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· Singular Value Decomposition
· Low-rank approximation



Eigendecomposition Singular Vector Decomposition-
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SVD useful for...
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· Principal Component Analysis



Low Rank Approximation
Rank characterizes structure :

a rank K if K unique points points
↳= rank R if K clusters of points $" I
↳ rank K if k indep · features

u
=) reduce dimension using structure! features

Goal : Given X
,
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Q : How good is the approximation?
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Efficiently find SVD. Claim : Whenned
, find Ond2) time .

Hint : Getting eigendecomposition of ME MMXM takes O(m3) time


