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Semiparametric Density Estimation -
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Mixture Densities .
mixture proportions
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p(x)=>p( G)P(N)
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components/groups/clusters
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Classes vs. Clusters
Classfiction

e Supervised: X = {x%,r}, e Unsupervised: X = { x'},
e ClassesC;i=1,...,K e Clusters G;i=1,...,k

p(x):ﬁp(xw,)p(c,) p(X)=iZ;:p(XIG,- )P(G,)

where p(x|C) ~ N(y;,2;) where p(x|G) ~ N (n;, 2;)
e O={P (C,‘ ), U, Z,- }K,'=1 e O={P( G,-), K, zi }ki=1
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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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Initialize m;,i = 1,...,k, for example, to k£ random !
Repeat
For all &t € X
i 1 if ||l&® — m;| = min; ||’ — m;]|
‘ 0 otherwise
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k-Means Clustering

k-means: Initial
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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...)
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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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Agglomerative Clustering -
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Agglomerative Clustering -
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