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n = 20;
rand('seed',62);

X = 4% rand (2 ,n) ;
bt = -6,

wt = [4 ; -1];

d = sign (wt (1) * X (1 ,:) + wt (2) * X (2 ,:) + bt)
xIlmin=min(X(1,:)),
xlmax=max (X(1,:))
x2min=min (X(2,:))
x2max=max (X (2,:))

figure;,

axis([x1lmin xIlmax x2min x2max]) ;

plot (X (1 ,find (d ==1)) ,X (2 ,find (d ==1)) , ' or
hold on

plot (X( 1,find (d ==-1)) ,X(2, find (d ==-1)) , ' ob

Linet=0@ (x1,x2) wt(1l)*x1+wt (2) *x2+bt,
ezplot (Linet, [xImin xImax x2min x2max]) ,;
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=10,
H=zeros (n,n) ;
for kl=1:n
for k2=1:n
H(kl,k2)=d(k1l)*d(k2)*X(:,k1) '*X(:,k2)
end
end
f=-ones(n,1);,
Aeg=d,
beg=0;
lb=zeros(n,1),
ub=C*ones(n,1);,
alpha=quadprog(H,f,[],[],Aeq,beq,1b,ub) ',
Svs=find (alpha> le-5);,
w=0,
for kl=Svs
w=w+alpha (k1) *d (k1) *X(: , k1) ;
end
b=mean (d(Svs)-w'*X(: ,Svs) ),




(...ws1s))J0s

plot(X(1,Svs) ,X(2,Svs), 'ko', 'MarkerSize',12);,
Line=@ (x1,x2) w(l) *x1+w(2) *x2+b;

LineA=@ (x1,x2) w(l)*x1+w(2) *x2+b+1;,

LineB=@ (x1,x2) w(l)*x1+w(2) *x2+b-1;,

handle=ezplot (Line, [xImin xIlmax x2min x2max])
set (handle, 'Color’', 'k', 'LineWidth',k62)

handleA=ezplot (LineA, [xImin xImax x2min x2max])
set (handleA, 'Color', 'k', 'LineWidth',1, 'LineStyle', '--");,

handleB=ezplot (LineB, [xImin xImax x2min x2max])
set (handleB, 'Color', 'k', 'LineWidth',1, 'LineStyle', '--");
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where @(X) = [1 X2 V2 XX, X,2 V2%, V2X,]

Mercer’s theorem:
Every semi-positive definite symmetric function is a kernel
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clear all;
close all;
load fisheriris
data = [meas(:,1), meas(:,2)];
groups = ismember (species, 'setosa');
[train, test] = crossvalind('holdOut', groups) ;
cp = classperf (groups) ;
svmStruct =
svmtrain (data (train, :) ,groups (train) , 'showplot', true, 'boxconstr
aint',6leb) ;
title (sprintf ('Kernel Function: %s',...
func2str (svmStruct.KernelFunction)), ...
'interpreter', 'none') ;
classes = svmclassify(svmStruct,data(test,:), 'showplot', true)
classperf (cp,classes, test) ;
cp.CorrectRate

Oabls sPS’L




‘45 | 1 1 1 ] 1 1
L + 0 {training)
+ 0 (classified)
# 1 (training)
o 3 1 (classified)
O Support Vectors
i ¢
35 # -
¥* - ¥
+ ++  +++ +
+ + +
3 & ++ +++ ++++  ++ ++
++ -+ + +
+++  +++++ + +
+ + +  ++
+ ++ +
25 S + + ]
+
+ -
+ +
2 1 1 1 1 | 1 1
4 4.5 5 55 B 6.5 7 il 8
3 &“5
&
* o

Oabls sPS’L Yo



clear all;
close all;
load fisheriris

data = [meas(:,1l), meas(:,2)];
groups = ismember (species, 'setosa');
[train, test] = crossvalind('holdOut' , groups) ;

cp = classperf (groups) ;
svmStruct = svmtrain(data(train, :),groups(train), 'showplot', true);
title(sprintf ('Kernel Function: %s',...

func2str (svmStruct.KernelFunction)), ...

'interpreter', 'none') ;
classes = svmclassify(svmStruct,data(test,:), 'showplot', true);
classperf (cp,classes, test) ;
cp.CorrectRate




Kernel Function: linear_kernel
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r = sqrt(rand(100,1)); % radius

t = 2*pi*rand(100,1); % angle

datal = [r.*cos(t), r.*sin(t)]; % points

r2 = sqrt(3*rand(100,1)+1); % radius

t2 = 2*pi*rand(100,1); % angle

data2 = [r2.*cos(t2), r2.*sin(t2)]; % points

plot(datal(:,1) ,datal(:,2),'r.")

plot(data2(:,1) ,data2(:,2),'b.")

axis equal

data3 = [datal;data2];

theclass = ones (200,1);

theclass (1:100) = -1;

cl = svmtrain(data3, theclass, 'Kernel Function'
'boxconstraint' ,Inf, 'showplot', true);

hold on

axis equal

,'rbf', ...
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g-sensitive(hing) Loss

Square vs e-sensitive Loss
30

Yildiz, Olcay Taner, and Ethem Alpaydn. "Statistical Tests Using Hinge/E-Sensitive Loss." In
Computer and Information Sciences lii, 153-60: Springer, 2013.

oanls sy3sb




Support Vector regression(SVR) -
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