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congres de Darmouth — USA — 1956

définit le périmétre d’investigation de I'lA

A PROPOSAL FOR THE DARTMOUTH SUMMER
RESEARCH PROJECT ON ARTIFICIAL
INTELLIGENCE

J. McCarthy, Dartmouth College
ML L. Minsky, Harvard University
N. Rochester, LB.M. Corporation
C.E. Shannon, Bell Telephone Laboratories

Marvin Minksy, MIT Claude Shannon, Bell
1927-2016 1916-2001

August 31, 1955

We propose that a 2 month. 10 man study of artificial intelligence be carried out during the summer of 1956 at Dartmouth
College in Hanover, New Hampshire. The study 1s to proceed on the basis of the conjecture that every aspect of learning or
any other feature of itelligence can m principle be so precisely described that a machine can be made to sumulate 1. An
attempt will be made to find how to make machines use language, form abstractions and concepts. solve kinds of problems
now reserved for humans. and improve themselves. We think that a significant advance can be made in one or more of these
problems if a carefully selected group of scientists work on it together for a summer.

The following are some aspects of the artificial intelligence problem:

1 Automatic Computers

If a machine can do a job. then an automatic calculator can be programmed to simulate the machme. The speeds and memory
capacifies of present computers may be insufficient to simulate many of the higher functions of the human brain. but the
major obstacle is not lack of machine capacity. but our inability to write programs taking full advantage of what we have

2. How Can a Computer be Programmed to Use a Language

It may be speculated that a large part of human thought consists of manipulating werds according to rules of reasoning and
rules of conjecture. From this point of view. forming a generalization consists of admitting a new word and some rules

whereby sentences contaming it imply and are implied by others. This idea has never been very precisely formulated nor have
examples been worked out.

3. Neuron Nets

How can a set of (hypothetical) neurons be arranged so as to form concepts. Considerable theoretical and experimental work
has been done on this problem by Uttley. Rashevsky and his group. Farley and Clark. Pitts and McCulloch. Minsky. Rochester
and Holland. and others. Partial results have been obtamed but the problem needs more theoretical work.

John McCarthy, MIT Nathaniel Rochester, IBM
1927-2011 1919-2001



deep learning
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principaux types de réseaux de neurones
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réseaux de neurones convolutionnels
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évolution des filtres a I’entrainement
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exemple en imagerie médicale
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tagging
automatique
d'images

en 2012

Object Retognitiony[Krizhevsky, Sutskever, Hir:st_;on 2012]
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DenseCap: Fully Convolutional Localization Networks for Dense Captioning, J. Johnson, A. Karpathy, L. Fei-Fei, 2015: http://arxiv.org/abs/1511.07571




réeseaux de neurones récurrents
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données d'entrainement

internes
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trafic web & mobile
objets connectés
externes
open data publiques
ImageNet, Google

réseaux sociaux

, Deep Learning

¢ ... moving beyond shallow machine learning since 2006!
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Datasets

These datasets can be used for benchmarking deep leaning algorithms:

Music Datasets

Piano-midi.de: classical piano pieces (ttp:/ /www.piano- lef)

Nottingham : over 1000 folk tunes (http:/ /abe.sourceforge.net/NMD/)

MuseData: electronic library of classical music scores (http: / / musedata.stanford.edu/)

358 Chorales: set of four-part harmonized chorales (http:/ /www.jsbchorales.net /index.shtm)
FMA: A Dataset For Music Analysis (https: //github.com/mdeff/fma)

Natural Images

+ MNIST: handwritten digits (http://yann lecun.com/exdb/mnist/)

+ NIST: similar to MNIST, but larger

+ Perturbed NIST: a dataset developed in Yoshua's ciass (NIST with tans of deformations)

« CIFAR10 / CIFARL0D: 32%32 natural image dataset with 10/100 categories ( http://www.cs.utoronto.ca/ ~kriz/ cifar.html)

« Caltech 101: pictures of objects belonging to 101 categories (http://www.vision.caltech.edu/Image_Datasets/Caltech101/)

+ Caltech 256: pictures of objects belonging to 256 categories (http://www.vision.caltech.edu/ Image_Datasets/Caltech256/)

+ Caltech Silhouettes: 28x28 binary images contains sihouttes of the Caltech 101 dataset

+ STL-10 dataset is an image recognition dataset for developing unsupervised feature learning, deep leamning, self-taught learning algorithm. It is inspired by the CIFAR-
10 dataset but with some modifications. http://www.stanford.edu / ~acoates/ /sti10/

+ The Street View House Numbers (SVHN) Dataset — http:/ /ufldl.stanford.edu/housenumbers/

+ NORB: binocular images of toy figurines under various ilumination and pose (http:/ /www.cs. i eduf~y|dab/data/num v1.0/)

hy (hittp:

5 ecs_soton.ac. uklchallangslvoc/)

« Labelme: A large dataset of annotated images, http: //labelme.csail.mit.edu/! 0/bros

+ COIL 20 different abjects imaged at every angle in a 360 rotation(http:/ /uviw.cs.columbia.edu/ CAVE/software/softlib/ coil-20.php)

+ COIL100: different objects imaged at every angle in‘a 360 rotation (http:/ /www1.cs.columbia.edu/ CAVE/ software/ softiib/ coil-100. php)

php

Artificial Datasets

« Arcade Universe - An artifical dataset generator with images containing arcade games sprites such as tetris pentomino/tetroming objects. This generator is based on
the 0. Breleux’s bugland dataset generator,
+ A collection of datasets inspired by the ideas from BabyATSchool:
o BabyAIShapesDatasets : d»stmgulshmg between 3 simple shapes
o BabyAIl dataset
+ Datasets generated for the purpose of an Empm(a\ evaluton of deep achitactures (DeepVsShallowComparisonICML2007):
& MnistVariations : introducing controlled variations in MNIST
o RectanglesData : discriminating between wide and tall rectangles
o ConvexNonConvex : discriminating between convex and nonconvex shapes.
o BackgroundCorrelation : controlling the degree of correlation in noisy MNIST backgrounds
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apprentissage du deep learning

1-10 jours d'attente !
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biais des données

TECH 03/012016 04:43 pm ET | Updated Mar 02, 2016

Here’s Why Facial Recognition Tech Can’t
Figure Out Black People

This is what happens when all the engineers are white.

a By Shane Ferro
AUTOSOAR

Is this soap dispenser RACIST?
Controversy as Facebook employee
shares video of machine that only
responds to white skin

« A Facebook employee tweeted a soap dispenser that only works for white hands
« It's likely because the infrared sensor was not designed to detect darker skin
« Critics say tech's diversity problem causes this and other racist technology

By SAGE LAZZARO FOR DAILYMAIL.COM
PUBLISHED: 18:54 BST, 17 August 2017 | UPDATED: 19:32 BST, 18 August 2017







applications du deep learning en vision
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face2face reenactment
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Face2Face: Real-time Face Capture and Reenactment of RGB Videos



deep learning et traitement du langage
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agent vocal chatbot traduction
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moteurs de extraction de analyse de sentiments résumé robot-journalisme

recherche données automatique



générateurs de voix "naturelle”
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applications verticales de I'lA

dassurance

juridique education services publics défense et renseignement



GPU Nvidia GV100 Volta

PCI Express 3.0 Host interface
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le neuromorphique dans les mobiles

g

R «A11
HUAWEI 7’ ks BIONIC
HISTLICON "NPU", ASIC gravé en 10 nm dans les iPhone 8 et X
multiplie des matrices de 3x3 1 Tflops/s

dans Huawei Mate 10 et Mate 10 Pro

Cambricon 2 THlops/s



moteurs de regles machine learning

deep learning
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Attacking Machine Learning
with Adversarial Examples

Adversarial examples are inputs to machine learning
models that an attacker has intentionally designed to
cause the model to make a mistake; they're like
optical illusions for machines. In this post we'll show
how adversarial examples work across different
mediums, and will discuss why securing systems
against them can be difficult.

At OpenAlI, we think adversarial examples are a good aspect of security
to work on because they represent a concrete problem in AI safety that
can be addressed in the short term, and because fixing them is difficult
enough that it requires a serious research effort. (Though we'll need to
explore many aspects of machine learning security to achieve our goal of
building safe, widely distributed ATL)

i!mndall
57.7% confidence

(a) Image from dataset

(b) Clean image

(c) Adv. image, € = 4

“gibbon”
Q9.3% confidence

(d) Adv. image, € = 8



ANDY GREENBERG SECURITY 11.12.17 06:44 PM

HACRERS SAY THEY'VE BROREN
FACE 1D A WEER AFTER IPHONE
X RELEASE

2D images -
- Silicone nose
- 3D printed frame

&

}
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When Apple released the iPhone X on November 3, it
touched off an immediate race among hackers around the
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[Intelligence artificielle] "La non-véracite
des donnees est un risque mortel?! " pour
Nozha Boujemaa, directrice de recherche a
Ulnria

Selon Nozha Boujemaa, la directrice de recherche & U'Inria et conseillére du président de U'lnria sur

le big data, la vigilance s'impose pour déployer les solutions d’intelligence artificielle

Nozha Boujemaa, a directrice de recherche & linfia



menace a plus long terme...
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questions ?



