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8.1 Motivations de l’apprentissage

profond



Historique des réseaux de neurones

• 1957 : proposition du perceptron par Rosenblatt

• 1967 : démonstration par 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

• 2018 : prix Turing de l’ACM (« Nobel » de l’informatique) à Bengio, Hinton et LeCun pour leurs

travaux sur l’apprentissage profond

• 2020-2022 : modèles génératifs d’envergure pour le texte (ChatGPT) et l’image (DALL-E,

Midjourney)
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Émergence des réseaux profonds

• Conditions ayant permis l’émergence des réseaux profonds :

1. Disponibilité 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

• Motivation des réseaux profonds : apprendre une représentation pour des données
faiblement structurées

• Données faiblement structurées : données dont l’information d’intérêt est présente

dans du contenu brut, sans être clairement identifiée (exemple : image, texte, voix)

• Par opposition à des données tabulaires, où chaque variable est bien identifiée et a

souvent été choisie selon la tâche d’intérêt

• L’apprentissage profond permet d’extraire une représentation des données brutes
adaptée à la tâche à effectuer

• Évite de devoir faire l’ingénierie d’une représentation des données par des experts du

domaine

• Requiert cependant une grande quantité de données pour apprendre la

représentation à partir de celles-ci
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Composition de modèles

• « Compositionnalité » de modèle est nécessaire en apprentissage automatique

• Comme en langue naturelle, on compose des éléments simples permettant d’exprimer

des notions complexes

• Exploiter la compositionnalité permet un gain exponentiel en puissance de
représentation

• Représentations distribuées, apprentissage de caractéristiques

• Architectures profondes : plusieurs niveaux d’apprentissage de représentations

• Composition de modèles est utile pour décrire notre monde efficacement
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Représentation locale vs distribuée

• Ensemble de discriminants distribués (non mutuellement exclusifs) est

exponentiellement plus efficace sur le plan statistique que des représentations

locales (k-plus proches voisins, clustering)

h1
<latexit sha1_base64="v55pvD6vzkz4qy8ETZOIgMa52Tc=">AAACF3icbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZcFNy4r2Ad0hpJJM21oMhmSjFCG/obgSv/Enbh16Y+4NtPOwrYeCBzOuZd7csKEM21c99spbWxube+Udyt7+weHR9Xjk46WqSK0TSSXqhdiTTmLadsww2kvURSLkNNuOLnL/e4TVZrJ+NFMExoIPIpZxAg2VvJ9gc1YiWw8G3iDas2tu3OgdeIVpAYFWoPqjz+UJBU0NoRjrfuem5ggw8owwums4qeaJphM8Ij2LY2xoDrI5pln6MIqQxRJZV9s0Fz9u5FhofVUhHYyz6hXvVz8z+unJroNMhYnqaExWRyKUo6MRHkBaMgUJYZPLcFEMZsVkTFWmBhb09IVRqQQeOkfWShmFVuUt1rLOuk06t5VvfFwXWs2isrKcAbncAke3EAT7qEFbSCQwDO8wpvz4rw7H87nYrTkFDunsATn6xeVf6DG</latexit>

h2
<latexit sha1_base64="B9CDxOp1suaKXaK1y5EldFyMGR8=">AAACF3icbVDLSsNAFJ3UV62vqks3g0VwVZIo6LLgxmUF+4AmlMl00g6dR5iZCCXkNwRX+ifuxK1Lf8S1kzYL23pg4HDOvdwzJ0oY1cZ1v53KxubW9k51t7a3f3B4VD8+6WqZKkw6WDKp+hHShFFBOoYaRvqJIohHjPSi6V3h956I0lSKRzNLSMjRWNCYYmSsFAQcmYni2SQf+sN6w226c8B14pWkAUq0h/WfYCRxyokwmCGtB56bmDBDylDMSF4LUk0ShKdoTAaWCsSJDrN55hxeWGUEY6nsEwbO1b8bGeJaz3hkJ4uMetUrxP+8QWri2zCjIkkNEXhxKE4ZNBIWBcARVQQbNrMEYUVtVognSCFsbE1LVyiWnKOlf2QRz2u2KG+1lnXS9ZveVdN/uG60/LKyKjgD5+ASeOAGtMA9aIMOwCABz+AVvDkvzrvz4XwuRitOuXMKluB8/QKXJ6DH</latexit>

h3
<latexit sha1_base64="xtxludqpJ/E/e2/oRqkd3gpVKqc=">AAACF3icbVDLSgMxFL3js9ZX1aWbYBFclZlW0GXBjcsK9gGdoWTSTBuaTIYkI5ShvyG40j9xJ25d+iOuzbSzsK0HAodz7uWenDDhTBvX/XY2Nre2d3ZLe+X9g8Oj48rJaUfLVBHaJpJL1QuxppzFtG2Y4bSXKIpFyGk3nNzlfveJKs1k/GimCQ0EHsUsYgQbK/m+wGasRDaeDRqDStWtuXOgdeIVpAoFWoPKjz+UJBU0NoRjrfuem5ggw8owwums7KeaJphM8Ij2LY2xoDrI5pln6NIqQxRJZV9s0Fz9u5FhofVUhHYyz6hXvVz8z+unJroNMhYnqaExWRyKUo6MRHkBaMgUJYZPLcFEMZsVkTFWmBhb09IVRqQQeOkfWShmZVuUt1rLOunUa16jVn+4rjbrRWUlOIcLuAIPbqAJ99CCNhBI4Ble4c15cd6dD+dzMbrhFDtnsATn6xeYz6DI</latexit>

(h1 > 0) ^
(h2 > 0) ^
(h3 > 0)

<latexit sha1_base64="quDe0soZTbvP1Ux3LZl5xLoz4k8=">AAACWXicfVDLSsNAFJ3EV42vaJduBotSNyVpBV1JwY0LFxXsA5pSJtNJOzgzCTMToYT6UX6N4ko/wrXTNos+xAMXDufcy733hAmjSnveh2VvbG5t7xR2nb39g8Mj9/ikpeJUYtLEMYtlJ0SKMCpIU1PNSCeRBPGQkXb4fDf12y9EKhqLJz1OSI+joaARxUgbqe8+lAOO9EjybDTp+/AWepfw4jVgSAyCwFk0q/+ZtZnZd0texZsBrhM/JyWQo9F3f4JBjFNOhMYMKdX1vUT3MiQ1xYxMnCBVJEH4GQ1J11CBOFG9bPb1BJ4bZQCjWJoSGs7UxYkMcaXGPDSd00PVqjcV//K6qY5uehkVSaqJwPNFUcqgjuE0QjigkmDNxoYgLKm5FeIRkghrE/TSFopjztHSH1nIJ44Jyl+NZZ20qhW/Vqk+XpXq5TyyAjgFZ6AMfHAN6uAeNEATYPAG3sEX+LY+bcsu2M681bbymSJYgl38BSk7sx0=</latexit>

(h1 > 0) ^
(h2 < 0) ^
(h3 > 0)

<latexit sha1_base64="fFHXc+KT0anGaX5qTaLaF6adC1Q="></latexit>

(h1 > 0) ^
(h2 < 0) ^
(h3 < 0)

<latexit sha1_base64="C3C686aTQ0owUSVgPXp5uHUX2y8="></latexit>

(h1 < 0) ^
(h2 > 0) ^
(h3 > 0)

<latexit sha1_base64="TlIdLmEjwNTFdSEH2QIbtKu4TOE="></latexit>

(h1 < 0) ^
(h2 < 0) ^
(h3 > 0)

<latexit sha1_base64="yzCLUz48UQMeTIb/O+DX7Wocmcg="></latexit>

(h1 < 0) ^
(h2 < 0) ^
(h3 < 0)

<latexit sha1_base64="qBP+RIHd3kgQV2foKMeHidEpWZ8=">AAACWXicfVDLSsNAFJ3EV42vaJduBotSNyVpBV24KLhx4aKCfUBTymQ6aQdnJmFmIpRQP8qvUVzpR7h22mbRh3jgwuGce7n3njBhVGnP+7Dsjc2t7Z3CrrO3f3B45B6ftFScSkyaOGax7IRIEUYFaWqqGekkkiAeMtIOn++mfvuFSEVj8aTHCelxNBQ0ohhpI/Xdh3LAkR5Jno0mfR/eQu8SXrwGDIlBEDiLZvU/szYz+27Jq3gzwHXi56QEcjT67k8wiHHKidCYIaW6vpfoXoakppiRiROkiiQIP6Mh6RoqECeql82+nsBzowxgFEtTQsOZujiRIa7UmIemc3qoWvWm4l9eN9XRTS+jIkk1EXi+KEoZ1DGcRggHVBKs2dgQhCU1t0I8QhJhbYJe2kJxzDla+iML+cQxQfmrsayTVrXi1yrVx6tSvZxHVgCn4AyUgQ+uQR3cgwZoAgzewDv4At/Wp23ZBduZt9pWPlMES7CLvx6Lsxc=</latexit>

(h1 < 0) ^
(h2 > 0) ^
(h3 < 0)

<latexit sha1_base64="OK0biYOjN6CRB0igmlk+/fPPcuE="></latexit>

Représentation locale Représentation distribuée 5



Profondeur des réseaux

• Les réseaux profonds, lorsque bien entrâınés, apprennent mieux que les réseaux
obèses (fat networks)

• Capacité des réseaux crôıt linéairement selon la largeur d’une couche,

exponentiellement selon la profondeur du réseau

CHAPTER 6. DEEP FEEDFORWARD NETWORKS
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Figure 6.7: Deeper models tend to perform better. This is not merely because the model is
larger. This experiment from Goodfellow 2014det al. ( ) shows that increasing the number
of parameters in layers of convolutional networks without increasing their depth is not
nearly as effective at increasing test set performance. The legend indicates the depth of
network used to make each curve and whether the curve represents variation in the size of
the convolutional or the fully connected layers. We observe that shallow models in this
context overfit at around 20 million parameters while deep ones can benefit from having
over 60 million. This suggests that using a deep model expresses a useful preference over
the space of functions the model can learn. Specifically, it expresses a belief that the
function should consist of many simpler functions composed together. This could result
either in learning a representation that is composed in turn of simpler representations (e.g.,
corners defined in terms of edges) or in learning a program with sequentially dependent
steps (e.g., first locate a set of objects, then segment them from each other, then recognize
them).

203

Figure 6.7 de I. Goodfellow, Y. Bengio et A. Courville, Deep Learning, MIT Press, 2016. Accédée en ligne le 19 octobre 2020 au

https://www.deeplearningbook.org/contents/mlp.html.

• Réseau obèse fait du surapprentissage à 20M de poids, réseau profond fonctionne

bien avec 60M de poids 6

https://www.deeplearningbook.org/contents/mlp.html


8.2 Autoencodeurs



Pré-entrâınement non supervisé

• Réseaux profonds avant 2011 : pré-entrâınement non supervisé nécessaire
• Initialisation aléatoire de réseaux profonds génère une grande variété de solutions

sous-optimales (minima locaux)

• 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

Figure 15.1 de I. Goodfellow, Y. Bengio et A. Courville, Deep Learning, MIT Press, 2016. Accédée en ligne le 19 octobre 2020 au

https://www.deeplearningbook.org/contents/representation.html. 7

https://www.deeplearningbook.org/contents/representation.html


Autoencodeurs

• Autoencodeur : modèle permettant de faire une compression de l’entrée
(encodeur) et une décompression de celle-ci (décodeur)

• Objectif : compresser tout en gardant l’erreur de reconstruction ∥x− x̂∥2 faible

• Poids du décodeur liés aux poids de l’encodeur (habituellement, transposé)

x x̂

W1 W>
1<latexit sha1_base64="2wHJHR9j88pxBEi7Qp8fKx+lP4s=">AAACHnicdVDLSgMxFM34rPU11aWbYBFclZkq6LLoxmUF+4DOOGTSTBuaTIYko5RhPkVwpX/iTtzqj7g201ZofRwIHM65l3tywoRRpR3nw1paXlldWy9tlDe3tnd27cpeW4lUYtLCggnZDZEijMakpalmpJtIgnjISCccXRZ+545IRUV8o8cJ8TkaxDSiGGkjBXbF40gPwyjr5LeeFkngBnbVrTkTQOcX+baqYIZmYH96fYFTTmKNGVKq5zqJ9jMkNcWM5GUvVSRBeIQGpGdojDhRfjaJnsMjo/RhJKR5sYYTdX4jQ1ypMQ/NZBFU/fQK8S+vl+ro3M9onKSaxHh6KEoZ1AIWPcA+lQRrNjYEYUlNVoiHSCKsTVsLVygWnKOFf2Qhz8vzRf1P2vWae1KrX59WGxezykrgAByCY+CCM9AAV6AJWgCDe/AAnsCz9Wi9WK/W23R0yZrt7IMFWO9fEVejHw==</latexit>

z
<latexit sha1_base64="MtPJA9UMBtwX23MEo2b/tAxBQY8=">AAACFXicbVDLSgNBEOz1GeMr6tHLYhA8hd0o6DHoxWME88BkCbOT2WTIPJaZWSEu+QvBk/6JN/Hq2R/x7GyyB5NY0FBUddPdFcaMauN5387K6tr6xmZhq7i9s7u3Xzo4bGqZKEwaWDKp2iHShFFBGoYaRtqxIoiHjLTC0U3mtx6J0lSKezOOScDRQNCIYmSs9NDlyAzDKH2a9Eplr+JN4S4TPydlyFHvlX66fYkTToTBDGnd8b3YBClShmJGJsVuokmM8AgNSMdSgTjRQTq9eOKeWqXvRlLZEsadqn8nUsS1HvPQdmYX6kUvE//zOomJroKUijgxRODZoihhrpFu9r7bp4pgw8aWIKyovdXFQ6QQNjakuS0US87R3B9pyCdFG5S/GMsyaVYr/nmlendRrl3nkRXgGE7gDHy4hBrcQh0agEHAM7zCm/PivDsfzuesdcXJZ45gDs7XL1AWoC0=</latexit>
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Entrâınement d’autoencodeurs

• Autoencodeur entrâıné de façon non supervisée, pour apprendre représentation

• Encodeur utilisé pour extraire une représentation compacte

• Entrâınement vorace, une couche à la fois

• Entrâınement de la couche la plus externe

• Ajout d’une nouvelle couche, qui est entrâınée individuellement, couche externe

étant fixée, et ainsi de suite

• Fonction de transfert non linéaire entre les couches

• Nécessaire, sinon plusieurs couches linéaires pourraient se simplifier en une seule

couche

• Apprentissage des poids par descente du gradient

• Couche de sortie ajoutée à l’encodeur, avec entrâınement supervisé

• Entrâınement complet de la couche de sortie par rétropropagation

• Ajustement des poids de l’encodeur par rétropropagation (fine-tuning)

9



Exemple d’entrâınement d’un autoencodeur

x x̂

W1 W>
1

<latexit sha1_base64="2wHJHR9j88pxBEi7Qp8fKx+lP4s=">AAACHnicdVDLSgMxFM34rPU11aWbYBFclZkq6LLoxmUF+4DOOGTSTBuaTIYko5RhPkVwpX/iTtzqj7g201ZofRwIHM65l3tywoRRpR3nw1paXlldWy9tlDe3tnd27cpeW4lUYtLCggnZDZEijMakpalmpJtIgnjISCccXRZ+545IRUV8o8cJ8TkaxDSiGGkjBXbF40gPwyjr5LeeFkngBnbVrTkTQOcX+baqYIZmYH96fYFTTmKNGVKq5zqJ9jMkNcWM5GUvVSRBeIQGpGdojDhRfjaJnsMjo/RhJKR5sYYTdX4jQ1ypMQ/NZBFU/fQK8S+vl+ro3M9onKSaxHh6KEoZ1AIWPcA+lQRrNjYEYUlNVoiHSCKsTVsLVygWnKOFf2Qhz8vzRf1P2vWae1KrX59WGxezykrgAByCY+CCM9AAV6AJWgCDe/AAnsCz9Wi9WK/W23R0yZrt7IMFWO9fEVejHw==</latexit>

z
<latexit sha1_base64="MtPJA9UMBtwX23MEo2b/tAxBQY8=">AAACFXicbVDLSgNBEOz1GeMr6tHLYhA8hd0o6DHoxWME88BkCbOT2WTIPJaZWSEu+QvBk/6JN/Hq2R/x7GyyB5NY0FBUddPdFcaMauN5387K6tr6xmZhq7i9s7u3Xzo4bGqZKEwaWDKp2iHShFFBGoYaRtqxIoiHjLTC0U3mtx6J0lSKezOOScDRQNCIYmSs9NDlyAzDKH2a9Eplr+JN4S4TPydlyFHvlX66fYkTToTBDGnd8b3YBClShmJGJsVuokmM8AgNSMdSgTjRQTq9eOKeWqXvRlLZEsadqn8nUsS1HvPQdmYX6kUvE//zOomJroKUijgxRODZoihhrpFu9r7bp4pgw8aWIKyovdXFQ6QQNjakuS0US87R3B9pyCdFG5S/GMsyaVYr/nmlendRrl3nkRXgGE7gDHy4hBrcQh0agEHAM7zCm/PivDsfzuesdcXJZ45gDs7XL1AWoC0=</latexit>

• Entrâınement non supervisé du poids

W1, poids W⊤
1 lié

• Minimize erreur ∥x− x̂∥2

• Représentation intermédiaire dans

valeurs centrales (vecteur latent z)

10



Exemple d’entrâınement d’un autoencodeur

x x̂

W1 W>
1<latexit sha1_base64="Iz7gsa7XMvf6a7XYv2DORbmyDxY=">AAACHnicbVDLSgMxFM3UV62vqS7dBIvgqsxUQZdFNy4r2Ae045BJM21oMhmSjFKG+RTBlf6JO3GrP+LaTDsL23ogcDjnXu7JCWJGlXacb6u0tr6xuVXeruzs7u0f2NXDjhKJxKSNBROyFyBFGI1IW1PNSC+WBPGAkW4wucn97iORioroXk9j4nE0imhIMdJG8u3qgCM9DsK0mz0MtIh917drTt2ZAa4StyA1UKDl2z+DocAJJ5HGDCnVd51YeymSmmJGssogUSRGeIJGpG9ohDhRXjqLnsFTowxhKKR5kYYz9e9GirhSUx6YyTyoWvZy8T+vn+jwyktpFCeaRHh+KEwY1ALmPcAhlQRrNjUEYUlNVojHSCKsTVsLVygWnKOFf6QBzyqmKHe5llXSadTd83rj7qLWvC4qK4NjcALOgAsuQRPcghZoAwyewDN4BW/Wi/VufVif89GSVewcgQVYX78Ps6Me</latexit>

W2 W>
2<latexit sha1_base64="p20+Zd8S2yIZl7idOSn8/IBxiYg=">AAACHnicdVDLSgMxFM34rPU11aWbYBFclZkq6LLoxmUF+4DOOGTSTBuaTIYko5RhPkVwpX/iTtzqj7g201ZofRwIHM65l3tywoRRpR3nw1paXlldWy9tlDe3tnd27cpeW4lUYtLCggnZDZEijMakpalmpJtIgnjISCccXRZ+545IRUV8o8cJ8TkaxDSiGGkjBXbF40gPwyjr5EH91tMiCeyqW3MmgM4v8m1VwQzNwP70+gKnnMQaM6RUz3US7WdIaooZycteqkiC8AgNSM/QGHGi/GwSPYdHRunDSEjzYg0n6vxGhrhSYx6aySKo+ukV4l9eL9XRuZ/ROEk1ifH0UJQyqAUseoB9KgnWbGwIwpKarBAPkURYm7YWrlAsOEcL/8hCnpfni/qftOs196RWvz6tNi5mlZXAATgEx8AFZ6ABrkATtAAG9+ABPIFn69F6sV6tt+nokjXb2QcLsN6/ABG6oyA=</latexit>

z
<latexit sha1_base64="MtPJA9UMBtwX23MEo2b/tAxBQY8=">AAACFXicbVDLSgNBEOz1GeMr6tHLYhA8hd0o6DHoxWME88BkCbOT2WTIPJaZWSEu+QvBk/6JN/Hq2R/x7GyyB5NY0FBUddPdFcaMauN5387K6tr6xmZhq7i9s7u3Xzo4bGqZKEwaWDKp2iHShFFBGoYaRtqxIoiHjLTC0U3mtx6J0lSKezOOScDRQNCIYmSs9NDlyAzDKH2a9Eplr+JN4S4TPydlyFHvlX66fYkTToTBDGnd8b3YBClShmJGJsVuokmM8AgNSMdSgTjRQTq9eOKeWqXvRlLZEsadqn8nUsS1HvPQdmYX6kUvE//zOomJroKUijgxRODZoihhrpFu9r7bp4pgw8aWIKyovdXFQ6QQNjakuS0US87R3B9pyCdFG5S/GMsyaVYr/nmlendRrl3nkRXgGE7gDHy4hBrcQh0agEHAM7zCm/PivDsfzuesdcXJZ45gDs7XL1AWoC0=</latexit>

• Ajout de deux nouvelles couches (une

dans encodeur et une dans décodeur)

• Entrâınement non supervisé du poids

W2, poids W1 fixés

• Minimise toujours erreur ∥x− x̂∥2

• Nouvelle représentation intermédiaire

• Peut être répété ainsi sur plusieurs

couches

11



Exemple d’entrâınement d’un autoencodeur

x

W1

z
<latexit sha1_base64="MtPJA9UMBtwX23MEo2b/tAxBQY8=">AAACFXicbVDLSgNBEOz1GeMr6tHLYhA8hd0o6DHoxWME88BkCbOT2WTIPJaZWSEu+QvBk/6JN/Hq2R/x7GyyB5NY0FBUddPdFcaMauN5387K6tr6xmZhq7i9s7u3Xzo4bGqZKEwaWDKp2iHShFFBGoYaRtqxIoiHjLTC0U3mtx6J0lSKezOOScDRQNCIYmSs9NDlyAzDKH2a9Eplr+JN4S4TPydlyFHvlX66fYkTToTBDGnd8b3YBClShmJGJsVuokmM8AgNSMdSgTjRQTq9eOKeWqXvRlLZEsadqn8nUsS1HvPQdmYX6kUvE//zOomJroKUijgxRODZoihhrpFu9r7bp4pgw8aWIKyovdXFQ6QQNjakuS0US87R3B9pyCdFG5S/GMsyaVYr/nmlendRrl3nkRXgGE7gDHy4hBrcQh0agEHAM7zCm/PivDsfzuesdcXJZ45gDs7XL1AWoC0=</latexit>

W3

h(x)

W2

• Retrait de la partie décodeur du réseau

• Ajout d’une couche de sortie, avec

autant de sorties que de classe

• Entrâınement supervisé de W3 par

rétropropagation

• Poids W1 et W2 souvent également

ajustés finement par rétropropagation

(fine-tuning)
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8.3 Éléments d’apprentissage

profond



Apprentissage profond sans pré-entrâınement non-supervisé

• Le pré-entrâınement non-supervisé de réseaux profonds n’est plus requis de façon

générale

• Diverses techniques permettent des entrâınements directs de réseaux de grande
profondeur

• Nouvelles fonctions de transfert (ex. ReLU) qui atténuent le problème de dilution du

gradient

• Meilleures initialisations des poids du réseau (techniques de Xavier et He)

• Désactivation aléatoire de poids avec dropout, permettant une meilleure distribution

des traitements sur l’ensemble du réseau

• Batch normalization, pour renormalisation des valeurs entre les couches permettant

certaines invariances dans l’apprentissage

• Liens résiduels, permettant de diffuser l’information de l’entrée plus directement vers

des couches profondes

13



Problème de la dilution du gradient

• L’entrâınement d’un perceptron multicouche classique de plus de deux couches
cachées avec rétropropagation ne fonctionne pas bien de façon générale

• Neurones saturés, avec gradient très faible

• Dilution du gradient (vanishing gradient) de couche en couche
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Fonctions de transfert

• Fonction sigmöıde

• Interprétation probabiliste

• Approximation d’une fonction step (binaire)

• Problème de saturation sur le gradient

• Fonctions de transfert doivent inclure des non-linéarités 4 2 0 2 4
x

0.0

0.2

0.4

0.6

0.8

1.0

f s
ig

(x
)

sigmoide

• Fonction ReLU (Rectified Linear Unit),
fReLU(a) = max(0,a)

• Modèle simple de fonction de transfert avec non-linéarité

• Composition de ReLU permet de l’approximation linéaire

par morceaux

• Motivation biologique de réseaux profonds avec ReLU

(leaky integrate-and-fire model)

• Apprentissage de réseaux profonds avec ReLU possible

sans pré-entrâınement non supervisé
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ReLU
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Initialisation des réseaux profonds

• Valeurs initiales des poids à un important sur les valeurs de gradients utilisés pour
l’apprentissage

• Poids initiaux trop faibles ⇒ implosion du gradient, stagnation de l’apprentissage

• Poids initiaux trop élevés ⇒ explosion du gradient, instabilité de l’apprentissage

• Faire le bon compromis pour initialiser les poids, en tenant compte des fonctions de

transfert utilisées

• Justification mathématique : exemple d’un réseau profond de L couches avec

fonction de transfert linéaire

y = WLWL−1 . . . W2W1 x

• Supposons que L− 1 premières couches identiques et égales à W, y = WL (W)L−1 x

• Avec W = c I et c > 1, explosion de la valeur de sortie, lim
L→∞

y = ∞
• Avec c < 1, implosion de la valeur de sortie, lim

L→∞
y = 0
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Méthodes d’initialisation

• Méthode de Xavier
• Adaptée avec fonction de transfert sigmöıde et tanh

• Consiste en des valeurs aléatoires uniformes dans
[
−
√

6
nin+nout

,
√

6
nin+nout

]
, où nin

est le nombre d’entrées et nout est le nombre de sorties du neurone associé au poids

généré

wj,i ∼ U
(
−
√

6

nin + nout
,

√
6

nin + nout

)

• Méthode de He
• Pour fonction de transfert asymétrique comme ReLU, la méthode de He est

préférable

• Initialise selon une loi normale qui dépend du nombre d’entrées du neurone

wj,i ∼ N
(
0,

2

nin

)
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Dropout

• Dropout : méthode d’entrâınement par désactivation aléatoire des neurones

• Typiquement, moitié des neurones des couches cachées (80% des entrées) sont

activés à la présentation de chaque donnée durant l’entrâınement

• Masques aléatoires pour sélectionner neurones actifs, un différent à chaque

présentation

• Effectue une régularisation du réseau

• Force l’apprentissage d’une représentation distribuée dans l’ensemble du réseau

• Rend difficile l’émergence de « neurones grand-mère »
• S’est avéré très efficace pour améliorer les performances des réseaux profonds

• Évaluation de nouvelles données en test par moyennage sur plusieurs masques de
sélection

• Analogie avec méthodes par ensemble (vu plus tard dans la session), en particulier

bagging
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Dropout

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x2
<latexit sha1_base64="eB8l/es/KO4zXVFsGKFYBpqVa6E=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOuVOoeiX/CnQMgkyUoQM1U7hp91VJBFUWsKxMa3Aj22YYm0Z4XScbyeGxpgMcZ+2HJVYUBOm01PH6NQpXdRT2pW0aKr+nUixMGYkItcpsB2YRW8i/ue1Etu7ClMm48RSSWaLeglHVqHJ36jLNCWWjxzBRDN3KyIDrDGxLp25LYwoIfDcH2kkxnkXVLAYyzKpl0vBeal8d1GsXGeR5eAYTuAMAriECtxCFWpAoA/P8Apv3ov37n14n7PWFS+bOYI5eF+/6DGcsA==</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

y2
<latexit sha1_base64="grmPR/KiCgeH4i2A6QB0G2Jl5jU=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ/XJ/1K1a25M6BV4hWkCgWa/cpPbxCTVFBpCMdadz03MUGOlWGE00m5l2qaYDLGQ9q1VGJBdZDPjp2gc6sMUBQrW9Kgmfp3IsdC60yEtlNgM9LL3lT8z+umJroJciaT1FBJ5ouilCMTo+nnaMAUJYZnlmCimL0VkRFWmBibz8IWRmIh8MIfeSgmZRuUtxzLKmnVa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTfCDA4Ble4c15cd6dD+dz3rrmFDMnsADn6xfRq529</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

y1
<latexit sha1_base64="uW7f3Du+DPswOlcdSs1J1rOGhW0=">AAACEHicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl26uwm7GyGE/gbBk/4Tb+LVf+Af8ey2zcG2Phh4vDfDzLww4Uwb1/121tY3Nre2Szvl3b39g8PK0XFLx6ki1Ccxj1UnxJpyJqlvmOG0kyiKRchpOxzfTf32E1WaxfLRZAkNBB5KFjGCjZX8rJ97k36l6tbcGdAq8QpShQLNfuWnN4hJKqg0hGOtu56bmCDHyjDC6aTcSzVNMBnjIe1aKrGgOshnx07QuVUGKIqVLWnQTP07kWOhdSZC2ymwGellbyr+53VTE90EOZNJaqgk80VRypGJ0fRzNGCKEsMzSzBRzN6KyAgrTIzNZ2ELI7EQeOGPPBSTsg3KW45llbTqNe+yVn+4qjZui8hKcApncAEeXEMD7qEJPhBg8Ayv8Oa8OO/Oh/M5b11zipkTWIDz9QvQAp28</latexit>

h
<latexit sha1_base64="LDGEWR8K+8rRlFcV+qCvqZmGlyg=">AAACDHicbVDLSgNBEJyNrxhfUY9eBoPgKexGQY9BLx4TMA9IljA76SRD5rHMzAphyRcInvRPvIlX/8Ef8ewk2YNJLGgoqrrp7opizoz1/W8vt7G5tb2T3y3s7R8cHhWPT5pGJZpCgyqudDsiBjiT0LDMcmjHGoiIOLSi8f3Mbz2BNkzJRzuJIRRkKNmAUWKdVB/1iiW/7M+B10mQkRLKUOsVf7p9RRMB0lJOjOkEfmzDlGjLKIdpoZsYiAkdkyF0HJVEgAnT+aFTfOGUPh4o7UpaPFf/TqREGDMRkesUxI7MqjcT//M6iR3chimTcWJB0sWiQcKxVXj2Ne4zDdTyiSOEauZuxXRENKHWZbO0hVElBFn6I43EtOCCClZjWSfNSjm4Klfq16XqXRZZHp2hc3SJAnSDqugB1VADUQToGb2iN+/Fe/c+vM9Fa87LZk7REryvX5IZm/s=</latexit>

x1
<latexit sha1_base64="5Bd+sGo7NUCx0htzeaSS0fnGnqg=">AAACDnicbVDLSgNBEOz1GeMr6tHLYBA8hd0o6DHoxWNE84BkCbOTSTJkHsvMrBiWfILgSf/Em3j1F/wRz06SPZjEgoaiqpvurijmzFjf//ZWVtfWNzZzW/ntnd29/cLBYd2oRBNaI4or3YywoZxJWrPMctqMNcUi4rQRDW8mfuORasOUfLCjmIYC9yXrMYKtk+6fOkGnUPRL/hRomQQZKUKGaqfw0+4qkggqLeHYmFbgxzZMsbaMcDrOtxNDY0yGuE9bjkosqAnT6aljdOqULuop7UpaNFX/TqRYGDMSkesU2A7MojcR//Naie1dhSmTcWKpJLNFvYQjq9Dkb9RlmhLLR45gopm7FZEB1phYl87cFkaUEHjujzQS47wLKliMZZnUy6XgvFS+uyhWrrPIcnAMJ3AGAVxCBW6hCjUg0IdneIU378V79z68z1nripfNHMEcvK9f5omcrw==</latexit>

y3
<latexit sha1_base64="20VXIqcvCpJUL7a0odjqyzqLBE0=">AAACEHicbVDLSsNAFJ3UV62vqks3g0VwVZJW0GXRjcsKpi20oUymk3boPMLMRAgh3yC40j9xJ279A3/EtdM2C9t64MLhnHu5954wZlQb1/12ShubW9s75d3K3v7B4VH1+KSjZaIw8bFkUvVCpAmjgviGGkZ6sSKIh4x0w+ndzO8+EaWpFI8mjUnA0VjQiGJkrOSnw6yZD6s1t+7OAdeJV5AaKNAeVn8GI4kTToTBDGnd99zYBBlShmJG8sog0SRGeIrGpG+pQJzoIJsfm8MLq4xgJJUtYeBc/TuRIa51ykPbyZGZ6FVvJv7n9RMT3QQZFXFiiMCLRVHCoJFw9jkcUUWwYaklCCtqb4V4ghTCxuaztIViyTla+iMLeV6xQXmrsayTTqPuNeuNh6ta67aIrAzOwDm4BB64Bi1wD9rABxhQ8AxewZvz4rw7H87norXkFDOnYAnO1y/TVJ2+</latexit>
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Batch normalization

• Modification d’un poids par rétropropagation basée sur gradient local
• Poids des couches précédentes et suivantes eux aussi modifiés !

• Batch normalization : normaliser activation des neurones entre toutes les données
d’un mini-lot (mini-batch)

• Mini-lot : petit sous-ensemble d’instances de données de l’ensemble d’entrâınement

(typiquement quelques centaines)

• Activation des neurones H normalisées selon

H′ =
H− µ

σ
, µ =

1

m

∑

i

Hi ,:, σ =

√
ϵ+

∑

i

(H− µ)2i

• H : activation des neurones (ligne) d’une couche pour les données du mini-lot

(colonne)

• ϵ : petite valeur (typiquement 10−8) pour éviter division par zéro lorsque variance

nulle
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Liens résiduels

• Liens résiduels : permettre des connexions directes entre couches non adjacentes

(skip links)

identity

weight layer

weight layer

relu

relu

F(x)�+�x

x

F(x)
x

Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)�x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-

2

Tiré de K. He, X. Zhang, S. Ren, et J. Sun, Deep residual learning for image recognition. CVPR, 2016. Accédé en ligne le 6 novembre 2020

au https://arxiv.org/abs/1512.03385.

• Permet des réseaux beaucoup plus profonds et performants (ResNets)
• ResNets : gagnants de compétition ImageNet 2015 (3,57% d’erreur top 5)

• Facilite l’optimisation et la propagation du signal à travers le réseau

• Bloc résiduel doit faire un traitement produisant une amélioration de la sortie du

bloc précédent, sinon on pourrait ignore le bloc courant
21
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8.4 Apprentissage de données non

structurées



Apprendre à partir de données non structurées

• Modèles classiques de réseaux de neurones traitent des vecteurs de taille fixe
• Suppose que les données sont représentées sur un nombre préétablis de variables

• Données tabulaires
• Données structurées, avec variables connues et en nombre raisonnable

• Directement utilisables par réseaux de neurones (ex. PMC) et autres modèles

• Images
• Matrice de nombres, avec chaque pixel représentés par trois valeurs réelles (RGB)

• Données peu structurées, grand nombre de variables (millions de pixels par image) et

peu de signification des pixels individuels

• Forte localité des pixels dans les images, opérateurs adaptés (ex. convolution)

peuvent en tirer avantage

• Texte
• Assemblage de mots formant des phrases, séquences de longueur variable

• Vocabulaire vaste (∼ 100 000 mots en français), avec synonymes, homonymes, mots

apparentés
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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

• Apprentissage de tous les modules simultanément

• 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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Réseau à convolution

• Réseau à convolution : traiter des signaux temporels ou spatiaux

• Signal temporel : son et parole

• Signal spatial : image

• Couche de convolution : filtres convolués sur données temporelles/spatiales

• Données peuvent être valeurs d’entrée du réseau ou sorties de couches précédentes

• Convolution sur chaque canal (plusieurs canaux possibles)

• Apprentissage des filtres par rétropropagation

• Couche de pooling : sélection de valeurs (maximum d’une fenêtre)

• Permet de réduire taille des valeurs, sinon explosion de la taille du modèle en vue !

• Neurones pleinement connectés en sortie pour prise de décision

• Présenté plus en détail dans le prochain module
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Réseau à convolution

Convolutions 

Polling Convolutions 

Polling
Convolutions 

Convolutions 
Polling

Fully connected

5 classes
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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. Accédé en ligne le 19 octobre 2020 au

https://media.nips.cc/Conferences/2015/tutorialslides/DL-Tutorial-NIPS2015.pdf.
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Reconnaissance d’objets

• ImageNet Large Scale Visual Recognition Challenge : reconnâıtre les objets

d’images (1000 classes), en donnant la bonne classe dans un top 5

ILSVRC 2012 ILSVRC 2013 ILSVRC 2014

Équipe % erreur Équipe % erreur Équipe % erreur

SuperVision (Toronto) 15,3 Clarifai 11,7 GoogLeNet 6,6

ISI (Tokyo) 26,1 NUS 12,9 VGG (Oxford) 7,3

VGG (Oxford) 26,9 Zeiler-Fergus (NYU) 13,5 MSRA 8,0

XRCE / INRIA 27,0 A. Howard 13,5 A. Howard 8,1

UvA (Amsterdam) 29,6 OverFeat (NYU) 14,1 DeeperVision 9,5

INRIA / LEAR 33,4 UvA (Amsterdam) 14,2 NUS-BST 9,7

Adobe 15,2 TTIC-ECP 10,2

VGG (Oxford) 15,2 XYZ 11,2

VGG (Oxford) 23,0 UvA 12,1
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Traitement de texte

• Comment traiter des documents (séquence de châınes de caractères) avec un

réseau de neurones qui reçoit des vecteurs de réels de taille fixe en entrée ?

• Modèle Bag-of-Words (BoW)

• Identifier dictionnaire de mots les plus fréquents / intéressants

• Calculer la fréquence de chaque mot pour chaque document traité (vecteur d’entiers

de taille fixe)

xt = [x t1 ,x
t
2 , . . . ,x

t
v ]

⊤

où x ti est le nombre d’occurrences (valeur entière) du i−ème mot (selon le

dictionnaire) dans le document

• Ne tient pas compte de l’ordre

• Modèles avec N-gram : mesure fréquence de groupes de mots adjacents

• Modèle des skip-gram : mots connexes peuvent ne pas être adjacents
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Plongement lexical

• Plongement lexical (word embedding en anglais) : projection des mots dans un
espace vectoriel capturant des relations sémantiques

• Des mots proches dans l’espace vectoriel ont un sens similaire ou apparenté

• Postulat qu’opérations algébriques dans l’espace respectent une logique sémantique

homme

roi

reine

femme

• Construction de plongements lexicaux généralement faite par des approches

d’apprentissage non supervisé ou auto supervisé
• Espace induit est intéressant pour faire des traitements

• Par exemple, entrée d’un réseau de neurones pour le classement de documents 29



Construction de plongements lexicaux

• Idée : prédire mots d’une séquence pour encoder le texte
• Continuous BoW : prédire le mot selon ceux qui précèdent et suivent (plus rapide)

• Continuous skip-gram : prédire les mots qui précèdent et suivent selon le mot

d’intérêt (plus précis)

C
o
n
ti
n
u
o
u
s
B
o
W

xt
1

xt
2

. . .

xt
v

<latexit sha1_base64="nQbpdNgKwbxIXknVdPvtYLY4GkQ=">AAACK3icbVDLSgMxFM3UV62vqktBBovgqsxUQZdFNy4r2Ad02iGTpm1oMhmSO6Vl6M6vEVzpn7hS3PoLrk2nXdjWAyGHc+7l3nuCiDMNjvNhZdbWNza3stu5nd29/YP84VFNy1gRWiWSS9UIsKachbQKDDhtRIpiEXBaDwZ3U78+pEozGT7COKItgXsh6zKCwUh+/nTku23wvNzIL6W/xzsSdCoM2+DnC07RSWGvEndOCmiOip//8TqSxIKGQDjWuuk6EbQSrIARTic5L9Y0wmSAe7RpaIgF1a0kvWNinxulY3elMi8EO1X/diRYaD0WgakUGPp62ZuK/3nNGLo3rYSFUQw0JLNB3ZjbIO1pKHaHKUqAjw3BRDGzq036WGECJrqFKYxIIfDCHUkgJjkTlLscyyqplYruZbH0cFUo384jy6ITdIYukIuuURndowqqIoKe0DN6RW/Wi/VufVpfs9KMNe85Rguwvn8Bwmmngg==</latexit>

xt,1
1

xt,1
2

. . .

xt,1
v<latexit sha1_base64="d9LtfcneNRPXtOlfQE8t6u9oQzI=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gU0smTdtgMhmSO8Uy9DP8GsGVfoR7d+K2a9POgLb1QODcc+7l5h4/5EyD43xYmaXlldW17HpuY3Nreye/u1fTMlKEVonkUjV8rClnAa0CA04boaJY+JzW/cebiV8fUKWZDO5hGNKWwL2AdRnBYKR2/uz4qe0+xHDqjjwvZ4rSb+HxjgSdyINEzrXzBafoTGEvEjclBZSi0s6PvY4kkaABEI61brpOCK0YK2CE01HOizQNMXnEPdo0NMCC6lY8PWxkHxmlY3elMi8Ae6r+nYix0HoofNMpMPT1vDcR//OaEXSvWjELwghoQJJF3YjbIO1JSnaHKUqADw3BRDHzV5v0scIETJYzWxiRQuCZO2JfTINy52NZJLVS0T0vlu4uCuXrNLIsOkCH6AS56BKV0S2qoCoi6Bm9oDf0br1an9aX9Z20Zqx0Zh/NwBr/ALGgrM0=</latexit>

xt,2
1

xt,2
2

. . .

xt,2
v<latexit sha1_base64="XcF1NeeyCqhMDjodF3vtxfxgV9s=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gM5ZMmrbBZDIkd4pl6Gf4NYIr/Qj37sRt16btgLb1QODcc+7l5p4g4kyD43xYmaXlldW17HpuY3Nreye/u1fTMlaEVonkUjUCrClnIa0CA04bkaJYBJzWg8ebsV/vU6WZDO9hEFFf4G7IOoxgMFIrf3b81HIfEjgtDT0vZ4rSb+HxtgQ9lftTOdfKF5yiM4G9SNyUFFCKSis/8tqSxIKGQDjWuuk6EfgJVsAIp8OcF2saYfKIu7RpaIgF1X4yOWxoHxmlbXekMi8Ee6L+nUiw0HogAtMpMPT0vDcW//OaMXSu/ISFUQw0JNNFnZjbIO1xSnabKUqADwzBRDHzV5v0sMIETJYzWxiRQuCZO5JATIJy52NZJLVS0T0vlu4uCuXrNLIsOkCH6AS56BKV0S2qoCoi6Bm9oDf0br1an9aX9T1tzVjpzD6agTX6AbbZrNA=</latexit>

xt,d
1

xt,d
2

. . .

xt,d
v<latexit sha1_base64="j+J1jyAW0Scz1Xvw+xhC1J++Q2k=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gU0smk7bBZDIkd4pl6Gf4NYIr/Qj37sRt16bTgrb1QODcc+7l5h4/4kyD43xYmaXlldW17HpuY3Nreye/u1fTMlaEVonkUjV8rClnIa0CA04bkaJY+JzW/cebsV/vU6WZDO9hENGWwN2QdRjBYKR2/uz4qe0+JHAaDD0vZ4rSb+HxQIKeyP2JnGvnC07RSWEvEndKCmiKSjs/8gJJYkFDIBxr3XSdCFoJVsAIp8OcF2saYfKIu7RpaIgF1a0kPWxoHxklsDtSmReCnap/JxIstB4I33QKDD09743F/7xmDJ2rVsLCKAYaksmiTsxtkPY4JTtgihLgA0MwUcz81SY9rDABk+XMFkakEHjmjsQXaVDufCyLpFYquufF0t1FoXw9jSyLDtAhOkEuukRldIsqqIoIekYv6A29W6/Wp/VlfU9aM9Z0Zh/NwBr9ALwKrWY=</latexit>

. . .<latexit sha1_base64="GpBzB9EFEdoy558E04APHZh3/24=">AAACEnicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKZtENnMmFmIpTQjxBc6Z+4E7f+gD/i2kmbhW09cOFwzr3ce0+QcKaN6347a+sbm1vbpZ3y7t7+wWHl6LitZaoIbRHJpeoGWFPOYtoyzHDaTRTFIuC0E4zvcr/zRJVmMn40k4T6Ag9jFjGCjZU6fR5Ko8uDStWtuTOgVeIVpAoFmoPKTz+UJBU0NoRjrXuemxg/w8owwum03E81TTAZ4yHtWRpjQbWfzc6donOrhCiSylZs0Ez9O5FhofVEBLZTYDPSy14u/uf1UhPd+BmLk9TQmMwXRSlHRqL8dxQyRYnhE0swUczeisgIK0yMTWhhCyNSCLzwRxaIaR6UtxzLKmnXa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTWkBgDM/wCm/Oi/PufDif89Y1p5g5gQU4X78Ezp5b</latexit>

zt
1

zt
2

zt
k

<latexit sha1_base64="Qhxs8/ASl+tkzABOjfOY4I8J0IU=">AAACKXicbVC7TsMwFHXKq4RXgRGGiAqJqUoKCMYKFsYi0YeUppHjuq1VO4nsG6Q26sLXIDHBn7ABK//AjNtmoC1Hsnx8zr26vieIOVNg259GbmV1bX0jv2lube/s7hX2D+oqSiShNRLxSDYDrChnIa0BA06bsaRYBJw2gsHtxG88UqlYFD7AMKaewL2QdRnBoCW/cDzynTa0WubIL09u1y5dUuHp56ANfqFol+wprGXiZKSIMlT9wk+rE5FE0BAIx0q5jh2Dl2IJjHA6NluJojEmA9yjrqYhFlR56XSLsXWqlY7VjaQ+IVhT9W9HioVSQxHoSoGhrxa9ifif5ybQvfZSFsYJ0JDMBnUTbkFkTSKxOkxSAnyoCSaS6b9apI8lJqCDm5vCSCQEntsjDcTY1EE5i7Esk3q55JyXyvcXxcpNFlkeHaETdIYcdIUq6A5VUQ0R9ISe0St6M16Md+PD+JqV5oys5xDNwfj+BW+rpkI=</latexit>

. . .<latexit sha1_base64="GpBzB9EFEdoy558E04APHZh3/24=">AAACEnicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKZtENnMmFmIpTQjxBc6Z+4E7f+gD/i2kmbhW09cOFwzr3ce0+QcKaN6347a+sbm1vbpZ3y7t7+wWHl6LitZaoIbRHJpeoGWFPOYtoyzHDaTRTFIuC0E4zvcr/zRJVmMn40k4T6Ag9jFjGCjZU6fR5Ko8uDStWtuTOgVeIVpAoFmoPKTz+UJBU0NoRjrXuemxg/w8owwum03E81TTAZ4yHtWRpjQbWfzc6donOrhCiSylZs0Ez9O5FhofVEBLZTYDPSy14u/uf1UhPd+BmLk9TQmMwXRSlHRqL8dxQyRYnhE0swUczeisgIK0yMTWhhCyNSCLzwRxaIaR6UtxzLKmnXa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTWkBgDM/wCm/Oi/PufDif89Y1p5g5gQU4X78Ezp5b</latexit>

W<latexit sha1_base64="VYz/lBTv9TqdAyT+WjSOfNpR7cY=">AAACFXicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXQxjKC+cDkCHubvWTJ7t6xuyeEI/9CsNJ/Yie21v4Ra/eSK0zig4HHezPMzAtizrRx3W+nsLa+sblV3C7t7O7tH5QPj1o6ShShTRLxSHUCrClnkjYNM5x2YkWxCDhtB+PbzG8/UaVZJB/MJKa+wEPJQkawsdJjT2AzCsK0Pe2XK27VnQGtEi8nFcjR6Jd/eoOIJIJKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupRILqv10dvEUnVllgMJI2ZIGzdS/EykWWk9EYDuzC/Wyl4n/ed3EhNd+ymScGCrJfFGYcGQilL2PBkxRYvjEEkwUs7ciMsIKE2NDWtjCSCQEXvgjDcS0ZIPylmNZJa1a1buo1u4vK/WbPLIinMApnIMHV1CHO2hAEwhIeIZXeHNenHfnw/mctxacfOYYFuB8/QIV+6AK</latexit>

W<latexit sha1_base64="VYz/lBTv9TqdAyT+WjSOfNpR7cY=">AAACFXicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXQxjKC+cDkCHubvWTJ7t6xuyeEI/9CsNJ/Yie21v4Ra/eSK0zig4HHezPMzAtizrRx3W+nsLa+sblV3C7t7O7tH5QPj1o6ShShTRLxSHUCrClnkjYNM5x2YkWxCDhtB+PbzG8/UaVZJB/MJKa+wEPJQkawsdJjT2AzCsK0Pe2XK27VnQGtEi8nFcjR6Jd/eoOIJIJKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupRILqv10dvEUnVllgMJI2ZIGzdS/EykWWk9EYDuzC/Wyl4n/ed3EhNd+ymScGCrJfFGYcGQilL2PBkxRYvjEEkwUs7ciMsIKE2NDWtjCSCQEXvgjDcS0ZIPylmNZJa1a1buo1u4vK/WbPLIinMApnIMHV1CHO2hAEwhIeIZXeHNenHfnw/mctxacfOYYFuB8/QIV+6AK</latexit>

W<latexit sha1_base64="VYz/lBTv9TqdAyT+WjSOfNpR7cY=">AAACFXicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXQxjKC+cDkCHubvWTJ7t6xuyeEI/9CsNJ/Yie21v4Ra/eSK0zig4HHezPMzAtizrRx3W+nsLa+sblV3C7t7O7tH5QPj1o6ShShTRLxSHUCrClnkjYNM5x2YkWxCDhtB+PbzG8/UaVZJB/MJKa+wEPJQkawsdJjT2AzCsK0Pe2XK27VnQGtEi8nFcjR6Jd/eoOIJIJKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupRILqv10dvEUnVllgMJI2ZIGzdS/EykWWk9EYDuzC/Wyl4n/ed3EhNd+ymScGCrJfFGYcGQilL2PBkxRYvjEEkwUs7ciMsIKE2NDWtjCSCQEXvgjDcS0ZIPylmNZJa1a1buo1u4vK/WbPLIinMApnIMHV1CHO2hAEwhIeIZXeHNenHfnw/mctxacfOYYFuB8/QIV+6AK</latexit>

W>
<latexit sha1_base64="3pqnyRdvppwmsmvFIGrsfgB8tT0=">AAACHHicbVDLSgMxFM34rPXRUZdugkVwVWaqoMuiG5cV7APasWTSTBuax5BkhDLMlwiu9E/ciVvBH3Ftpp2FbT0QOJxzL/fkhDGj2njet7O2vrG5tV3aKe/u7R9U3MOjtpaJwqSFJZOqGyJNGBWkZahhpBsrgnjISCec3OZ+54koTaV4MNOYBByNBI0oRsZKA7fS58iMwyjtZI99I+OBW/Vq3gxwlfgFqYICzYH70x9KnHAiDGZI657vxSZIkTIUM5KV+4kmMcITNCI9SwXiRAfpLHgGz6wyhJFU9gkDZ+rfjRRxrac8tJN5TL3s5eJ/Xi8x0XWQUhEnhgg8PxQlDBoJ8xbgkCqCDZtagrCiNivEY6QQNrarhSsUS87Rwj/SkGdlW5S/XMsqaddr/kWtfn9ZbdwUlZXACTgF58AHV6AB7kATtAAGCXgGr+DNeXHenQ/ncz665hQ7x2ABztcvydqieg==</latexit>

xt
1

xt
2

. . .

xt
v

<latexit sha1_base64="nQbpdNgKwbxIXknVdPvtYLY4GkQ=">AAACK3icbVDLSgMxFM3UV62vqktBBovgqsxUQZdFNy4r2Ad02iGTpm1oMhmSO6Vl6M6vEVzpn7hS3PoLrk2nXdjWAyGHc+7l3nuCiDMNjvNhZdbWNza3stu5nd29/YP84VFNy1gRWiWSS9UIsKachbQKDDhtRIpiEXBaDwZ3U78+pEozGT7COKItgXsh6zKCwUh+/nTku23wvNzIL6W/xzsSdCoM2+DnC07RSWGvEndOCmiOip//8TqSxIKGQDjWuuk6EbQSrIARTic5L9Y0wmSAe7RpaIgF1a0kvWNinxulY3elMi8EO1X/diRYaD0WgakUGPp62ZuK/3nNGLo3rYSFUQw0JLNB3ZjbIO1pKHaHKUqAjw3BRDGzq036WGECJrqFKYxIIfDCHUkgJjkTlLscyyqplYruZbH0cFUo384jy6ITdIYukIuuURndowqqIoKe0DN6RW/Wi/VufVpfs9KMNe85Rguwvn8Bwmmngg==</latexit>

xt,1
1

xt,1
2

. . .

xt,1
v<latexit sha1_base64="d9LtfcneNRPXtOlfQE8t6u9oQzI=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gU0smTdtgMhmSO8Uy9DP8GsGVfoR7d+K2a9POgLb1QODcc+7l5h4/5EyD43xYmaXlldW17HpuY3Nreye/u1fTMlKEVonkUjV8rClnAa0CA04boaJY+JzW/cebiV8fUKWZDO5hGNKWwL2AdRnBYKR2/uz4qe0+xHDqjjwvZ4rSb+HxjgSdyINEzrXzBafoTGEvEjclBZSi0s6PvY4kkaABEI61brpOCK0YK2CE01HOizQNMXnEPdo0NMCC6lY8PWxkHxmlY3elMi8Ae6r+nYix0HoofNMpMPT1vDcR//OaEXSvWjELwghoQJJF3YjbIO1JSnaHKUqADw3BRDHzV5v0scIETJYzWxiRQuCZO2JfTINy52NZJLVS0T0vlu4uCuXrNLIsOkCH6AS56BKV0S2qoCoi6Bm9oDf0br1an9aX9Z20Zqx0Zh/NwBr/ALGgrM0=</latexit>

xt,2
1

xt,2
2

. . .

xt,2
v<latexit sha1_base64="XcF1NeeyCqhMDjodF3vtxfxgV9s=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gM5ZMmrbBZDIkd4pl6Gf4NYIr/Qj37sRt16btgLb1QODcc+7l5p4g4kyD43xYmaXlldW17HpuY3Nreye/u1fTMlaEVonkUjUCrClnIa0CA04bkaJYBJzWg8ebsV/vU6WZDO9hEFFf4G7IOoxgMFIrf3b81HIfEjgtDT0vZ4rSb+HxtgQ9lftTOdfKF5yiM4G9SNyUFFCKSis/8tqSxIKGQDjWuuk6EfgJVsAIp8OcF2saYfKIu7RpaIgF1X4yOWxoHxmlbXekMi8Ee6L+nUiw0HogAtMpMPT0vDcW//OaMXSu/ISFUQw0JNNFnZjbIO1xSnabKUqADwzBRDHzV5v0sMIETJYzWxiRQuCZO5JATIJy52NZJLVS0T0vlu4uCuXrNLIsOkCH6AS56BKV0S2qoCoi6Bm9oDf0br1an9aX9T1tzVjpzD6agTX6AbbZrNA=</latexit>

xt,d
1

xt,d
2

. . .

xt,d
v<latexit sha1_base64="j+J1jyAW0Scz1Xvw+xhC1J++Q2k=">AAACPHicbVDLSgMxFM3UV62vqks3g0VxIXWmCrosunFZwT6gU0smk7bBZDIkd4pl6Gf4NYIr/Qj37sRt16bTgrb1QODcc+7l5h4/4kyD43xYmaXlldW17HpuY3Nreye/u1fTMlaEVonkUjV8rClnIa0CA04bkaJY+JzW/cebsV/vU6WZDO9hENGWwN2QdRjBYKR2/uz4qe0+JHAaDD0vZ4rSb+HxQIKeyP2JnGvnC07RSWEvEndKCmiKSjs/8gJJYkFDIBxr3XSdCFoJVsAIp8OcF2saYfKIu7RpaIgF1a0kPWxoHxklsDtSmReCnap/JxIstB4I33QKDD09743F/7xmDJ2rVsLCKAYaksmiTsxtkPY4JTtgihLgA0MwUcz81SY9rDABk+XMFkakEHjmjsQXaVDufCyLpFYquufF0t1FoXw9jSyLDtAhOkEuukRldIsqqIoIekYv6A29W6/Wp/VlfU9aM9Z0Zh/NwBr9ALwKrWY=</latexit>

. . .<latexit sha1_base64="GpBzB9EFEdoy558E04APHZh3/24=">AAACEnicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKZtENnMmFmIpTQjxBc6Z+4E7f+gD/i2kmbhW09cOFwzr3ce0+QcKaN6347a+sbm1vbpZ3y7t7+wWHl6LitZaoIbRHJpeoGWFPOYtoyzHDaTRTFIuC0E4zvcr/zRJVmMn40k4T6Ag9jFjGCjZU6fR5Ko8uDStWtuTOgVeIVpAoFmoPKTz+UJBU0NoRjrXuemxg/w8owwum03E81TTAZ4yHtWRpjQbWfzc6donOrhCiSylZs0Ez9O5FhofVEBLZTYDPSy14u/uf1UhPd+BmLk9TQmMwXRSlHRqL8dxQyRYnhE0swUczeisgIK0yMTWhhCyNSCLzwRxaIaR6UtxzLKmnXa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTWkBgDM/wCm/Oi/PufDif89Y1p5g5gQU4X78Ezp5b</latexit>

zt
1

zt
2

zt
k

<latexit sha1_base64="Qhxs8/ASl+tkzABOjfOY4I8J0IU=">AAACKXicbVC7TsMwFHXKq4RXgRGGiAqJqUoKCMYKFsYi0YeUppHjuq1VO4nsG6Q26sLXIDHBn7ABK//AjNtmoC1Hsnx8zr26vieIOVNg259GbmV1bX0jv2lube/s7hX2D+oqSiShNRLxSDYDrChnIa0BA06bsaRYBJw2gsHtxG88UqlYFD7AMKaewL2QdRnBoCW/cDzynTa0WubIL09u1y5dUuHp56ANfqFol+wprGXiZKSIMlT9wk+rE5FE0BAIx0q5jh2Dl2IJjHA6NluJojEmA9yjrqYhFlR56XSLsXWqlY7VjaQ+IVhT9W9HioVSQxHoSoGhrxa9ifif5ybQvfZSFsYJ0JDMBnUTbkFkTSKxOkxSAnyoCSaS6b9apI8lJqCDm5vCSCQEntsjDcTY1EE5i7Esk3q55JyXyvcXxcpNFlkeHaETdIYcdIUq6A5VUQ0R9ISe0St6M16Md+PD+JqV5oys5xDNwfj+BW+rpkI=</latexit>

. . .<latexit sha1_base64="GpBzB9EFEdoy558E04APHZh3/24=">AAACEnicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKZtENnMmFmIpTQjxBc6Z+4E7f+gD/i2kmbhW09cOFwzr3ce0+QcKaN6347a+sbm1vbpZ3y7t7+wWHl6LitZaoIbRHJpeoGWFPOYtoyzHDaTRTFIuC0E4zvcr/zRJVmMn40k4T6Ag9jFjGCjZU6fR5Ko8uDStWtuTOgVeIVpAoFmoPKTz+UJBU0NoRjrXuemxg/w8owwum03E81TTAZ4yHtWRpjQbWfzc6donOrhCiSylZs0Ez9O5FhofVEBLZTYDPSy14u/uf1UhPd+BmLk9TQmMwXRSlHRqL8dxQyRYnhE0swUczeisgIK0yMTWhhCyNSCLzwRxaIaR6UtxzLKmnXa95lrf5wVW3cFpGV4BTO4AI8uIYG3EMTWkBgDM/wCm/Oi/PufDif89Y1p5g5gQU4X78Ezp5b</latexit>

W<latexit sha1_base64="VYz/lBTv9TqdAyT+WjSOfNpR7cY=">AAACFXicbVA9SwNBEJ2LXzF+RS1tFoNgFe6ioGXQxjKC+cDkCHubvWTJ7t6xuyeEI/9CsNJ/Yie21v4Ra/eSK0zig4HHezPMzAtizrRx3W+nsLa+sblV3C7t7O7tH5QPj1o6ShShTRLxSHUCrClnkjYNM5x2YkWxCDhtB+PbzG8/UaVZJB/MJKa+wEPJQkawsdJjT2AzCsK0Pe2XK27VnQGtEi8nFcjR6Jd/eoOIJIJKQzjWuuu5sfFTrAwjnE5LvUTTGJMxHtKupRILqv10dvEUnVllgMJI2ZIGzdS/EykWWk9EYDuzC/Wyl4n/ed3EhNd+ymScGCrJfFGYcGQilL2PBkxRYvjEEkwUs7ciMsIKE2NDWtjCSCQEXvgjDcS0ZIPylmNZJa1a1buo1u4vK/WbPLIinMApnIMHV1CHO2hAEwhIeIZXeHNenHfnw/mctxacfOYYFuB8/QIV+6AK</latexit>

W>
<latexit sha1_base64="3pqnyRdvppwmsmvFIGrsfgB8tT0=">AAACHHicbVDLSgMxFM34rPXRUZdugkVwVWaqoMuiG5cV7APasWTSTBuax5BkhDLMlwiu9E/ciVvBH3Ftpp2FbT0QOJxzL/fkhDGj2njet7O2vrG5tV3aKe/u7R9U3MOjtpaJwqSFJZOqGyJNGBWkZahhpBsrgnjISCec3OZ+54koTaV4MNOYBByNBI0oRsZKA7fS58iMwyjtZI99I+OBW/Vq3gxwlfgFqYICzYH70x9KnHAiDGZI657vxSZIkTIUM5KV+4kmMcITNCI9SwXiRAfpLHgGz6wyhJFU9gkDZ+rfjRRxrac8tJN5TL3s5eJ/Xi8x0XWQUhEnhgg8PxQlDBoJ8xbgkCqCDZtagrCiNivEY6QQNrarhSsUS87Rwj/SkGdlW5S/XMsqaddr/kWtfn9ZbdwUlZXACTgF58AHV6AB7kATtAAGCXgGr+DNeXHenQ/ncz665hQ7x2ABztcvydqieg==</latexit>

W>
<latexit sha1_base64="3pqnyRdvppwmsmvFIGrsfgB8tT0=">AAACHHicbVDLSgMxFM34rPXRUZdugkVwVWaqoMuiG5cV7APasWTSTBuax5BkhDLMlwiu9E/ciVvBH3Ftpp2FbT0QOJxzL/fkhDGj2njet7O2vrG5tV3aKe/u7R9U3MOjtpaJwqSFJZOqGyJNGBWkZahhpBsrgnjISCec3OZ+54koTaV4MNOYBByNBI0oRsZKA7fS58iMwyjtZI99I+OBW/Vq3gxwlfgFqYICzYH70x9KnHAiDGZI657vxSZIkTIUM5KV+4kmMcITNCI9SwXiRAfpLHgGz6wyhJFU9gkDZ+rfjRRxrac8tJN5TL3s5eJ/Xi8x0XWQUhEnhgg8PxQlDBoJ8xbgkCqCDZtagrCiNivEY6QQNrarhSsUS87Rwj/SkGdlW5S/XMsqaddr/kWtfn9ZbdwUlZXACTgF58AHV6AB7kATtAAGCXgGr+DNeXHenQ/ncz665hQ7x2ABztcvydqieg==</latexit>

W>
<latexit sha1_base64="3pqnyRdvppwmsmvFIGrsfgB8tT0=">AAACHHicbVDLSgMxFM34rPXRUZdugkVwVWaqoMuiG5cV7APasWTSTBuax5BkhDLMlwiu9E/ciVvBH3Ftpp2FbT0QOJxzL/fkhDGj2njet7O2vrG5tV3aKe/u7R9U3MOjtpaJwqSFJZOqGyJNGBWkZahhpBsrgnjISCec3OZ+54koTaV4MNOYBByNBI0oRsZKA7fS58iMwyjtZI99I+OBW/Vq3gxwlfgFqYICzYH70x9KnHAiDGZI657vxSZIkTIUM5KV+4kmMcITNCI9SwXiRAfpLHgGz6wyhJFU9gkDZ+rfjRRxrac8tJN5TL3s5eJ/Xi8x0XWQUhEnhgg8PxQlDBoJ8xbgkCqCDZtagrCiNivEY6QQNrarhSsUS87Rwj/SkGdlW5S/XMsqaddr/kWtfn9ZbdwUlZXACTgF58AHV6AB7kATtAAGCXgGr+DNeXHenQ/ncz665hQ7x2ABztcvydqieg==</latexit>

C
o
n
ti
n
u
o
u
s
sk
ip
-g
ra
m

• word2vec : utiliser Continuous BoW ou Continuous skip-gram pour construire des
plongements

• Réseau PMC, deux couches cachées, plongement de quelques centaines de

dimensions
30



8.5 Transfert et adaptation de

représentations



Transfert de représentations

• Apprentissage d’un réseau profond sur tâche A
• Nouvelle tâche B, basée sur données similaires à tâche A

• Récupérer représentation de tâche A

• Entrâıner nouveau classifieur pour tâche B

Représentation

Classifieur tâche A

Représentation

Classifieur tâche B

• Permet un transfert de représentation (transfer learning)

• Ajustement fin possible de la représentation sur la nouvelle tâche (fine-tuning)

• Approche standard pour apprendre modèle de reconnaissance d’objets, utilisant

représentation produite avec ImageNet 31



Apprentissage multitâche

• Apprentissage multitâche : apprendre simultanément une représentation pour des
opérations distinctes

• Réseau à deux têtes, une pour chaque tâche

Représentation

Classifieur tâche A Classifieur tâche B

• Rétropropagation provient d’une tête à la fois

• Mélange des données et des tâches durant l’apprentissage

• Performe bien à produire des représentations capturant des concepts généraux

32



Apprentissage few-shot

• Comment apprendre avec peu de données de chaque classe ?
• Problème général : apprendre à apprendre (méta-apprentissage)

• Modèle avec N classes de K instances chacun (N-way-K -shot)
Ensemble de support (N=3, K=2)

Ensemble de requêtes

• Ensemble de support : K instances pour chacune des N classes à traiter

• Ensemble de requêtes : nouvelles instances à traiter

• Classes des ensembles de support et de requêtes varient à chaque essai
• Apprentissage de modèles conçus pour fonctionner avec des classes a priori inconnues 33



Apprentissage few-shot : réseau prototypique

• Réseau prototypique (prototypical network)
• Synthétiser le support d’une classe par une valeur moyenne (prototype)

• Classer les requêtes selon le plus proche prototype

<latexit sha1_base64="UfpQGJAygQ5GBxNh9hbN3ip6cP4=">AAACFXicbVDJSgNBEK1xjXGLevQyGAVPYUbcjgEvHiOYBZMQejo9SZNehu4eMQzzF4In/RNv4tWzP+LZnmQOJvFBweO9KqrqBRGj2njet7O0vLK6tl7YKG5ube/slvb2G1rGCpM6lkyqVoA0YVSQuqGGkVakCOIBI81gdJP5zUeiNJXi3owj0uVoIGhIMTJWeuhwZIZBmDylvVLZq3gTuIvEz0kZctR6pZ9OX+KYE2EwQ1q3fS8y3QQpQzEjabETaxIhPEID0rZUIE50N5lcnLonVum7oVS2hHEn6t+JBHGtxzywndmFet7LxP+8dmzC625CRRQbIvB0URgz10g3e9/tU0WwYWNLEFbU3uriIVIIGxvSzBaKJedo5o8k4GnRBuXPx7JIGmcV/7JycXderh7nkRXgEI7gFHy4gircQg3qgEHAM7zCm/PivDsfzue0dcnJZw5gBs7XL0WwoBM=</latexit>x

<latexit sha1_base64="wtkWZVdwuiz66vsEIcpHM4NInQ0=">AAACF3icbVDLSgMxFL3js9ZX1aWbYBVclRnxtSy4cVnBPqAzlEyaaUOTyZBkhDL0NwRX+ifuxK1Lf8S1mXYWtvVA4HDOvdyTEyacaeO6387K6tr6xmZpq7y9s7u3Xzk4bGmZKkKbRHKpOiHWlLOYNg0znHYSRbEIOW2Ho7vcbz9RpZmMH804oYHAg5hFjGBjJd8X2AzDKBOTnterVN2aOwVaJl5BqlCg0av8+H1JUkFjQzjWuuu5iQkyrAwjnE7KfqppgskID2jX0hgLqoNsmnmCzqzSR5FU9sUGTdW/GxkWWo9FaCfzjHrRy8X/vG5qotsgY3GSGhqT2aEo5chIlBeA+kxRYvjYEkwUs1kRGWKFibE1zV1hRAqB5/6RhWJStkV5i7Usk9ZFzbuuXT1cVuunRWUlOIYTOAcPbqAO99CAJhBI4Ble4c15cd6dD+dzNrriFDtHMAfn6xd096Cs</latexit>m1

<latexit sha1_base64="j7eTcSmO+KPtFr/aHZ6JfQC4F+E=">AAACF3icbVDLSgMxFM3UV62vqks3wSq4KjPF17LgxmUF+4DOUDJppg3NY0gyQhnmNwRX+ifuxK1Lf8S1mXYWtvVA4HDOvdyTE8aMauO6305pbX1jc6u8XdnZ3ds/qB4edbRMFCZtLJlUvRBpwqggbUMNI71YEcRDRrrh5C73u09EaSrFo5nGJOBoJGhEMTJW8n2OzDiMUp4NGoNqza27M8BV4hWkBgq0BtUffyhxwokwmCGt+54bmyBFylDMSFbxE01ihCdoRPqWCsSJDtJZ5gyeW2UII6nsEwbO1L8bKeJaT3loJ/OMetnLxf+8fmKi2yClIk4MEXh+KEoYNBLmBcAhVQQbNrUEYUVtVojHSCFsbE0LVyiWnKOFf6Qhzyq2KG+5llXSadS96/rVw2WteVZUVgYn4BRcAA/cgCa4By3QBhjE4Bm8gjfnxXl3PpzP+WjJKXaOwQKcr192n6Ct</latexit>m2

<latexit sha1_base64="DAk/cZPuW/fhu0Sc6jGB9l8EKU4=">AAACF3icbVDLSgMxFM3UV62vqks3wSq4KjO+lwU3LivYB3SGkkkzbWgeQ5IRyjC/IbjSP3Enbl36I67NtLOwrQcCh3Pu5Z6cMGZUG9f9dkorq2vrG+XNytb2zu5edf+grWWiMGlhyaTqhkgTRgVpGWoY6caKIB4y0gnHd7nfeSJKUykezSQmAUdDQSOKkbGS73NkRmGU8qx/0a/W3Lo7BVwmXkFqoECzX/3xBxInnAiDGdK657mxCVKkDMWMZBU/0SRGeIyGpGepQJzoIJ1mzuCpVQYwkso+YeBU/buRIq71hId2Ms+oF71c/M/rJSa6DVIq4sQQgWeHooRBI2FeABxQRbBhE0sQVtRmhXiEFMLG1jR3hWLJOZr7RxryrGKL8hZrWSbt87p3Xb96uKw1TorKyuAIHIMz4IEb0AD3oAlaAIMYPINX8Oa8OO/Oh/M5Gy05xc4hmIPz9Qt4R6Cu</latexit>m3
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Adaptation de domaine

• Adaptation de domaine : utiliser un ou plusieurs domaines sources pour mieux
traiter domaine cible

• Les entrées et sorties du modèle sont les mêmes pour tous les domaines

• Cas particulier de l’apprentissage par transfert, où les entrée/sorties peuvent changer

dans le cas général

• Réseau de neurones adversariel au domaine (DANN : Domain Adversarial Neural
Network)

• Apprendre pour plusieurs domaines source, selon un modèle d’apprentissage

multitâche

• Une tête associée à la tâche de classement

• Un deuxième tête vise à discriminer entre les domaines source dans la sortie de la

partie partagée

• Apprentissage de la tête supplémentaire comporte un renversement du gradient

(gradient reversal) pour forcer une représentation intermédiaire commune et générale

35



Domain adversarial neural network (DANN)

Extraction de
caractéristiques …

Prédiction 
de classe

Prédiction 
de 

domaine

Étiquette de 
classe y

Étiquette de 
domaine d

<latexit sha1_base64="wNXlFDlNaCaO8uizUavjfvoYJGE=">AAACDnicbVDJSgNBEK1xjXGLevQyGARPYSa4HQNePHiIaBZIhtDT05M06WXo7hHCkE8QPOmfeBOv/oI/4tlOMgeT+KDg8V4VVfXChFFtPO/bWVldW9/YLGwVt3d29/ZLB4dNLVOFSQNLJlU7RJowKkjDUMNIO1EE8ZCRVji8mfitJ6I0leLRjBIScNQXNKYYGSs93PWiXqnsVbwp3GXi56QMOeq90k83kjjlRBjMkNYd30tMkCFlKGZkXOymmiQID1GfdCwViBMdZNNTx+6pVSI3lsqWMO5U/TuRIa71iIe2kyMz0IveRPzP66Qmvg4yKpLUEIFni+KUuUa6k7/diCqCDRtZgrCi9lYXD5BC2Nh05rZQLDlHc39kIR8XbVD+YizLpFmt+JeVi/vzcq2aR1aAYziBM/DhCmpwC3VoAIY+PMMrvDkvzrvz4XzOWlecfOYI5uB8/QLu65ys</latexit>

Ld

<latexit sha1_base64="8v9bwRKV7mrSrSg7e7nXM9mGcTk=">AAACDnicbVDJSgNBEK1xjXGLevQyGARPYSa4HQNePHiIaBZIhtDT6Uma9DJ09wjDkE8QPOmfeBOv/oI/4tlOMgeT+KDg8V4VVfXCmFFtPO/bWVldW9/YLGwVt3d29/ZLB4dNLROFSQNLJlU7RJowKkjDUMNIO1YE8ZCRVji6mfitJ6I0leLRpDEJOBoIGlGMjJUe7nppr1T2Kt4U7jLxc1KGHPVe6afblzjhRBjMkNYd34tNkCFlKGZkXOwmmsQIj9CAdCwViBMdZNNTx+6pVfpuJJUtYdyp+nciQ1zrlIe2kyMz1IveRPzP6yQmug4yKuLEEIFni6KEuUa6k7/dPlUEG5ZagrCi9lYXD5FC2Nh05rZQLDlHc39kIR8XbVD+YizLpFmt+JeVi/vzcq2aR1aAYziBM/DhCmpwC3VoAIYBPMMrvDkvzrvz4XzOWlecfOYI5uB8/QIRwpzB</latexit>

Ly

<latexit sha1_base64="DemX4Leaa1u9A6sTXn3TUjEUVSQ=">AAACM3icbVDLSgMxFM34rPVVdekmWBRXZab4WhbcuHBRwT6gU8qdNGNDk5khuSOUoX/g1wiu9EfEnbh169r0AVrrgcDJOffm5p4gkcKg6746C4tLyyurubX8+sbm1nZhZ7du4lQzXmOxjHUzAMOliHgNBUreTDQHFUjeCPqXI79xz7URcXSLg4S3FdxFIhQM0EqdwpEfamCZn4BGAZJedwbDn5uPPY5gpU6h6JbcMeg88aakSKaodgpffjdmqeIRMgnGtDw3wXY2epdJPsz7qeEJsD7c8ZalEShu2tl4nyE9tEqXhrG2J0I6Vn93ZKCMGajAVirAnvnrjcT/vFaK4UU7E1GSIo/YZFCYSooxHYVDu0JzhnJgCTAt7F8p64ENCG2EM1MEi5WCmT2yQA3zNijvbyzzpF4ueWel05uTYqU8jSxH9skBOSYeOScVckWqpEYYeSCP5Jm8OE/Om/PufExKF5xpzx6ZgfP5DfRGrFQ=</latexit>

@Ly

@✓y

<latexit sha1_base64="RWdVIg1YGl1ZaSd/RCN59Ws+6zw=">AAACO3icbVDLSgMxFM3Ud32NunQTLIKrMlN8LQtuXLhQsCp0hnInk7HBZGZI7ghl6F/4NYIr/QnX7sStrk1rQdt6IHByzr25uSfKpTDoea9OZWZ2bn5hcam6vLK6tu5ubF6ZrNCMt1gmM30TgeFSpLyFAiW/yTUHFUl+Hd2dDPzre66NyNJL7OU8VHCbikQwQCt13HogbXEMNEg0sDLIQaMASc86cf/3FmCXI1ip49a8ujcEnSb+iNTICOcd9yuIM1YoniKTYEzb93IMy8G7TPJ+NSgMz4HdwS1vW5qC4iYsh3v16a5VYppk2p4U6VD921GCMqanIlupALtm0huI/3ntApPjsBRpXiBP2c+gpJAUMzoIicZCc4ayZwkwLexfKeuCDQhtlGNTBMuUgrE9ykj1qzYofzKWaXLVqPuH9YOL/VqzMYpskWyTHbJHfHJEmuSUnJMWYeSBPJJn8uI8OW/Ou/PxU1pxRj1bZAzO5zcO8K9X</latexit>

�
@Ld

@✓d

<latexit sha1_base64="m/dnBwsZOC8rA+Fw7qWHuuHZeA4=">AAACPHicbVDLSsQwFE19O75GXboJDoIbx1Z8LQU3LlwoOA+YDuU2TZ1g0pbkVhhKP8OvEVzpR7h3J25dmxkHdBwPBE7OuTc394SZFAZd99WZmp6ZnZtfWKwsLa+srlXXN5omzTXjDZbKVLdDMFyKhDdQoOTtTHNQoeSt8O584LfuuTYiTW6wn/GugttExIIBWimo7u/50lZHQP1YAyv8DDQKkPQyiMqfm489jhDEZVCtuXV3CDpJvBGpkRGuguqnH6UsVzxBJsGYjudm2C0G7zLJy4qfG54Bu4Nb3rE0AcVNtxguVtIdq0Q0TrU9CdKh+rujAGVMX4W2UgH2zF9vIP7ndXKMT7uFSLIcecK+B8W5pJjSQUo0EpozlH1LgGlh/0pZD2xAaLMcmyJYqhSM7VGEqqzYoLy/sUyS5kHdO64fXR/Wzg5GkS2QLbJNdolHTsgZuSBXpEEYeSCP5Jm8OE/Om/PufHyXTjmjnk0yBufzC4phr5A=</latexit>

��
@Ld

@✓f

<latexit sha1_base64="+c5lXPfv5FT/zISB5B3tBhel5rw=">AAACM3icbVDLSgMxFM34tr6qLt0Ei+KqzIivpeDGhYsK9gGdMtxJMzaYzAzJHaEM8wd+jeBKf0TciVu3rk0foLUeCJycc29u7glTKQy67qszMzs3v7C4tFxaWV1b3yhvbjVMkmnG6yyRiW6FYLgUMa+jQMlbqeagQsmb4d3FwG/ec21EEt9gP+UdBbexiAQDtFJQ3vcjDSz3U9AoQNKroF/83HzscYQgKoJyxa26Q9Bp4o1JhYxRC8pffjdhmeIxMgnGtD03xU4+eJdJXpT8zPAU2B3c8ralMShuOvlwn4LuWaVLo0TbEyMdqr87clDG9FVoKxVgz/z1BuJ/XjvD6KyTizjNkMdsNCjKJMWEDsKhXaE5Q9m3BJgW9q+U9cAGhDbCiSmCJUrBxB55qIqSDcr7G8s0aRxWvZPq8fVR5fxwHNkS2SG75IB45JSck0tSI3XCyAN5JM/kxXly3px352NUOuOMe7bJBJzPb9S7rEE=</latexit>

@Ly

@✓f

Gradient 
reversal

x
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8.6 Approches adversariales



Données adversariales

• Utiliser génération de données pour déterminer plus petite variation permettant de

faire une erreur de classement

Meerkat
Conf.: 65.3%

+
School bus

✏
<latexit sha1_base64="35K6KQ+E9rB0JdJK2RMm0xG9EfM=">AAACE3icbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHgJccI5gHJEmYnvcmQeSwzs0JY8hOCJ/0Tb+LVD/BHPDtJ9mASCxqKqm66u6KEM2N9/9vb2Nza3tkt7BX3Dw6Pjksnpy2jUk2hSRVXuhMRA5xJaFpmOXQSDUREHNrR+H7mt59AG6bko50kEAoylCxmlFgndXqQGMaV7JfKfsWfA6+TICdllKPRL/30BoqmAqSlnBjTDfzEhhnRllEO02IvNZAQOiZD6DoqiQATZvN7p/jSKQMcK+1KWjxX/05kRBgzEZHrFMSOzKo3E//zuqmN78KMySS1IOliUZxybBWePY8HTAO1fOIIoZq5WzEdEU2odREtbWFUCUGW/sgiMS26oILVWNZJq1oJrivVh5tyrZ5HVkDn6AJdoQDdohqqowZqIoo4ekav6M178d69D+9z0brh5TNnaAne1y99M581</latexit>

Conf.: 98.6%

=
✏ = 0.005

<latexit sha1_base64="cwfwKAM5qMj9rEmVn45qgUvYm5o=">AAACHXicbVDLSgMxFM34rPU16tJNsAiuykxVdCMU3LisYB/QlpJJb9vQPIYkUyhD/0RwpX/iTtyKP+LaTNuFbT0QcjjnXu69J4o5MzYIvr219Y3Nre3cTn53b//g0D86rhmVaApVqrjSjYgY4ExC1TLLoRFrICLiUI+G95lfH4E2TMknO46hLUhfsh6jxDqp4/stiA3jSuI7HBSD4LrjF7I/A14l4ZwU0ByVjv/T6iqaCJCWcmJMMwxi206JtoxymORbiYGY0CHpQ9NRSQSYdjrdfILPndLFPaXdkxZP1b8dKRHGjEXkKgWxA7PsZeJ/XjOxvdt2ymScWJB0NqiXcGwVzmLAXaaBWj52hFDN3K6YDogm1LqwFqYwqoQgC3ekkZjkXVDhciyrpFYqhpfF0uNVoVyeR5ZDp+gMXaAQ3aAyekAVVEUUjdAzekVv3ov37n14n7PSNW/ec4IW4H39AqEXoR4=</latexit>

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

dimensionnalité

• Illustre une difficulté actuelle avec réseaux profonds, robustesse aux données

adversariales doit être améliorée

37



Attaques et défenses

• Attaques typiques : descente du gradient sur la donnée pour tromper le réseau

• Fast gradient sign method (FGSM) :

x = x+ ϵ sign
∂L(x,y |θ)

∂x

• Plusieurs autres variantes proposées pour produire données adversariales

• Mécanisme de défense : entrâınement adversariel

• Augmenter le jeu d’entrâınement avec des données adversarielles pour rendre le

réseau robuste

38



Generative Adversarial Networks (GAN)

• Modèle GAN : mettre en compétition deux réseaux de neurones
• Réseau discriminatif : distinguer données véritables du problème des données

générées

• Réseau génératif : produire des données ayant l’air authentiques

• Permet des traitements variés basés sur un apprentissage non supervisé

• Exemple : traduction image à image avec GANs conditionnels

Tiré de Isola, Zhu, Zhou et Efros, Image-to-Image Translation with Conditional Adversarial Networks, CVPR, 2017. Accédé en ligne le 19

octobre 2020 au https://arxiv.org/pdf/1611.07004v3.pdf. 39

https://arxiv.org/pdf/1611.07004v3.pdf


Generative Adversarial Networks (GAN)

Réseau
génératif

Réseau
discriminatif

Base de 
données Vraie donnée

Donnée générée

Vraie ou fausse 
donnée?

<latexit sha1_base64="8lEDUs+XBwQ38gM54pVBM2gdCtA=">AAACDnicbVDJSgNBEK1xjXGLevQyGARPYUbcjkEvHjxENAskQ+jp6Uma9DJ09whhyCcInvRPvIlXf8Ef8WwnmYNJfFDweK+Kqnphwqg2nvftLC2vrK6tFzaKm1vbO7ulvf2GlqnCpI4lk6oVIk0YFaRuqGGklSiCeMhIMxzcjP3mE1GaSvFohgkJOOoJGlOMjJUe7rpRt1T2Kt4E7iLxc1KGHLVu6acTSZxyIgxmSOu27yUmyJAyFDMyKnZSTRKEB6hH2pYKxIkOssmpI/fYKpEbS2VLGHei/p3IENd6yEPbyZHp63lvLP7ntVMTXwUZFUlqiMDTRXHKXCPd8d9uRBXBhg0tQVhRe6uL+0ghbGw6M1solpyjmT+ykI+KNih/PpZF0jit+BeV8/uzcvU6j6wAh3AEJ+DDJVThFmpQBww9eIZXeHNenHfnw/mcti45+cwBzMD5+gXzu5y8</latexit>

Ld

<latexit sha1_base64="Qt9+MugKwaUHIeeOwAgpoutMA3M=">AAACM3icbVDLSgMxFM34rPVVdekmWBRXZUZ8LQU3LlxUsA/olHInzbShycyQ3BHK0D/wawRX+iPiTty6dW36AG3rgcDJOffm5p4gkcKg6745C4tLyyurubX8+sbm1nZhZ7dq4lQzXmGxjHU9AMOliHgFBUpeTzQHFUheC3rXQ7/2wLURcXSP/YQ3FXQiEQoGaKVW4cgPNbDMT0CjAElvW+3B783HLkewUqtQdEvuCHSeeBNSJBOUW4Vvvx2zVPEImQRjGp6bYDMbvsskH+T91PAEWA86vGFpBIqbZjbaZ0APrdKmYaztiZCO1L8dGShj+iqwlQqwa2a9ofif10gxvGxmIkpS5BEbDwpTSTGmw3BoW2jOUPYtAaaF/StlXbABoY1waopgsVIwtUcWqEHeBuXNxjJPqicl77x0dndavLqcRJYj++SAHBOPXJArckPKpEIYeSRP5IW8Os/Ou/PhfI5LF5xJzx6ZgvP1A67LrDA=</latexit>

@Ld

@✓d

<latexit sha1_base64="csyRI8UWIoj1H7HLGXXVJbTkFXY=">AAACNXicbVDLSgMxFM3Ud31VXboJFqEby4z46FJw48KFglWhU4Y7aaYNTWaG5I5QhvkFv0Zwpf/hwp24defatBa01QOBk3Puzc09YSqFQdd9cUozs3PzC4tL5eWV1bX1ysbmtUkyzXiTJTLRtyEYLkXMmyhQ8ttUc1Ch5Ddh/3To39xxbUQSX+Eg5W0F3VhEggFaKajU9qgfaWC5n4JGAZKeB53i5+ZjjyME3SKoVN26OwL9S7wxqZIxLoLKp99JWKZ4jEyCMS3PTbGdD99lkhdlPzM8BdaHLm9ZGoPipp2PNirorlU6NEq0PTHSkfq7IwdlzECFtlIB9sy0NxT/81oZRo12LuI0Qx6z70FRJikmdBgP7QjNGcqBJcC0sH+lrAc2ILQhTkwRLFEKJvbIQ1WUbVDedCx/yfV+3TuqH14eVE8a48gWyTbZITXikWNyQs7IBWkSRu7JA3kiz86j8+q8Oe/fpSVn3LNFJuB8fAGJ3KyU</latexit>

�@Ld

@✓g
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8.7 Implémentations logicielles



Gradient automatique

• Graphe computationnel : représenter les opérations mathématiques d’un réseau
dans graphe

• Capture l’ordre et la nature des opérations

• Gradient automatique : calculer les gradients analytiques sur l’ensemble du

réseau automatiquement, via les graphes computationnels

• Permet de définir des topologies complexes et hétérogènes de réseau sans devoir

faire les dérivées analytiques manuellement !

• Permet également d’optimiser les traitements sur l’architecture visée (ex. GPU)
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Gradient automatique

∂f (x1,x2)

∂x1
=

∂

∂x1
(sin(x1) + x1 x2) = cos(x1) + x2

∂f (x1,x2)

∂x2
=

∂

∂x2
(sin(x1) + x1 x2) = x1

Par Berland, domaine public, https://en.wikipedia.org/wiki/File:ReverseaccumulationAD.png
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Outils pour l’apprentissage profond (open source)

• TensorFlow : https://www.tensorflow.org/
• Code en C++, avec interface d’utilisation en Python

• Entièrement organisé autour de graphes computationnels

• PyTorch : https://pytorch.org/
• Offre interface de programmation convivial en Python, approche programmatique

• Différentiation automatique faite dynamiquement, plus versatile sur certains aspects

que TensorFlow

• Google JAX : https://jax.readthedocs.io/
• Combine gradient automatique et calcul numérique haute performance dans une

interface standard (à la NumPy)

• Pas spécifiquement fait pour apprentissage profond, mais offre une grande flexibilité

• Keras : https://keras.io/
• Interface convivial pour apprentissage profond, au coût d’une flexibilité réduite

• Surcouche utilisant TensorFlow, PyTorch ou JAX comme environnement sous-jacent

d’apprentissage profond
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