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Vimos que una red es capaz de 
aproximar cualquier funcion razonable



Rossenblatt ya habia propuesto que para entrenar a una red, se podia trabajar iterativamente, 
computando la diferencia entre lo que plantea la red y lo esperado para el ejemplo, y modificando 

a la red de tal modo de achicar esa diferencia

(data, resultado)=(X, Y)



Rossenblatt ya habia propuesto que para entrenar a una red, se podia 
trabajar iterativamente, computando la diferencia entre lo que plantea la 
red y lo esperado para el ejemplo, y modificando a la red de tal modo de 

achicar esa diferencia

(data, resultado)=(X, Y)

Como 
hacer el 
update?



Redes de propagación hacia delante y su entrenamiento
(Rumelhart, Hinton, Williams, Nature 1986)



Probability of being 
the sonogram of 

the song of a finch

1. Traduce the 
input image into 

a matrix

𝑥𝑗 = 𝑆 ෍

𝑖=1

𝑛

𝑊𝑗𝑖  𝑥𝑖 ,

𝑥𝑗

𝑠 𝑥 =
1

1 + 𝑒−𝑥

How do these networks work? a. classification

Probability of being 
the sonogram of 

the song of a 
canary

2.  For a given set of 
parameters:

Input, un vector de
“features”
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𝑠 𝑥 =
1

1 + 𝑒−𝑥

And request, for 
example, this output
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1
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If with the present 
parameters, we get an 

error
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0.3

We correct the weights
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𝑛
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𝑠 𝑥 =
1

1 + 𝑒−𝑥

If with the present 
parameters, we get an 

error

0.7

0.3

We correct the weights

Como hacer para que esa 
correccion no sea solo un “ir a otro 
lado”, sino “ir a uno mejor”?



How does it actually work?
(let us start with one feedforward architecture)

Output layer

Input layer

weights

The pixels of an image 

The class the image belongs to



How does it actually work?
(let us start with one feedforward architecture)

Output layer

Input layer

weights

The pixels of an image 

The class the image belongs to

How to choose them?



𝑦𝑗

Actual output in unit jExpected value in unit j

𝐸 = 𝑦𝑗- 𝑜𝑗

Suposse the unit j is in the last layer, 
and we touch a weight 

in the immediately previous layer

(E stands for “error”)

How does it actually work?



We want to correct the weight
𝑊𝑖𝑗  in order to decrease the error

How does it actually work?



We use the chain rule: 

the error changes because changing the weight Wij
1. It changes the net activity arriving at j
2. If the net activity changes, the output of j changes
3. If the output of j changes, the error changes

How does it actually work?
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If the weight being modified is in the previous to the last layer,
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= the chain rule?

Does this mean that the scary AI that will leave us out of jobs is



= the chain rule?

Does this mean that the scary AI that will leave us out of jobs is

Yeap.



Autoencoder

Recurrent neural network

a

c

b

Convolutional neural network



Autoencoder
(dimensional reduction)



Convolutional neural network
classify

P(dog)=0.8
P(wolf)=0.1
P(cow)=0.001

P(bird)=0.0001



Recurrent neural network
(temporal predictions)

a



En todas, lo esencial es buscar minimizar el error entre lo predicho y lo 
deseado segun los ejemplos

prediccion El dato de test

Error E (loss)



Datos

Datos de 

entrenamiento
Datos de 

test

epocas epocas

test

entrenamiento



Datos

Datos de 

entrenamiento
Datos de 

test

epocas epocas

test

entrenamiento

La explicacion mas
clara del overfitting
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