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Semiparametric Density Estimation —
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Mixture Densities
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e Supervised: X = {x',r'}, e Unsupervised: X = { x'},
e Classes C;i=1,...,K o Clusters G;i=1,...,k
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k-Means Clustering -—
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k-Means Clustering -—
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k-Means Clustering
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from sklearn.cluster import KMeans
km = KMeans (n clusters=3, init='random', n init=10, max iter=300, tol=le-04,

y _km = km.fit predict (X) 4&;

random_state=0)
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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 (cnt’d...)
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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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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, 62, ...
'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', '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; 4 2.5];

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', 2)
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