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I. Introducao

= O Neuronio Natural

= Origens: Rosenblatt, Minsky, Papert
m Perceptron e Redes Neurais Artificials
s Backpropagation

s SituacOoes em que devem ser usadas Redes Neurais
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Neuronio Natural

s Diferencas entre Neurdnios Bioldgicos e Artificiais

Complexidade das conexo0es

Velocidade

Densidade

Tipos de sinais

Implementacao de algoritmos

RepeticOes de cadelas de sinais

Video (microscopia em culturas de células de ratos)
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Video Microscopia Stanford

m Prof. Ciro da Silva, USP — cultura de células do
hipocampo de ratos

= Microscopia com reproducédo em velocidades de 30 a
100 vezes o tempo real

s Destaques
Ax0Onio e dendritos
Complexidade
Crescimento; formacao de conexdes
Atividade
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Origens

McCulloch e Pitts (1943) — Modelo do Neuro6nio

Rosenblatt (1958) — Algoritmo do Percepitron

Minsky e Papert (1969) — Perceptrons

Rumelhart, Williams, Hinton (1986) — Backpropagation

Proceedings IEEE, |EEE Trans. Neural Networks
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Perceptron (Single Layer)
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Notacao Detalhada

U; = Zj Wi ;L 4 + b?;
0; = f(u;)
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Funcdo de Ativacao

e’ —e
f(u) = tanh(u) flu) = T
U —u\2 _ (p,u  —u\2 ‘
af  _ (e" +e ) Ee 5 e ") 1 — tanh*(u)
du (e" +e )
df ‘
=1— f?
du /
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Notacao Detalhada

e, =1t;, — 0;
2
J = =t J = J(W.b,x)
J = : > J(W,b,x)
- card{x} g L

(W*,b*) = argmin .J
(W.b)
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Idéia Basica (atualizagio W e b)
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Regra da Cadeia e Derivadas Parciais
Yy = f(:l?l?w?)
r1 = g(u,v) ro = h(u,v)

oy of  0Ox of  Oxsy
ou 0x1 ou  Oxs ou
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Calculo do Gradiente

= a7 ‘ Pt P — 8’, — O,'
9, b?; s, €; s, 0; ou,; i d ;,; : ‘

SR

o.J 0.J (967; 9, 0; 0 U; o ( 1 9 )
4 — ¢ ¢ ‘ ‘ — — G4 - O L j
dm; j d@@ dO?; 0 U; dU)?; j v

U; = Wi1X1 + Wigd2 + ..o + Wi+ oo + W MTM

£z j
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Notagdo Simplificada

u=Wx+b W ¢ RVxM
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Notagdo Simplificada

0.J ou odo Ode 0J

ob  Ob dJu 0Jdo Oe

// Vo

(I-diag®(0)) —I eeRN*!
c RNXN c RNXN
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Notagdo Simpliticada: du/dW

51 w11 w12 cer Wy e WM I
U2 w21 w2 T Wy e Wanm o

U, Wi Wio - Cee Wi x;

li’ j\T | u’T J\T J_ ’U‘_ITJT\IT 2 e u’? j\T _} e u’T J\T _'1\\[ _ :I: '1\»[
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[I. Multilayer Perceptron (MLP)

+1

T

W21
i) W12

W99

w13
T3 4’21]23/

W14 Wou
X4

W:MXxP V:NXxXM
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Notacao Detalhada

Yi = > WijTj + b j=1,....P (P=4)
i=1,...,M (M =2)
2 = f(yi)
Up = Y, Vg2l + Ck l=1,....M (M =2)
k=1,....,N (N =3)
O = f(uk:)
9
€L = tk — Ok J = 2261{
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Gradiente na Camada de Saida

0J 0J 86;{ 301{ Guk 9

3 — ¥V § § § — _ek ]' o O‘ ¥
dck dek dOkT duk dc;{ ( k')
¢ — ¢ ‘ ¢ ¢ — ;‘C o » Z
OV ey, Do OJup  Ovg .
0.J
; =
0b;
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Gradiente na Camada Escondida

0.J

: =7
0b;
U1
U9
by — Yi — z;
unN
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Gradiente na Camada Escondida

Y1 wq1 w19 Wy wp i I [ bl =1 f(yl)
Y2 Wa1 W22 wa; wap U2 b z2 f(y2)
Yi Wi W;9 w;p €T @ 2 fly:)

L YUnm ] | Wa1o Wag2 o ot Wargo ottt WP | zp | Y *M L Fyar)
uq Uir V12 vy s UM 21 1 [ 01 | [ f(ug) ]
U Vo1 V22 Vgt Uam Z9 €2 09 flus)

= ‘ ‘ ‘ h X + _ — :
U Ul Vg2 ot Ul Uk M 2 Ch O flug)
UN | Un1 Un2 o Unp o Unm ] L2 | L oen | on | | flun) |
€1 i [ tl — 01 i
€9 ta — 02
2
>
= 2
€ fk — O}
eN ] L fj\e' — ON |
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Gradiente na Camada Escondida (b)

(1 —07) U1 (1 — 22
oJ B der  doi [ Ouy \0z 0Oy
8bz a 861 801 8u1 W 81{/,,, 852

oJ des Odoy Ous 0z Oy;
(962 802 8u2 (92Z 83/?; 8[)1

+ ...

oJ deny dony Ouny 0Oz 0Oy,
deny  don  Oun 0z; dy;  Ob;

0.J : ‘ : :
= —e1 (1 — 0%)1)1,,;(1 — zf) —ea(1 — Oé)’Uszi(l - 232)

— .. — EBN(I — O?\;)”Né(l — le)
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Alternativamente (d]J/db.):

oJ 5 oJ  Oep Oop Oup 0Oz;  Oy;
ob; % Oe, Oop Our 0Oz Oy Ob;

0.J | |
ob; >k —en(l = 0 )uri (1 — 27)

o0.J
86, - (1_Z )Zk ka( k'.)ek,
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Gradiente na Camada Escondida (W)

€1 (1 —0%) U1, (1 — 22
oJ OJ ey 0 our \O0z; Y n
ow;; e Joq 821,1 w dy; 0w,
89] 06’2 802 8%2 822 8@/5, +
862 802 821;2 822 8:(/?; Qwij o
L 0.J deny Oony  Ouny 0z DY;
deny  dony  Oun 0%; Oy,  OJw,;,
0.J 2 2 2 2
= —ey(1 —of)v1i(1 — 27)x; — ea(1 — 05)va; (1 — 27)x;
()U*z‘}

— ... = E%N(l — O?\r)?z’f\f-é(l - zzz)qj
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Alternativamente (dJ/dw;):

0J _y oJ 0Oe. dop Oup 0z Jy;
ow;;  =F de, Do,  Oup Oz Oy Owgy

0. | |
W, ; = > —er(l — o) (1 — 27)z,
0. | |
g, il ) kil — 0} ey,

Slide 25 — José Gabriel R. C. Gomes — 08 de novembro de 2011



Extensao para o Caso Geral

y =Wx+b W € RMxP
z = f(y)
u=Vz+c V e RV>xM
o= f(u)
e=t—-o

T
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Extensao para o Caso Geral

0.J ou Jdo e 0J
oc dc Ju odo e

= —(I-diag®(0))e

oJ  Ou . Jdo oOe 0J
oV oA Ju o0Jo Oe

= —z! © (I-diag?(0))e
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Extensao para o Caso Geral

()Joy[()z@(()o De ()J)]

ob  0Ob oy @ ou 0Jo Oe

— —(I—diag2(Z))VT(I—diagQ(0))9

0] oy @laz @(()o de  J )]

oW oW oy @ du 0Jo Oe

— —xT & (I-diag?(z)) VT (I-diag2(0))e
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du/dz = V!

U1
(e)

U

V11

U21

Uk1

ou 1 0 U9
0z M 0z M

UN2

U1

U]

Ukl

UN]
ou N

(321

ou N

(322

ou N

(92]\,1
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Notacdo Simplificada Formal

u; = Wix + by

o = f(u)
us = Ws0q + b
02 = f(uz)
e=1t— 09

I ele
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Notacdo Simplificada Formal

0.J B 8112 802 e 0J
abg B abg (9112 802 e

= —(I-diag®(0»))e

0J B 8112 o (902 e 0.J
8W2 N (9W2 (9112 (902 oe

= —oi © (I-diag?(02))e
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Notacdo Simplificada Formal

0.J (9111 [ (901 (9112 ( (902 oe 0.J )]

(91)1 B 8b1 (9111 (901 (9112 (902 e

= —(I-diag?(0;)) W1 (I-diag?(02))e

0.J 8111 o (901 (9112 (902 de 0J
oW 4 oW ou; 00y Ju, 0Joy  Oe

= —xT © (I-diag?(0,)) W1 (I—diag?(0y))e
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Notagdo Simp. Formal - 3 Camadas

u; = Wix + by

o; = f(uy)

us, — Ws0; + by e=1t—o03
T

02 = f(uz) J = e;

us; = W30, + b3
03 = f(us)
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Notagdo Simp. Formal - 3 Camadas

0.J ous ( Jdos de  OJ )

dbg B dbs dus Jdos OJe

= —(I—diag?(03))e

oJ dus [ doz Ode IJ
IW 3 OW3

dus Jdog Oe

— _ol' (I—I']i&lﬂQ(DSJJE
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Notagdo Simp. Formal - 3 Camadas

dus dog OJe

o.J Oug Jdoo  Ous Jos de o.J
dbo dbo ; s

dus  Jdog

= —(I—tiliﬂ.}_‘;ﬂg DQDVVT(I—"HEHEQ 03) =
3

o.J dug | OJog  Oug dog de oJ
IW 5 OWs | Ous  Oos Jus Jdos OJe

= —o] & (I-diag®(02))W1 (I-diag?(03))e
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Notagdo Simp. Formal - 3 Camadas

0. ouy { doy  Ous [ Jdog  Ous ( Dog de  OJ )]}

dbq - dbq duy  Jdog dus  Jdog dus Jdos OJe

= —(I-diag®(o01))W3 (I-diag?(0s) )W (I-diag®(o3))e

a.J Juy { Jdoy Ous

doy  Jdug Jdog de o.J
dus  Jdog dus doz Jde

= —x!' © (I-diag®(0y))Wi (I-diag?(02)) W1 (I-diag?(03))e

ou;  Jdoy
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Implementacao - Modo Seqiiencial

fim=0:n=1:7=1;
while not(fim),

end;

% [1] Feed-Forward
x=x(n);

u; = Wix+ by
us = Wooq + bo:
uz = W309 + bs:
e=1t—o0;

% [2] Error Backpropagation

Mz = I—diag?(03);

M, = I—diag?(02);

M; = I-diag?(o;):

% [3] Atualizacoes

bs = bs + nAbs;

ba = bs + nAba:

by = by +nAby;

% [4] Critério de Parada

o1 = f(uy);

02 = f(ug);

03 = f(uz);

J(i) = 0.5+ (eTe)

as = Mje; Abs = ag;
g = I\z‘lgwgﬂgi Abs = as;
= I»-’Ilwgag: Ab; = aq;

W3 =W;j3+11AWj;
Wy =Wy + 1AWy,
W, =W, + ?;&le

if (i >1) & (J(i)— J(i—1))/J(i) <9, fim= 1;
elsen=ang;n=n+1;itn >N, n=1;endif; i =i+ 1; end if;
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Implementagao - Modo Seqiiencial

% 070626 gabriel@pads.ufrj.br [2] — ExemplolSequential.m
close all; clear all;
% [A] Data

C=[0011;0101];
rand('state’,0)
X=[;P=1;
for k = 1:size(C,2),
X = [X 0.7*rand(2,P)+repmat(C(:,k),1,P)];
end;
X = X - repmat(mean(X,2),1,size(X,2));
plot(X(1,:),X(2,:),'k.");
t=[];T=[1-1-11];
for k = 1:size(C,2),
t = [t repmat(T(k),1,P)];
end;

% [A1] Randomize Data Order

randn('state’,0);

X = [X; t; randn(1,size(X,2))];
X = sortrows(X,4)';

t = X(3,:); X = X(1:2,3);

% [B] Network Init
% [B1] Parameters

K = 2; % Number of Layers

eta = 0.5; % Learning Rate Initial Value

Delta = 1e-4; % Stop Criterion

N = size(X,2); % Number of Input Vectors

E = 4*P; % Number of Feed-Forward Iterations per Epoch
alpha = 0.999; % Learning Rate Decay Factor

eta = 0.5;
alpha = 1;

% [B2] Layers

L(1).W = rand(2,2)-0.5;
L(1).b = rand(2,1)-0.5;
L(2).W = rand(1,2)-0.5;
L(2).b = rand(1,1)-0.5;

% [C] Sequential Error Backpropagation Training

n=1; i=1; fim=0;
while not(fim),

% [C1] Feed-Forward

L(1).x = X(:,n);

fork = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;

end;

e = t(n) - L(K).o;

(i) = (e'*e)/2;

%o [C2] Error Backpropagation

L(K+1).alpha = e; L(K+1).W = eye(length(e));
for k = fliplr(1:K),

L(k).M = eye(length(L(k).0)) - diag(L(k).0)*2;
L(k).alpha = L(k).M*L(k+1).W'*L(k+1).alpha;

L(k).db = L(k).alpha;
L(k).dW = kron(L(k).x',L(k).alpha);
end;

% [C3] Updates

for k = 1:K,
L(k).b = L(k).b + eta*L(k).db;
L(k).W = L(k).W + eta*L(k).dW;
end;

%o [C4] Stop criterion

if (i>1),
if (abs(3(i)-1(i-1))/3(i) < Delta) | (i>1000),
fim=1;
end;
end;
if not(fim)

i =i+1; n = n+1; if n>N, n=1; end; eta = eta*alpha;

end;

end;
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% [D] Test

hold on;
for n = 1:size(X,2),
L(1).x = X(:,n);
fork = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;
end;
if L(K).o < 0, plot(X(1,n),X(2,n),'ko"); end;
end;
figure; plot(J);
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Exemplo - Modo Seqtiencial
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Implementagao - Modo Batch

fim=0:n=1:7=1:
while not(fim),

end;

Ab; =0: AW, =0; Aby =0: AW, =0; Ab3 =0; AW3 =0; J(i) =0;
for e = 1:F,
% [1] Feed-Forward
r = x(n);
u = Wix+by: 01 =
uy = Wyoy +by; 09 =
uz = W0y + bs; 03 = f(us):

e=t—o; J(i) = J(i) + 0.5+ (ele);
% [2] Error Backpropagation
Mj = I—:‘liz-l.g2(03): ag = Mae; Abs = Abs + a3; AW3=AW; + og ) ag;

M, = I-diag?(0s); as = MaWlas; Abg = Aby + as; AWy = AWy + o © ag;
M; =I-diag?(01); a3 =M;Wlas; Aby =Aby +a;; AW, =AW, +xT @ ag;
n=n-+1:iftn>N,n=1; end if;

end;

% [3] Atualizacoes

bs = bs +nAbs; W3 = W3 +nAWj;

bs = by + nAbs; Wy = Wy + AW

by = by +nAby; W, =W, +nAWq;

% [4] Critério de Parada

J(2)=J(i)/E:

if (i >1)& (J(i)—J(i—1))/J(i) <9, fim= 1;

elsen=amn=n+1;ifn>N,n=1;endif; i =i+ 1; end if;
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Implementagao - Modo Batch

% 070626 gabriel@pads.ufrj.br (2D) — ExemploiBatch.m

close all; clear all;
% [A] Data

C=[0011;0101];
rand('state’,0)
X=[;P=1;
for k = 1:size(C,2),
X = [X 0.7*rand(2,P)+repmat(C(: k),1,P)];
end;
X = X - repmat(mean(X,2),1,size(X,2));
plot(X(1,:),X(2,:),'k.");
t=[];T=[1-1-11];
for k = 1:size(C,2),
t = [t repmat(T(k),1,P)];
end;

% [A1] Randomize Data Order

randn('state’,0);

X = [X; t; randn(1,size(X,2))];
X = sortrows(X,4)’;

t = X(3,:); X = X(1:2,:);

% [B] Network Init

% [B1] Parameters

K = 2; % Number of Layers

eta = 1; % Learning Rate Initial Value

Delta = 1e-6; % Stop Criterion
N = size(X,2); % Number of Input Vectors

E = 4*P; % Number of Feed-Forward Iterations per Epoch

alpha = 0.99; % Learning Rate Decay Factor

eta =0.7;
alpha =1;

% [B2] Layers

L(1).W = rand(2,2)-0.5;
L(1).b = rand(2,1)-0.5;
L(2).W = rand(1,2)-0.5;
L(2).b = rand(1,1)-0.5;

%o [C] Batch Error Backpropagation Training

n=1; i=1; fim=0;
while not(fim),

for k=1:K,
L(k).db = zeros(size(L(k).b));
L(k).dW = zeros(size(L(k).W));

end;
(i) =0;
for ep=1:E,

% [C1] Feed-Forward

L(1).x = X(:,n);

for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;

end;

e = t(n) - L(K).o;

J(i) = (i) + (e'*e)/2;

%o [C2] Error Backpropagation

L(K+1).alpha = e; L(K+1).W = eye(length(e));
for k = flipir(1:K),
L(k).M = eye(length(L(k).0)) - diag(L(k).0)"2;
L(k).alpha = L(k).M*L(k+1).W'*L(k+1).alpha;
L(k).db = L(k).db + L(k).alpha;
L(k).dW = L(k).dW + kron(L(k).x',L(k).alpha);
end;
n = n+1; if n>N, n=1; end;

end;
% [C3] Updates

for k = 1:K,
L(k).b = L(k).b + eta*L(k).db;
L(k).W = L(k).W + eta*L(k).dW;
end;
(i) = I(i)/E;

%o [C4] Stop criterion

if (i>1),
if (abs(3(i)-3(i-1))/3(i) < Delta) | (i>1000),
fim=1;
end;
end;
if not(fim)
i = i+1; if n>N, n=1; end; eta = eta*alpha;
end;

end;
% [D] Test

hold on;
for n = 1:size(X,2),
L(1).x = X(z,n);
for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).0;
end;
if L(K).o < 0, plot(X(1,n),X(2,n),'ko"); end;
end;
figure; plot(3);
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Exemplo - Modo Batch
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Implementacdo — Detalhes Praticos

Pré-processamento ; reducéo de dimensao

Faixa dinamica adequada (escalamento e normalizacéo); saida

Conjuntos 60/20/20 (N grande); dimensionamento da rede

Inicializacéo

Usar taxa de aprendizado baixa

Generalizacado e overtraining, ruido; outliers

Linguagens de programacao

Extensdes: validacdo cruzada, confusao, outros tipos de J, adaptacao
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Momento

= Até agora:
bk — bk + T]Abk:
W,’{ — WI{T + 'T]AWI:
N = an

s traingd.m (alpha = 0)

m traingda.m (alpha <> 0)
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Momento

(bp W)’H—l — (b7 W)z, —+ 77;,(Ab, AW)L

N;4+1 = A1)

p=0: Pi+1 = Pi

141 = Q)

v, = 1,Ap;

/

Vi = NiAp; + v

0<p<l: Pir1 =P €Ap; + M‘E

Ni41 = )
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Momento - Implementacio

vy =nx*x L(k).Ab + px L(k).vy;

b =L(k)b+ L(k).vs

v =n% L(k). AW + p*x L(k).vy;
W = L(k).W + L(k). vy

= Inicializacéo:

for k = 1:K, L(k).vy, = 0; L(k).viy = 0; end;
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Momento - Implementacio

= Regra “delta” generalizada:

L(k). vy, =n*x L(k).Ab 4+ pux L(k).vy;
L(k)vw =n* L(k).AW 4+ px L(k).vy;

Se 1 =0, tem-se a regra “delta” basica.
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Momento - Implement. Alternativa

for k = 1: KK,

E)ve =mn% (1 —p)* L(k).Ab + p* L(k).vy
L(k).b= L(A) b+ L(k).vy

L(k).vy = -77 X (1 — L) * L(A) AW + o« L(k).vyy;

s traingdm.m
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Momento - Implement. Alternativa

i =1 0<pu<l1
Pi+1 = Pi + NApP; + pviq Vi = NApP; + 1vi_1
Vi = NAp;

vy = nAps + vy = nAps + unApq
vs = 1Aps + uve = nAps + unAps + ,MQUAIZM

Vi =15 Apipt
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Momento - Exemplo Seqiiencial

% 070627 gabriel@pads.ufrj.br [2]
% ExemplolSequentialMomentum.m

close all; clear all;
% [A] Data

C=[0011;0101];
rand('state’,0)
X=[LEP=1;
for k = 1:size(C,2),
X = [X 0.7*rand(2,P)+repmat(C(:,k),1,P)];
end;
X = X - repmat(mean(X,2),1,size(X,2));
plot(X(1,:),X(2,:),'k.");
t=[];T=[1-1-11];
for k = 1:size(C,2),
t = [t repmat(T(k),1,P)];
end;

% [A1] Randomize Data Order

randn('state’,0);

X = [X; t; randn(1,size(X,2))];
X = sortrows(X,4)';

t = X(3,:); X = X(1:2,:);

% [B] Network Init
% [B1] Parameters

K = 2; % Number of Layers

eta = 0.5; % Learning Rate Initial Value

Delta = 1e-4; % Stop Criterion

N = size(X,2); % Number of Input Vectors

E = 4*P; % Number of Feed-Forward Iterations per Epoch
alpha = 0.999; % Learning Rate Decay Factor

mu = 0.9; % Momentum constant

mu = 0.9;
eta = 0.1;
alpha = 1;

% [B2] Layers

L(1).W = rand(2,2)-0.5;
L(1).b = rand(2,1)-0.5;
L(2).W = rand(1,2)-0.5;
L(2).b = rand(1,1)-0.5;

for k=1:K,
L(k).vb = zeros(size(L(k).b));
L(k).vW = zeros(size(L(k).W));
end;

%o [C] Sequential Error Backpropagation Training

n=1; i=1; fim=0;
while not(fim),

% [C1] Feed-Forward

L(1).x = X(:,n);

fork = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;

end;

e = t(n) - L(K).o;

(i) = (e*e)/2;

%o [C2] Error Backpropagation

L(K+1).alpha = e; L(K+1).W = eye(length(e));
for k = fliplr(1:K),
L(k).M = eye(length(L(k).0)) - diag(L(k).0)*2;
L(k).alpha = L(k).M*L(k+1).W"'*L(k+1).alpha;
L(k).db = L(k).alpha;
L(k).dW = kron(L(k).x',L(k).alpha);
end;

% [C3] Updates

for k = 1:K,
L(k).vb = eta*L(k).db + mu*L(k).vb;
L(k).b = L(k).b + L(k).vb;
L(k).vW = eta*L(k).dW + mu*L(k).vW;
L(k).W = L(k).W + L(k).vW;

end;

%o [C4] Stop criterion

if (i>1),

if (abs(3(i)-3(i-1))/3(i) < Delta) | (i>1000),

fim=1;

end;
end;
if not(fim)

i =i+1; n = n+1; if n>N, n=1; end; eta = eta*alpha;
end;

end;

% [D] Test

hold on;

for n = 1:size(X,2),

L(1).x = X(:,n);
for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o0;
end;
if L(K).o < 0, plot(X(1,n),X(2,n),'ko"); end;

end;
figure; plot(J);
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Momento - Exemplo Seqiiencial
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Momento - Exemplo Batch

% 070628 gabriel@pads.ufrj.br (2D)
% ExemploiBatchMomentum.m

close all; clear all;
% [A] Data

C=[0011;0101];
rand('state’,0)
X=[;P=1;
for k = 1:size(C,2),
X = [X 0.7*rand(2,P)+repmat(C(: k),1,P)];
end;
X = X - repmat(mean(X,2),1,size(X,2));
plot(X(1,:),X(2,:),'k.");
t=[];T=[1-1-11];
for k = 1:size(C,2),
t = [t repmat(T(k),1,P)];
end;

% [A1] Randomize Data Order

randn('state’,0);

X = [X; t; randn(1,size(X,;2))]’;
X = sortrows(X,4)’;

t = X(3,:); X = X(1:2,3);

% [B] Network Init

% [B1] Parameters

K = 2; % Number of Layers

eta = 1; % Learning Rate Initial Value

Delta = 1e-6; % Stop Criterion
N = size(X,2); % Number of Input Vectors

E = 4*P; % Number of Feed-Forward Iterations per Epoch

alpha = 0.99; % Learning Rate Decay Factor
mu = 0.65; % Momentum constant

mu = 0.9;
eta = 0.1;
alpha = 1;

% [B2] Layers

L(1).W = rand(2,2)-0.5;
L(1).b = rand(2,1)-0.5;
L(2).W = rand(1,2)-0.5;
L(2).b = rand(1,1)-0.5;

for k=1:K,
L(k).vb = zeros(size(L(k).b));
L(k).vW = zeros(size(L(k).W));
end;

%o [C] Batch Error Backpropagation Training

n=1; i=1; fim=0;
while not(fim),

for k=1:K,
L(k).db = zeros(size(L(k).b));
L(k).dW = zeros(size(L(k).W));

end;
J(i) =0;
for ep=1:E,

% [C1] Feed-Forward

L(1).x = X(:,n);

for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;

end;

e = t(n) - L(K).o;

J(i) = (i) + (e'*e)/2;

% [C2] Error Backpropagation

L(K+1).alpha = e; L(K+1).W = eye(length(e));
for k = flipir(1:K),
L(k).M = eye(length(L(k).0)) - diag(L(k).0)*2;
L(k).alpha = L(k).M*L(k+1).W'*L(k+1).alpha;
L(k).db = L(k).db + L(k).alpha;
L(k).dW = L(k).dW + kron(L(k).x',L(k).alpha);
end;
n = n+1; if n>N, n=1; end;

end;

% [C3] Updates

fork = 1:K,
L(k).vb = eta*L(k).db + mu*L(k).vb;
L(k).b = L(k).b + L(k).vb;
L(k).vW = eta*L(k).dW + mu*L(k).vW;
L(k).W = L(k).W + L(k).vW;

end;

(i) = I(i)/E;

%o [C4] Stop criterion

if (i>1),
if (abs(3(i)-3(i-1))/3(i) < Delta) | (i>1000),
fim=1;
end;
end;
if not(fim)
i = i+1; if n>N, n=1; end; eta = eta*alpha;
end;

end;
% [D] Test

hold on;
for n = 1:size(X,2),
L(1).x = X(:,n);
for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;
end;
if L(K).0 < 0, plot(X(1,n),X(2,n),'ko"); end;
end;
figure; plot(J);
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Momento - Exemplo Batch
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[II. Métodos de Segunda Ordem

s 12 ordem (gradiente — steepest descent) (Haykin p. 161-175):

VvV, = — 77 -
dpfzi Hessiana
(Haykin p. 204)

s  Ordem superior: /
0.J 1

T
J(p+ Ap) = J(p) + (?) Ap + 5 Ap'HAp + . ..
= Momento (Haykin p. 169-171):
Vv, = —1 o) + UV,
T / apz Vi1

Slide 54 — José Gabriel R. C. Gomes — 08 de novembro de 2011



Meétodos de Segunda Ordem

s Meétodo de Newton (22 ordem) (Haykin p. 235):

0J
V; = H-! -

Ip;

Exemplo:  f(x) =2 ro =3 f(xo) =9 £(0) = min, f(x)
” :
P

df _ 5 d= f _ — o L
dx o dr2 - To — ()—p —

r=xg

Acelera muito a convergéncia (1 iteracéo, se a superficie de erro
J (p) for quadratica).

Problema: célculo de H~! (Haykin p. 224)
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Meétodos de Segunda Ordem

s Método Gradiente Conjugado (22 ordem) (Haykin p. 236-243):

o)
Po, S0 = O

5 (ro = so)

P=Po

P1 = Po + MosSo (usar valor 6timo de 1) +—

a']
rA=—— :
P |, = fraincgp.m
r _
31 = max ( b (r; o) ,O)
I‘O I'O
81 =11+ (180
Nao
HI‘1<€HI‘QH? :%:®—|—1(1—>2) (U—>1)
| Sim

> Fim
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Meétodos de Segunda Ordem

s  Método Quasi-Newton (22 ordem) (Haykin p. 242-244):

m trainbfg.m

Positiva
Definida

= Levenberg-Marquardt (LM) (22 ordem):

m trainlm.m
H:=H+e€l, “ex0"

Evitar mau-condicionamento de H.

s Conclusao: algoritmo lento quando numero de parametros é elevado.
Problema de velocidade néo resolvido por causa da complexidade
computacional dos métodos de 22 ordem. Usar momento.
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[V. Regularizagio - Exemplo A = 0

f(x) = sin(27x) n, ~ N(0,07) o =10.2
n v,  f(z) tn Un
1 0.0 0.00 —0.09 | —0.04
2 0.1 0.59 0.25 0.73
3 0.2 0.95 0.98 0.83
4 0.3 0.95 1.01 1.39
D 0.4 0.59 0.36 0.56
6 0.5 0.00 0.24 0.02
7 0.6 —-0.59 —-0.35]| —0.37
8 0.7 —095 —096 | —0.94
9 0.8 =095 —-089 | —0.97
N=10109 =059 —-0.551| —=0.75

D ={(x1,t1), (x2,t2) (N, tN)}

LI I}
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Regularizacio - Exemplo A = 0

y(r, W) = wo +wix + wex? + ... +wyra™
wo
W = .
| Wh

1 N
E(W) = T anl E, =

1 N _
_— » ¥ 32 Y ;int"{ 2
N > o (wo +wix, +wax;, + .. Fwyx, — )

Slide 59 — José Gabriel R. C. Gomes — 08 de novembro de 2011



Regularizacio - Exemplo A = 0
w* = argming £(w)

dE
dw | _ . =0
~ OF -
8%’1
OF
8%’2 — 0

OF
8 W par
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Regularizacio - Exemplo A = 0

1
E = N (E1+EQ+...+EN)

OF  OFE  OF N OFE  O0FE5 T OF OFE N
ow j N oF 1 ()"u*j ()EZ ow j o ()Ej\f ow j
OF 1 .~ OE,
ow, N 2 n=1 O ;

'] ']
1 2 M 2
E, = 5 (wo + wix,, + wexs + ... +wpx™ —1t,)
OF, ] ;
— :z:;’l(wo + U T, + wz;’z:i + ...+ w_,.q_j:z:ﬂ'f — tn)
C)U?j
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Regularizacio - Exemplo A = 0

OF
() w '

w—w*

_ N . 9 « M
j=0 D (wo +wiz, +wiay, + ..+ wyat —t,) =0

) N X ¥ . kL2 x M
j=1 Yoo xn(wy +win, +wias, + ...+ wyett —t,) =0

. 47\T ‘2 T:j-: T:%: . '?I-C )2 T’:‘C 1_'1\_[ -
j=2 Yoo an(wy +wix, +wie;, + ..+ wyet —t,) =0
. N o i . . 9 « M
J Z-n:l 3’?71(“”0 + W1 Tn + Wo Ty, T Whrx - tn) =0

_ __ N My = K K a2 w M
j=M > (wy +wiz, +wix;, + ... Fwyet —t,) =0
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Regularizacio - Exemplo A = 0

1 o 2 o] [t
I ay 25 w)! to
X — . . t =
1 an q%\ lef ] | tN
e—=Xw —t
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Regularizacio - Exemplo A = 0

clear all;

x = ((0:9)/10)"; y = sin(2*pi*x); randn('state’,0); t = y + 0.2*randn(10,1);

a=0; b =1; pts = 5000; stp = (b-a)/pts; h = a:stp:(b-stp); plot(h,sin(2*pi*h),'g-');
X = [ones(size(x)) x]; w = inv(X"*X)*X'*t; H = [ones(size(h))' h']; hold on; plot(h,H*w,'k-");
axis([0 1 -2 2]); grid on; v = y + 0.2*randn(10,1); [mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]
X = [X x.~2]; w = inv(X"*X)*X"*t; H = [H (h').~2]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.~3]; w = inv(X"*X)*X'*t; H = [H (h').~3]; hold on; plot(h,H*w,'b-");
[mean((X*w-t).”~2)/2 mean((X*w-v).~2)/2]

X = [X x.~4]; w = inv(X"*X)*X'*t; H = [H (h').~4]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.~5]; w = inv(X"*X)*X"'*t; H = [H (h').~5]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.76]; w = inv(X"*X)*X'*t; H = [H (h').~6]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.~A7]; w = inv(X"*X)*X"*t; H = [H (h').~7]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.~8]; w = inv(X"*X)*X"*t; H = [H (h').~8]; hold on; plot(h,H*w,'k-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

X = [Xx.79]; w = inv(X"*X)*X"*t; H = [H (h').~9]; hold on; plot(h,H*w,'r-");
[mean((X*w-t).~2)/2 mean((X*w-v).~2)/2]

xlabel('x"); plot(x,t,'r."); plot(x,v,'b.");
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Regularizacio - Exemplo A = 0

M 1 2 3 1 5 6 7 8 9
wy | 071 028 025 -0.16  -0.12  -0.10 “0.09 ~0.09 20.09
wi | -158 167 1135 7.42 3.98  -2.06 -21.92 5.68 87.72
ws 361 -31.96  -9.80  21.98  104.75 168.77 104.94  -2202.16
w} 21.01 -18.33 -118.44 -514.26  -2012.83 136.35  24126.90
w 21.85 14935 09925  8534.01  -4246.01 -129472.60
ws 56.67 -896.67 -13106.88  16458.29  305572.50
w 311.11  10156.70 -28168.52 -717835.60
w} 3125.58  22045.09  766203.60
w} 7242.10 44417110
w 107883.40
Er | 0.1151  0.081, 0.0085  0.0070 0.0022 0.0016 0.0000
Ey | 0.1421  0.100 0.0208  0.0219 0.0313 0.0275 0.0266

= A complexidade do modelo pode ser 9
controlada através de restricao na E W=
norma do vetor w: J
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Regularizacio - Exemplo A = 0

2

=
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Regularizaciao - Exemplo A # 0

= A complexidade do modelo pode ser ¢
controlada através de restricdao na E w
norma do vetor w:
: ~ . T
m Considere entao: W \%Y%

o
B
|
o]~

N
Z*n,:l(y(mﬂ ) f ) + — ZJ —0 U)

sk

w* = argming F(w)
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Regularizaciao - Exemplo A # 0

OF 1 v ‘ N
_ T (a0 VK e K 2 WMo R
S =¥ > ) (wh +wiw, Fwian + o wyr tn) +Aw; =0
'j

w=w*

. N * * 1, * * .V *
j =0 S (wh 4 winy, Fwia 4+ wia™ —t,) A wg =0

n=1

. N X * * . * .2 x M *
j=1 Yooy an(wh +wix, +wier + .o+ wiyat —ty) + Awp =0

n

. N 2 o * K a2 okl 2k
j=2 Doy rn(why +wiz, +wixs + .. Fwyet —t,) +Aw; =0

n=
«]’ Z‘T\T ’1"] (uf:{ + u}":‘ ,1-. + uﬁ:‘: ,1-.2 + + u.'?]‘: fr‘n'ir . _{_ ) + Au'p’:' o 0
‘ 1 *n\*0 N 4Ln o, NP Iaf & " =

j=M S eM(wg +wix, +wir? + . 4w — ) + Awy, =0

n—
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Regularizaciao - Exemplo A # 0

1 oy :z:f fzi‘f | [ty
1 oy 23 ) to
X — . . t =
] 1 apn ’z?\ ’1{1 ] tN ]
e=Xw" —t

X (Xw" —t) + \w* =0

6 — (XX + /\I)_lXTt>
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Regularizaciao - Exemplo A # 0

M=[]; lambda = 1e-5; w = inv(X'*X + lambda*eye(10))*X"*t;
plot(h,H*w,'r-'); M = [M [ [mean((X*w-t).~2)/2 ; mean((X*w-v).~2)/2];w]]

—log o A 1 2 3 4 5 7 8 9 10
w} 0.48 0.24  -0.01  -0.13 -0 -0.13 -0.12 -0.10 -0.09 -0.08
wi -0.00 2.47 5.52 7.38 7.02 3.33 -2.30 -10.99 -12.79
ws -1.11 -3.65  -855 -12.18  -8.17 : 31.71 11541 24792  271.51
wi -0.90  -294  -439 646 -15.81 -51.0 -160.61 -580.87 -1257.67 -1341.98
wi 047  -1.24 0.18 2.70 566 38.27 \(201.63 1050.37  2427.26  2422.42
wi -0.10 0.12 2.36 6.11  10.74 2239 \13.10 -446.14 -1118.88  -587.02
wi 0.16 1.01 2.75 5.32 714 817 1IN -705.25  -1756.10  -2577.72
w 0.34 1.53 2.20 2.59 226 -12.73 2\ 308.85  827.99  769.11
w 0.44 1.78 1.25  -0.76  -2.18  -2.10 3440\ 781.14  2025.70  2905.18
w 0.50 1.87 0.22 5 -33.50 \-524.73  -1396.79 -1863.17
Fr 0.0797  0.0309 0.0137 0.0080  \Q.0047  0.0019  0.0017
Eyv 0.1050  0.0516  0.0304 0.0207  0N221  0.0270  0.0288

= Problema passa a ser a escolha do
valor ideal para A, com base em
métodos estatisticos ( p(w|D) = ...)
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Regularizaciao - Exemplo A # 0
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Teorema de Bayes

p(x) =), p(x,y) p(x,y) = p(ylx)p(x)

p(x|y)p(y)
p(x)
\

\

p(x) =, p(x|ly)p(y)

p(ylx) =
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Teorema de Bayes

D = {tth? L ?tN} Likelihood

Posterior

= Likelihood j p(D|W)p(W)dW

Estimador “frequentista” (diversos conjuntos D)
Estimador Bayesiano (um s6 conjunto D)

m  Bayesian Linear Regression (Bishop, p. 152-161)

m trainbr.m
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V. MLP como Aproximador Universal

= Mapeamento continuo qualquer: y = f(x) (x e RM ey e RY)

= Qual € o numero minimo de camadas escondidas que o MLP
deve ter, para que ele possa realizar uma aproximacao desta
funcao continua ?

s Teorema da Aproximacao Universal

Slide 74 — José Gabriel R. C. Gomes — 08 de novembro de 2011



Teorema da Aproximagido Universal

s Seja ¢ uma funcao limitada, monotonicamente crescente, e
continua. Considere o hipercubo unitario com M dimensdes:
0, 1], O espaco das fun¢des continuas em [0, 1]* é chamado
de C([0,1]™). Considere uma funcao f qualquer, pertencente
ao C([0,1]™) e considere um numero real arbitrariamente
pequeno, € >0,
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Teorema da Aproximagido Universal

s Entdo: existem um numero inteiro P, e existem conjuntos
de constantes reais wij, b, e o (comi=1,....,.Pej=1,.... M
tais que:

F(:L’l, Cee ,.’L’]\{) = Zf;l Od?;@ (Zj\il Wi + bqj)
Aproxima f com erro absoluto menor que ¢, ou seja:
\F(z1,...,20) — flxr,. .. z0)] <€

Para qualquer vetor (z1,...,za) € C([0, 1)),
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Observacoes

1. Haykin, Secao 4.13.

2. Teorema de Weierstrass (1885): “Qualquer funcao continua sobre
um intervalo fechado no eixo real pode ser expressa (neste
intervalo) como uma série de polinbmios absoluta e uniformemente
convergente.” (f — série polinomial ; ¢ — série polinomial)

3. Demonstracao rigorosa especifica para MLPs:
- G. Cybenko. Approximation by superpositions of a sigmoidal
function. Mathematics of Control, Signals, and Systems, 2: pp. 304-
314, 1989.
- Funahashi (1989).
- Hornik, Stinchcombe, White (1989).
- Light (1992) (desenvolvimentos posteriores).
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Observacoes

4. Correspondéncia com um MLP tendo uma s6 camada escondida:
Entradas do MLP: z; até xns
Pesos da camada escondida: w;;
Blases da camada escondida: b;
Neurdnios da camada escondida: : =1,..., P
Saidas da camada escondida: ¢; = ¢ (ijl Wi T + b,l-,)

Camada de saida: F' =31, a;b; (*)

(*) Um s6 neurbnio — se a saida for vetorial (R%), pode-se repetir o
procedimento acima N vezes e colocar os N MLPs em paralelo.
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Observacoes

Logo, um MLP com topologia M-P-N (uma sO camada escondida,
arbitrariamente grande — tamanho /) aproxima qualquer f em
C([0, 1),

5. Teorema de existéncia — podemos tentar resolver um problema,
porque a solucao por MLP existe. Teorema nao-construtivo: nao
especifica um procedimento para obter o MLP.

6. Outros detalhes nao considerados no Teor. Aproximacao Universal:

- Tempo de treinamento (interacao entre w;;)

- Facilidade de implementacao ( P muito elevado)

- Generalizacao (overfitting ocorre quando  muito elevado)
- Qualidade de minimos locais (interagdo entre w;;)
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Observacoes

Com respeito a estes quatro detalhes, pode ser vantajoso usar mais
do que uma camada escondida. ConsideracGes empiricas sobre
mais de uma camada escondida:

- Camada Escondida #1 — Local Features

- Camada Escondida #2 — Global Features
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VI. Métodos Geomeétricos

= Diagramas de Voronoi (Bose, 1992)

m Kernel PCA (Scholkopf, 1998)
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Diagramas de Voronoi

m  “Utilizacdo da estrutura geomeétrica inerente a um dado problema”.

m  Sintese ndo-Unica.

m Algoritmo de dificil extensédo para dimensfes mais elevadas.
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Diagramas de Voronoi

s Reducdo de complexidade
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Kernel PCA

s “Solucao linear em um espaco de dimenséo muito elevada”.

m  DefinigOes:

¢: RM — R!
q(x(n)) = ¢(x(n)) (ou q(n))

Q=l[q(l) a(2) ... q(N)]
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Kernel PCA
e

, —_— . *
R'v; = p;v,

VvV, = Zi a?}jq(i) — Qaj

_ T -
q"1-2F—Qa; = ,q” (1)Qa;
T
q' N Qﬁ Qa; = p;q’ (N)Qa,
K=Q"'Q
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Kernel PCA

k(x,y) = tanh(gx'y + b)

k; . S &
(x,¥) = exp ( 5

[K]U — qT(z)q(.]) — k(X(Z) X(.])) Normalizagao
anj = NpjKa,; la;|| =1
| ]
A=| a as an
L |
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Kernel PCA

N’ Dados Fixos: lj j: 1,...,N’
[ 11 12 le ] = [ 0 e €9 enN/ 1 ]
L=|1 L i1 |=] 0 e e en |
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Kernel PCA

f=ATz(n)

fl—Vl —alQT
fz—VzQ—azQT

T T T
n fj\r; — VN;q f— aNfQ q | /

K. =K -UjK - KUj + UpKUj

Zero-centering

Camada
Escondida

= (I — Uo)Z + UOKTUO — KTUO

Cama’da ) f(?’l) — ATZC('T?,) — WZ(?’Z) +b

de Saida
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Kernel PCA

Eigenealua=0.142 Eigeneslua=0/055 Eiganalua=0.216 Eiganvalus=0.025

15 1.5

ns ns

RIS 1] 0s

Eigemalue=1.015

0.a

[Figura gerada com codigo cedido por Bernhard Schoélkopf]
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Kernel PCA

0.a
0f
04
02

0.2

1.2

0s
06
0.4
02

02

Eigenvalue=0.215

*
Lol

s

-

[Ty
FEEEEF
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FEFEE Y
e
FEEEE TR
(S AL L R Ll ie
kR R
EEEE LS
A

[T T2 33

*
e
LR RS
Py
A
P
EEEE
PR,
TR
P ST
LR AR ST L]
RS LRl Ll
LR ST
LA AL L L L
EE R Ty

0.8
0h
0.4
0z

0.2

1.2

0.E
0.6

04

Eigenvalus=0.142

Eigenvalue=0.085 Eigenvalue=0.043
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(S S L XL
ke
R
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R
.
FEEER RS
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a 05
Eigenvalue=0.0T6
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Py e
™ FAEEEE
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E - - FAEEE R
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- e FERREEE Y
e e, kR Ak
- R R, EEEREA TR
- D EIRITREITEE T T EY TET E) - D LEE T XL LR EY Y
1 1 -0'2 1 1 1 ] I:|2 1 I I
1 ] as 1 ] 05 |

Eigarvaloa=0.009 Eigerwaloe=0.005

F 1 1.2F 1 1.2 E
| ] 1k j 1 ]
+* +
- ‘e
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F R 1 04F A b 0.4 [k d 1
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EL X 3 EEE TR LT ] EX T2 N0
3 - 1 a2t Akt 1 a3 + 1
4+ A e 4
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+ T T YTy 4 D- e Yy 4 D ik b E
L 1 1 1 1 -u 2 L 1 1 I 1 -u 2 1 1 1 1
u} 05 1 ] 05 1 [u} 0s 1

[Figura gerada com codigo cedido por Bernhard Schoélkopf]
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VII. RBF - Radial-Basis Functions

m Teorema de Cover (1965) sobre a Separabilidade de Padroes:

“Um problema complexo de classificacao de padrbes colocado
em um espaco de dimenséao elevada tem mais chance de ser
resolvido linearmente (ou seja, de ser um problema descrito por
classes linearmente separaveis) do que gquando colocado em um
espaco de dimensao baixa.”
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RBF - Radial-Basis Functions

s Exemplo: dicotomia (particao binaria do espaco)

Dimensao dos

Vetores de Entrada
] | e
‘ s X € RJ\J X N
| | | \ Nimero de

Vetores
N | /

T = ty, to oty T € RR*N

Classe Co: Cy = {x,|t, = 0}

Dimensao dos
Vetores de Saida

Classe Ci: Cy = {x,|t, = 1}
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RBF - Radial-Basis Functions

m Espacgo gerado pelo conjunto de vetores x,, — ¢(x,,): “espaco
escondido” ou “espaco de propriedades” (feature space).
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RBF - Radial-Basis Functions

= Dizemos que as classes Cy e C; séo linearmente separaveis em ¢
se existe w € R/ tal que:

wlp(x) <0 — xcC

wlpx)>0-—xe(

= No espaco escondido w’ p(x) =0 é um (hiper)plano. No espaco RM
dos vetores x (espaco de entrada), a superficie ndo-linear
x : wlp(x) = 0 é chamada superficie de separacéo.
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Exemplo 1 - RBF

X — 0.46 051 039 062 053 048 044 049 -0.39 -0.51 -047 -0.43]-0.57 -0.37 -0.64 -0.54
| -0.67 -047 -0.38 -0.50 [ 0.52 057 0.72 051 -0.49 -0.58 -0.63 -0.34] 0.59 0.34 0.56 0.57

T = [ -1.00 -1.00 -1.00 -1.00 | 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 |-1.00 -1.00 -1.00 —1.00]

o 1
@L(X) — exp (_BHX_XL 2)7 L= 1:"'aN /8: W
I=N
N =16
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Exemplo 1 - RBF

exp (—3]x — x1]]?)

{ Camad
Bllx — x2|I?) Eccondida

\

ekp
| —e-ekp (—Bllx — x3|[*)

N
w3 "\u?g
Camada de

Wi W1
4 . Saida

e 0 ?@Wr’v(ﬁ)

Funcao de Ativacao da Camada de Saida

5
Ws

i

e
=~
]

8
AN

y
x24

J

%Y
9
X

(11

m Linear — Interpolacao RBF
wie s  Comparador — Classificacao RBF

7/

xp (=[x — x16][2)
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RBF - Radial-Basis Functions

= Interpolagdo RBF: f(w!y(x)) =w!p(x)

s (x)— funcdo de base radial: ¢(||x —y||)

. N
= Entdo: F(x) =wlpx) =", wip(||x — x|
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RBF - Radial-Basis Functions

x1 : o(||x1 — x¢|])wr + o(||x1 — xao||)ws + ...+ p(||x1 — xn||)wn =ty

x2 0 p([|x2 = xi[wi + p([|x2 = x2|Jwa + ...+ o(|[x2 — xn [ Juwn =12

XN - HXT\—XlHU1~|~ HX’\_XZHUZ‘I‘ QHX\—X‘\HU\ :f\

pij = (% =x5[]) (1, =1,....N)
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RBF - Radial-Basis Functions

Y11 Y12 - PIN w1 1
Y21 P22 P2N wo to
| YN1  PN2 o ONN | | WN ] | IN |
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Exemplo 1 - RBF

% 070712 gabriel@pads.ufrj.br

close all; clear all;
C=[0.50.5-0.5-0.5;-0.5 0.5 -0.5 0.5];
t=[-111-1];
randn('state’,0);
E = repmat(C(:,1),1,4) + 0.1*randn(2,4);
F = repmat(C(:,2),1,4) + 0.1*randn(2,4);
G = repmat(C(:,3),1,4) + 0.1*randn(2,4);
H = repmat(C(:,4),1,4) + 0.1*randn(2,4);
X=[EFGH];t=[-1-1-1-111111111-1-1-1-1];
%P=1;
P = 100; fori = 1:16, for j = 1:16, Phi(i,j) = exp(-P*norm(X(:,i)-X(:,j))*2); end; end;
w = inv(Phi)*t'
X = zeros(2,10000);
fori = 1:100,
for j = 1:100,
X(:,100*(i-1)+j) = [(i-50.5)/50 ; (j-50.5)/50];
end;
end;
Y = [EFGH];
figure; hold on;
for n=1:size(X,2),
o = exp(-P*sum((Y-repmat(X(:,n),1,16)).~2,1))*w;
ifo<O,
plot(X(1,n),X(2,n),'b.");
else
plot(X(1,n),X(2,n),'k.");
end;
end;
plot(Y(1,:),Y(2,:),'r.");
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Exemplo 1 - RBF

3 =100

[ —0.99

—0.67
—0.94
—0.80
0.54
0.41
0.95
0.27
0.82
0.50
0.60
0.94
0.44
—1.00
—0.86
—1.10
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Exemplo 2 - RBF

% 070712 gabriel@pads.ufrj.br — ExemploRBF2.m
% RBF

close all; clear all;

X =[1.0000 0.5000 -0.5000 -1.0000 -0.5000 0.5000;...

0 -0.8660 -0.8660 -0.0000 0.8660 0.8660 ];
t=[-101-101];

P = 2; for i = 1:6, for j = 1:6, Phi(i,j) = exp(-P*norm(X(:,i)- ...

X(:,j))*~2); end; end;
w = inv(Phi)*t'
Y = X; X = zeros(2,10000);
fori=1:100,
for j = 1:100,
X(:,100*(i-1)+j) = [(i-50.5)/50 ; (j-50.5)/50];
end;
end;
figure; hold on;
for n=1:size(X,2),
o = exp(-P*sum((Y-repmat(X(:,n),1,6)).~2,1))*w;
if o < -0.5,
plot(X(1,n),X(2,n),'b.");
elseif 0 < 0.5,
plot(X(1,n),X(2,n),'k.");
else
plot(X(1,n),X(2,n),'r.");
end;
end;
plot(Y(1,:),Y(2,:),'9.");

% MLP

% Parameters

X = Y; rand('state’,0); K = 2; Delta = 1e-5; N = size(X,2); E = 6;

eta = 0.02; alpha = 1; mu = 0.65; MaxIter = 400;
L(1).W = rand(6,2)-0.5; L(1).b = rand(6,1)-0.5;
L(2).W = rand(1,6)-0.5; L(2).b = rand(1,1)-0.5;

for k=1:K,
L(k).vb = zeros(size(L(k).b));
L(k).vW = zeros(size(L(k).W));
end;
% Batch Error Backpropagation Training

n=1; i=1; fim=0;

while not(fim),

for k=1:K,
L(k).db = zeros(size(L(k).b));
L(k).dW = zeros(size(L(k).W));

end;
Ji)=0;
for ep=1:E,

% Feed-Forward

L(1).x = X(:,n);

for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).0;

end;

e = t(n) - L(K).o;

J(@) = 3(i) + (e'*e)/2;

%o Error Backpropagation

L(K+1).alpha = e; L(K+1).W = eye(length(e));
for k = fliplr(1:K),
L(k).M = eye(length(L(k).0)) - diag(L(k).0)~2;
L(k).alpha = L(k).M*L(k+1).W'*L(k+1).alpha;
L(k).db = L(k).db + L(k).alpha;
L(k).dW = L(k).dW + kron(L(k).x',L(k).alpha);
end;
n = n+1; if n>N, n=1; end;

end;
% Updates

fork = 1:K,
L(k).vb = eta*L(k).db + mu*L(k).vb;
L(k).b = L(k).b + L(k).vb;
L(k).vW = eta*L(k).dW + mu*L(k).vW;
L(k).W = L(k).W + L(k).vW;

end;

(i) = I(i)/E;

if rem(i,100)==0,
EMQ = J(i)
end;

%o Stop criterion

if (i>1),
if (abs(3(i)-3(i-1))/3(i) < Delta) | (i>MaxIter),
fim=1;
end;
end;
if not(fim)
i = i+1; if n>N, n=1; end; eta = eta*alpha;
end;

end;
% [D] Test

X = zeros(2,10000);
fori=1:100,
forj = 1:100,
X(:,100*(i-1)+j) = [(i-50.5)/50 ; (j-50.5)/50];
end;
end;
figure; hold on;
for n = 1:size(X,2),
L(1).x = X(:,n);
for k = 1:K,
L(k).u = L(k).W*L(k).x + L(k).b;
L(k).o = tanh(L(k).u);
L(k+1).x = L(k).o;
end;
if L(K).0 < -0.5,
plot(X(1,n),X(2,n),'b.");
elseif L(K).0 < 0.5,
plot(X(1,n),X(2,n),'k.");
else
plot(X(1,n),X(2,n),'r.");
end;
end;
plot(Y(1,:),Y(2,:),'9.");
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Exemplo 2 - RBF
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VIII. Outros Tipos de Rede Neural

s Redes Neurais Recorrentes (Realimentadas)

m  Kohonen Self-Organizing Maps (VQ/ECVQ + Vizinhanca)
m Hopfield (Memoria Associativa)

m  Support Vector Machines

s Modelos de Grossberg , ART (Padrdes)

m Redes sem Pesos

= Arvores de Deciséo
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IX. Areas de Aplicacdes

s Modelos ARMA Nao-Lineares
= Predicdo de Series Temporais
Residuais ; Escolha de Variaveis Relevantes
Correlacao ; Qualidade de Dados ; Tendéncia
= Visdo Computacional / Reconhecimento

s Compressao de Dados

= Inteligéncia Artificial etc.
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[X. Exemplos de Aplicagdes

s Compressao de Dados com Baixa Complexidade
= Producdo Mensal de Bebida

= Analise de Dados Geograficos

= Consumo de Gasolina de Veiculo Especifico

m Classificacdo (Particulas, Sonar, Poténcia, TME)

= Wwww.20g.0rg
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