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X1 ;@ \_1A
>< / ?—' Output
X
i -1 0= —ghtl? _ jAxnlf | q
+1 = —€
[f 0> 0then class1otherwise class O

x1=[0:.01:1];

x2=[0:.01:1];

[ X1,X2]=meshgrid(x1,x2);

Fl=exp(-((X1-1) ."2+(X2-1) ."2));
2=exp(-((X1) .- "2+(X2) .-"2));

z=-F1-12+1;

contour(x1,x2,z);

title("xor problem, decision boundary®);
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Basis Functions (Kernels)
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K-means clustering example

Initial Centroids Initial Partition

lteration Number 2 lteration Number 20

CMPUT 466/551 Nilanjan Ray
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Applied Informatics
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Matlab jys RBF slaaSun =

Input Radial Basis Neuron
W ... W a
1.1 ], A
1 ﬂ a , n
(B33 +(0.833
a = radbasm)
b
radbas(n) = e
1 J

a = radbas( || w-p || b)




(.c.as)) @G L)83-J0s

p = -3:.1:3;
a = radbas(p);
plot(p,a)

title("Radial Basis Transfer Function®);
xlabel ("Input p*);
ylabel ("Output a®);

Radial Basis Transfer Function




(.c.as)) @G L)83-J0s

-3:.1:3;
radbas(p);
radbas(p-1.5);
radbas(p+2);
= a + a2*1l + a3*0.5;

plot(p,a,"b-",p,a2,"b--",p,a3,"b--",p,a4, " m-")
title("Weighted Sum of Radial Basis Transfer Functions®);
xlabel (" Input p°);

ylabel ("Output a");

Weighted Sum of Radial Basis Transfer Functions
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(...s1s)) Matlab s RBF (slaaSan =—

Input Radial Basis Layer Linear Layer
Y N ~ Where. ..
R =number of
sixr | TWLI elements in
Input vector
Sixl =y
, x
P ofidgist 5P 51 =number of
RxlL ni _
neurons in
St layer 1
R Six1 <l Sx1 g2 g2 =number of
—/ \ /N J/ neurons in
al = radbas (| TWLL-p Il b.1) az = purelin(LWzL at +b2) layer 2

alis ith element of at where IWuitis a vector made of the i 11 row of TWt.1




G385 (5o0ub —RBF (a5 slay) =

net = newrbe(P,T,SPREAD)

P - 1nput vectors.
T - target class vectors.
SPREAD - of radial basis functions, default = 1.0.

B0 bjgsl slassls slp Uba Alla gl )y e
O

slaodls O plp 888 WD sbogy slaas o
02 30lod wjgel o
5o elad) C8s ay 3oy SPREAD lals) o 700




RBF (sasub slay) -

[net] = newrb(P,T,goal,spread,MN,DF)
P - 1nput vectors.

T - target class vectors.

SPREAD - of radial basis functions, default = 1.0.
GOAL-Mean squared error goal (default = 0.0)

MN- Maximum number of neurons (default i1s Q)

DF- Number of neurons to add between displays (default = 25)|

hde sl slapgy shad a Qs gl )y e

s )l Ubd pliss a5 (3ls) G ogle 030)8)

sl slapgy slaad b § 3590 PeS oxi O3
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-1-.1:1;
[--9602 -.5770 -.0729

3771

.6405

-6600

1336 -.2013 -.4344 -.5000 -.3930 -.1647

3072 .3960
plot(P,T,"+");
title("Training Vectors");
xlabel (" Input Vector P");
ylabel ("Target Vector T%);

- 3449

0.8

Training “ectors

06}
04} pt
02}

ol

02F

Target Wectar T

04}
a6k T

0B

1L

1 1 1
-1 08 08 04

| | |
0.2 a 0.2
Input “ector P

1 |
0.4 0.&

|
0.8 1

4609 ...
-0988 ...
.1816 -.0312 -.2189 -.3201];




(.c.as)) @G L)83-J0s

-1-.1:1;
[--9602 -.5770 -.0729 _.3771 .6405 .6600 .4609 ...
-1336 -.2013 -.4344 -.5000 -.3930 -.1647 .0988 ...
3072 .3960 .3449 .1816 -.0312 -.2189 -.3201];
.02; % sum-squared error goal
% spread constant
newrb(P,T,eg,sc);
plot(P,T,"+");
xlabel (" Input™);

0.8

0B

04

02F

X -1:.01:1;
Y = sim(net,X);

ok
Q21

04t

hold on;
plot(X,Y); oer
hold off; =
Iegend({'Target','Output'}) 98 08 07 02 0 02 04 06 03

Input
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%generate training data (input and target)
p = [0:0.4:5];

t = cos(p*pi);

%Define and train RBF Network
net = newrb(p,t);

plot(p,t, "*r");hold;
%generate test data

pl = [0:0.1:5];

Y%test network

y = sim(net,pl);
plot(pl,y,"ob");

legend("Training Data”,"Test Data");
xlabel ("input, p®);
ylabel (" target, t°)




*  Training Data
2 Test Data
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Probabilistic Neural Networks  S—

Input Radial Basis Layer Linear Layer

Where
A R =number of
elements in
input vector
al=y
=T g sl =number of
neurons in
layer 1
52 =number of
J neurons in
al = radbas (| TWu-p I b1) a2 = purelin(LW21 a1 +b2) layer 2

alis ith element of a1 where IWiLis a vector made of the i O row of TWwt

Probabilistic Neural Network Architecture

Input Radial Basis Layer Competitive Layer
r N7 N/ A
oxr |TWt:
¢ a=v Where...
) g x —>
|| dist | n at n: Kxl
e >N\ PLW:—Pf R = number of
Q x1 Qx1 Lxl -
: elements in
1—p b: ExQ input vector
R ) x 1 o
N * J\ °
ai =radbas (|| IW:3-p || bil) ar = comper(LW:1at)

alis i element of a1 where IWu.:is a vector made of the / th row of IW

©Q = number of inputitarget pairs = number of neurons in layer 1
K = number of classes of input data = number of neurons in layer 2
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al =radbas (| TWLL-pll b 1)
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