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=
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→
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>
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=
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︸
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ρ
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︸
︷︷

︸
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ofn −
1Z

Z
T

do
notapproach

1
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a
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√
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σ
n −
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‖u‖

2
D=

σ
2

pn

χ
2(
n
)

n

χ
2(
p
)

p

a
.s

.
→

σ
2c

>
0.
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⇒
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⇒
both
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B
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Sx = D
x + B
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=
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= ∑
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•
Fact:

sm
oothness

(even
non-hom
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⇒
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∑ν∈
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=
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=
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coef£cients,kill
noise.

H
ere,usualhard

thresholding:

η
H

(y
,δ)

= 
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=

τ̂
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:
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