Linear Algebra for Computer Science
Lecture 29

Low-rank Approximation




Low-rank matrices




Near-low-rank matrices
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Near-low-rank matrices



Example




Matrix Norms




Low-rank Approximation
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Low-rank Approximation




Application: Reduce memory/computation




Application: Reduce memory/computation




Application: Computing the Fundamental Matrix
in computer vision




Eigen-decomposition as an optimization
problem
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Eigen-decomposition as an optimization

XMCLX - \/t
xmw_ =, \/V\

= arqmax siAx S V’_J'C"d to
3 ! T
ER AT X xTA x T x=l, x LV

X T _
= c(raﬁ\“ﬁ( z(TA)( S \l X X A X'—LV, yk v,
X

A == V/\VTT D /l(\/'\/‘T + /)\z vzva - f,)\nvn VV\T

T
A)(: ()( Vl vlTK f/}'zvzvgx.\, - + ,}\hv.qu‘ )(




SVD as an optimiztion problem
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SVD as an optimiztion problem
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SVD as an optimiztion problem




SVD as an optimiztion problem




Remember: Solving Homogeneous Equations
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Application: Noisy Homogeneous Equations
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Zero centering data




Projecting points on a line
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Find direction maximizing variance
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Find direction maximizing variance

&

Corav) TN < mal




Find direction maximizing variance
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Principal Component Analysis (PCA)
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