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Semiparametric Density Estimation -
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Mixture Densities
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k-Means Clustering e
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k-Means Clustering
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k-Means Clustering -
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k-Means Clustering

k-means: Initial

2{] ___________ R R EEEEEEERE :

] e . e g

; W © .

D ________________________________ e e e

T RTICTIIE RIIE P

] TS S A S
-30 :

-40 -20 0 20 40
%

After 2 iterations

20p---------- SRR REREEEREE SRR ;

: o o :

1{] ___________ E __________ E_ __________ E __________ E

. . D o« O .

D ..........................................

£ - o=+ 1 Q . .
T P ) P D SR
0
=30 ' * ) '
-40 =20 1] 20 40

X,

2[} """""" Tt cToT Tt ottt .
qob ool e O
c g} fs)
U“ ____________________
~ s
_1[} ...................... ......................
_20 ..................... ....................
-30 :
-40 =20 0 20 40
%
After 3 iterations
20 ...................... R R
G :
1[} __________________ O e O __________
n )
o g) :
D ................................ R
o4 SO
* :
—1[} ---------------------------------------------
_2[} ..........................................
-30 ' : : i
-40 =20 1] 20 40
%

After 1 iteration

Srublo cspsoby




K=2 P JGs -

}91)s (03003 V(AT
(>aidgd el

338 §5l)e sumlas

° ° (>adod 308 DS
¢ ° ° ° :
o C X 338 5l sumlas
* . * (oUbyA 3388 (DS
(
. 1(R)380 @ O3aw)

bl es S0l



K=3 W J0s -—
5
. ®
Ky
®
3
®
L 4 Kk
2 © e *
®
1 ® o
¢ Ks o
0 !
0 5
. I
Sl L)

B105488 lecture, 2004



K=3 (eals)) W JOs =—
5
@
4\‘ “0
Ck—> ®
1
¢ @
3 \
@
o 9 / *
2 ! *
S
. / . ;
1 ® TS
S
XS / ka S ‘
0 , \ ,
0 2 4 5
. 1P
Sl L)

B105488 lecture, 2004



K=3 (...slsl) W JOs =—
5
o o o
o o
4 .kl *
¢ o
3
o
2 ¢ 14
®
'Y | ks
1 oK *
S ¢ o
PPY PN R
O I I
0 1 3 4 5
1w
Sl bj

B105488 lecture, 2004



K=3 (cccalsl) ® JBo =—
5
o ¢ .!: o°
4 K, ©
¢ ©
3
o
2 ¢ 14
% e °
*® j ks 0
1 P2 L 2
IS ¢ o
L X o ®
O I I
0 1 3 4 5
G
Sl bj

B105488 lecture, 2004



K=3 (...tald) W JOb -—
5
o o o
* PN
* O,
¢ o
3
*
2 ‘ ‘
o @ ¢
1 ka‘ ‘k3 * . 4
¢ *
o0 * R
0 \ \
0 1 4 5
10
Sl bj

B105488 lecture, 2004



k-means O =

(led Awb g Al Llas seaTms aiyhys ool @
Ol @nys Sla)lsy sagl jlabs @ auwlg
Ly eglas Oy osls @ G @

S0 OgoAms (18 j1 0 K ylsds o

bl es S0l



@o)s slaylsy gl jlsbs -—

@n)o Sla)lsy sass (65003 QAN @

O3] g wadgsd ase 13330 sbs (sawlas @
S)sbo 03038l j1 pw @sre slayspy @ o)
(953003

W ol Euud3 g sl sadlgs oug) sawlas o
o 3308 )ans O] ¢ (solws CrLawms k
@n)0 )15) o A CrLaumd

bl es S0l



Bishop, PRML k_means LSLQ))-))G ——

K=2 2 Original image

3 &‘t&

- a o - " - E
AT (D)) (Sladsly ChNS (Hl)Ts (saiyatws 33s Slasy)s jl° a 2
33 @0 0lg3i8 |y sslepé slaaigss ™=

Srublo cspsoby



Leader cluster algorithm -
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Expectation-Maximization (EM) -
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Expectation-Maximization (EM) -
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EM in Gaussian Mixtures -
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EM in Gaussian Mixtures (cnt'd...) -
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EM in Gaussian Mixtures (cnt'd...)
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Expectation-Maximization (EM) -
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Expectation-Maximization (EM) -
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Expectation-Maximization (EM) -
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clear all, clc;
X = [randn(100,2)+ones (100,2) ;...
randn (100,2) -ones (100,2) ] ;
opts = statset('Display', 'iter');
[idx,ctrs] = kmeans(X,6 2, ...
'Distance’', 'city’', ...
'Replicates’',5, ...
'Options' ,opts) ;
plot(X(idx==1,1) ,X(idx==1,2),'r.', 'MarkerSize',612)
hold on

plot(X(idx==2,1) ,X(idx==2,2),'b.', 'MarkerSize',612)
plot(ctrs(:,1) ,ctrs(:,2), 'kx',...
'"MarkerSize',12, 'LineWidth',k 2)
plot(ctrs(:,1) ,ctrs(:,2),'ko’', ...
'"MarkerSize',12, 'LineWidth',k 2)
legend('Cluster 1',6 'Cluster 2', 'Centroids’, ...
'Location', 'NW')
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clear all, close all, clc;
X=[1 2; 2.5 4.5; 2 2; 4 1.5;
plot(X(:,1) ,X(:,2),'*");
axis ([0 5 0 5]);

Y = pdist(X) ;

squareform(Y)

Z = linkage (Y)

figure;

dendrogram (Z)

T = cluster(Z, 'maxclust',k 2)

4 2.5];
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