
DEEP LEARNING



1.
Deep Learning : 

introduction



Deep Learning

Google Trends



What Deep Learning is NOT

- NOT just a buzzword

- NOT the most efficient machine learning 
algorithm

- NOT General Artificial Intelligence





Representation Learning

- Creating features is very time consuming

- Deep Learning can learn features from 
unstructured data
- Pixels
- Text
- Sound



History: why now?

- More data

- Better hardware: CPU, GPU

- Better algorithms for training deep networks



History: why now?



History: why now?



Impact on computer vision



Impact on speech recognition



Application: car driving



Application: Visual Question Answering







2.
Getting started : 

Gradient descent



Remember the logistic 
regression?

X1

X2

X3

ŷ
ŷ = f(a1.x1 + a2.x2 + a3.x3)

f(z)=1/(1+exp(-z))

a1

a2

a3

INPUT LAYER OUTPUT LAYER

cst



Deep Learning is a biiiiiiiiig logistic 
regression!



Backpropagation: intro

X1=1

X2=0

X3=0

ŷ=
0.88

ŷ = f(a1.x1 + a2.x2 + a3.x3)

Avec f(z)=1/(1+exp(-z))
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cst



Backpropagation: intro

X1=1
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X3=0

ŷ=
0.88

a1=2

a2=3

a3=4

INPUT LAYER OUTPUT LAYER GROUND TRUTH

y=1
L = -0.127

Loss function
L = - y.log(ŷ) - (1-y).log(1-ŷ)
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Backpropagation: intro

X1=1

X2=0

X3=0

ŷ=
0.88

a1=2

a2=3

a3=4

INPUT LAYER OUTPUT LAYER GROUND TRUTH

y=1
L = -0.127

dL/dŷ = 1.13

Loss function
L = - y.log(ŷ) - (1-y).log(1-ŷ)

Si l’on fait varier ŷ de e<<1, de 
combien varie L ?

dL/dŷ = -y/ŷ - (1-y) / (1-ŷ)

X1=0

X2=0

X3=1

cst



Backpropagation: intro

X1=0

X2=0

X3=1

ŷ=
0.88

a1=2

a2=3

a3=4

INPUT LAYER OUTPUT LAYER GROUND TRUTH

y=1
L = -0.127

dL/dŷ = 1.13

Si l’on fait varier a3 de e<<1, de 
combien varie ŷ ?

dŷ/da3 = -x3.ŷ.(1-ŷ)

ŷ = f(a1.x1 + a2.x2 + a3.x3)

Avec f(z)=1/(1+exp(-z))

dŷ/da3 = 0.422

cst



Backpropagation: intro

X1=0

X2=0

X3=1

ŷ=
0.88

a1=2

a2=3

a3=4

INPUT LAYER OUTPUT LAYER GROUND TRUTH

y=1
L = -0.127

dL/dŷ = -1.13

Dérivée de fonctions composées

Si l’on fait varier a3 de e<<1, de 
combien varie L ?

dL/da3 = da3/dŷ * dŷ/dL !

dŷ/da3 = 0.422
dL/da3 = -0.477

cst



Deep Learning is a biiiiiiiiig logistic 
regression!

N1

N2 ŷ

INPUT LAYER OUTPUT LAYER

M1

M2

HIDDEN LAYER

dL/a1 = dL/dŷ . (dŷ/dN1.dN1/dM1 + dŷ/dN2.dN2/dM1) . 
dM1/da1

a1
X1
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HIDDEN LAYER



Deep Learning is a biiiiiiiiig logistic 
regression!

N1

N2 ŷ

INPUT LAYER OUTPUT LAYER

M1

M2

HIDDEN LAYER

dL/a1 = dL/dŷ . (dŷ/dN1.dN1/dM1 + dŷ/dN2.dN2/dM1) . 
dM1/da1

a1
X1

X2

X3

HIDDEN LAYER

We don’t do that manually! ;) 



Gradient descent: main idea

X1=0

X2=0

X3=1

ŷ=
0.88

a1=2

a2=3

a3=4

y=1
L = -0.127

dL/dŷ = -1.13

Si l’on fait varier a3, de combien varie notre 
fonction de perte ?

- If a3 ↗�, our loss function ↘�

- Let’s INCREASE a3!

dL/da3 = -0.477



Gradient descent in 1D



Practical Gradient Descent

- Stochastic Gradient Descent

- Learning rate �



3.
Images



2D convolution



Example of filters



Animated example



Animated example



Pooling



Max pooling: example



Example: VGG 16
INPUT: [224x224x3]        memory:  224*224*3=150K   weights: 0
CONV3-64: [224x224x64]  memory:  224*224*64=3.2M   weights: (3*3*3)*64 = 1,728
CONV3-64: [224x224x64]  memory:  224*224*64=3.2M   weights: (3*3*64)*64 = 36,864
POOL2: [112x112x64]  memory:  112*112*64=800K   weights: 0

CONV3-128: [112x112x128]  memory:  112*112*128=1.6M   weights: (3*3*64)*128 = 73,728
CONV3-128: [112x112x128]  memory:  112*112*128=1.6M   weights: (3*3*128)*128 = 147,456
POOL2: [56x56x128]  memory:  56*56*128=400K   weights: 0

CONV3-256: [56x56x256]  memory:  56*56*256=800K   weights: (3*3*128)*256 = 294,912
CONV3-256: [56x56x256]  memory:  56*56*256=800K   weights: (3*3*256)*256 = 589,824
CONV3-256: [56x56x256]  memory:  56*56*256=800K   weights: (3*3*256)*256 = 589,824
POOL2: [28x28x256]  memory:  28*28*256=200K   weights: 0

CONV3-512: [28x28x512]  memory:  28*28*512=400K   weights: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512]  memory:  28*28*512=400K   weights: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512]  memory:  28*28*512=400K   weights: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512]  memory:  14*14*512=100K   weights: 0

CONV3-512: [14x14x512]  memory:  14*14*512=100K   weights: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512]  memory:  14*14*512=100K   weights: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512]  memory:  14*14*512=100K   weights: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512]  memory:  7*7*512=25K  weights: 0

FC: [1x1x4096]  memory:  4096  weights: 7*7*512*4096 = 102,760,448
FC: [1x1x4096]  memory:  4096  weights: 4096*4096 = 16,777,216
FC: [1x1x1000]  memory:  1000 weights: 4096*1000 = 4,096,000

TOTAL memory: 24M * 4 bytes ~= 93MB / image (only forward! ~*2 for bwd)
TOTAL params: 138M parameters



Example: GoogleNet



Residual networks



Batch Normalisation

- Main idea: make the output of the layers 
more stable

- Wy:
- Limit Internal Covariate shift
- Limit vanishing gradient

- Very good regularizer of CNN



Application: AlphaGo



Application: drawing paintings



4.
Text



Text : recurrent

cs224d



Machine Translation

cs224d



One Hot Encoding



Co-occurrence matrix



Word vectors



Word vectors similarity



Word vectors arithmetic 



- Use pretrained Glove or Word2Vec

- If your dataset is large, it may be better to 
retrain the vectors

Word vectors in practice 



RNN : basics 



RNN : loop unrolling 



RNN : limit 



LSTM



LSTM Former 
output

Input

Output

Former 
input



LSTM

Former Cell 
state

Former 
output

Output

Cell state



LSTM

Input + former 
output

Forget 
gate



LSTM

New 
information



LSTM

Update 
output



LSTM

Cell state

Former 
output

Input + former 
output
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input



LSTM



- Vanishing Gradient is still an issue
- Clipping the gradients
- Initialization + RELU

- Bidirectional RNN

- Many variant of LSTM

LSTM in practice 



Application: Sentiment Analysis



Application: Question Answering



Application: Image captioning



5.
Generative Adversarial 

Networks



“
GAN and the variations that are 
now being proposed is the most 

interesting idea in the last 10 years 
in ML, in my opinion.

Yann Lecun



- A generative model is a model for generating 
all values for a phenomenon

- Those that can be observed in the world

- And "target" variables that can only be 
computed from those observed. 

Generative models



Generative models: gaussian 
mixtures



Generative adversarial models



Generative adversarial models

(x) -> the distribution of real data

X -> sample from pdata(x)

P(z) -> distribution of generator

Z -> sample from p(z)

G(z) -> Generator Network

D(x) -> Discriminator Network



Why GAN are original

- General procedure for creating a density 
estimator

- No pre-defined loss function

- Create parametrization of complicated real 
data manifold



Application: Super-resolution



Application: Face arithmetic



Application: Generating pokemons



6.
Practical Deep learning



We need help!

- It’s not possible to calculate the derivative of 
big networks 

- Software can do that for us

- Many possible frameworks: Tensorflow, 
Keras, Pytorch, Caffee, ...



Example of a 2 layers perceptron 
in Pytorch

class Net(nn.Module):
       def __init__(self):
                super(Net, self).__init__()
                self.hidden = nn.Linear(X.shape[1], n_hidden)
                self.hidden2 = nn.Linear(n_hidden, n_hidden)
                self.out   = nn.Linear(n_hidden, 1)

       def forward(self, x):
                x = F.relu(self.hidden(x))
                x = F.tanh(self.hidden2(x))
                x = self.out(x)
                return x



Transfer learning

- You may just have a few examples

- You may not have enough time or hardware

- SOLUTION: reuse an existing model!



Gradient Descent: Adam

- Main problem of gradient descent: how to choose the 
learning rate?

- Idea: adaptative, per parameter, learning rate 

- In practice: silver bullet

- May give a slightly worse model than SGD, but without 
any parameter tweaking



Gradient Descent: Adam



Dropout

- Prevent co-adaptation of neurons during training

- Very efficient with dense layers



“
Trial & error is still king



CPU or GPU

- CPU are inefficient for training
- Only for inference and transfer learning

- NVIDIA only



GPU: which one?

- Buying: professional cards are NOT needed

- Cloud computing : more flexible, more expensive, less 
powerful

TFlops Memory (Go) Price Comment

GTX 1070 5.7 8 399$ Best flops/$

GTX 1080 ti 10.6 11 700$ Reference

Titan XP 11.3 12 1200$ Most powerful, “Professional”



Papers, algorithms: so many 
papers



7.
Futur of deep learning



Tomorrow: Data 
Harder, Bigger, Diverse



Tomorrow: Specialized hardware



Tomorrow: AutoML



Tomorrow: Reinforcement Learning



Ressources

- Deep Learning Book

- Stanford CS231n: Convolutional Neural 
Networks for Visual Recognition

- Stanford CS224d: Deep Learning for Natural 
Language Processing

- Fast.AI : Making neural nets uncool again

- Papers!



Thanks !
Questions?


