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=
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2
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→
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>
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=
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︸
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︸
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√
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‖u‖
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⇒
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⇒
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=
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exploitsparsity



22

W
avelet

B
ases

an
d

S
p
arsity

•
E

xpand
ρ

in
w

aveletbasis{ψ
j
k }

:
ρ

= ∑
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⇒
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∑ν∈
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=
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excess
over

noise
using

percentiles
of χ

2(n
) :

τ̂
2(ν

)
=
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=
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Î
k

=
{ν↔

largestk
variances}

O
(p

log
p)

R
ed

u
ced

P
C

A
on{x

iν
:
ν∈

Î
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