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O Perceptron Digital: y=signal(X w; x; - 0)
(funcao de transferéncia tipo “degrau”)

. Viabiliza a classificagao de padrdes com
separabilidade linear

. O algoritmo de aprendizado adapta os Ws de forma a
encontrar o hiperplano de separagao adequado

. Aprendizado por conjunto de treinamento

Exemplos - de
Pares (x0;x1) -
da classe A

Hiperplano —
Separador

X >
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E se a saida do nosso problema néo for digital?
O “Perceptron Continuo”: y=tgh(Z w; x; - 0)

. Que problemas de entradas continuas conseguimos
atacar usando uma funcéo de transferéncia tangente
hiperbalica)

Hiperplano -
em que y=0 -
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Cbmputos mais complexos ... sdo realizados
pelo encadeamento de varios nos
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A conexao entre um axonio de um neurodnio € um
dendrito de outro ¢ denominada Sinapse
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Trés arquiteturas neurais importantes:

ou recorrentes em geral

1) MLP 2) Memori 3) Mapas Auto-
- Multi Layer Associativa Organizaveis
Perceptron opfield de Kohonen

; o o o
\/ \/ \/ \/ [/ !“9 ko
‘w‘ w w y‘ ol
N 'o‘w \w \”" Izl dllig
,AA AQA AQA A’OA, i [ [
AW AW A

ENTRADA
.
.

Prof. Emilio Del Moral Hernandez

O Multi Layer Perceptron (MLP)

Multiplas entradas / Multiplas saidas / Multiplas camadas
Variaveis (internas e externas) analégicas ou digitais
Relacdes lineares ou nao lineares entre elas

Proc. Nao Linear de Sinais

Decisao

Estimacao

Kolmogorov, Cybenko (~1990) ‘
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Caso particular de uma rede de uma unica camada de
neurdnios escondidos (e um neurdnio na saida)

X — —> Yrede

X! = RNA— Yrede

—

“MLP de Cybenko”
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MBP — uma plataforma didatica para redes neurais
gratuita, de facil uso e com 12 excelentes tutoriais

site http://mbp.sourceforge.net/

E.o Multiple Back-Propagation

TuToRIAL

. Introduction (includes the MBP Algorithm)

. Creating the training and the test datasets

. Defining the topology of the neural networks
Configuring the activation functions of the neurons
. Defining the neural network learning configuration
. Training a neural network - Part I (regression)

. Training a neural network - Part II (classification)
. Copying data and graphics

. Initialize, view, save and load the neural network weights
10. Load and save a neural network

11. Generate C code from a trained neural network

12. Analyzing the input sensitivity of a neural network

CENOUBWN R

Ambiente desenvolvido pelo Prof. Noel Lopes e colaboradores
— Instituto Politécnico da Guarda — Portugal
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Exemplo de tela do ambiente MBP
definindo uma Rede Neural
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Algumas Telas do MBP
Mudando a fungao do né neural
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Modelagem com o MLP
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Modelagem de um sistema por fungédo de mapeamento X ->y
(a RNA como regressor continuo nao linear multivariavel)

\ ¥ ... do mundo
\\‘A analogico . .
(continuo) Assumimos que a variavel y do

— Yy sistema a modelar é uma fungao
(normalmente desconhecida e
possivelmente nao linear) de
diversas outras variaveis desse
mesmo sistema

sistema a
modelar

—
\.

\\‘A A RNA, para ser um bom

T . modelo do sistema, deve
X _ RNA Yrede reproduzir essa relagao entre X

/4" e y, tdo bem quanto possivel
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RNAs como reconhecedor de padrdes ...

sistema a

— X é um “padrao” notavel?

Yrede

Sim () Nao ()

V... mundo bindrio
(sim x ndo)

() -1()
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Capacidade de reconhecimento de padrées em
casos complexos NAO LINEARES

Com as RNAs, a hipersuperficie de separagdo entre
classes vai muito além dos hiperplanos
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O Conjunto de treinamento como amostragem do
universo (infinito) de possibilidades (X ; y)

sistema a

X modelar y

Tabela
de
amostras

\\\ (X;y)

X/ 7 RNA— Yred

—

O sistema a modelar na
pratica nao é observavel em
todas as infinitas situagées
possiveis para as entradas X.

Somente o observamos em
“casos”, ou seja, amostras
isoladas de X e dos
correspondentes .

Esses casos isolados,
supostamente muitos e
representativos, formam o
conjunto de treinamento, ou
seja, um “retrato amostrado”
do sistema real.
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Conjunto de treino em arquiteturas supervisionadas (ex
classico: MLP com Error Back Propagation)

Sistema Fisico,
Econdmico,
Bioldgico ..

. \@*Y

Conjunto
de M
Amostras

(X” y"

A computacgao desejada
da rede pode ser definida
simplesmente através de

amostras / exemplos do
comportamento requerido

1 M —_—
Eqm:HZ“(ymze(X”,W)—y”)2

=1

| . em loop ...

AW = =/} VEqm

\ .
X Yrede
Aprendizado: Espacgo de pesos W é explorado

visando aproximar ao maximo a computacao da
rede da computacao desejada




De onde vem o grande
poder do MLP?
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Universal approximation theorem
From Wiipedi, th ree encycopedia

Inte ot artfclal the universal

hat a feed-forward network wih a single idden fayer containing a e number of neurons (L., a multiayer percepiron), can approximate
continuous functions on compact subsets of R", under mikd assumptions on the activation function. The theorem thus states thal simple neural networks can represent a wide Variely of ineresting functions when given appropriate parameters; it does
ot touch upon the algoriihmic leamabily of those parameers.

One of the first versions of the theorem was proved by George Cybenko in 1989 for sigmoid activation functions. 2!

Kurt Hornik showed In 19917 that it 1s not the specific cholce of the activation function. but rather the multiayer feedforward architecture ftself which gives neural networks the potential of being universal approximators. The output units are always
assumed to be linear. For notational convenience, only the single outpu ase will be shown. The general case can easly be deduced from the single ouput case.

Formal statement [esi

The theorem PRIl in mathematical terms:

Let g(-) be a nonconstant, bounded, and monatoni ¢ Let I, denote the ith
Ollm) and ¢ > 0, there exist an integer N and real constants o, b, R w; =

Fla) =3 awp (wle + 1)
NP

|F() - f(2)| < e

for all X € I, In other words, functions of the form F(x) are dense in )

Ibe [0,1]7. The space of continuous functions o I, ks denoled by C{l). Then, given any function £ <

™ where /= 1. ... N such that we may define

References (e

1.~ Balizs Ceandd Cssj. Approximation with Aifcal Neura Networks: Faculty of Seences: Eotvos Lordnd Universty, Hungary
2. 425 Cybanko, G. (1689) "Approimations by superposions o sigmoicalfunctions’ 3, Mathernatics of Control, Sgnals and Systems, 2 (), 103314
3. 2 Kurt Homik (1991) "Approsimation Capabities of Multayer Feecforward Networks, Neural Netorks 42), 251-25T

4. Haykin, Smon (1268). Neura Netwrls: A Compranancive Foundation, Vlume 2, rentice Hall. ISBN 0-13.273350-1

5. Hassoun, M. (1995) Fundamentals of Aticial Neural Networks MT Press, . 48

£ s applied mathematis-related artice s a sub. You can help Wikipedia oy expanding i

Categories: Theorems in discrete mathematics. twork Network architectt

Networks | Information, knowledge. and uncertainty | Applied mathematics stubs
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assumed to be linear. For notational convenience, only the single out

Formal statement [edit]

The theoremZEH4E in mathematical terms:

Let @(-) be a nonconstant. bounded, and monotonically-increay
Cil) and € = 0, there exist an integer A and real constants a;,

N
T
Flz)=) ap ("'—”:' T+ bt-)
i=1
H5 an approximate realization of the function Fwhere 7is indepe

|F(z) = flz)| <e

for all x = I, In other words, functions of the form F{x) are den

assumed to be linear. For notational convenience, only the single out

Formal statement [edit]

The W[E‘IH}[EE in matnematmaﬁmsr

Let ¢(-) be a nonconstant. bounded, and monotonically-increay
(I\.} and € = 0, there exist an

G nteger A and real constants o,
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assumed to be linear. For notational convenience, only the single out

Formal statement [edit]

The theoremZEH4E in mathematical terms:

Let @(-) be a nonconstant, bounded, and monotonically-increay
Cil) and € = 0, there exist an integer A and real constants a;,
N

n approxdpate realization :_Mere fis indeps
7

|F(z) = flz)| <e

for all x = I, In other words, functions of the form F{x) are den

Cybenko — a prova matematica, disponivel para
download na internet, é bastante complexa

Mach, Comtrol Siguale Sysoems (1999) 2 30)-) 14 —| |'m 5 of Control,
.! ..' ,_._”s__",_' _' 30 G. Crbmske n
4. Results for Other Activation Functions sed are quite powerful, we
that remain (0 be answered
In this section we discuss ivati : pprox immation (or equivalently,
tion properties similar to the ones enjoyed by continuous sigmoidals. Since these dmation of 4 given quality?
Approximation by Superpositions of a Sigmoidal Function® other examples are of somewhat less practical interest, we only sketch the corre- 1 a role in determining the
suspect quite strongly that
Gi Cybenkot There interest i igmoidal functions such hnt s will require astronomical
Abstrnct. Ln this Semomateats 1041 hde L ccmmabtzces o limiters {o(x) = | for x 2 0 and e{x) = 0 for x < 0) Di that plagues
yeind et mmm_ﬂumnmumoﬂmdmmdwdlm‘ Some recent progress con-
Iheyaseal sroumated and the number
Mypercebe. oaly mild condinas Wt imposed o4 (b4 e ariadd leactor Ot ) pen and Gamba 5 [MP), ound in [MSJ] and [BH],
[y— Y p——— Ammwblbwmmn sigmoidal function. We have an analog  #ePess of the results of this
L - of Theorem 2 that goes as follows: SN ScNmOn.
hdt mighe b implomantd by woial avara! setwerta mm Let & be bownded measurable sigmoidal function. Then finite sumss of :mﬁwnlmu‘-?*m:
Koy words. Newrad secworka, Agpronmates, Complricne. = ‘erences, and improvements
Glx) = ; ao(y]x +8)
& Sapulostn are dense in L'(1,). In other words, gisen any [ & L'(1,) and ¢ > 0, there is @ sum,
A number of diverse application areas are concerned with the representation of Gix), of the above form jor which
of variable, x ¢ R,
o of e form * IG-II,.--J- 1660 - Sl dx < e T
) wralaation’, Newrsl Comput (10
L m The proof follows the proof of Theorems | and 2 with obvious changes such &8 sem usd contel, 1EEZ Comrsd
L)
where y, € R* and x,, #'¢ Rare fixed. (5" is the transpose of y 5o that y"x is the inner L) The Siscrimi ; A Cuandying learmabie promerric
s fri ' umdm::l;:l.z_(“m g b changes to the uu_:;"”h g
of the application. Our major concern is with so-called rigmoidal o' * Ao .
- dx=0
oln-{"l : :-_::' _[, olr"x + )hix) dx 1nets wsing the Rado trassform,
" for all hix) = Hodden Layers are Sulficent,
Such functions arise naturally in newral petwork theory as the activation function m“;im ford
myunnn-ummmmlm-md Usiversey. I
m%nrrr--mrmu.z[;llﬂkuzmm :luhmhmabebummu of inear combinations, SIAM J.
p ;s ” in L' implies in measure [A], we have an analog )
of Theorem 3 that goes as follows: - bl
[y ee———— s - B Troms. Acoust Spesch Supnsl
it P o D 190 OV, Coman PRS00 s D8 ot PO Theorem S, Let o be a general sigmoudal function. Let | be the decision function
senzsm Jor any finite measurable partition of I, For any & > 0, there is  finite sum of the ~ *Morward networks are univenal
Engmerring, Univerry of (lince, Urbass, [liaces #1801, USA Jorm " . ;'n.mu-_u:--n—.l
- Gt = £ aetr]x +6) e
andaset D el s0 thatmiD)> | ~cand a8

1GG) = flxll <& Jor xeD. . University of Lowsl, 1981,




Questoes intrigantes, p/ esta aula e p/ pensar em casa ...

- No que impacta escolhermos o “epslon” de Cybenko de alto valor? O
que muda na estrutura de Cybenko com isso?

- No que impacta escolhermos o “epslon” de Cybenko de baixo valor?

- Como definimos o niimero de nos da primeira camada do MLP ? Isto
pode ser definido a priori, antes de testar o seu desempenho? (por
exemplo com base no niimero de entradas da rede e/ou com base no
numero de exemplares de treino M?)

- O que ganhamos e o que perdemos se escolhermos usar POUCOS nos
na construcdo rede neural?

- O que ganhamos e o que perdemos se escolhermos usar MUITOS nos
na construcdo da rede neural?
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