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Partition X = {1, ..., z,} into k pairwise disjoint clusters C; C X,...,C,, C X: X =W C;

k-means: Minimize the sum of intra-cluster variances: miny, ., >/ minz];:1 |z; — pjl?
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k-means is NP-hard when d > 1 and k > 1, O(n?*k) when d = 1

Interval clustering (contiguous clustering)  mine,(X) =@ e:(C))
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Solve by Dynamic Programming
€im = MiNy<jci{€j 1m-1 © e1(Xji)}

Optimization: Look-up-tables or summed area tables

Cluster size constraints
Cim = minmax{wzl’:ln;,i+1—n$}§jj§i+1_% {ej—1m-1 @ er(Xi)},
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L = {l;};:hidden labels.
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Duality exponential family < Bregman divergence
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