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SHI0 slaeiy)g) (0 -—

(S0 Sloei)g L) S oP)E v Ay ©
) Obwlas Eos (SxHAWY B § Cd
30,0 aI8)3 J15 )s i 3)98 (sabsls

Solals (530 slaeiygdl)uac (sloaSun o
Slaei)odl o)) byt @ alwy n53)ls sgag
Sl )8 aslaiwl )08 Olgd¢e 1y (L13AL

6330y bjgsl  sloosls L3 s)g0 @as e
oxeas Cuble g oslaiwl )90 Slaeis)gd))
SIS HHB W)y 3)68 0L A5 Cuwl (Hlwes




Ub)ge) slaeiy) g (uoc saSud A ahb Jolys =

530053 Oy W BY)y VAL o
(training set) (,bjgos) (sacqons Jlac)

M=) ().

G20} 03)9) Cuws @3 g Al @ (5399 o Jlac) —
<2819 § Lolbs (,80)8 sasBs —

T3) C3gd )3 § )y AT O30 @ Ay (Jojge) —
2819 § Lolbs (,80)8 b




—

B pols Jlo y> Hebb buwgs osin sybs (sanbys o
Qs Pos wbincuac OEARAT (50)

sbs AL (Slaply @ b by ansyd ol @
.03 D3

When an axon of cell A is near enough to excite a cell B and repeatedly or
persistently takes part in firing it, some growth process or metabolic change
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THE PERCEPTRON \
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Frank Rosenblatt (1958), Marvin Minski & Seymour Papert (1969)
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LMS(Least Mean Square) @

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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Linear Neuron with
Input Vector Input

Where...

R = number of
elements in
input vector

a = purelin(n)
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a = purelin(Wp +b) Linear Transfer Function
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Widrow-Hoff Learning Rule
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Single-Layer Linear Network

Layer of Linear

Input Neurons Input  Layer of Linear Neurons
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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 O0.5;
0.2 0.9 0.3 0.2 -0.5];
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ectors to be Classified
T T T

P=[0.7 -0.1 -0.3 0.1 0.5;
0
0

0.2 0.9
T=[1 1 0 O
W=[0 O0]; i
b=-1; i
plotpv (P, T) ;
plotpc (W,Db) ;
nepoc=0 ° ’
Y=hardlim (W*P+b) ; I
while any (Y~=T)

Y=hardlim (W*P+b) ; 05¢ °
E=T-Y;
dW=E*P' ;
db=sum (E) ; 0. . 04 02 0 02 04 08 08 1 12
W=W+dW ; "

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

.3 0.2 -0.5];
1;

nepoc=nepoc+1l;
disp('epochs="') ,disp (nepoc),
disp (W) , disp(b) ;
plotpv(P,T) ;

plotpc (W,b) ;

Ww1=2.7 Ww2=2.9
B=-2
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Yactars to bhe Classified

. 1.5
P(1)

Epochs= 5

W1=2 W2=2

OR
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1.5

1 3
5

ar o 4
0.5 I I

0.5 0.5 1 5

P{1)
epochs= 4

Wwi1=1 w2=1

b= -2

AND =—
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y = hardlim(z) = hardlim([w, w,, w;1.[p,, p,, ;1" +)

“Yectors to be Classified

epochs=
3




