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INTRODUCTION 1 RESULTS

o Fast exemplar selection (FES) is a scalable, deterministic and computationally efficient algorithm for Exact Matrix Recovery

adaptive column sampling.
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Approximation error vs number of dictionary atoms for (a) Yale Face, (b) and (c) UoS datasets.

Problem: Aim is to sample a small number of columns of a matrix X such that

X = IX||F = [[X = XyllF . .
Sparse Representation Based Clustering

i.e., error between the target matrix X and its rank-k approximation X;
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Proposed Approach: A column x; from matrix X can be sampled based on its distance to the space spanned Ll o SES
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Assuming columns sampled in X are independent, the above expression can be expanded as -
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where d; = x: x;, a; = X(x; and W = X X. The updated Gram matrix after each selection can be computed as Nunber of Dictionary Atons
(assuming normalized data) Normalized cut ratios for clustering task on the Yale face dataset.
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Other applications: Low rank approximation, optimal feature selection, outlier detection, dictionary learning,

W will be invertible if it has a unique Cholesky decomposition W, = L;L;, and the updated Gram matrix can .
subspace clustering etc.
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