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What can deep learning do?

• Skin cancer image classification  
130 000 images  
Error rate : 28 % (human expert 34 %)  

• ECG signal classification 
500 000 ECG  
Precision 92.6 %  
(human expert 80.0 %) 

Sources : Nature, cardiologs.com, talk by S. Canu�2

http://cardiologs.com


A short history of deep learning

• Early stage: 1943 - 1969 
• 1943: a formal model for the neuron 
• 1947: perceptron as a learning machine 
• 1969: perceptrons can’t do XOR 

• Back in the game: 1985 - 1995 
• A de facto standard in computer vision: 2009 - ?
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Formal neuron  
(McCulloch & Pitts, 1943)
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Learning with the perceptron 
(Rosenblatt, 1957)

• Problem statement 
• Given pairs of input-output 

data 
• Find     such that: 

• To do so: 
• Gradient descent
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Source : (Minsky & Papert, 1969)

w
xi, ti

∀i, φ(wtxi) ≈ ti



Gradient descent

1. Pick a (differentiable) loss  
function to be minimized 

2. Use gradient descent

Cost minimization (energy-based model)

Minimize a loss min
w2IRp+1

nX

i=1

loss(w) loss(w) = ('(wtxi )� ti )2

Gradient descent w w � ⇢d d =
nX

i=1

rwloss(w)

Stochastic gradient d = rwloss(w)

Algorithm 1 Gradient epoch

Data: w initialization, ⇢ stepsize
Result: w
for i=1,n do

xi , ti  pick a point i
d d + rwloss(w, xi , ti )

end
w w � ⇢d

Algorithm 2 Stochastic gradient

Data: w initialization, ⇢ stepsize
Result: w
for i=1,n do

xi , ti  pick a point i
d rwloss(w, xi , ti )
w w � ⇢d

end

loss(w, xi, ti) = (φ(wtxi) − ti)2

loss

w
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Improvements to stochastic gradient descent

• Averaging updates (mini-batches) 
• Polyak and Juditsky, 1992 
• SAGA (2014) 

• Convergence acceleration 
• Momentum (Polyak, 1964) 
• Nesterov (1983) 

• Step size adaptation 
• RMSProp (2012) 
• Adam (2015)

Source: wikidocs.net/3413 
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http://wikidocs.net/3413


First NN winter 
(Minsky & Papert, 1969)
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A short history of deep learning

• Early stage: 1943 - 1969 
• Back in the game: 1985 - 1995 

• 1985: Multilayer perceptron 
• 1989: Universal approximation theorem 
• 1989: LeCun’s Convolutional Neural Networks 
• 1995: Recurrent Neural Networks 

• A de facto standard in computer vision: 2009 - ?
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Multilayer perceptron 
(Rumelhart, Hinton & Williams, 1985)

Definition 
A Multilayer perceptron is an acyclic graph of neurons, 
where neurons are structured in successive layers, 
beginning by an input layer and finishing with an output 
layer. 

The Multiplayred peceptron (MLP)

Definition: Multiplayred peceptron

A Multiplayred peceptron is an acyclic neural network,

where the neurons are structued in successive layers, begining by an input
layer and finishing with an output layer.

Example: The X-or neural network is a MLP with a single hidden unit with
2 hidden neurons.
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Back to XOR
Non linearity combining linear neurons: the Xor case

Alpaydın, Introduction to Machine Learning, 2010
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Interested in playing with MLPs (no R involved…) ? 
http://playground.tensorflow.org/ 

http://playground.tensorflow.org/


Neural networks and back-propagation
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End-to-end learning
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• Classification using MLP 
• Hidden layers: non-linear transformations 
• Last layer: logistic regression 

• Example with a 3-hidden-layer net (last layer with 2 units)

Input space Last hidden layer



Universal approximation theorem  
(Cybenko, 1989)
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• Under reasonable assumptions on the activation function 
to be used* 

• For any continuous function on a compact     and any 
precision threshold 

• There exists a 1-hidden-layer MLP with a finite number of 
neurons that can approximate    at level

*Non-constant, bounded, monotonically increasing, continuous

g

g

ε

ε



Convolutional neural networks (CNN) 
(LeCun, 1989)
OCR: MNIST database (LeCun, 1989)

use convolution layers

MNIST dataset 
10 classes 

60,000 images
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Neural Nets & sequences: 
Recurrent Neural Networks (RNN)
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PANDARUS:
Alas, I think he shall be come approached and the day
When little srain would be attain'd into being never fed,
And who is but a chain and subjects of his death,
I should not sleep.

Second Senator:
They are away this miseries, produced upon my soul,
Breaking and strongly should be buried, when I perish
The earth and thoughts of many states.

DUKE VINCENTIO:
Well, your wit is in the care of side and that.

Second Lord:
They would be ruled after this chamber, and
my fair nues begun out of the fact, to be conveyed,
Whose noble souls I'll have the heart of the wars.

Sample text generated by a RNN  
trained on Shakespeare words

Sample LaTeX generated by a RNN  
trained on a book of algebraic geometry

Source: Andrej Karpathy’s blog, http://karpathy.github.io/2015/05/21/rnn-effectiveness/ 

Warning: these 
examples are 
more recent 
than 1995!

http://karpathy.github.io/2015/05/21/rnn-effectiveness/


Caltech 101: the second winter (2004)
The caltech 101 database (2004)

101 classes,
30 training images per
category

...and the winner is
NOT a deep network

I dataset is too small

use convolution + Recitification + Normalization + Pooling

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

• 101 classes 
• 30 training images per class 
• NN are bad competitors here 

• Dataset is too small
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A short history of deep learning

• Early stage: 1943 - 1969 
• Back in the game: 1985 - 1995 
• A de facto standard in computer vision: 2009 - ? 

• 2009: GPUs for deep learning 
• 2012: ImageNet & AlexNet 
• 2014: Inception 
• 2016: Residual Networks 
• …
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ImageNet & LSVRC (2012)

• ImageNet 
• 15M images 
• 22k classes 

• LSVRC 
• Subset of ImageNet (1.2M images, 1k classes)
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The image net database (Deng et al., 2012)

ImageNet = 15 million 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/



A drastic improvement on performances (LSVRC)A new fashion in image processing

shallow approaches
deep learning

Y. LeCun StatLearn tutorial

Source : Y. LeCun’s tutorial @StatLearn�20



AlexNet (2012)

• Error rate : 15% 
• 60M parameters 
• 2 GPUs – 6 days

• Regularization  
• ︎Data augmentation 
• Dropout 
• L2
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What does AlexNet learn?

�22 Source: Zeiler & Fergus, 2013

Layer 1 Layer 5Layer 2 Layer 3 Layer 4

Sample convolution filters learned:



From 15% to 7% : Inception  
(2014)

• Network of networks 
• ~100 blocks, 22 layers 

• Several convolutions per layer 
• 5 million parameters 

• Intermediate classification outputs

Convolution  
Pooling  
Softmax  

Other�23



From 7% to 3% : Residual Networks (aka ResNets)

• Aims at facing the vanishing gradient effect
From 7% to 3%: Residual Nets

.

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

He et al., 2016
�24



Why such sudden changes?

• Big data (ImageNet & co) 
• Big infrastructures (GPU) 
• Optimization 

• Algorithms 
• Tricks (initialization, regularization, fighting vanishing 

gradients) 
• Automatic differentiation libraries 

(tensorflow, pytorch, …)
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Librariesbig software: deep learning frameworks

Tensoflow (Google) is the most popular with Keras. Pytorch is a chalenger.
http://www.kdnuggets.com/2017/03/getting-started-deep-learning.html

Source : https://www.kdnuggets.com/2017/03/getting-started-deep-learning.html 
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https://www.kdnuggets.com/2017/03/getting-started-deep-learning.html


A few hot topics 
A - Adversarial examples

Original image:  
Ara : 97%

Transformed image:  
Ara : 0% 

Bookshelf : 99%

Amplified noise

Source : github.com/Hvass-Labs/TensorFlow-Tutorials 
�27

https://github.com/Hvass-Labs/TensorFlow-Tutorials


A few hot topics 
B - Generative Adversarial Networks (GAN)

Generative models

https://www.datasciencecentral.com/profiles/blogs/generative-adversarial-networks-gans-engine-and-applications
Defense-GAN: Protecting classifiers against adversarial attacks using generative models, 2018

Source : https://www.datasciencecentral.com/profiles/blogs/
generative-adversarial-networks-gans-engine-and-applications Sample images generated by a WGAN

�28

https://www.datasciencecentral.com/profiles/blogs/generative-adversarial-networks-gans-engine-and-applications
https://www.datasciencecentral.com/profiles/blogs/generative-adversarial-networks-gans-engine-and-applications


A few hot topics 
C - Learning the architecture

Source : Convolutional Neural Fabrics, Saxena & Verbeek, 2016
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How to start with deep learning?

Andrej Karpathy, Deep Learning Summer School 2016

Andrej Karpathy,  
Deep Learning Summer School,  

2016



Conclusion

• Early stage: 1943 - 1969 
• learning with stochastic gradient descent 

• Back in the game: 1985 - 1995 
• ︎NN are universal approximators  

• A de facto standard in computer vision: 2009 - ? 
• deep nets can leverage on big data + high perf. computers 

• Open issues  
• learning on structured data (eg. graphs) 
• vulnerability to adversarial attacks 
• architecture design  
• more theory needed
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