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Content (6 weeks)

§ W1  General concepts of image classification / segmentation
Traditional supervised classification methods (RF)

§ W2 Traditional supervised classification methods (SVM)
           Best practices

§ W3 Elements of neural networks
§ W4 Convolutional neural networks
§ W5 Convolutional neural networks for semantic segmentation
§ W6 Sequence modeling, change detection
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And now: 
deep learning!

§ In the rest of the classes, we will focus on a new type of model: neural 
networks
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And now: 
deep learning!

§ In the rest of the classes, we will focus on a new type of model: neural 
networks

§ Neural networks are the base of what we call today deep learning (DL)
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And now: 
deep learning!

§ In the rest of the classes, we will focus on a new type of model: neural 
networks

§ Neural networks are the base of what we call today deep learning (DL)
§ In the next 3 weeks we will learn about

• neural networks in general
• convolutional neural networks (CNNs)
• how to use CNNs for semantic segmentation and sequence prediction

§ Disclaimer: we will cover the basics only. For an in-depth study of DL, 
please consider more in depth courses in IC, STI. 
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Neural networks

History and myths
Basic principles of neural networks
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A bit of history
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A bit of history
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Phase 1: the birth
- Basic concepts are proposed
- First models are developed (including the Perceptron, which we will see later)



A bit of history
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Phase 1: the birth
- Basic concepts are proposed
- First models are developed (including the Perceptron we will see later)

Phase 2: the adolescence
- Strong research until the 80s
- Frustration due to unfulfilled claims
- Considered dead until around 2000.

New York Times, July 8th 1958:

The Navy revealed the embryo of an 
electronic computer today that it expects will 
be able to walk, talk, see, write, reproduce 
itself and be conscious of its existence.



A bit of history
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Phase 1: the birth
- Basic concepts are proposed
- First models are developed (including the Perceptron we will see later)

Phase 2: the adolescence
- Strong research until the 80s
- Frustration due to unfulfilled claims
- Considered dead until around 2000.

Phase 3: the adult age
- Neural nets become fashionable again!
- Mainly due to improvements in hardware and size of datasets
- Nowadays most research in machine learning is neural network-based



Key moments
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§ 1943 : McCulloch and Pitts: model of neuron
§ 1958 : Rosenblatt: perceptrons
§ 1968 : Minsky and Papert point out limitations: 

perceptrons are linear

§ 1982 : Hopfield network (associative memory),  à Nobel Prize in Physics 2024!
Kohonen’s self-organising map (clustering),
Fukushima’s Neocognitron (vision)

§ 1986 : Rumelhart, Hinton and Williams: 
training of multilayer perceptrons

§ 1989 : LeCun introduces convolutional networks
§ 2012 : Hinton (re)introduces these: deep learning



So it’s not that new?

§ No, neural nets have been around for a while, and also DL
§ What is new is that nowadays we can learn these models efficiently
§ Since we have

• Data

• Large 
   computational 
    resources
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ImageNet
http://www.image-net.org
Natural images
1000 classes (person, car, cat, …)
>14 Million images

And this also in EO!

http://www.image-net.org/


Ohh, but that’s so far 
fetched!

§ Well … I am sure you can name a few apps 
that you use that make use of neural nets.

• Google translate
• Alexa
• Photo upload in Whatsapp/Facebook
• Amazon web search
• …
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Okok, but that’s 
super complicated!

§ True, if you want to master all the complexity of it
§ Research in fundamentals of DL is just starting
§ For using these algorithms, there is A LOT of resources.
§ In particular python libraries that allow building DL models “easily”.
§ The one you will use: Pytorch.
§ There are many others (Keras, Tensorflow, …)

§ But before diving into Pytorch, let’s learn how NN and DL work.
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Neural networks

History and myths
Basic principles
- Artificial neurons
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The mathematical 
model of a neuron
§ Some (not all!) networks are originally inspired by the brain
§ Neural nets are large, densely interconnected networks of simple 

processing units, a.k.a neurons
§ It remains just a parallel, the artificial neuron is just an approximation!
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f(x)



The neuron model

The neuron was first proposed by Warren McCulloch and Walter Pitts 
in 1943. It was modeled with electrical circuits.
The output y was modeled as a weighted linear combination of 
inputs xj (j are the variables describing each one of your samples)
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f(x)

y =
X

j

�jxj + �0



The neuron model

The neuron was first proposed by Warren McCulloch and Walter Pitts in 
1943. It was modeled with electrical circuits.
The output y was modeled as a weighted linear combination of inputs xj
Moreover, a transfer function, or activation function was used to make a 
decision :

IP
EO

 c
ou

rs
e 

–
4-

N
eu

ra
l n

et
wo

rk
s

16
 O

ct
ob

er
 2

02
5

D
. T

ui
a.

 E
C

EO
  

18

f(x)

y = f
⇣X

j

�jxj + �0

⌘



Activation
functions

§ Let’s call v the result of the parenthesis. Examples of functions: 
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y = f
⇣X

j

�jxj + �0

⌘

f(v) =

⇢
1 v � 0
0 v < 0

f(v) =
1

1 + exp(�v)

f(v) = v

Classifies into two groups

Outputs numbers between 0 and 1

Outputs the linear combination itself



The artificial
neuron

§ A network made of many 
McCulloch-Pitts neurons 
can approximate any 
function, given the right 
weights b.

§ But how to find the right 
weights?

§ We will use gradient 
descent
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y = f
⇣X

j

�jxj + �0

⌘

β0
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β1
β2
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Neural networks (NN)

History and myths
Basic principles of NN
- Artificial neurons
- Gradient descent
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Gradient descent
in a nutshell

§ We want to “find the bs”.
§ Roughly

• We initialise
• We calculate error of the current 

set of weights
• We modify the bs to make the error 

decrease
• We repeat until satisfaction
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y = f
⇣X

j

�jxj + �0

⌘
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Gradient descent

§ We want to find the minimum of an error function f(x,b), which you 
don’t know

§ We start with an initial guess of the parameter b at iteration 1

23

b(1)

f (x,b)Error

Values of our parameter
(b)
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Gradient descent

§ We want to find the minimum of an error function f(x,b), which you 
don’t know

§ We start with an initial guess of the parameter b at iteration 1
§ We change its value in the direction of maximal slope

24

b(1)

f (x,b)Error

Values of our parameter
(b)

Slope

b(2)
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Gradient descent - how

§ We want to find the minimum of an error function
§ We start with an initial guess of the parameter b
§ We change its value in the direction of maximal slope
e continue until reaching a minimum

25

Source: 
https://www.ugrad.math.ubc.ca/coursedoc/math100/notes/derivs/deriv5.html

The derivative measures the steepness of the graph of a function 
at some particular point on the graph. 
Thus, the derivative is a slope.

It is also a function, it varies according to x
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<latexit sha1_base64="a2Br/RTi6CalzLAieeFyEHk1B5I="></latexit>

ωf(x)

ωx0
= f →(x0) = lim

h↑0

f(x0 + h)→ f(x0)

h



Gradient descent - how

To update a parameter b at iteration (r+1), we subtract the value of 
its derivative from it

§ a is called a learning rate.
§ (r) is the iteration

Remember, the derivative is a slope
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<latexit sha1_base64="hwQYT10rdyyGnoH/rptjHPCTu1I="></latexit>

ω(r+1) = ω(r) → ε
ϑf(x,ω)

ϑω(r)



Gradient descent - how

§ So why the negative sign?
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Source: https://medium.com/@aerinykim/why-do-we-subtract-the-slope-a-in-gradient-
descent-73c7368644fa

https://medium.com/@aerinykim/why-do-we-subtract-the-slope-a-in-gradient-descent-73c7368644fa
https://medium.com/@aerinykim/why-do-we-subtract-the-slope-a-in-gradient-descent-73c7368644fa


Some intuition

§ In the 2D case this is 
simpler to visualize

§ We consider a model with 2 
parameters, b1 and b2

§ (the grey tone of the plot is 
the error, the darker the 
smaller)

28

Parameter 1 (b1)
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Some intuition

§ In the 2D case this is 
simpler to visualize

§ Your initial parameter 
[b1(1),b2(1)]  is a 2D vector from 
the origin [0,0]

§ Where would the next 
gradient step go?

29
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[b1
(1),b2

(1)]
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Some intuition

§ In the 2D case this is simpler to 
visualize

§ Your initial parameter [b1(1),b2(1)]  is 
a 2D vector from the origin [0,0] 

§ We compute the direction of 
maximal slope

30
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Some intuition

§ In the 2D case this is simpler to 
visualize

§ Your initial parameter [b1(1),b2(1)]  is 
a 2D vector from the origin [0,0] 

§ We compute the direction of 
maximal slope

§ The new parameter [b1(2),b2(2)] is 
the sum of the two vectors
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… and then again

§ In the 2D case this is simpler to 
visualize

§ Your initial parameter [b1(2),b2(2)]  is 
a 2D vector from the origin [0,0] 

§ We compute the direction of 
maximal slope

§ The new parameter [b1(3),b2(3)] is 
the sum of the two vectors

32
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… and again 33

Parameter 1 (b1)

Pa
ra

m
et

er
 2

 (
b 2

)

§ In the 2D case this is simpler to 
visualize

§ Your initial parameter [b1(3),b2(3)]  is 
a 2D vector from the origin [0,0] 

§ We compute the direction of 
maximal slope

§ The new parameter [b1(4),b2(4)] is 
the sum of the two vectors

IP
EO

 c
ou

rs
e 

–
4-

N
eu

ra
l n

et
wo

rk
s

16
 O

ct
ob

er
 2

02
5

D
. T

ui
a.

 E
C

EO
  

Low error

High error



A little exercice

§ Let’s take this neural network

34
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A little exercice
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Remember
1: calculate the derivative

38

b(1)

Error

Values of our parameter
(b)
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<latexit sha1_base64="hwQYT10rdyyGnoH/rptjHPCTu1I="></latexit>

ω(r+1) = ω(r) → ε
ϑf(x,ω)

ϑω(r)



Remember 
2: agives you the step vector (how far you go)

39

b(1)

Error

Values of our parameter
(b)
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ω(r+1) = ω(r) → ε
ϑf(x,ω)

ϑω(r)



Remember
3: this gives you the new value of b and the new 
error

40

b(1)

f(b)Error

Values of our parameter
(b)

b(2)
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ω(r+1) = ω(r) → ε
ϑf(x,ω)

ϑω(r)



The step value
(or learning rate)

§ It decides by how much you multiply the step vector

41

b(1)

Error

b(2)

Large a can lead to faster convergence than small

b(1)

Error

b(2) b(4)
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ω(r+1) = ω(r) → ε
ϑf(x,ω)

ϑω(r)



The learning rate

§ It decides by how much you multiply the step vector

42

b(1)

Error

b(4)

Too large a can lead to disaster
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�(r + 1) = �(r)� ↵
@f(x)

@x
|�(r) + ⌘��

Momentum

§ The last trick is called momentum
§ Momentum discourages sharp changes of direction in the descent.
§ It basically adds a term going in the direction of the previous step

43

Gradient descent like before
momentum

�� = �(r)� �(r � 1)
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Numerical example
44

D

β2

β1

Perceptron with two weights [β1, β2]
o

β1

β2

x1

x2
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Numerical example

§ Learning rate controls oscillation and speed

a = 1: >100 iterations a = 0.1: 52 iterations
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Numerical example

§ Momentum uses a bit of the previous step

a= 1, h = 0.5: >100 iterations a= 0.1, h = 0.5: 29 iterations
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Neural networks (NN)

History and myths
Basic principles of NN
- Artificial neurons
- Gradient descent
- Multi-layer perceptron
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Which data sets can the 
perceptron handle?

48
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Back to the 

§ The perceptron remained a linear classifier.
§ It needed a nonlinear version.
§ The Multilayer perceptron (MLP) was formalized in 1986 by Rumelhart

and colleagues (including Geoffrey Hinton, considered to be one of the “fathers” of deep learning and Nobel prize 

for physics in 2024).

IP
EO

 c
ou

rs
e 

–
4-

N
eu

ra
l n

et
wo

rk
s

16
 O

ct
ob

er
 2

02
5

D
. T

ui
a,

 E
C

EO
 

49

FROM the perceptron TO the MLP



The multilayer 
perceptron (MLP)
§ It’s a feed forward network: it goes from inputs to outputs, without loops
§ Every neuron includes an activation function 

(e.g. sigmoid, see earlier slides 18-19)
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Conceptual idea how 
MLP solves XOR
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1

2
3

x1

x2

x'1<0 x'1>0

x'2<0
x'2>0

x'1<0 x'2<0 1

x'1<0 x'2>0 -

x'1>0 x'2<0 0

x'1>0 x'2>0 1

Can be solved with 
perceptronx'1

x’2
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Multi-Layer 
Perceptron

52

Courtesy Luis Serrano

Combining regions 
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Neural networks (NN)

History and myths
Basic principles of NN
- Artificial neurons
- Gradient descent
- Multi-layer perceptron
- Training the MLP
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The multilayer 
perceptron (MLP)
§ How to compute gradient descent on a cascade of operations?
§ How to reach all trainable weights?
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output
layer

b1

I want to be 
updated too!

b200+

Backpropagate
Me!



The phases of MLP 
training

§ There are two:

55

x1

x2

a1

a6

b1

b3
INPUTS X

1st layer 
weights a

2nd layer 
weights b

OUTPUT Y

Z1

Z3

T1

1. The forward pass: you put a data point in and obtain the prediction f(x). 
They you comparing with the truth y and compute the error (or loss, L)

f(x) y

L
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The phases of MLP 
training

§ There are two:
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x1

x2

b1 update via gradient descent

INPUTS X

1st layer 
weights a

Loss L

Z1

Z3

T1

1. The forward pass: you put a data point in and obtain the prediction
2. The Backward pass: you update parameters by back-propagating the loss

L
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2nd layer 
weights b



The phases of MLP 
training

§ There are two:

57

x1

x2

a1
b1

INPUTS X

1st layer 
weights a

Z1

Z3

T1

1. The forward pass: you put a data point in and obtain the prediction
2. The Backward pass: you update parameters by back-propagating the loss

Loss L

L
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2nd layer 
weights b



The phases of MLP 
training

§ There are two:

58

x1

x2

a2

b1

INPUTS X

1st layer 
weights a

Z1

Z3

T1

1. The forward pass: you put a data point in and obtain the prediction
2. The Backward pass: you update parameters by back-propagating the loss

Loss L

L
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2nd layer 
weights b



The phases of MLP 
training

§ There are two:

59

x1

x2
b2

INPUTS X

1st layer 
weights a

Z1

Z3

T1

1. The forward pass: you put a data point in and obtain the prediction
2. The Backward pass: you update parameters by back-propagating the loss

Loss L

L
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weights b



And one to rule them 
all: the chain rule

§ But how to reach weights that are earlier in the network?
§ We use the chain rule 
§ It’s a classical rule of derivatives: 

“the derivative of a function applied to another function is the product 
of their derivatives”

60
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<latexit sha1_base64="8r0KtGElTDCaNl1o53NGfTKeEo0=">AAACI3icbVDLSsNAFJ34rPUVdelmsEjbTUmKqAhC0Y3LCvYBTSiTySQdOnkwM5GW0H9x46+4caEUNy78FydtQG09MHDuOfdy5x4nZlRIw/jUVlbX1jc2C1vF7Z3dvX394LAtooRj0sIRi3jXQYIwGpKWpJKRbswJChxGOs7wNvM7j4QLGoUPchwTO0B+SD2KkVRSX7+yPI5wasWIS4oY9Cp+ZVStTn6U0QReQ68816GF3UhCv6yKvl4yasYMcJmYOSmBHM2+PrXcCCcBCSVmSIieacTSTrM9mJFJ0UoEiREeIp/0FA1RQISdzm6cwFOluNCLuHqhhDP190SKAiHGgaM6AyQHYtHLxP+8XiK9SzulYZxIEuL5Ii9hUEYwCwy6lBMs2VgRhDlVf4V4gFRoUsVaVCGYiycvk3a9Zp7X6vdnpcZNHkcBHIMTUAEmuAANcAeaoAUweAIv4A28a8/aqzbVPuatK1o+cwT+QPv6BnAyojc=</latexit>

@f(g(x))

@x
= f 0(g(x)) · g0(x)



And one to rule them 
all: the chain rule

§ But how to reach weights that are earlier in the network?
§ We use the chain rule 
§ It’s a classical rule of derivatives: 

“ the derivative of a function applied to another function is the product 
of their derivatives”

61

@f(g(h(x)))

@x
= f 0(g(h(x))) · g0(h(x)) · h0(x)
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How to apply the chain 
rule: the network
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x

h

w1
w2

oinputs
outputs

hidden
representation

Forward propagation:

Loss:

<latexit sha1_base64="+KBMLv3mEO8v4jgaaT6me4KEJeg=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9ktol6EohePFewHtEvJptk2NJusSVatS/+EFw+KePXvePPfmLZ70NYHA4/3ZpiZF8ScaeO6305uaXlldS2/XtjY3NreKe7uNbRMFKF1IrlUrQBrypmgdcMMp61YURwFnDaD4dXEb95TpZkUt2YUUz/CfcFCRrCxUusJXaCHrvfYLZbcsjsFWiReRkqQodYtfnV6kiQRFYZwrHXbc2Pjp1gZRjgdFzqJpjEmQ9ynbUsFjqj20+m9Y3RklR4KpbIlDJqqvydSHGk9igLbGWEz0PPeRPzPaycmPPdTJuLEUEFmi8KEIyPR5HnUY4oSw0eWYKKYvRWRAVaYGBtRwYbgzb+8SBqVsndartyclKqXWRx5OIBDOAYPzqAK11CDOhDg8Ayv8ObcOS/Ou/Mxa8052cw+/IHz+QP4OI9H</latexit>z = w1x
<latexit sha1_base64="k8MKvXUCgc9ModnBzZXSs8QQNYY=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItQL2W3iHoRil48VrC1sF1KNs12Q7PJkswKtfRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEquAHX/XYKK6tr6xvFzdLW9s7uXnn/oG1UpilrUSWU7oTEMMElawEHwTqpZiQJBXsIhzdT/+GRacOVvIdRyoKEDCSPOCVgJT/GV7ibxrz6dNorV9yaOwNeJl5OKihHs1f+6vYVzRImgQpijO+5KQRjooFTwSalbmZYSuiQDJhvqSQJM8F4dvIEn1iljyOlbUnAM/X3xJgkxoyS0HYmBGKz6E3F/zw/g+gyGHOZZsAknS+KMoFB4en/uM81oyBGlhCqub0V05hoQsGmVLIheIsvL5N2vead1+p3Z5XGdR5HER2hY1RFHrpADXSLmqiFKFLoGb2iNwecF+fd+Zi3Fpx85hD9gfP5A7TokDw=</latexit>

h = �(z)
<latexit sha1_base64="o4wPwwL1M/8gJTZ89qP0dzPvugw=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBU9ktol6EohePFewHtEvJptk2NJusSVYpS/+EFw+KePXvePPfmG33oK0PBh7vzTAzL4g508Z1v53Cyura+kZxs7S1vbO7V94/aGmZKEKbRHKpOgHWlDNBm4YZTjuxojgKOG0H45vMbz9SpZkU92YSUz/CQ8FCRrCxUkeiK/TUr4365YpbdWdAy8TLSQVyNPrlr95AkiSiwhCOte56bmz8FCvDCKfTUi/RNMZkjIe0a6nAEdV+Ort3ik6sMkChVLaEQTP190SKI60nUWA7I2xGetHLxP+8bmLCSz9lIk4MFWS+KEw4MhJlz6MBU5QYPrEEE8XsrYiMsMLE2IhKNgRv8eVl0qpVvfNq7e6sUr/O4yjCERzDKXhwAXW4hQY0gQCHZ3iFN+fBeXHenY95a8HJZw7hD5zPH9CEjy0=</latexit>

o = w2h

<latexit sha1_base64="BxqADkPT3YrhlqVFg8bJsmEdl0U=">AAAB9HicbVBNS8NAEN3Ur1q/qh69LBahgpSkiHoRil48eKhgP6ANZbOdtEs32bi7KYTQ3+HFgyJe/THe/Ddu2xy09cHA470ZZuZ5EWdK2/a3lVtZXVvfyG8WtrZ3dveK+wdNJWJJoUEFF7LtEQWchdDQTHNoRxJI4HFoeaPbqd8ag1RMhI86icANyCBkPqNEG8m9x9e4C5yXxVly2iuW7Io9A14mTkZKKEO9V/zq9gWNAwg15USpjmNH2k2J1IxymBS6sYKI0BEZQMfQkASg3HR29ASfGKWPfSFNhRrP1N8TKQmUSgLPdAZED9WiNxX/8zqx9q/clIVRrCGk80V+zLEWeJoA7jMJVPPEEEIlM7diOiSSUG1yKpgQnMWXl0mzWnEuKtWH81LtJosjj47QMSojB12iGrpDddRAFD2hZ/SK3qyx9WK9Wx/z1pyVzRyiP7A+fwC9U5DK</latexit>

L = `(o, y) y is the ground truth

f is an activation function 
       (e.g. sigmoid)



How to apply the chain 
rule: the network is a 
computational graph
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How to apply the 
chain rule: goal

§ Find the best weights w1 
and w2 to minimise Loss L
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f

L
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<latexit sha1_base64="yiMXFnvFWs8XyxKz6UkVbwEcaGs=">AAACC3icbVC7TsMwFHV4lvAKMLJYrZCYqqRCwFjBwsBQJPqQmihyXKe16jiR7YCqKDsLv8LCAEKs/AAbf4PTRgJajmTp+Jx7r31PkDAqlW1/GUvLK6tr65UNc3Nre2fX2tvvyDgVmLRxzGLRC5AkjHLSVlQx0ksEQVHASDcYXxZ+944ISWN+qyYJ8SI05DSkGCkt+VbVdEOBcOYmSCiKWHad5z+Xe9/Jc9+q2XV7CrhInJLUQImWb326gxinEeEKMyRl37ET5WXFTMxIbrqpJAnCYzQkfU05ioj0sukuOTzSygCGsdCHKzhVf3dkKJJyEgW6MkJqJOe9QvzP66cqPPcyypNUEY5nD4UpgyqGRTBwQAXBik00QVhQ/VeIR0hno3R8pg7BmV95kXQadee03rg5qTUvyjgq4BBUwTFwwBlogivQAm2AwQN4Ai/g1Xg0no03431WumSUPQfgD4yPbzFTm80=</latexit>

@L

@w1

<latexit sha1_base64="E58k8PesVpqRQLWziewER5mGX6A=">AAACC3icbVC7TsMwFHV4lvAKMLJYrZCYqqRCwFjBwsBQJPqQmihyXKe16jiR7YCqKDsLv8LCAEKs/AAbf4PTRgJajmTp+Jx7r31PkDAqlW1/GUvLK6tr65UNc3Nre2fX2tvvyDgVmLRxzGLRC5AkjHLSVlQx0ksEQVHASDcYXxZ+944ISWN+qyYJ8SI05DSkGCkt+VbVdEOBcOYmSCiKWHad5z+Xe7+R575Vs+v2FHCROCWpgRIt3/p0BzFOI8IVZkjKvmMnysuKmZiR3HRTSRKEx2hI+ppyFBHpZdNdcniklQEMY6EPV3Cq/u7IUCTlJAp0ZYTUSM57hfif109VeO5llCepIhzPHgpTBlUMi2DggAqCFZtogrCg+q8Qj5DORun4TB2CM7/yIuk06s5pvXFzUmtelHFUwCGogmPggDPQBFegBdoAgwfwBF7Aq/FoPBtvxvusdMkoew7AHxgf3zLZm84=</latexit>

@L

@w2



How to apply the 
chain rule: w2
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h

o

w2

L
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since 
<latexit sha1_base64="Of7nC2K+12+dcQp/R2OQ7RV1DH8=">AAAB+nicbVDLSsNAFJ3UV42vVJduBovgqiRF1I1QdOOygn1AG8JkMmmHTmbCzMRSaj/FjQtF3Pol7vwbJ20W2nrgwuGce7n3njBlVGnX/bZKa+sbm1vlbXtnd2//wKkctpXIJCYtLJiQ3RApwignLU01I91UEpSEjHTC0W3udx6JVFTwBz1JiZ+gAacxxUgbKXAqtoDXcBzUYR9HQsOhHThVt+bOAVeJV5AqKNAMnK9+JHCWEK4xQ0r1PDfV/hRJTTEjM7ufKZIiPEID0jOUo4Qofzo/fQZPjRLBWEhTXMO5+ntiihKlJkloOhOkh2rZy8X/vF6m4yt/SnmaacLxYlGcMagFzHOAEZUEazYxBGFJza0QD5FEWJu08hC85ZdXSbte8y5q9fvzauOmiKMMjsEJOAMeuAQNcAeaoAUwGINn8ArerCfrxXq3PhatJauYOQJ/YH3+AEHNkhI=</latexit>

o = w2 · h

<latexit sha1_base64="0B9n0hRfEj41doDfWAchlGXuavY=">AAACGXicbVDLSgMxFM34rPU16tJNsAiuykwRdSMU3bhwUcE+oFNLJs20oZnJkNwRyjC/4cZfceNCEZe68m/MtAW19UDg5Jx7b3KPHwuuwXG+rIXFpeWV1cJacX1jc2vb3tltaJkoyupUCqlaPtFM8IjVgYNgrVgxEvqCNf3hZe4375nSXEa3MIpZJyT9iAecEjBS13aK59gLFKGpFxMFnIj0Ost+LjLLsEd7EvDgzgMZF7t2ySk7Y+B54k5JCU1R69ofXk/SJGQRUEG0brtODJ00n08Fy4peollM6JD0WdvQiIRMd9LxZhk+NEoPB1KZEwEeq787UhJqPQp9UxkSGOhZLxf/89oJBGedlEdxAiyik4eCRGCQOI8J97hiFMTIEEIVN3/FdEBMTmDCzENwZ1eeJ41K2T0pV26OS9WLaRwFtI8O0BFy0SmqoitUQ3VE0QN6Qi/o1Xq0nq03631SumBNe/bQH1if3+uRoOM=</latexit>

=
@L

@o
· h>

<latexit sha1_base64="HAPNSSc1/xZ/NxcG5zn8otbeTrg=">AAACF3icbVBNS8MwGE79nPWr6tFLcAieSjtEvQhDLx4nuA9YZ0mzdAtLm5Kkyij9F178K148KOJVb/4b062gbj4QePI87/sm7xMkjErlOF/GwuLS8spqZc1c39jc2rZ2dluSpwKTJuaMi06AJGE0Jk1FFSOdRBAUBYy0g9Fl4bfviJCUxzdqnJBehAYxDSlGSku+ZZvQCwXCmZcgoShiGc/zn8u9X8tzeA7h8NZTPDF9q+rYzgRwnrglqYISDd/69PocpxGJFWZIyq7rJKqXFeMxI7nppZIkCI/QgHQ1jVFEZC+b7JXDQ630YciFPrGCE/V3R4YiKcdRoCsjpIZy1ivE/7xuqsKzXkbjJFUkxtOHwpRBxWEREuxTQbBiY00QFlT/FeIh0jEpHWURgju78jxp1Wz3xK5dH1frF2UcFbAPDsARcMEpqIMr0ABNgMEDeAIv4NV4NJ6NN+N9WrpglD174A+Mj2+9mZ+l</latexit>

@o

@w2
= h>

<latexit sha1_base64="nXfkVwMeJTmk1Fqbax00Sm6NRVM=">AAACVnicfVHPS8MwGE075+b8VfXoJTgET6Mdol6EoRcPHia4H7CWkmbpFpY2JUmVUfpP6kX/FC9iuhXUTfwg8PLe+74kL0HCqFS2/W6YlY3qZq2+1dje2d3btw4O+5KnApMe5oyLYYAkYTQmPUUVI8NEEBQFjAyC2W2hD56IkJTHj2qeEC9Ck5iGFCOlKd+K3FAgnLkJEooilt3n+ffm2W/nObyG/3m4drh4zNWqi69Ncl3fatote1FwHTglaIKyur714o45TiMSK8yQlCPHTpSXFVMxI3nDTSVJEJ6hCRlpGKOISC9bxJLDU82MYciFXrGCC/ZnR4YiKedRoJ0RUlO5qhXkX9ooVeGVl9E4SRWJ8fKgMGVQcVhkDMdUEKzYXAOEBdV3hXiKdDpK/0RDh+CsPnkd9Nst56LVfjhvdm7KOOrgGJyAM+CAS9ABd6ALegCDV/BhmEbFeDM+zapZW1pNo+w5Ar/KtL4AOt24OA==</latexit>

@L

@w2
=

@L

@o
· @o

@w2

????



How to calculate 
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<latexit sha1_base64="0B9n0hRfEj41doDfWAchlGXuavY=">AAACGXicbVDLSgMxFM34rPU16tJNsAiuykwRdSMU3bhwUcE+oFNLJs20oZnJkNwRyjC/4cZfceNCEZe68m/MtAW19UDg5Jx7b3KPHwuuwXG+rIXFpeWV1cJacX1jc2vb3tltaJkoyupUCqlaPtFM8IjVgYNgrVgxEvqCNf3hZe4375nSXEa3MIpZJyT9iAecEjBS13aK59gLFKGpFxMFnIj0Ost+LjLLsEd7EvDgzgMZF7t2ySk7Y+B54k5JCU1R69ofXk/SJGQRUEG0brtODJ00n08Fy4peollM6JD0WdvQiIRMd9LxZhk+NEoPB1KZEwEeq787UhJqPQp9UxkSGOhZLxf/89oJBGedlEdxAiyik4eCRGCQOI8J97hiFMTIEEIVN3/FdEBMTmDCzENwZ1eeJ41K2T0pV26OS9WLaRwFtI8O0BFy0SmqoitUQ3VE0QN6Qi/o1Xq0nq03631SumBNe/bQH1if3+uRoOM=</latexit>

=
@L

@o
· h>

s ŷ

s = softmax = scales output between 0 and 1
                        (slide 19)

<latexit sha1_base64="j2fxOO2ItypUywnfCMUGcs+Mfsw=">AAACFHicbVDLSsNAFJ3UV42vqEs3g0UQhJIUUTdC0Y3LCvYBTQyT6aSddvJgZiKEkI9w46+4caGIWxfu/BunaRbaeuDCmXPuZe49XsyokKb5rVWWlldW16rr+sbm1vaOsbvXEVHCMWnjiEW85yFBGA1JW1LJSC/mBAUeI11vcj31uw+ECxqFdzKNiROgYUh9ipFUkmuc6PYIySzNXQovoe1zhDNyn0UuzfPMFkngjovnOM+ha9TMulkALhKrJDVQouUaX/YgwklAQokZEqJvmbF0MsQlxYzkup0IEiM8QUPSVzREARFOVhyVwyOlDKAfcVWhhIX6eyJDgRBp4KnOAMmRmPem4n9eP5H+hZPRME4kCfHsIz9hUEZwmhAcUE6wZKkiCHOqdoV4hFQwUuWoqxCs+ZMXSadRt87qjdvTWvOqjKMKDsAhOAYWOAdNcANaoA0weATP4BW8aU/ai/aufcxaK1o5sw/+QPv8AXpcnyA=</latexit>

ŷi =
eoiP
j e

oj

L = classification loss = 0 if correct answer, 
                                       > 0 otherwise
    we use the cross entropy

<latexit sha1_base64="DD51v58qI/uiMUNy91VRhAEZY5M="></latexit>

L = `(ŷ, y) = � log p(y|x)

= �
X

i

yi log ŷi

= �
X

i

yi log [
eoiP
j e

oj
]

= �
X

i

yi[oi � log
X

j

eoj ]

=
X

i

yi log
X

j

eoj �
X

i

yioi

= log
X

j

eoj �
X

i

yioi

i = current class

j = all classes
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<latexit sha1_base64="0B9n0hRfEj41doDfWAchlGXuavY=">AAACGXicbVDLSgMxFM34rPU16tJNsAiuykwRdSMU3bhwUcE+oFNLJs20oZnJkNwRyjC/4cZfceNCEZe68m/MtAW19UDg5Jx7b3KPHwuuwXG+rIXFpeWV1cJacX1jc2vb3tltaJkoyupUCqlaPtFM8IjVgYNgrVgxEvqCNf3hZe4375nSXEa3MIpZJyT9iAecEjBS13aK59gLFKGpFxMFnIj0Ost+LjLLsEd7EvDgzgMZF7t2ySk7Y+B54k5JCU1R69ofXk/SJGQRUEG0brtODJ00n08Fy4peollM6JD0WdvQiIRMd9LxZhk+NEoPB1KZEwEeq787UhJqPQp9UxkSGOhZLxf/89oJBGedlEdxAiyik4eCRGCQOI8J97hiFMTIEEIVN3/FdEBMTmDCzENwZ1eeJ41K2T0pV26OS9WLaRwFtI8O0BFy0SmqoitUQ3VE0QN6Qi/o1Xq0nq03631SumBNe/bQH1if3+uRoOM=</latexit>

=
@L

@o
· h>

s ŷ

L = classification loss = 0 if correct answer, 
                                       > 0 otherwise

    we use the cross entropy

   since 

  
   

<latexit sha1_base64="mxKhfNBWjroUVmw8kFowzq1bawE="></latexit>

L = `(ŷ, y) = log
X

j

eoj �
X

i

yioi

True class = 
1 or 0

Prediction = 
between 0 and 1

<latexit sha1_base64="ZCKAV1p6KWOvjQN1YBo9aJSd/uI="></latexit>

@L

@oi
=

eoiP
j e

oj
� yi

= ŷi � yi

<latexit sha1_base64="uNp7l9dH35qVQzExtzQnfM5/1yA="></latexit>

@f

@x
log f(x) =

1

f(x)
f 0(x)



How to apply the 
chain rule: w1
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How to apply the 
chain rule: w1
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<latexit sha1_base64="ucDeb6aPl3envuf67hBVIzQe4/8="></latexit>

@L

@h
=

@L

@o
· @o
@h

= w>
2
@L

@o
See previous slide 67

since
<latexit sha1_base64="vPdNn8bam3jYh/cmgig60FOUGQY=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBU0mKqBeh6MVjBfsBbQibzaZdusmG3Y1SQ3+JFw+KePWnePPfuG1z0NYHA4/3ZpiZF6ScKe0439bK6tr6xmZpq7y9s7tXsfcP2kpkktAWEVzIboAV5SyhLc00p91UUhwHnHaC0c3U7zxQqZhI7vU4pV6MBwmLGMHaSL5dEegKPfp11Ceh0Gjo21Wn5syAlolbkCoUaPr2Vz8UJItpognHSvVcJ9VejqVmhNNJuZ8pmmIywgPaMzTBMVVePjt8gk6MEqJISFOJRjP190SOY6XGcWA6Y6yHatGbiv95vUxHl17OkjTTNCHzRVHGkRZomgIKmaRE87EhmEhmbkVkiCUm2mRVNiG4iy8vk3a95p7X6ndn1cZ1EUcJjuAYTsGFC2jALTShBQQyeIZXeLOerBfr3fqYt65Yxcwh/IH1+QPT7JHq</latexit>

o = w2 · h



How to apply the 
chain rule: w1
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<latexit sha1_base64="ucDeb6aPl3envuf67hBVIzQe4/8="></latexit>

@L

@h
=

@L

@o
· @o
@h

= w>
2
@L

@o
<latexit sha1_base64="D5ePwRi81D1FOoenLzt0OAHZUS4="></latexit>

@L

@z
=

@L

@h
· @h
@z

=
@L

@h
� �0(z)

<latexit sha1_base64="k8MKvXUCgc9ModnBzZXSs8QQNYY=">AAAB8nicbVBNSwMxEM3Wr1q/qh69BItQL2W3iHoRil48VrC1sF1KNs12Q7PJkswKtfRnePGgiFd/jTf/jWm7B219MPB4b4aZeWEquAHX/XYKK6tr6xvFzdLW9s7uXnn/oG1UpilrUSWU7oTEMMElawEHwTqpZiQJBXsIhzdT/+GRacOVvIdRyoKEDCSPOCVgJT/GV7ibxrz6dNorV9yaOwNeJl5OKihHs1f+6vYVzRImgQpijO+5KQRjooFTwSalbmZYSuiQDJhvqSQJM8F4dvIEn1iljyOlbUnAM/X3xJgkxoyS0HYmBGKz6E3F/zw/g+gyGHOZZsAknS+KMoFB4en/uM81oyBGlhCqub0V05hoQsGmVLIheIsvL5N2vead1+p3Z5XGdR5HER2hY1RFHrpADXSLmqiFKFLoGb2iNwecF+fd+Zi3Fpx85hD9gfP5A7TokDw=</latexit>

h = �(z)
<latexit sha1_base64="fACmSpx3jSdNhb9gruMVNZi94T0=">AAACEXicbZBNS8MwGMfT+TbnW9Wjl+AQ52W0Q9SLMPTicYJ7gbWMNEvXsDQtSSpsZV/Bi1/FiwdFvHrz5rcx3Qrq5h8CP/7P8yR5/l7MqFSW9WUUlpZXVteK66WNza3tHXN3ryWjRGDSxBGLRMdDkjDKSVNRxUgnFgSFHiNtb3id1dv3REga8Ts1iokbogGnPsVIaatnVhxfIJw6MRKKIgaDyQ+PJ/ASOnFAjyvjk55ZtqrWVHAR7BzKIFejZ346/QgnIeEKMyRl17Zi5abZ3ZiRSclJJIkRHqIB6WrkKCTSTacbTeCRdvrQj4Q+XMGp+3siRaGUo9DTnSFSgZyvZeZ/tW6i/As3pTxOFOF49pCfMKgimMUD+1QQrNhIA8KC6r9CHCAdkdIhlnQI9vzKi9CqVe2zau32tFy/yuMoggNwCCrABuegDm5AAzQBBg/gCbyAV+PReDbejPdZa8HIZ/bBHxkf37tdnOo=</latexit>

@h

@z
= �0(z)

since

????
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<latexit sha1_base64="LjCkgAnRpYcwZlQSEZQtoqB1TII=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRaxXspuEfVY9OKxgv2AdinZNNuGJtk1yQp16Z/w4kERr/4db/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqtx6p0iyS92YcU1/ggWQhI9hYqd2Nh+y0/HTWK5bcijsDWiZeRkqQod4rfnX7EUkElYZwrHXHc2Pjp1gZRjidFLqJpjEmIzygHUslFlT76ezeCTqxSh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEV37KZJwYKsl8UZhwZCI0fR71maLE8LElmChmb0VkiBUmxkZUsCF4iy8vk2a14l1Uqnfnpdp1FkcejuAYyuDBJdTgFurQAAIcnuEV3pwH58V5dz7mrTknmzmEP3A+fwAgH49g</latexit>

�0(z)
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How to calculate 

§ Activation functions add nonlinearity to the network
§ Otherwise it’s a chain of linear operations
§ We saw several functions at slide 19, e.g. the 

softmax a few slides ago (       )
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<latexit sha1_base64="LjCkgAnRpYcwZlQSEZQtoqB1TII=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRaxXspuEfVY9OKxgv2AdinZNNuGJtk1yQp16Z/w4kERr/4db/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqtx6p0iyS92YcU1/ggWQhI9hYqd2Nh+y0/HTWK5bcijsDWiZeRkqQod4rfnX7EUkElYZwrHXHc2Pjp1gZRjidFLqJpjEmIzygHUslFlT76ezeCTqxSh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEV37KZJwYKsl8UZhwZCI0fR71maLE8LElmChmb0VkiBUmxkZUsCF4iy8vk2a14l1Uqnfnpdp1FkcejuAYyuDBJdTgFurQAAIcnuEV3pwH58V5dz7mrTknmzmEP3A+fwAgH49g</latexit>

�0(z)
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How to calculate 

Sigmoid (or softmax)
§ Output in [0,1]
§ Close to a threshold function, with a smooth transition from 0 

to 1
§ In contrast to real threshold function, sigmoid is differentiable
§ Often used at output neurons to get the probability for binary 

classification
§ Usually not used in hidden layers: slow updating, vanishing 

gradient

ReLU (Rectified Linear Unit)
§ ReLU 𝑥 = max(𝑥, 0)
§ Its derivatives are simple: either they vanish (0) or they just let 

the argument through without modifications (1). 
§ This makes optimization better behaved and it mitigated 

well-documented problem of vanishing gradients
§ So it is often used within intermediate neuronsIP
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<latexit sha1_base64="LjCkgAnRpYcwZlQSEZQtoqB1TII=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRaxXspuEfVY9OKxgv2AdinZNNuGJtk1yQp16Z/w4kERr/4db/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqtx6p0iyS92YcU1/ggWQhI9hYqd2Nh+y0/HTWK5bcijsDWiZeRkqQod4rfnX7EUkElYZwrHXHc2Pjp1gZRjidFLqJpjEmIzygHUslFlT76ezeCTqxSh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEV37KZJwYKsl8UZhwZCI0fR71maLE8LElmChmb0VkiBUmxkZUsCF4iy8vk2a14l1Uqnfnpdp1FkcejuAYyuDBJdTgFurQAAIcnuEV3pwH58V5dz7mrTknmzmEP3A+fwAgH49g</latexit>
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How to calculate
when using ReLU 
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<latexit sha1_base64="LjCkgAnRpYcwZlQSEZQtoqB1TII=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRaxXspuEfVY9OKxgv2AdinZNNuGJtk1yQp16Z/w4kERr/4db/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Gbqtx6p0iyS92YcU1/ggWQhI9hYqd2Nh+y0/HTWK5bcijsDWiZeRkqQod4rfnX7EUkElYZwrHXHc2Pjp1gZRjidFLqJpjEmIzygHUslFlT76ezeCTqxSh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEV37KZJwYKsl8UZhwZCI0fR71maLE8LElmChmb0VkiBUmxkZUsCF4iy8vk2a14l1Uqnfnpdp1FkcejuAYyuDBJdTgFurQAAIcnuEV3pwH58V5dz7mrTknmzmEP3A+fwAgH49g</latexit>

�0(z)

z

h

f



How to apply the 
chain rule: w1

IP
EO

 c
ou

rs
e 

–
4-

N
eu

ra
l n

et
wo

rk
s

16
 O

ct
ob

er
 2

02
5

D
. T

ui
a.

 E
C

EO
  

75

x

z

h

o

w1

w2

f

L

y

l

<latexit sha1_base64="ucDeb6aPl3envuf67hBVIzQe4/8="></latexit>

@L

@h
=

@L

@o
· @o
@h

= w>
2
@L

@o

<latexit sha1_base64="QLI1if2Iw01MDPl7IrQRU60E7sA="></latexit>

@L

@w1
=

@L

@z
· @z

@w1

=
@L

@z
x>

<latexit sha1_base64="D5ePwRi81D1FOoenLzt0OAHZUS4="></latexit>

@L

@z
=

@L

@h
· @h
@z

=
@L

@h
� �0(z)

<latexit sha1_base64="5s7yAjxrJq0HaWOt2scVe1/bWjQ=">AAAB+HicbVBNS8NAEN34WetHox69LBbBU0mKqBeh6MVjBfsBbQibzaZdutmE3Ynalv4SLx4U8epP8ea/cdvmoK0PBh7vzTAzL0gF1+A439bK6tr6xmZhq7i9s7tXsvcPmjrJFGUNmohEtQOimeCSNYCDYO1UMRIHgrWCwc3Ubz0wpXki72GYMi8mPckjTgkYybdLI3yFH30Xd2mYAH7y7bJTcWbAy8TNSRnlqPv2VzdMaBYzCVQQrTuuk4I3Jgo4FWxS7GaapYQOSI91DJUkZtobzw6f4BOjhDhKlCkJeKb+nhiTWOthHJjOmEBfL3pT8T+vk0F06Y25TDNgks4XRZnAkOBpCjjkilEQQ0MIVdzcimmfKELBZFU0IbiLLy+TZrXinleqd2fl2nUeRwEdoWN0ilx0gWroFtVRA1GUoWf0it6skfVivVsf89YVK585RH9gff4A++aSBA==</latexit>z = w1 · x
<latexit sha1_base64="QvOc8d4vzwCPLg8tI+Q9JIUeAlQ=">AAACEXicbZBNS8MwGMfT+TbnW9Wjl+AQdhrtEPUiDL14nOBeYK0lzdItLG1Kkqqz9Ct48at48aCIV2/e/DZmW0Hd/EPgx/95niTP348ZlcqyvozCwuLS8kpxtbS2vrG5ZW7vtCRPBCZNzBkXHR9JwmhEmooqRjqxICj0GWn7w/NxvX1DhKQ8ulKjmLgh6kc0oBgpbXlmxQkEwqkTI6EoYvA+++Fbz87gKby7dhSPPbNsVa2J4DzYOZRBroZnfjo9jpOQRAozJGXXtmLlpuO7MSNZyUkkiREeoj7paoxQSKSbTjbK4IF2ejDgQp9IwYn7eyJFoZSj0NedIVIDOVsbm//VuokKTtyURnGiSISnDwUJg4rDcTywRwXBio00ICyo/ivEA6QjUjrEkg7Bnl15Hlq1qn1UrV0elutneRxFsAf2QQXY4BjUwQVogCbA4AE8gRfwajwaz8ab8T5tLRj5zC74I+PjG58DnX8=</latexit>

@z

@w1
= x>

Since



In summary

§ NN update their parameters via gradient descent
§ They have many parameters, recombined in a feed forward way
§ They add nonlinearities at each step

§ They can approximate very complex functions (so they overfit easily!)
§ Remember to cross-validate!

• Number of neurons
• Number of layers
• Learning rate
• Momentum
• …

§ In the next course we will see how to use this to build convolutional neural 
networks
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