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t=0, W =[0 0 0 0J;
t=1, W=[0 0 0 0];
t=2, W=[-1 -1 1 1];
t=3, W[-1 -1 1 1J;

t=4, W=[0 -2 0 0];
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P=[ 1 1
-1 1
-1 -1
-1 -1

T=[1 -1 1];
W=[0 O 0 0];
£f1g=0;
nit=0;

while flg~=length (T)
disp('itr:"');
disp(nit) ;
k=mod (nit, length(T))+1;
y=hardlims (W*P(: ,k)) ;
if y==T (k)
flg=flg+1l;
else

£1g=0;
W=W+T (k) *P(: ,k) ',
disp (W) ;

end
nit=nit+l;
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Widrow and his graduate student Hoff introduced
ADALINE network and learning rule which they called
the LMS(Least Mean Square) Algorithm.
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Widrow-Hoff Learning Rule

LMS(Least Mean Square)
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Activation function

Binary Step
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Sequential Mode
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Single-Layer Linear Network

Input Layer of Linear Neurons
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S5x1 7£
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R x 5
. T J
: a= purelin(Wp+b)
(¥
") Where.___ R = numberof
elements In
input vector
/ S = numberof
a= purelin (Wp +h) neurons in layer




Input Layer of Neurons
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P1=[0.7,0.2]; P2=[-0.1,0.9];
Tl=[1]; T2=[1];
P3=[-0.3,0.3]; P4=[0.1,0.2];
T3=[0] ; T4=[0];

P5=[0.5,-0.5];
T5=[0];

P=[0.7 -0.1 -0.

3 0.1 0.5;
0.2 0.9 0.3 0.2 -0.5];
B3aC (SPIs0 T=[1 1 0 0 0]; o



P=[0.7 -0.1 -0.3 0.1 0.5; vmmmﬁ;ﬁ"“‘ -
0.2 0.9 0.3 0.2 -0.5]; s i
=[1 10 0 0];

[0 O]

b=-1; :

plotpv(P,T) ;
plotpc (W,b) ;
nepoc=0 0 +

Y=hardlim (W*P+Db) ; i .
while any (Y~=T)

Y=hardlim (W*P+b) ; 05+ o .

E=T-Y;

dW=E*P' ;

db=sum (E) ; 08 06 04 02 0 02 04 06 08 i 12

W=W+dW; b

b=b+db; [dW,db]= learnp(P,E); K563

nepoc=nepoc+1l; 3%ﬁ§?

disp ('epochs="') ,disp (nepoc), y

disp (W) , disp(b) ; : &1&

plotpv(P,T) ; |- >
. W1=2.7 W2=2.9 )

plotpc (W,b) ; B=.> i
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