
Deep Learning 
Theoretical introduction and its application for face 

detection, recognition and camouflage. 
Raffaella Lanzarotti



Aim of the course

• Introduction to Deep Learning, 
• Theoretical   
• Practical  

• We’ll largely adopt the valuable material from: 

http://introtodeeplearning.com/

http://introtodeeplearning.com/


Schedule (tentative)

DAY 1
CLASS 1 • Introduction to Machine Learning

LAB 1 • Tensor Flow

DAY 2
CLASS 2 • Deep Sequence Modelling

LAB 2 • Music Generation

DAY 3
CLASS 3 • Convolutional Neural Networ

LAB 3 • MNIST 

DAY 4
CLASS 4 • Deep Generative Models

LAB 4 • Debiasing

DAY 5 CLASS 5
• Deep Reinforcement Learning
• Limits and new Frontiers



Introduction to 
Machine Learning





The Rise of Deep Learning

Deep learning:
• has revolutionized many areas of machine intelligence, 

with particular impact on image understanding tasks

• particularly effective…
• for unstructured data
• to learn good representations
• to learn good  “models”



What is Intelligence?

• The ability to process information, to inform future decisions





Why deep learning? 
Why now?



Why Deep Learning?

• Hand engineered features • LIMITS and PROBLEMS:
• Time consuming
• Brittle
• Not scalable

Traditional ML:

Challenge:

can we learn the underlying features directly from data? 

Deep Learning 
learns features directly from data



Ex: Features to detect faces

- Which features characterize faces?

- They should be:
- specific to this class 
- flexible to manage intra-class variability

? ??



Why Deep Learning?
Deep Learning 

learns features in a hierarchical manner



In this course...
• We’ll try to answer to this question:

HOW CAN WE GO FROM RAW DATA (e.g. pixels) TO A 
MORE AND MORE COMPLEX REPRESENTATION AS 

THE DATA FLOWS THROUGH THE MODEL?





The Perceptron
The structural building block of deep learning



Biological Inspiration





Bias



Using Linear Algebra…





These slides are in draft and confidential. Please do not 
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- Historically the most used for binary 
classification

- Useful for modelling probability, because it 
collapse the input between 0 and 1

- It suffers from the vanishing gradient 
problem

- Non-zero centered output that may cause 
zig-zagging

Near-0 gradient

Near-0 gradient



These slides are in draft and confidential. Please do not 
circulate them

Tanh

-10 -5 0 5 10
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

tanh(x) =
ex � e�x

ex + e�x
<latexit sha1_base64="t7OEcVdCHaUuqSvyfmw17RaaGK4=">AAACFHicbVDLSgMxFM34rPU16tJNsAiV0jIjgm6EohuXFewD+iKT3mlDM5khyUjL0I9w46+4caGIWxfu/BvTh6CtBwLnnnMvN/d4EWdKO86XtbS8srq2ntpIb25t7+zae/sVFcaSQpmGPJQ1jyjgTEBZM82hFkkggceh6vWvx371HqRiobjTwwiaAekK5jNKtJHadk4T0csOTvAlbviS0ARaA5zH0Eryg9FoUuV+qradcQrOBHiRuDOSQTOU2vZnoxPSOAChKSdK1V0n0s2ESM0oh1G6ESuICO2TLtQNFSQA1UwmR43wsVE62A+leULjifp7IiGBUsPAM50B0T01743F/7x6rP2LZsJEFGsQdLrIjznWIR4nhDtMAtV8aAihkpm/YtojJhttckybENz5kxdJ5bTgOgX39ixTvJrFkUKH6AhlkYvOURHdoBIqI4oe0BN6Qa/Wo/VsvVnv09YlazZzgP7A+vgGiAqdQA==</latexit><latexit sha1_base64="t7OEcVdCHaUuqSvyfmw17RaaGK4=">AAACFHicbVDLSgMxFM34rPU16tJNsAiV0jIjgm6EohuXFewD+iKT3mlDM5khyUjL0I9w46+4caGIWxfu/BvTh6CtBwLnnnMvN/d4EWdKO86XtbS8srq2ntpIb25t7+zae/sVFcaSQpmGPJQ1jyjgTEBZM82hFkkggceh6vWvx371HqRiobjTwwiaAekK5jNKtJHadk4T0csOTvAlbviS0ARaA5zH0Eryg9FoUuV+qradcQrOBHiRuDOSQTOU2vZnoxPSOAChKSdK1V0n0s2ESM0oh1G6ESuICO2TLtQNFSQA1UwmR43wsVE62A+leULjifp7IiGBUsPAM50B0T01743F/7x6rP2LZsJEFGsQdLrIjznWIR4nhDtMAtV8aAihkpm/YtojJhttckybENz5kxdJ5bTgOgX39ixTvJrFkUKH6AhlkYvOURHdoBIqI4oe0BN6Qa/Wo/VsvVnv09YlazZzgP7A+vgGiAqdQA==</latexit><latexit sha1_base64="t7OEcVdCHaUuqSvyfmw17RaaGK4=">AAACFHicbVDLSgMxFM34rPU16tJNsAiV0jIjgm6EohuXFewD+iKT3mlDM5khyUjL0I9w46+4caGIWxfu/BvTh6CtBwLnnnMvN/d4EWdKO86XtbS8srq2ntpIb25t7+zae/sVFcaSQpmGPJQ1jyjgTEBZM82hFkkggceh6vWvx371HqRiobjTwwiaAekK5jNKtJHadk4T0csOTvAlbviS0ARaA5zH0Eryg9FoUuV+qradcQrOBHiRuDOSQTOU2vZnoxPSOAChKSdK1V0n0s2ESM0oh1G6ESuICO2TLtQNFSQA1UwmR43wsVE62A+leULjifp7IiGBUsPAM50B0T01743F/7x6rP2LZsJEFGsQdLrIjznWIR4nhDtMAtV8aAihkpm/YtojJhttckybENz5kxdJ5bTgOgX39ixTvJrFkUKH6AhlkYvOURHdoBIqI4oe0BN6Qa/Wo/VsvVnv09YlazZzgP7A+vgGiAqdQA==</latexit><latexit sha1_base64="t7OEcVdCHaUuqSvyfmw17RaaGK4=">AAACFHicbVDLSgMxFM34rPU16tJNsAiV0jIjgm6EohuXFewD+iKT3mlDM5khyUjL0I9w46+4caGIWxfu/BvTh6CtBwLnnnMvN/d4EWdKO86XtbS8srq2ntpIb25t7+zae/sVFcaSQpmGPJQ1jyjgTEBZM82hFkkggceh6vWvx371HqRiobjTwwiaAekK5jNKtJHadk4T0csOTvAlbviS0ARaA5zH0Eryg9FoUuV+qradcQrOBHiRuDOSQTOU2vZnoxPSOAChKSdK1V0n0s2ESM0oh1G6ESuICO2TLtQNFSQA1UwmR43wsVE62A+leULjifp7IiGBUsPAM50B0T01743F/7x6rP2LZsJEFGsQdLrIjznWIR4nhDtMAtV8aAihkpm/YtojJhttckybENz5kxdJ5bTgOgX39ixTvJrFkUKH6AhlkYvOURHdoBIqI4oe0BN6Qa/Wo/VsvVnv09YlazZzgP7A+vgGiAqdQA==</latexit>

- It suffers from the vanishing gradient 
problem

- Output is zero centered, thus it has better 
gradient properties than sigmoid

- It is a scaled version of Sigmoid:

tanh(x) =
ex � e�x

ex + e�x
= 2�(2x)� 1
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ReLU (Rectified Linear Unit)
- Very popular and simple: it thresholds 

values below 0

- It allows for fast convergence of the 
optimization function

- The weight may irreversibly die-10 -5 0 5 10
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Leaky ReLU
- It is aimed to fix the dying ReLU problem

- In a variant (called parametric ReLU) the 
slope for negative values can be learnt
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Plot this line equal to 0 in the feature space:







Building Neural Networks with 
Perceptrons





Diagram simplification
• No Bias
• No weights
• z: input to the a.f.
• y: output of the a.f.



• Simply add a perceptron
• Same input
• Same process
• What changes are the weights







Hidden layer(s):
• Not observable
• To be learned
• No specific 

behaviour enforced
• 2 weight matrices
• Same operation as 

before (dot product, 
bias, a.f.)



Zoom in into a single 
hidden layer, say z2:
• Same operation as 

before (dot product, 
bias, a.f.)

• Same for z3, what 
changes are the 
weights



: : replace connections.

Stands for: 
Fully connected layer 
OR
Dense layer





Deep Neural Network

• Stack hidden layer back to back to back to create increasingly 
deeper and deeper models.

• Output computed going deeper into the NN and computing 
these weighted sums over and over and over again with these 
a.f. repeatedly applied



Applying Neural Networks













Example Problem: Will I pass the exam?

Why  Wrong prediction?
ØBecause the network is not trained

Train a network: teach it  to get the right answer. How?
Ø tell it when it makes a mistake, so to correct it in the future

The Loss of a network is what quantify the wrong prediction 





When we train a network, we do not want to minimize the loss 
for a particular student, but the loss across the entire training set







Training Neural Networks









Loss optimization through gradient descent



























Neural Networks in practice: 
Optimization 



















Adaptive Learning Rates

• Learning rates are non longer fixed
• Can be made larger or smaller depending on:
• How large gradient is
• How fast learning is happening
• Size of particular weights
• …







Neural Networks in practice:
Mini-batches















Mini-batches while training

• More accurate estimation of gradient
Smoother convergence
Allows for larger learning rates

• Mini-batches lead to fast training!
Can parallelize computation + achieve significant speed
increases on GPU’s



Some terminology
• One epoch is when the entire dataset is passed forward and 

backward through the neural network only once (multiple times are 
usually needed)

• The batch size is the number of training examples in a mini-batch

• An iteration is the number of batches needed to complete one 
epoch

• Ex. For a dataset of 10000 sample with mini-batch size 1000, 10 
iterations will complete 1 epoch



Neural Networks in Practice:
Overfitting





Regularization

• What is it?
Technique that constrains our optimization problem to discourage complex
models

• Why do we need it?
Improve generalization of our model on unseen data









Regularization I: Dropout
Ø the network is not going to rely too heavily on any particular 

path through the network 

Ø instead it’s going to find a whole ensemble of different paths, 
because it doesn’t know which path is going to be dropped 
out at any given time



Overfitting: 
when a model starts to perform 
worse on the test (validation) set 
than on the training set


















