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Scruter pour mieux comprendre : 
Deep Learning et mécanismes

d'attention

Christian Wolf
INRIA-Chroma, CITI, LIRIS, INSA-Lyon
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=	?

Interprétation
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Ami ou pas?
Sourire ou Courir?
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Ou suis-je?
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Intelligence et pensée critique

Blog « Binaire », Le monde, 14 Mai 2018
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Apprendre à prendre de décisions

L’objectif est de prédire une valeur y à partir d’une entrée observée x

Les paramétres sont appris à partir de données.

{chien, chat, pokemon, helicopter, …}

{0, 1, … 24, 25, 26, …, 98, 99, …}

{Gauche, droite, avancer, reculer, …}

(Comparison par Peter Bihr)
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Un neurone en « VO »

Devin K. Phillips
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Réseaux de neurones
« Perceptron »

SortieEntrée

Recognition of complex activities through unsupervised
learning of structured attribute models

April 30, 2015

Abstract

Complex human actions are modelled as graphs over basic attributes and their spatial

and temporal relationships. The attribute dictionary as well as the graphical structure

are learned automatically from training data.

y(x,w) =
DX

i=0

wixi

1 The activity model

A set C = {ci, c2, . . . , cC} of C complex activities is considered, where each activity ci is
modelled as a Graph Gi = (Vi, Ei), and both, nodes and edges of the graphs, are valued. For
convenience, in the following we will drop the index i and consider a single graph for a given
activity.

The set of nodes V of the graph G is indexed (here denoted by j) and corresponds to
occurrences of basic attributes. Each node j is assigned a vector of 4 values {aj, xj, yj, tj} :
the attribute type aj and a triplet of spatio-temporal coordinates xj, yj and tj. The edges
define pairwise logical spatial or temporal relationships: before, after, overlaps, is included,

near, . . .).
Examples of graphs for the three activities Leaving a baggage unattended, Telephone con-

versation, and Handshaking between two people are shown in figure 1. Note, that one node
of a model graph can be matched with several consecutive attribute occurrences in the test
video. For instance, when the model Telephone conversation (figure 1b) is matched, the node
Person will in general be matched to multiple occurrences of a person in the video — as
long as the conversation will last. Also, the graphs shown in the figure are only examples,
the actual graphs are learned automatically and will in general not correspond to a graph
designed by a human.

The attribute type variables aj = k may take values k in an alphabet ⇤ = {1, . . . , L}.
These values can correspond to fixed (manually designed types), as for instance Person, or
automatically learned attributes. Associated to each possible type k is a feature function
�k(v, x, y, t;⇥k) �! {0, 1} which evaluates whether in the spatio-temporal block centered on
(x, y, t) of the video v the attribute is found (= 1) or not (= 0). The parameters (to be
learned) of these functions are denoted by ⇥k.

Each edge ejk between two nodes j and k is assigned an edge label which may take values
in an alphabet ⌥ (before, after, overlaps, is included, near, . . .).). There may be multiple
edges between the same pair of nodes.

1



12

Réseaux « profonds »

Chat
Chien
Banane

Erreur (« Loss »)
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Descente de gradients

236 5. NEURAL NETWORKS

Figure 5.5 Geometrical view of the error function E(w) as
a surface sitting over weight space. Point wA is
a local minimum and wB is the global minimum.
At any point wC , the local gradient of the error
surface is given by the vector ∇E.

w1

w2

E(w)

wA wB wC

∇E

Following the discussion of Section 4.3.4, we see that the output unit activation
function, which corresponds to the canonical link, is given by the softmax function

yk(x,w) =
exp(ak(x,w))∑

j

exp(aj(x,w))
(5.25)

which satisfies 0! yk ! 1and
∑

k yk = 1. Note that the yk(x,w) are unchanged
if a constant is added to all of the ak(x,w), causing the error function to be constant
for some directions in weight space. This degeneracy is removed if an appropriate
regularization term (Section 5.5) is added to the error function.

Once again, the derivative of the error function with respect to the activation for
a particular output unit takes the familiar form (5.18).Exercise 5.7

In summary, there is a natural choice of both output unit activation function
and matching error function, according to the type of problem being solved. For re-
gression we use linear outputs and a sum-of-squares error, for (multiple independent)
binary classifications we use logistic sigmoid outputs and a cross-entropy error func-
tion, and for multiclass classification we use softmax outputs with the corresponding
multiclass cross-entropy error function. For classification problems involving two
classes, we can use a single logistic sigmoid output, or alternatively we can use a
network with two outputs having a softmax output activation function.

5.2.1 Parameter optimization
We turn next to the task of finding a weight vector w which minimizes the

chosen function E(w). At this point, it is useful to have a geometrical picture of the
error function, which we can view as a surface sitting over weight space as shown in
Figure 5.5. First note that if we make a small step in weight space from w to w+δw
then the change in the error function is δE ≃ δwT∇E(w), where the vector ∇E(w)
points in the direction of greatest rate of increase of the error function. Because the
error E(w) is a smooth continuous function of w, its smallest value will occur at a

Minimisation de l’erreur commise sur des 
données connues (étiquetées).

Blocage possible 
dans un minimum 
local (et on s’en fiche)

[C. Bishop, Pattern recognition and Machine learning, 2006]
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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.

5

Le deep du deep
2012 : AlexNet, 8 couches entrainées sur 2 GPUs. Nouvelle technique : dropout 

2014 : GoogLEnet, 20 couches. Nouvelle technique : intermediate supervision

2015 : Microsoft research, 150 couches (!!). Nouvelle technique : residual learning
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Visualisation

824 M.D. Zeiler and R. Fergus

Layer 2

Layer 1

Layer 3

Layer 4 Layer 5

Fig. 2. Visualization of features in a fully trained model. For layers 2-5 we show the top
9 activations in a random subset of feature maps across the validation data, projected
down to pixel space using our deconvolutional network approach. Our reconstructions
are not samples from the model: they are reconstructed patterns from the validation set
that cause high activations in a given feature map. For each feature map we also show
the corresponding image patches. Note: (i) the the strong grouping within each feature
map, (ii) greater invariance at higher layers and (iii) exaggeration of discriminative
parts of the image, e.g. eyes and noses of dogs (layer 4, row 1, cols 1). Best viewed in
electronic form. The compression artifacts are a consequence of the 30Mb submission
limit, not the reconstruction algorithm itself.

[Zeiler and Fergus, 
ECCV 2014]
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Comment coder tout ça?

entrée

Vérité de terrain

Sortie / prédiction

Cout / erreur

Entrées, sorties et paramètres sont des tenseurs de 
plusieurs dimensions.
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PyTorch (Facebook) : exemple
Calcul impératif et non pas symbolique (!). Débogage (relativement) facile.

Code du pass « forward » 
traversant le réseau : ici, 2 
couches nommées fc1, fc2

Comparaison avec les 
étiquettes, calcul de l’érreur

Calcul automatique du 
gradient de l’erreur

Mise à jour automatique
du modèle 
(=entrainement).
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May the loss go down

=
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Quelques applications
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[Güler, Neverova, Kokkinos, CVPR 2018]
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[Karpathy et	al,	2015]

Apprendre à expliquer les images
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Générer des images

[Johnson, Gupta, Fei-Fei, 
CVPR 2018]

[Siarohin, Sangineto, 
Lathulière, Sebe, CVPR 2018]



25

Apprendre à contrôler

Olivier Simonin
INRIA, CITI,
INSA-Lyon

Edward 
Beeching
M2R @ INRIA, 
CITI, 
INSA-Lyon

Christian Wolf
INRIA, LIRIS, CITI
INSA-Lyon

Jilles Dibangoye
INRIA, CITI,
INSA-Lyon
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Apprendre à contrôler

[Tan, Zhang, Coumans, Iscen, Bai, Hafner, Bohez, Vanhouke, RSS 2018]
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Scruter pour mieux 
comprendre
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Apprendre à traduire
Nous avons une quantité massive de textes (livres, articles) 
traduits par des traducteurs professionnels.
Peut-on apprendre à traduire uniquement à partir de données, 
sans aucune notion de grammaire et de langue?

Happy	families are	all	alike.	Every unhappy family is unhappy in	its own way.

Alle glücklichen Familien gleichen einander,	jede unglückliche Familie ist auf ihre
eigene Weise	unglücklich

Toutes	les	familles	heureuses	se	ressemblent.	Chaque	famille	malheureuse,	au	
contraire,	l'est	à	sa	façon.

Все	счастливые	семьи	похожи	друг	на	друга,	каждая	несчастливая	семья	
несчастлива	по-своему..

[L. Tolstoy, 1873]
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Traduction par un humain



30

1. Lecture 
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2. Création d’une représentation interne

?
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3. Ecriture de la traduction
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Apprendre à traduire

you know nothing, Jon

   Tu     pas     sais   zero,  Jon

s

   Tu     ne     sais   rien,  Jon



34

Apprendre à traduire

you know nothing, Jon

   Tu     pas     sais   zero,  Jon

s

   Tu     ne     sais   rien,  Jon
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Traduction d’un long texte par un humain ?
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Lecture du texte entier
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Lecture attentive de la première partie
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Traduction et écriture de cette partie
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Lecture attentive de la prochaine partie
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Traduction et écriture de cette partie
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Lecture attentive de la prochaine partie
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Traduction et écriture de cette partie
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Apprendre à traduire

you know nothing, Jon

   Tu     ne     
+

[Bahdanau, Cho, Bengio, 2016]
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Traduction : exemples

Si	vous	voulez	vraiment	en	entendre	parler,	la	première	chose	que	vous	voudrez	
probablement	savoir	est	où	je	suis	né,	et	ce	que	mon	enfance	moche	était,	et	
comment	mes	parents	étaient	occupés	et	tout	ce	qu'ils	avaient	avant	moi,	et	tout	ce	
que	David	Copperfield,	mais	je	n'ai	pas	envie	d'y	aller,	si	tu	veux	savoir	la	vérité.	En	
premier	lieu,	cela	m'ennuie,	et	en	second	lieu,	mes	parents	auraient	deux	hémorragies	
si	je	leur	racontais	quelque	chose	de	très	personnel.

If	you really want to	hear about	it,	the	first	thing you’ll probably want to	know	is
where I	was born,	and	what my lousy childhood was like,	and	how	my parents	were
occupied and	all	before they had me,	and	all	that David	Copperfield kind of	crap,	but	I	
don’t feel like going into it,	if	you want to	know	the	truth.	In	the	first	place,	that stuff
bores	me,	and	in	the	second	place,	my parents	would have	two hemorrhages apiece if	
I	told anything pretty personal about	them.

Si	vous	voulez	vraiment	que	je	vous	dise,	alors	surement	la	première	chose	que	vous	
aller	demander	c’est	où	je	suis	né,	et	à	quoi	ça	ressemblait,	ma	saloperie	d’enfance	et	
c’est	que	faisaient	mes	parents	avant	de	m’avoir,	et	toutes	ces	conneries	à	la	David	
Copperfield,	mais	j’ai	pas	envie	de	raconter	ça	et	tout.	Primo,	ce	genre	de	trucs	ça	me	
rase,	et	secundo,	mes	parents	ils	auraient	chacun	une	attaque	ou	même	deux	chacun,	
si	je	me	mettais	à	baratiner	sur	leur	compte	quelque	chose	d’un	peu	personnel.	

VO

VF	Google

VF	officielle

J.D.	Salinger,	« the	catcher	in	the	Rye »
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Traduction: exemples

Les	futurs	robots	seront	formés,	plutôt	que	programmés,	pour	presque	toutes	leurs	
tâches	et	sous-problèmes:	perception,	planification	et	navigation,	comportement	et	
contrôle.	Cependant,	obtenir	des	gains	en	apprenant	des	quantités	massives	de	
données	ne	sera	pas	aussi	facile	que	dans	la	vision,	la	parole,	le	traitement	du	langage,	
où	l'apprentissage	automatique	a	été	un	succès	récent.	Contrairement	à	ces	
problèmes,	qui	sont	souvent	résolus	par	l'apprentissage	supervisé,	enseigner aux	
robots	et	aux	agents	à	agir	de	manière	autonome	nécessite	d'apprendre	à	partir	
d'interactions	avec	un	environnement.

Future	robots	will be trained,	rather than programmed,	for	almost all	of	their tasks
and	sub-problems:	perception,	planning	and	navigation,	behavior and	control.	
However,	obtaining gains	through learning from massive	amounts of	data	will not	be
as	easy as	in	vision,	speech,	language processing,	where machine	learning was
successful in	the	recent past.	In	contrast to	these problems,	which are	often solved
through supervised learning,	teaching robots	and	agents	to	act autonomously requires
learning from interactions	with an	environment

VO

VF	Google
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Convergence des modèles

Vision	par	ordinateur Reconnaissance	de	parole Traitement	
automatique	de	la	

langue

Géométrie,	
Traitement	de	

signal
Traitement	de	signal Linguistique

2012

Réseaux	de	neurones	profonds
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Est-ce que Paul est dans la pièce?

Modèles d’attention visuelle

Oui/No

Figure : Matthieu Cord, UPMC/LIP6
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Human attention: gaze patterns

[Johansson,  Holsanova, Dewhurst, Holmqvist, 2012]
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Modèles d’attention visuelle

[Durand, Mordan, Thome, Cord, CVPR 2017 ]

Figure : Matthieu Cord, UPMC/LIP6
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Modèles d’attention visuelle

[Durand, Mordan, Thome, Cord, CVPR 2017 ]

Figure : Matthieu Cord, UPMC/LIP6
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Modèles d’attention visuelle

[Durand, Mordan, Thome, Cord, CVPR 2017 ]

Figure : Matthieu Cord, UPMC/LIP6
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Modèles d’attention visuelle

[Durand, Mordan, Thome, Cord, CVPR 2017 ]

Figure : Matthieu Cord, UPMC/LIP6
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Scruter … pour répondre à une question

[Ben-Younes, R. Cadene, N. Thome, M. Cord, ICCV 2017 ]
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[Baradel, Wolf, Mille, ICCV-W-
Hands in Action, 2017]
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Attention sur les parties du corps

Fabien 
Baradel, 
Phd @ LIRIS, 
INSA-Lyon

Christian Wolf
INRIA, LIRIS, CITI
INSA-Lyon

Julien Mille
LI, INSA Val de 
Loire
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Graham W. Taylor
Univ. of Guelph,
Vector Institut

Fabien 
Baradel, 
Phd @ LIRIS, 
INSA-Lyon

Christian Wolf
INRIA, LIRIS, CITI
INSA-Lyon

Julien Mille
LI, INSA Val de 
Loire

1. Learn where to attend
2. Learn how to track attended 

glimpse points (assign 
glimpses to semantic 
entities)

3. Learn how to recognize 
activities from a collection of 
tracked semantic entities

RGB input video

Time

Attention libre et dynamique

[Baradel, Wolf, Mille, Taylor, CVPR 2018]
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Attention libre et dynamique

[Baradel, Wolf, Mille, Taylor, 
CVPR 2018]



58

Attention libre et dynamique

[Baradel, Wolf, Mille, Taylor, CVPR 2018]
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Intelligence naturelle vs. artificielle
Prix Nobel 2014 de Médicine attribué pour 
des travaux découvrant des cellules de 
positionnement dans le cerveaux.

BorduresDirection de la tête



60

Intelligence naturelle vs. artificielle
Prix Nobel 2014 de Médicine attribué pour 
des travaux découvrant des cellules de 
positionnement dans le cerveaux.
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Intelligence naturelle vs. artificielle
2018 : découverte des mêmes cellules … dans un réseau 
de neurones artificiel entrainé à se localiser dans un 
labyrinthe.

[Cueva, Wei, ICLR 2018]
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Raisonnement: qu’est-ce qui s’est passé?
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La psychologie humaine
- Daniel Kahnemann (Prix Nobel in 2002)
- Livre: « Thinking Fast and Slow »
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Tâches cognitives

24*17 = ?
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Deux systèmes
System 1
- Surveille en permanence l’environnement et l’esprit
- Pas d’attention spécific
- Génère continuellement des évaluations / jugements 

sans efforts, même en présence de données 
insuffisantes. Saute aux conclusions

- Commet des erreurs
System 2
- Reçoit des questions ou les génère
- Dirige l'attention et recherche la mémoire pour trouver 

les réponses
- Nécessite (éventuellement beaucoup) d'effort
- Plus fiable
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Ou est l’apprentissage automatique aujourd’hui?
Mon évaluation personnelle :
- Nous sommes très focalisés sur les tâches liées au 

Système 1 :
– Nos systèmes sautent toujours aux conclusions, quelle que soit 

la quantité d'information disponible
– Mécanismes de type « feed-forward »
– Le contexte joue un rôle important dans la recherche 

- Nos « Système 1 » sont fortement spécialisés pour des 
tâches spécifiques (souvent la classification)

- Nous allons dans le sens du système 2 :
– Méchanismes d’attention
– Mémoires neuronaux
– Raisonnements de haut niveau (???)
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Conclusion
- Le futur du codage est l’entrainement 
- Le Deep Learning nécessite beaucoup de données 

(annotées) : big data!
- Gourmand de ressources (GPU, clusters, GPU, 

clusters de GPUs, FPGA, ASIC).
- Nécessite une expertise pour l’entrainement 

(“babysitting”). 
- Une forme de raisonnement va sans paraître. 

Laquelle? Symbolique? Dérivable?
- Convergence (en modèles et en applications) entre 

vision, robotique, TAL, parole … automatique (?)
- Classification, régression, génération de données … 

pour quand lA “forte”?


