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“What is it ?”

“What is it for ?”

“How do you use them ?”



Neural Networks

input layer

hidden layer(s)

output layer
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NN is deep when 

#{ hidden layers }  

is large



Universal Approximation Theorems

input layer

hidden layer(s)

output layer

NN functions are dense in classes  
of functions of interest 

eg:  
NN of depth 1 with continuous activations 
are dense in                   (compact topology). 

ref G. Sibenko ’89, K. Hornik ’91, …  A. Kratsios 2020 
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C0(Rn,Rm)



Neural Networks

input layer

hidden layer(s)

output layer

reLU, sigmoid activation functions

activations

parameters (weights, biaises)

2

sigmoid

3    @ 5  @  

5

reLU
max(0,x)



Training

input output

Loss

Gradient descend:
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wi  wi � lr
@lb
@wi

SGD: computations  
one batch at a time

performed “backwards” (backprop)

1 epoch : when all input/batches have  
               been gone through
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L(wi’s) =
X

inputs x

lx =
X

batches b

lb

learning rate



What are the NN Main Applications?

▪ Computer Vision 
▪ NLP 
▪ Tabular Data 
▪ Collaborative Filtering



Main Applications - Computer Vision

single-label  
classification

multi-label 
classification 
… 
localization 
object detection

image segmentation



Convertion into image classification

▪ Detection of beehive’s states…

no queen queen swarming

emlyon student’s project with the makers lab (Ammar, Hadjur, Radisson, Savinien IOT2019) 



Main Applications - Computer Vision

Image recognition



CNN - visualizing activations in CONVnets

ECCV 2014



CNN - visualizing activations in CONVnets



CNN - visualizing activations in CONVnets



CNN - visualizing activations in CONVnets



CNN - convolution



CNN - feature maps

input image
kernel

3x5x5
3 channels

RGB

3x3x3

channel output

5x5

learning 1 elementary pattern,
e.g. edge, color gradient, etc.



CNN - feature maps

input image
kernels

3x5x5
3 channels

RGB

channel outputs

learning 3 elementary patterns



CNN - CONVnet

input image
16 kernels

3x5x5
3 channels

RGB

16 channels

16x5x5

16 3x3x3

STRIDE 1 CONVOLUTION STRIDE 2 CONVOLUTION

32 kernels 32 channels

32x2x2

32 16x3x3

halves picture sizes
& doubles channels



CNN - CONVnet
alternate layers of stride 1 & stride 2 convs, to end up with 512 channels

512 channels

512x11x11

11

11

512 512x1000 1000

average
pooling

@ predict category

output

mixes up the 
512 features 
learned from 
ImageNet to 
classify 1000 

categories

probabilities of
1000 categories 
in ImageNet



CNN - transfer learning

image resnet34… @  params trained 
on ImageNet

1000

probabilities of
1000 categories 
in ImageNet

output
layer

new 
random 
params

new 
random 
params

replace last 
param layer by:

reLU

data.c

data.c



CNN - resnets
alternate layers of stride 1 & stride 2 convs, to end up with 512 channels



CNN - Unets

downsampling upsampling

cross connection
(concat)

ENCODER DECODER



CNN - resnets

output = x + conv2(conv1(x))

IEEE CVPR 2016



CNN - resnets NIPS’18



Main Applications - NLP

See Julien’s talk :)

Recurrent Neural Nets (RNNs)

What is an RNN?

essentially a fully connected NN 
trained in a specific way input

hidden

output



RNNs

concat

word 1 input

word 2 input



Stacked RNNs



Attention mechanisms

attention:
LSTM / GRU



Transfer Learning for NLP

La terre a vu jadis errer des paladins; 
Ils flamboyaient ainsi que des éclairs soudains, 
Puis s'évanouissaient, laissant sur les visages 
La crainte, et la lueur de leurs brusques passages ;

or ???

initial corpus target corpus

target 
corpus

target 
corpus



Main Applications - Tabular Data
Embeddings & NN for tabular data

ranked 2nd at Rosmann
kaggle competition



Embeddings

continuous variables

categorical variables

input output

10-dim embedding of a card 3  
categorical variable (A,B,C): 

0
1
0

B 3x10@
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2 R10
<latexit sha1_base64="/wEZ9I7jUBfrcBARwrig9C9OJFQ=">AAAB+3icbVC7TsMwFL0pr1JeoYwsFhUSU5XwEIwVLIwF0YfUhMpxndaq40S2g6ii/AoLAwix8iNs/A1O2wEKR7J0dM69uscnSDhT2nG+rNLS8srqWnm9srG5tb1j71bbKk4loS0S81h2A6woZ4K2NNOcdhNJcRRw2gnGV4XfeaBSsVjc6UlC/QgPBQsZwdpIfbvqMYG8COtREGS3+X12kvftmlN3pkB/iTsnNZij2bc/vUFM0ogKTThWquc6ifYzLDUjnOYVL1U0wWSMh7RnqMARVX42zZ6jQ6MMUBhL84RGU/XnRoYjpSZRYCaLlGrRK8T/vF6qwws/YyJJNRVkdihMOdIxKopAAyYp0XxiCCaSmayIjLDERJu6KqYEd/HLf0n7uO6e1Z2b01rjcl5HGfbhAI7AhXNowDU0oQUEHuEJXuDVyq1n6816n42WrPnOHvyC9fEN2+aUUw==</latexit>

2 R3

NN
<latexit sha1_base64="4377rt6tTiLLNXxMz6vGuT1p708=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKQY9BLx4jmIckS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWyc99iI2VAlPTb9c8av+HGiVBDmpQI5Gv/zVGyiSCiot4diYbuAnNsywtoxwOi31UkMTTMZ4SLuOSiyoCbP5wVN05pQBipV2JS2aq78nMiyMmYjIdQpsR2bZm4n/ed3UxtdhxmSSWirJYlGccmQVmn2PBkxTYvnEEUw0c7ciMsIaE+syKrkQguWXV0nrohrUqv79ZaV+k8dRhBM4hXMI4ArqcAcNaAIBAc/wCm+e9l68d+9j0Vrw8plj+APv8wcYUJCZ</latexit>M

embeddings

batchnorm

dropout



Main Applications - Collaborative Filtering

userId

1

…

2

movieId

302

…

5709

review

…

users

items

input output
dot 

product  
+ biases

embedding 
+ bias

embedding 
+ bias



In practice

▪ Data Augmentation 
▪ Gradients Problems & Init 
▪ Learning Rates 
▪ Overfitting 
▪ GPUs & NN libraries



Data Augmentation
resize, crop, pad, squish, warp, zoom, flip, rotate,… 
vary lightning, grayscale, contrast, blur, resolution,…



Gradients Problems & Initialization

vanishing & exploding gradients ?

vanishing & exploding signals ?

params init

resnets  
(skip connections)

problems cures…culprits

bad init

choice of activations

NN depth

 LSTM



Learning rates
dynamic learning rates: 

- momentum 
- RMSprop 
- Adam:

learning rate annealing

resnet34… added
layers

FREEZE update params

UNFREEZE
learn

smaller lr
eg 1e-5

larger lr
eg 1e-3

keep params
learnfreeze

update all params

output
layer

input
layer

discriminative learning rate

<latexit sha1_base64="wtGDwe1DAEuybE9dh8PXIkjJN0A="></latexit>

w(t)
i  w(t�1)

i � lr
Mtp
Rt

L. N. Smith 2015



Overfitting

Deep NN have HUGE numbers of learnable parameters !

Standard ways to reduce overfitting: 

- weight decay (typically L2-reg) 

- dropout

eg models widely used today: 
- resnet50 model for image recognition: over 23 millions 
- “BERT base” model for NLP: over 110 millions



Dropout



Dropout

JMLR 2014



Batchnorm

ICML’2015

S. Santukar et al. MIT

batchnorm  
flattens out  
loss surface 

=> higher lr 
=> faster train

Eg at current stage of learning, last 
activations predict outputs  

in (-1,1)… but target is in range 1 to 5!
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ŷ = f(wi’s;x)
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ŷ = �f(wi’s;x) + �

BN scales and shifts output  
via 2 extra learnable parameters



GPUs & NN libraries

GPUs
NN libraries

free

professional 
solutions 300$ free credit 

education packs 
0.3-1.2€/hour

vs




