avion plus compétitive avec nos produits", a déclaré Kevin M.
Keniston, chef du confort des passagers de l’Airbus de l’Europe.

3.0

GNMT
"La raison pour laquelle Boeing fait cela est de créer plus de sièges pour rendre son
avion plus compétitif avec nos produits", a déclaré Kevin Keniston, chef du confort des
passagers chez Airbus.

6.0

Human
"Boeing fait ça pour pouvoir caser plus de sièges et rendre ses avions plus compétitifs
par rapports à nos produits", a déclaré Kevin Keniston, directeur de Confort Passager
chez l’avionneur européen Airbus.

6.0

Source
When asked about this, an o�cial of the American administration replied: "The United
States is not conducting electronic surveillance aimed at o�ces of the World Bank and
IMF in Washington."

PBMT
Interrogé à ce sujet, un responsable de l’administration américaine a répondu : "Les
Etats-Unis n’est pas e�ectuer une surveillance électronique destiné aux bureaux de la
Banque mondiale et du FMI à Washington".

3.0

GNMT
Interrogé à ce sujet, un fonctionnaire de l’administration américaine a répondu: "Les
États-Unis n’e�ectuent pas de surveillance électronique à l’intention des bureaux de la
Banque mondiale et du FMI à Washington".

6.0

Human
Interrogé sur le sujet, un responsable de l’administration américaine a répondu: "les
Etats-Unis ne mènent pas de surveillance électronique visant les sièges de la Banque
mondiale et du FMI à Washington".

6.0

Source Martin told CNN that he asked Daley whether his then-boss knew about the potential
shu�e.

PBMT Martin a déclaré à CNN qu’il a demandé Daley si son patron de l’époque connaissaient
le potentiel remaniement ministériel. 2.0

GNMT Martin a dit à CNN qu’il avait demandé à Daley si son patron d’alors était au courant
du remaniement potentiel. 6.0

Human Martin a dit sur CNN qu’il avait demandé à Daley si son patron d’alors était au
courant du remaniement éventuel. 5.0

Source She was spotted three days later by a dog walker trapped in the quarry
PBMT Elle a été repéré trois jours plus tard par un promeneur de chien piégé dans la carrière 6.0
GNMT Elle a été repérée trois jours plus tard par un traîneau à chiens piégé dans la carrière. 2.0

Human Elle a été repérée trois jours plus tard par une personne qui promenait son chien
coincée dans la carrière 5.0

Source Analysts believe the country is unlikely to slide back into full-blown conflict, but recent
events have unnerved foreign investors and locals.

PBMT Les analystes estiment que le pays a peu de chances de retomber dans un conflit total,
mais les événements récents ont inquiété les investisseurs étrangers et locaux. 5.0

GNMT
Selon les analystes, il est peu probable que le pays retombe dans un conflit généralisé,
mais les événements récents ont attiré des investisseurs étrangers et des habitants
locaux.

2.0

Human Les analystes pensent que le pays ne devrait pas retomber dans un conflit ouvert, mais
les récents évènements ont ébranlé les investisseurs étrangers et la population locale. 5.0

23

Tiré de Wu et al., Google’s Neural Machine Translation System : Bridging the Gap between Human and Machine Translation,
arXiv:1609.08144v1, 2016.
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Exemples de traduction avec GNMT (2/3)

Table 11: Some example translations from PBMT [15], our GNMT system (the "NMT before RL", Table 9),
and Human. Source and target sentences (human translations) are from the public benchmark WMT EnæFr
(newstest2014) data set. The right-hand column shows the human ratings on a scale of 0 (complete nonsense)
to 6 (perfect translation). We disagree with some of the human ratings, e.g., the translation “Elle a été
repéré trois jours plus tard par un promeneur de chien piégé dans la carrière” contains grammatical mistakes
and changes semantics, and is still scored 6. We present it to illustrate the potential problems of the scoring
process.

Source
"The reason Boeing are doing this is to cram more seats in to make their plane more
competitive with our products," said Kevin Keniston, head of passenger comfort at
Europe’s Airbus.

PBMT
"La raison pour laquelle Boeing sont en train de faire, c’est de concentrer davantage de
sièges pour prendre leur avion plus compétitive avec nos produits", a déclaré Kevin M.
Keniston, chef du confort des passagers de l’Airbus de l’Europe.

3.0

GNMT
"La raison pour laquelle Boeing fait cela est de créer plus de sièges pour rendre son
avion plus compétitif avec nos produits", a déclaré Kevin Keniston, chef du confort des
passagers chez Airbus.

6.0

Human
"Boeing fait ça pour pouvoir caser plus de sièges et rendre ses avions plus compétitifs
par rapports à nos produits", a déclaré Kevin Keniston, directeur de Confort Passager
chez l’avionneur européen Airbus.

6.0

Source
When asked about this, an o�cial of the American administration replied: "The United
States is not conducting electronic surveillance aimed at o�ces of the World Bank and
IMF in Washington."

PBMT
Interrogé à ce sujet, un responsable de l’administration américaine a répondu : "Les
Etats-Unis n’est pas e�ectuer une surveillance électronique destiné aux bureaux de la
Banque mondiale et du FMI à Washington".

3.0

GNMT
Interrogé à ce sujet, un fonctionnaire de l’administration américaine a répondu: "Les
États-Unis n’e�ectuent pas de surveillance électronique à l’intention des bureaux de la
Banque mondiale et du FMI à Washington".

6.0

Human
Interrogé sur le sujet, un responsable de l’administration américaine a répondu: "les
Etats-Unis ne mènent pas de surveillance électronique visant les sièges de la Banque
mondiale et du FMI à Washington".

6.0

Source Martin told CNN that he asked Daley whether his then-boss knew about the potential
shu�e.

PBMT Martin a déclaré à CNN qu’il a demandé Daley si son patron de l’époque connaissaient
le potentiel remaniement ministériel. 2.0

GNMT Martin a dit à CNN qu’il avait demandé à Daley si son patron d’alors était au courant
du remaniement potentiel. 6.0

Human Martin a dit sur CNN qu’il avait demandé à Daley si son patron d’alors était au
courant du remaniement éventuel. 5.0

Source She was spotted three days later by a dog walker trapped in the quarry
PBMT Elle a été repéré trois jours plus tard par un promeneur de chien piégé dans la carrière 6.0
GNMT Elle a été repérée trois jours plus tard par un traîneau à chiens piégé dans la carrière. 2.0

Human Elle a été repérée trois jours plus tard par une personne qui promenait son chien
coincée dans la carrière 5.0

Source Analysts believe the country is unlikely to slide back into full-blown conflict, but recent
events have unnerved foreign investors and locals.

PBMT Les analystes estiment que le pays a peu de chances de retomber dans un conflit total,
mais les événements récents ont inquiété les investisseurs étrangers et locaux. 5.0

GNMT
Selon les analystes, il est peu probable que le pays retombe dans un conflit généralisé,
mais les événements récents ont attiré des investisseurs étrangers et des habitants
locaux.

2.0

Human Les analystes pensent que le pays ne devrait pas retomber dans un conflit ouvert, mais
les récents évènements ont ébranlé les investisseurs étrangers et la population locale. 5.0
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Exemples de traduction avec GNMT (3/3)

Table 11: Some example translations from PBMT [15], our GNMT system (the "NMT before RL", Table 9),
and Human. Source and target sentences (human translations) are from the public benchmark WMT EnæFr
(newstest2014) data set. The right-hand column shows the human ratings on a scale of 0 (complete nonsense)
to 6 (perfect translation). We disagree with some of the human ratings, e.g., the translation “Elle a été
repéré trois jours plus tard par un promeneur de chien piégé dans la carrière” contains grammatical mistakes
and changes semantics, and is still scored 6. We present it to illustrate the potential problems of the scoring
process.

Source
"The reason Boeing are doing this is to cram more seats in to make their plane more
competitive with our products," said Kevin Keniston, head of passenger comfort at
Europe’s Airbus.

PBMT
"La raison pour laquelle Boeing sont en train de faire, c’est de concentrer davantage de
sièges pour prendre leur avion plus compétitive avec nos produits", a déclaré Kevin M.
Keniston, chef du confort des passagers de l’Airbus de l’Europe.

3.0

GNMT
"La raison pour laquelle Boeing fait cela est de créer plus de sièges pour rendre son
avion plus compétitif avec nos produits", a déclaré Kevin Keniston, chef du confort des
passagers chez Airbus.

6.0

Human
"Boeing fait ça pour pouvoir caser plus de sièges et rendre ses avions plus compétitifs
par rapports à nos produits", a déclaré Kevin Keniston, directeur de Confort Passager
chez l’avionneur européen Airbus.

6.0

Source
When asked about this, an o�cial of the American administration replied: "The United
States is not conducting electronic surveillance aimed at o�ces of the World Bank and
IMF in Washington."

PBMT
Interrogé à ce sujet, un responsable de l’administration américaine a répondu : "Les
Etats-Unis n’est pas e�ectuer une surveillance électronique destiné aux bureaux de la
Banque mondiale et du FMI à Washington".

3.0

GNMT
Interrogé à ce sujet, un fonctionnaire de l’administration américaine a répondu: "Les
États-Unis n’e�ectuent pas de surveillance électronique à l’intention des bureaux de la
Banque mondiale et du FMI à Washington".

6.0

Human
Interrogé sur le sujet, un responsable de l’administration américaine a répondu: "les
Etats-Unis ne mènent pas de surveillance électronique visant les sièges de la Banque
mondiale et du FMI à Washington".

6.0

Source Martin told CNN that he asked Daley whether his then-boss knew about the potential
shu�e.

PBMT Martin a déclaré à CNN qu’il a demandé Daley si son patron de l’époque connaissaient
le potentiel remaniement ministériel. 2.0

GNMT Martin a dit à CNN qu’il avait demandé à Daley si son patron d’alors était au courant
du remaniement potentiel. 6.0

Human Martin a dit sur CNN qu’il avait demandé à Daley si son patron d’alors était au
courant du remaniement éventuel. 5.0

Source She was spotted three days later by a dog walker trapped in the quarry
PBMT Elle a été repéré trois jours plus tard par un promeneur de chien piégé dans la carrière 6.0
GNMT Elle a été repérée trois jours plus tard par un traîneau à chiens piégé dans la carrière. 2.0

Human Elle a été repérée trois jours plus tard par une personne qui promenait son chien
coincée dans la carrière 5.0

Source Analysts believe the country is unlikely to slide back into full-blown conflict, but recent
events have unnerved foreign investors and locals.

PBMT Les analystes estiment que le pays a peu de chances de retomber dans un conflit total,
mais les événements récents ont inquiété les investisseurs étrangers et locaux. 5.0

GNMT
Selon les analystes, il est peu probable que le pays retombe dans un conflit généralisé,
mais les événements récents ont attiré des investisseurs étrangers et des habitants
locaux.

2.0

Human Les analystes pensent que le pays ne devrait pas retomber dans un conflit ouvert, mais
les récents évènements ont ébranlé les investisseurs étrangers et la population locale. 5.0
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