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TABLE 6.1 Summary of Mercer Kernels

Type of support
vector machine

Mercer kernel
k(x,x;),i = 1,2,...N

Comments

Polynomial learning machine

Radial-basis-function network

Two-layer perceptron

(x"x; + 1)°

( L ||”)
ex x — x|
P 2ot

tanh(Bx"x; + B;)

Power p is specified a priori
by the user

The width o*, common to
all the kernels, is specified
a priori by the user

Mercer’s theorem is
satisfied only for some
values of By and 3
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X=[-1 -1 1 1, XOR Problem =—

-11 -1 1];
d=[-11 1 -1];
n=4;
K=zeros(n, n);
for i1=1:n
for j=1:n
Xi 1=X(1,1);
Xi 2=X(2,1); KD=zer os(n, n);
Xj 1=X(1,j); for i=1:n
Xj2=X(2,]); for j=1:n
fi=[1 xil"2 Xi 272
sqrt(2)*xi 1*xi 2 sqrt(2)*xil KD(i, ) =K(i,j)*d(i)=*d(]);
sgrt(2)*xi2 ]; end
fj=[1 xj 172 xj2"2 end
sgrt(2)*x)1*xj2 sqrt(2)*xj1
sgrt(2)*xj2 ]; al f a=i nv( KD) *ones(n, 1);

K(i,j)=fi*fj"; %ernel
end
end
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f=zeros(4, 06);
for 1=1:n

xi 1=X(1,1);

Xi2=X(2,1);

f(i,:)=alfa(i)*d(i)*[1 xi 172 xi2"2
sgrt(2)*xi1*xi12 sqgrt(2)*xi 1l sqrt(2)*xi2 ];
end
Wesun( f) ;

O=zeros(1,4);
for 1=1:n
xi 1=X(1,1);
Xi2=X(2,1);
Ql1)=W[1 xi 172 xi2"2 sqrt(2)*xi1*xi 2
sgrt(2)*xi 1 sqrt(2)*xi2 ]";
end




for j=1:21
X1 1=x1(1);
Xi 2=x2(]);
Mi,j)=W[1 xi 1”2 xi2"2
sgrt(2)*xi 1*xi2 sqrt(2)*xil sqrt(2)*xi2 ]";
end
end

mesh(M ;

figure;

[c, h] =contour(M[-1 -0.5 0 0.5 1]);
cl abel (c, h);
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clear all;

cl ose all;

| oad fisheriris

data = [neas(:,1), neas(:,2)];

groups = isnenber (species, ' setosa');

[train, test] = crossvalind('hol dQut', groups);

cp = classperf(groups);

svntruct =
svnmrain(data(train,:),groups(train),'showl ot',true,' boxconstr

aint', 1e6);
t|tle(spr|ntf( Kernel Function: %', ..
funCZStr(svnStruct KerneIFunctlon))
‘interpreter','none');
cl asses = svntl assify(svnttruct, data(test,:), ' showl ot',6 true);
cl assperf(cp, cl asses, test);
cp. Correct Rat e
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clear all;

cl ose all;

| oad fisheriris

data = [neas(:,1), neas(:,2)];
groups = isnenber (species,'setosa');

[train, test] = crossvalind('holdQut', groups);

cp = cl assperf(groups);

svnStruct = svntrain(data(train,:),groups(train),

title(sprintf('Kernel Function: %', ..
funchtr(svnStruct KerneIFunctlon))
‘interpreter','none');

cl asses = svntl assify(svnttruct, data(test,

cl assperf(cp, cl asses, test);
cp. Correct Rate

),

' showpl ot

‘showpl ot' ,true);

,true);



Kernel Function: linear_kernel
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