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Deep Learning in one slide + Goals of the afternoon

How does it work:

œ Automatically learn representations of observations

œ Learn highly non-linear models.

What does it require:

œ Large datasets with structure

œ Computational power

Why now:

œ Combination of the 2 points above

œ investment !

Some Applications

œ Image classification; object / face recognition

œ Self driving cars

œ Automatic Translation, Information extraction

œ Caption Generation

œ Ads, recommendation systems, etc.

Goals: Understanding core concepts of Deep Learning.
When and how it works on paper (data, models, architecture)
How to implement a simple neural network with Python.
Overview of some of the main applications and challenges.
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Machine Learning
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Summary of previous lectures on Machine Learning

1 General framework: loss, risk, generalization risk vs training risk

2 SML Pipeline
œ Train (Fit + validation) / Test / Deployment
œ Evaluation of validation scores through cross validation to pick the best

method/hyperparams

3 Methods: Linear, Logistic regression, Decision Trees, Random Forests, Boosting

4 Opening the black box: for each method
œ How to predict ( $ interpretability)
œ How fit is made ($ speed, complexity) [Computer learning parameters]
œ Important Hyper-parameters [User chosen]
œ Drawbacks and Strengths
œ Underfitting, overfitting risks ($ Performance)

! regularization techniques (avoiding overfitting by modifying the method)
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From logistic regression to Multi Layer Perceptron 1

Supervised ML problem:
1 Data Dn = (Xi ,Yi )i=1,...n ,Xi 2Rd , Yi 2 {°1,1}

2 Goal: Predict a the label for a new point.

Empirical risk minimization (Discriminative approach)

No statistical model!
Define a loss function `

Choose a function class F

Goal:
min
f 2F

E[`(f (X),Y )]

ERM
min
f 2F

1
n

nX

i=1

[`(f (Xi ),Yi )]
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Linear models

Class of soft linear separators:
Flin = {gw : X 7!w>X ,w 2Rd }

Binary prediction from a soft predictor: X 7! sign(w>X)

01 loss:
1
n

nX

i=1

1Yi 6=sign(wT Xi ) =
1
n

nX

i=1

1°Yi wT Xi>0

Logistic regression loss

1
n

nX

i=1

log(1+exp(°Yi wT Xi ))
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Let’s NN playground: Link

1. Understand what the features are. Understand what colors represent.
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Let’s NN playground: Link

2. Consider the simplest dataset, an 0 hidden layer. Manually pick weights to

obtain a good classification.

What model does this correspond to? How many weights does it have?
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Let’s NN playground: Link

3. Consider the simplest dataset, an 0 hidden layer. Instead of manually tuning the

weights, obtain them by fitting!

What algorithm are we running?
What can you say about the loss?
Rerun the algorithm? What happens?
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Let’s NN playground: Link

4. Increase the data noise to 15. Is the data linearly separable then? Run 3 times

for 1000 epochs, compare the weights obtained

What do you conclude / confirm on logistic regression?
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Let’s NN playground: Link

5. Change the dataset to . Run logistic regression. What do you observe?

What do you suggest?
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Let’s NN playground: Link

6. Add a single hidden layer, first with a single neuron, then with 4 neurons.

Keep only features X1 and X2.

What do you observe?
What have we learned?
How does that illustrate feature learning?
What happens if you restart learning?
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Let’s NN playground: Link

6. Switch to the more complex spiral dataset . Increase the number of

neurons. Fit the model.

Keep only features X1 and X2.

What happens? How stable is the training?
How many weights are you learning now? Are there biases? What are those?
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Let’s NN playground: Link

6. Switch to the more complex spiral dataset . Increase the number of

neurons. Fit the model.

Keep only features X1 and X2.

What can you say about the algorithm dynamic ? .
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Let’s NN playground: Link

6. Switch to the more complex spiral dataset . Increase the number of

neurons. Fit the model.

Keep only features X1 and X2.

What do you suggest next?
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Let’s NN playground: Link

7. Explore configurations : what do you obtain?

What is the role of the activation
function? What happens for a deep architecture for Linear / Sigmoid / Relu / Tanh?
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Let’s NN playground: Link

8. How do the features learned evolve depending on the layer?
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Let’s NN playground: Link

8. How do the features learned evolve depending on the layer?
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Let’s NN playground: Link

9. What are the hyper-parameters of the SGD algorithm? Play with them.

Advanced
1 What happens if you initialize all weights to 0?
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Conclusion on NNPG

1 “Architecture”:

2 What we have seen

3 Protip
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Wooclap time!
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From logistic regression to Multi Layer Perceptron 3

Class of functions for logistic regression: F = {X 7!wT X , w 2Rd }.
Prediction for a new point is 1æ(Xi )>1/2

Can be seen as predicting a probability æ(Xi ) that the output is 1

This is a neural network, with one neuron !
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From logistic regression to Multi Layer Perceptron 4

Extend to
Multiple Neurons
Multiple Layers
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From logistic regression to Multi Layer Perceptron 5

Extend to
Multiple Neurons
Multiple Layers
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From logistic regression to Multi Layer Perceptron 5

Neural network:

Goal minf 2FMLP

1

n
Pn

i=1
[`(f (Xi ),Yi )]

Class of non linear functions.
FMLP = {f (X ;W ,b)=æ(bn +Wnæ(...(b1+W1x))),

W 2R...,b 2R...}

Summary: NN generalize regression by looking for candidates in a much larger class of
functions than linear ones.

What needs to be learned What needs to be chosen Vocabulary
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From logistic regression to Multi Layer Perceptron 5

Neural network:

Goal minf 2FMLP

1

n
Pn

i=1
[`(f (Xi ),Yi )]

Class of non linear functions.
FMLP = {f (X ;W ,b)=æ(bn +Wnæ(...(b1+W1x))),

W 2R...,b 2R...}

Summary: NN generalize regression by looking for candidates in a much larger class of
functions than linear ones.

What needs to be learned
Parameters W ,b

What needs to be chosen
Activation æ

Number of layers L
Number of neurons per
hidden layer
ni , i = 1, . . . ,L.

Vocabulary
Neuron
Activation
Hidden Layer
Width, Depth
Fully connected layer
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2 possible activations: Sigmoid and Rectified Linear Unit

Sigmoid function

x 7! exp(x)

1+exp(x)

Problems:
1 Saturated function: gradient killer ->

need for rescaling data

Rectified Linear Unit (ReLU)
x 7!max(0,x)
Pros & cons:

1 Not a saturated function. Kills

negative values.

2 Empirically, convergence is faster than

sigmoid/tanh.

3 Plus: biologically plausible
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How to deal with multi-class output: softmax activation

When we do multi-class classification, i.e., Yi 2 1, . . . ,K , we output K di�erent values:
Each of them corresponds to the probability of belonging to the class j, 1∑ j ∑K
To obtain probabilities (adding up to 1):

1 We have K neurons on the last layer

2 And use a Softmax activation to renormalize.

Softmax output unit, used to predict {1, . . . ,K }:

softmax(z)i =
ezi

PK
k=1

ezk

Up to that point, we have seen :
What a Neural Network was
Why it is expected to learn better.

Next Question: how to implement it ?
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Python - Keras

1. Hardware:
CPU
GPU
TPU

2. Software (Python packages):
Pytorch/Tensorflow
! Keras : TF high level API. Ideal for
applications.
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Keras - A few lines !1

What do we need to specify?

What do we need to do next?

Wooclap!

1
Notebook Python
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- how many layers ?

- what is the final test accuracy ?

- what happens if you remove the 
hidden layers?

- how many parameters and why?

- how many points in the train set?

- what does 1865 and 313 
correspond to? 

https://colab.research.google.com/drive/1fmLy5QYhSTB4E8IcmcGx7dmMtloBLk0H?usp=sharing


Wooclap
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Wooclap
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at eachstep I look et

a fraction abeti of data

by default 31 in f fit
Sepeihs 1875 steps
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01 Lü little
algorunsfor
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Wooclap
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Outline

1 Goals

2 The first Neural Network: the Perceptron
Logistic regression
Discovering Fully connected NN through the NNPG.
Formalization, advanced topics
Further discussion
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Intuition

Up to that point, we have seen :
What a Neural Network was.
How to implement it in Python.

Next Question: why and when does it work?

1 Approximation theorem
2 Optimization
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Approximation Theorem

Goal
min

f 2FMLP

1
n

nX

i=1

[`(f (Xi ),Yi )].

As said before, a MLP can output non-linear functions... But how powerful is it?

Continuous Neural Networks with one single hidden layer and any bounded and non
constant activation function can approximate any function in Lp , provided a su�cient
number of hidden units.

# Very powerful in terms of approximations.
Not very surprising: non linear function with millions of parameters!
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Optimization - Fitting the network

Goal minf 2FMLP

1
n

nX

i=1

[`(f (Xi ),Yi )].

How to minimize a function?
Gradient Methods. = cheapest way to update (learn) the weights iteratively to minimize
the loss.
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Optimization - Fitting the network

Goal minf 2FMLP

1
n

nX

i=1

[`(f (Xi ),Yi )].

Gradient Methods. = cheapest way to update (learn) the weights iteratively to minimize
the loss.

Two “miracles”:
1 Autodi�erentiation: even though the function is very complex and high dimensional,

it is possible to compute gradients!
2 Optimization seems to work ok, though the function is non convex - we do not end

up is too bad local minima. (specialized optim algos: Adam, AdaDelta, etc.)

These 2 miracles make it possible to learn a good regressor/classifier with NN and to
benefit from the powerful approximation properties

Aymeric DIEULEVEUT DS4M - April 2025 45 / 48



Aymeric DIEULEVEUT Data Science Certificate May 2021 78 / 72












































































New point Predicted

Xna
output

yaw

outputs fu final

Learning algo

raining
set Hyperparameters

Learnsfuret ftrain Ytrain
i e weighty

Define a risk R f Xhantrain minimize it

ERI
Iteratively improve f

take a training point_XP

Learning
Within theclass of allowed potos

Compute fî XP YP
by GD XP Il

compare to YP
10

improve theweights



Conclusion

Neural networks :
1 learn very complex non linear functions in high dimension
2 can approximate nearly any function
3 can be optimized even though highly non convex.

Are thus expected to work:
When depth or width increases.
Thus with very large datasets
Requiring a lot of computational power.

) Explains why they were so successful since 2010

What my layer wants me to say : we haven’t talked about many points !!
Initialization
Regularization

Next:
Brief history
How to use the structure?
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A brief history of NN

1943: Neural networks
1957: Perceptron
1974-86: Backpropagation, RBM, RNN
1989-98: CNN, MNIST
2009: ImageNet
2012: AlexNet,
2014: GANss
2016: AlphaGo
2018: BERT

The Computational power made the major change (+ investment and creativity).
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Directions

When does it work?
Large or huge datasets. Structured tasks.

# Images and text.

"do not try to apply DL everywhere

Each application requires a special architecture:
Images : Convolutional Neural Network (CNN).
Text : Recurrent Neural Networks (RNN) (2012-2018), Transformers (2018-2024).

Aymeric DIEULEVEUT DS4M - April 2025 48 / 48

2027

s


