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Introduccion

@ Las redes neuronales son aproximadores universales: una red
con dos capas, capa de salida lineal, es un aproximador
universal para michas funciones de activacién (excepto
polinomios).

o Cualquier funcién continua en un compacto pues ser
aproximada por una red con muchas neuronas en la capa
oculta.
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IA en Contexto
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Figure 1.4: A Venn diagram showing how deep learning is a kind of representation learning,
which is in turn a kind of machine learning, which is used for many but not all approaches
to AL Each section of the Venn diagram includes an example of an AT technology.
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The figure shows two of the three historical waves of artificial neural nets
ybernetics” and “connectionism” or

Figure 1.7:
research, as measured by the frequency of the phrases ©
“neural networks” according to Google Books (the third wave is too recent to appear). The

first wave started with cybernetics in the 1940s-1960s, with the development of theories
of biological learning ( , ; , ) and implementations of
the first models such as the perceptron ( . ) allowing the training of a single
neuron. The second wave started with the connectionist approach of the 1980-1995 period,

with back-propagation ( ) to train a neural network with one or two

ent and third wave, deep learning, started around 2006 (

), and is just now appearing in book
form as of ‘)lllh The mh('r two waves similarly appeared in book form much later than
the corresponding scientific activity occurred.

hidden layers. The cu
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Disponibilidad de Datos

Increasing dataset size over viml
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Figure 1.8: Dataset sizes have increased greatly over time. In the early 1900s, statisticians
studied datasets using hundreds or 1|\u\\\.\m|\«»f manually compiled measurements (

). In the 1950s through 1980s, the pioncers
of bmlom .\ll\ in pmwl uhuhmv lmunnﬂ often worked with small, synthetic datasets, such
as low-resolution bitmaps of letters, that were designed to incur low computational cost and
demonstrate that neural networks were able to learn specific kinds of functions (

). In the 1980s and 1990s, machine learning
became more statistical in nature and be »gan to leverage larger datasets containing tens
of thousands of examples such as the MNIST dataset (shown in Fig. 1.9) of scans of
handwritten numbers ( R ). In the first decade of the 2000s, more
. such as the CIFAR-10 dataset (
dc and throughout

sophisticated datasets of this same

) continued to be produced. Toward the end of that d

the first half of the 20105, significantly larger datasets, containing hundreds of thousands

to tens of millions of examples, completely changed what was possible with deep learning
These datasets included the public Street View House Numbers dataset (
sions of the ImageNet dataset ( ;

). various vel

t the top of the

). and the Sports-1M dataset ( .
graph, we see that datasets of translated sentences, such as IBM’s dataset constructed
from the Canadian Hansard ( ) and the WMT 2014 English to French

dataset ( . 2014) are typically far ahead of other dataset sizes.
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MNIST (Nation Institute of Standard Tech)

§
W
g
3
7
3
/
3
14

ROl |~ e~ e[~ |ny

V4

AN S S A S SN E I ST ST Y
W (oo |~[~[0~c0 |G|Q [N |C|R|W e~ oo~
s[GQ|o N0 o[ ==[0 [eN ||l vs x|~

Q

I NIESENESTIEN
Gf~|~[n e |J =0 [w|W|SIN NN~ o |aly

oA |w|w| = x|~|o|n|J N o]0 S|y e fea [or [en

0| R|D |0 WO~ |-0 | N[0 |o|Ofs v | |~
Ko R[LD|O]w |0 tr|x|Wlor|~|w|x|a|o|w
WN [~ [N |2 N[O P [D SN ~|wis S| w[x R
BR[|~ [R | RO [R [N [Of R [R| & N|x|u|pN

~|Gleqed o~ a3 PPN BN [N ||~ N
R[N N[N0 [ [d [\ [N o O[S [~ | [0y [0
el e e ] R A EN R S RN A St Y el e S T B
=[R2 |2 |5 [ W O] & |sa | RN
SN WS FlRN R DS |miNw
oo 0 | R[W|O|P|~o0|Jd [N ooy || |ee] [ |||
o [0 62| 0 fof |of [ = Lol |W | Or || G|~ |08 [0o |
(o k||| &[O||e|w

*
~

Figure 1.9: Example i mut\ from the MNIST dataset. The “N.

been preprocessed for easier use with
machine learning algorithms. The MN consists of scans of handwritten digits
and associated labels describing which digit 0-9 is contained in each image. This simple
ation problem is one of the simplest and most widely used tests in deep learning
ch. It remains popular despite being quite casy for modern techniques o solve.
Geoffrey Hinton has described it as “the drosophila of machine learning,” meaning that
it allows machine learning researchers to study their algorithms in controlled laboratory
conditions, much as biologists often study fruit fli
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Conexiones

Number of connections per neuron over time
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Figure 1.10: Initially, the number of connections between neurons in artificial neural
networks was limited by hardware capabilities. Today, the number of connections between
neurons is mostly a design con

ideration. Some artificial neural networks have nearly as
a cat, and it is quite common for other neural networks
to have as many connections per neuron as smaller mammals like mice. Even the human
brain does not have an exorbitant amount of connections per neuron. Biological neural

many connections per neuron 2

network sizes from (2015).

1. Adaptive linear element ( )

2. Neocognitron ( , 1950)

3. GPU-aceclerated convolutional network ( )
1. Deep Boltamann machine ( )
5. Unsupervised convolutional network ( )

6. GPU-aceclerated multilayer perceptron ( )

7. Distributed autoencoder ( )

5. Multi-GPU convolutional network ( )

9. COTS HPC unsupersised convolutional network ( )
10, GoogLeet ( )
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Tamano Redes

asing neural network size over time
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Figure 1.11: Since the introduction of hidden units, artificial neural networks have doubled
in size roughly every 2.4 years. Biological neural network sizes from

Perceptron ( )
Adaptive linear element ( )

Neocognitron ( )

Early back-propagation network ( )

Recurrent neural netwark for speech recognition ( )

6.

7. Mean field sigmoid belief network ( )

Multilayer perceptron for speech recognition ( )

8 LeNet-5 ( )
9. Echa state network ( )

10. Deep belief network ( .

11. GPU-accelerated convolutional network ( )
12. Deep Boltzmann machine ( )
13 GPU-accelerated deep belief network ( )

14. Unsupervised convolutional network ( )

15. GPU-accelerated maltilayer pereeptran (

OMP-1 network ( )
17. Distributed autoencoder ( )

18, Multi-GPU convolutional network ( 1 2012)
19. COTS HPC unsupervised convolutional network ( )

20. GoogLeNet ( )
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Figure 1.5: Flowcharts showing how the different parts of an Al system relate to each
other within different Al disciplines. Shaded boxes indicate components that are able to
learn from data.
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Representaciones

Cartesian coordinates Polar coordinates
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Figure 1.1: Example of different representations: suppose we want to separate two
categories of data by drawing a line between them in a scatterplot. In the plot on the left,
we represent some data using Cartesian coordinates, and the task is impossible. In the plot
on the right, we represent the data with polar coordinates and the task becomes simple to
solve with a vertical line. (Figure produced in collaboration with David Warde-Farley)
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Introduccion

Intro Redes Neuronales

Redes neuronales (estructura recursiva).
Funciones de activacién.
Funcién de perdida.

Optimizacién: back propagation del gradiente descendiente.
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La red mas bdsica: Funcién logistica

FUNGION LDGISTICA M0 WA RGO
X W \ - UNA SILA GAPA (CATA SALOK)
5 k ‘6 - 00 WM MR opUuA
: Wa,
*q
T
-2 WX +)
T
I 0& Al = %+ e/_(w L)

@ El vector de pesos y sesgo de la tnica capa se denotan por
Wi, b1, respectivamente.
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Funcidon de Activacion

FUALION 0 ACTIVATION

- Fungidn  Siqunge ax) = |
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Funcién de pérdida

e Datos de entrenamiento 7 = {(x!, y1), ..., (x",y")}

Pérdida con un ejemplo
LD, yDy = —yDin(p) = (1 - yD)In(1 - 9) donde P es el
prondstico.

Funcién de costo

1 & ~ (i i
i=1

1 il i o (i
=— >y PIn(D) - 1 -yM)in1 - 5)
i=1
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La red mas bdsica: Funcién logistica

FUNGION LDGISTILA W0 WA RGO

W, - UAA SOLA (APA (CATA 3ALOA)
= N0 WA cHR o(VuA

s I s
%
s>

Intro Redes Neuronales



Principales Ideas

Optimizacion: Gradiente descendiente

0PTIMiTA 0N

~ QhADINTE ODUMIMTE

wmin U (/Wll b)

w,.b
[EEEES|

)
W& W- avsx::o.bo

b <« b- g\VFL:U:b-)

@ Obsérvese que J depende de los n ejemplos de entrenamiento.
Si para el célculo de J y VJ se usan todos los ejemplo se
llama batch learning.
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Optimizacion: Gradiente descendiente

@ Ahora, en general el problema de calcular:

oJ(w,b) 0J(w,b)
ow = 0b

(1)
es dificil, excepto si se explota la estructura recursiva de una

red neuronal. Esto es lo que se conoce como back propagation,
técnica que se apalanca fuertemente en la regla de la cadena.
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Optimizacion: Gradiente descendiente

Ejemplo funcién logistica: un ejemplo

@ Supongamos que hay dos variables predictoras y tenemos un
problema de clasificacion.

Z=Wwixy + Woxo + b,
a=0(z),
LD, yD) = -yDin(p®) - 1 - yD)in(1 - y),
J(w,b) = L(y?,y1))

J(w,b) =L(a(z),y), donde z=wix;+wrxp+b

:>8J(W,b)_8J da 0z _
ow;  Oa 0z Owm
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@ Con funcidén de activacién sigmoid:
o  a-y da 0z

i 29 PeZ=a(1- i
da a(l-a) 0Oz aer=all-a), Bw L
@ La derivada para b:
0J 0J 0Oa Oz 0J 0Oa
—=—-—-—2=db db=—. -—=
~ 9b 0a 0z 0b ~ P 92 oz

Con funcién de activacién sigmoid:
dw; = (a(z) - yD)xD

db = a(z(D) -y
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Optimizacion: Gradiente descendiente

Ejemplo funcién logistica: Varios ejemplos

@ Ahora calculamos el gradiente cuando hay varios ejemplos:

1 & ~ (i i
Jw,b) = =52 £(5D,y))
i=1

0J(w,b) 1 i oL,y ")
ow;  mi Iw;

1 & i WG
= — () ~y D)
i=1

OJ(w,b) 1 & )y _ (D)
o= 2oz -y )
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