Statistical Pattern Recognitior

Expectation—maximization algorithm
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Semiparametric Density Estimation m—
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Mixture Densities
mixture proportions
p(x|G,)P(G

p(XIG) ~N (1, 5;)
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Classes vs. Clusters

Classfiction

e Supervised: X = {x%,r },
e (Classes C i=1,...,K

p<x>=gp<x|c,.>fv<c,.>

where p(x|C) ~ N(; ,2;)
e O={P(C) 1,2 }Ki=1

AW
_ t ! _ t !

m

i t
2
]
Z r.t(xt —m.th —m.)
t I ) )
t
D"

e Unsupervised: X = {x'},
e Clusters G;i=1,...,k

p<x>:§p<x|e,.>P<e,>

where p(x|G)~ N (u;,3;)
o CD = {P( Gi)l Iv‘,'; Zi}ki=1
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k-Means Clustering B
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k-Means Clustering
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k-Means Clustering -
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Initialize m;.i = 1,....k, for example, to k random x!
Repeat
For all &t ¢ X

W 1 if &' — m;|| = min; ||’ — m;]|
! 0 otherwise

For all m;,i=1,.

m; &Zfzf f/sz




k-Means Clustering
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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...)

Al dlbus () )s Oleds peis 20 )lsy o
z' = {Zf,...,z,’;}
AWl Al Glas el (sangs @ xf )5l zi=1 e
Q| AAdLeaaas (Jo3) @)e3 shls pais ol -
O YHOL Al )y rt; b @8lg ) —




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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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) 1 ;
opts = statset('Display', 'iter');
[idx,ctrs] = kmeans (X, 2, ...
'Distance’', 'city’', ...
'Replicates',5, ...
'Options',opts);
plot (X(idx==1,1) ,X(idx==1,2),'r."', '"MarkerSize',6h12)
hold on
plot (X (idx==2,1) ,X(idx==2,2),'b.', '"MarkerSize',b12)
plot(ctrs(:,1) ,ctrs(:,2),'kx"',...
'MarkerSize',12, 'LineWidth', 2)
plot(ctrs(:,1) ,ctrs(:,2),'ko’',...
'MarkerSize',12, 'LineWidth', 2)
legend ('Cluster 1','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, ,'single’)
figure;

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

4 2.5];
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