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© Apprendre a étiqueter une image avec un réseaux de neurones
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OCR: the MNIST database (Y. LeCun, 1989)
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use convolution layers



The caltech 101 database (2004)

Water Lily

@ 101 classes,
@ 30 training images per
category

Anchor  Joshua Tree Beaver Lotus

@ ...and the winner is
NOT a deep network

» dataset is too small

Contrast Pooling / Subsampling

Convolutions Rectification Normalisation

- ‘
Input Image

use convolution + Recitification + Normalization + Pooling

in What is the Best Multi-Stage Architecture for Object Recognition? Jarrett et al, 2009



The image net database (Deng et al., 2012)
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ImageNet = 15 million labeled high-resolution images of 22,000 categories.
Large-Scale Visual Recognition Challenge (a subset of ImageNet)

@ 1000 categories.

@ 1.2 million training images,
@ 50,000 validation images,
@ 150,000 testing images.

www.image-net.org/challenges/LSVRC/2012/


www.image-net.org/challenges/LSVRC/2012/

Deep architecture and the image net
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@ 60 million parameters
e using 2 GPU

@ regularization

» data augmentation
» dropout
» weight decay




A new fashion in image processing

I shallow approaches
I deep learning

Y. LeCun StatlLearn tutorial



ImageNet results
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Année de publication

2012 Alex Net

2013 ZFNet

2014 VGG

2015 GoogleNet / Inception
2016 Residual Network

karpathy's blog: karpathy.github.io0/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/


karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/

From 15% to 7%: Inceptionism
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Network in a network (deep learning lecture at Udacity)

Christian Szegedy et. al. Going deeper with convolutions. CVPR 2015.




From 7% to 3%: Residual Nets

Convolution

Batch Norm

Convolution

Batch Norm

Addition
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Beating the gradient vanishing effect
K. He et al, 2016



Learning Deep architecture
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Y. Bengio tutorial



Then a m. occurs: learning internal representation
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Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]

Y. LeCun StatlLearn tutorial



Then a m. occurs: learning internal representation
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CS231n: Convolutional Neural Networks for Visual Recognition
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Framework Comparison: Basic information*

autograd

VETTGIEE Torch.nn®* Theano*** Caffe (NumPy, Chainer MXNet TEI‘;"I:;F
Torch)
GitHuh M: 654
Shi 4,715 3457 9,590 T.554 1,295 3316 20,981
S:?Or;:d 2002 2008 2013 2015 2015 2015 2015
Open N: 8/0
ssueetPrs  91/26 525/105  407/204 T 31 95/25 271/18 330/33
Main Facebook,  |)yersite BVLC N:HIPS  preferred
developers GJ;;F;'&:M de Montréal  (U.C. Berkeley) c#?rf;;:it'lng: Metw orks (BRI Gozals
o C/Lua C/Python C++ Python/Lua Python Ct+ C++/Python
JEREUAEes = ¥ ¥ :
C++/Python
Supported C++/Python i i
i e Lua Python MATLAR Pythen,/Lua Python RJ"’JL;LIS:"’GG C++/Python

* Data was taken on Apr, 12, 2016
** Includes statistics of Torch7
*** There are many frameworks on top Qf,]fh&?ﬂ?r;!hpugh-h}f,e_.?rﬂfl them due to the space constrajpts

_..and Keras (based on theano)



Pour en savoir plus : deep learning at Udacity (free course)

Objective: Build a live camera app that can interpret number strings in real-world images.

In this project, you will train a model that can decode sequences of digits from natural images, and
create an app that prints the numbers it sees in real time. You may choose to implement your

project as a simple Python script, a web app/service or an Android app (highly recommended).

Setup

Recommended setup for a simple Python script or web app/service:

® Python
* NumPy, SciPy, iPython
® TensorFlow™

* (Optional) OpenCV / SimpleCV / pygame (to capture camera images)
(Optional) For deploying the model in an Android app:
® Android SDK & NDK (see this README)

Data

Street View House Numbers (SVHN): A large-scale dataset of house numbers in Google Street



Deep architecture: more contests and benchmark records
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@ speech (phoneme) recognition and synthesis,

@ text processing, automatic translation,

@ image processing (MS COCO),

o ICDAR Chinese handwriting recognition benchmark,

@ Grand Challenge on Mitosis Detection, Road sign recognition
o

Higgs boson challenge



Machine Learning in High Energy Physics

Higgs IH Higgs Boson Machine Learning Challenge

challenge

ta » Make a submissior

Dashboard Competition Details » Get the Dz

Home

D ion Use the ATLAS experiment to identify the
Higgs boson

Information

> Run: 204153
Nl Event: 35369265

_L EXPERIMENT 2012-05-30 20:31:28 UTC

Forum

Leaderboard

The winning model is "brute force"
@ a bag of 70 dropout neural networks
@ three hidden layers of 600 neurons
@ produced by 2-fold stratified cross-validations

https://wuw.kagegle.com/c/higgs-boson


https://www.kaggle.com/c/higgs-boson
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@ Programmation par 'exemple (et beaucoup - des méga données)

@ une bonne architecture :

> Inception
» Residual Networks
» Ensembles

@ un bon critére :

» intégrer des connaissances a priori
» adjustment aux données (énergie)
» des mécanismes de régularisation

* Drop out
* Noise injection

@ une bonne procédure d'optimisation

@ des ressources informatiques suffisantes
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