Minimum Description Length, Graphs and Clustering with Exemplars
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Clustering Objective Functions and Graphical Optimization Alternating Minimization

» Clustering is a type of unsupervised learning that one » Convex decomposition lemma:

seeks to partition data into reasonable groups.
— Distribution based clustering
 Fit data with a mixture model to partition data.
* The objective is to maximize goodness of fit of a model.
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* Use convex decomposition lemma to decouple the

* The measure of relationship between pairs of data points

optimization problem:
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* The objective Is to remove a fixed number of edges or to

optimize an objective function defined on graphs.

. . Objective function:
Minimum spanning Two level tree

4 4 (arborescence) tree L(x[t)+L(t) = > L0 %)+ D L) +L(b)
Where Xi :iiti Xi :i:ti
N
L(t) = (N —K)IogK+Iog[K +log N Z p, =K
Weak Exemplar Case / 1 S
Assignments of Which ones are How many exemplars
* Observe that .
non-exemplar points exemplars
— Must start with the root node
— For every data point, there is one and only one edge pointing to it Tree
. . — No cycles Simulations
Clustering and Model Selection N
* Minimum spanning tree: undirected graph, symmetric distance d
« Can the number of clusters and other parameters be Min . ree: directed n rie dist of o
determined in a principled way? iInNimum arborescence tree: directed graph, asymmetric distance ) ) Weak exemplar
I S 2 clustering using MST,
» Can a clustering algorithm balance the number of | | uniform quantization and
parameters used and the modeling error? I B ..+ = Rissanen’s universal
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* Distance based clustering and MDL TR
— Distances as an approximate/estimate for description length Objective function: g N
— Usually distances are defined between pairs of data points - T 7T e
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— Use available compression algorithms: L(xi[x;) = L(x;,x;) - L(x;). SUDJECLTO oL oo Clustgrlng using A_M
— Quantize data and use universal code for integers. t2 =t O] “He o xS e algorithm under different
o o o signal to noise ratios
. . . . () I I thiti Talk 20+ 20" - XQ&%
. Distribution based clustering and MDL Relax the search over t by assigning probabilities to cluster/exemplar membership: Ry
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