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Output

[f 0> 0then class1otherwise class 0

x1=[0:.01:1];

x2=[0:.01:1];

[X1,X2]=meshgrid(x1l,x2);

fl=exp (- ((X1-1) .2+ (X2-1) .*2));

f2=exp (- ((X1) .2+ (X2) .*2)) ;

z=-f1-£f2+1;

contour (x1,x2,z) ;

title('xor problem, decision boundary') ;
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Matlab js RBF (slaaSun =

0.833 +0.833

a = radbasim)

=1 !
radbas(n) = e

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




(...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

09+

0.8 r

0.7+

radbas(n) ="

0E

0.4

Clutput

0.4F

03F

0.2F

01 r




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

p = -3:.1:3;

a = radbas(p) ;

a2 = radbas(p-1.5);
a3 = radbas (p+2) ;

ad = a + a2*1 + 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
1"‘1’ T T T T T

121

Cutput

0.4
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Input Radial Basis Layer Linear Layer Wh
— ere. .
r N A R =number of
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¢ input vector
Sixl =y

P [l dist I ST sl =number of

Rxl nt _
neurcns in

sixd layer 1

R Six1 L §2x1 g2 g2 =number of

—/ \ J \ J neurons in

al = radbas (|| IWLL-p |l b1)

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

a2 = purelin(LW21 a1 +bz2)

layer 2




@385 (50000 —RBF (sa5ub slayl ~—

net = newrbe (P, T, SPREAD)

P - input vectors.

T - target class vectors.

SPREAD - of radial basis functions, default = 1.0.

1810 (,ih)gel (sladsly (slp ha s ol )y e
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sloosls O plp dds s slaoggy shas o
303 30lgd (ibjgs]
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RBF (sasub slay) -

[net] = newrb(P,T,goal,spread,MN,DF)

P - input vectors; R-by-Q matrix of Q input 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 is Q)

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

hds sl slaggy shas a Qs gl ) @

s )l ba pglps a5 ey G ogbg,o 530)8)

sl slaggy shal b g 30 KPS o3 HNEI
A (8¢530)9 slaad @ (DAL
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= -1:.1:1;
[-.9602 -.5770 -.0729 .3771 .6405 .6600 .4609
.1336 -.2013 -.4344 -.5000 -.3930 -.1647 .0988

.3072 .3960 .3449 .1816 -.0312 -.2189 -.3201];
plot(P,T,"'+');
title('Training Vectors') ;
xlabel ('Input Vector P') ;
ylabel ('Target Vector T');

Training “ectors

0.

06+ .

04t it + .

02t " .
|:|_ -

02t + + 4,

Target Wectar T

04t + .

asF T . % !S

0B .

_1" I 1 ! 1 ] I I ! 1
-1 08 0B 04 02 0 0z 0.4 0B 0.8 1 W

CsMaC ClSJ,U) Input Yectar P




(...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];
eg = 0.02; % sum-squared error goal
sc 1; % spread constant
net = newrb(P,T,eqg,sc);
plot(P,T,'+'); s TR ?JFSL-
xlabel ('Input') ;

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

hold on;

plot(X,Y) ;

hold off;

legend ({ 'Target', 'Output'})
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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];

$test network

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

legend ('Training Data', 'Test Data');
xlabel ('input, p'):;
ylabel ('target, t')
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Probabilistic Neural Networks -

Input Radial Basis Layer Linear Layer

Where.

N R =number of
elements in
input vector

a=y
Sl > 51 =number of

neurons in

layer 1
R Six1 st §2x1 s2 52 =number of
RN J \ J neurons in
al = radbas (I Wi -p Il b1) a2 = purclin(LW24 a1 +b2) layer 2

alis ith element of at where IWuiis a vector made of the i 11 row of TWL1

Probabilistic Neural MNetwork Architecture

Input Radial Basis Layer Competitive Layer
FoN N N
gxr | IWL2
¢ az=v  Where_.
. gl —
” dlET” I al I: Exl
O xl ﬂ oo I LT"I’I-:-I- Ex1 I E -R = I'IL.ImbE‘r 'Df
) =% elements in
1—’| b: ExQ input vector
it 1 o
G ° °
a1 =radbas (| Wi - p || Bil) a2 = comper(LW2121) : &‘B
a1is it element of a1 where IWiiis a vector made of the / t row of IWu o
© = number of inputtarget pairs = number of neurons in layer 1 N

. K =number of classes of input data = number of neurons in layer 2
CsMaC a0



Probabilistic Neural Networks -

) oslatwl slp a5 cuwl RBF (saSub (,cob ®
) Cuwls (saisaiws

Jac )y @3y YA ) yaw Gasp |y spread )51 e
S aalga 1-NN

P [1 2 3 45 6 7];
[1 2 3 2 2 3 1];
= ind2vec (Tc)

net = newpnn(P,T,0.001) ;
Y = sim(net, P)
Yc = vec2ind (Y) \

Yc = M

17 2 3 2 2 3 1




Generalized Regression Networks

C—

Where

R =number of
elements in
input vector

sl =number of
neurons in
layer 1

3 §2 =number of
J neurons in
al = radbas (|| TWui-p | b.1) a2 = purelin(LW21 a1 +b2) layer 2

alis ith element of a: where TWiiis a vector made of the i 1 row of TW1

X
Input Radial Basis Layer Special Linear Layer Where
/ \ N N E =no. of elements
oxr |TWL.1 In Input vector
oxp |LW:
ai=y ¢ =no.of neurons
Rprl o ¢ o _’EM In layer 1
——p| nprod ——p
& 0x1 P 0«1 74 © =no. otneurons
1—Pp In layer 2
NG AN ¢, @ =no otinput
target pairs
al = radbas (Il TWLL-pll b1) a = purelin(n:) 3 g\-‘o
al is i th element of a1 where TWiiis a vector made of the it row of TW11 B >




Generalized Regression Networks -
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Ol Cuwlis )gaw)3)

Oolass (Joas RBF U «aSun o3l @0 sl o
)

D0)d @ (;8As (s )l Jois o)y s (3l )s @
S0 ¢0 8)5 YA )y Lglhbs (,80)8 b Cubie

ompls sawlas @ a5 cwl g3l ) ol Cje o
3)183 5)BY g s
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