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Kill two birds with one stone:

AMP

Robustness

Sparsity



HD M-estimation: ψ → Ψ̃, F → F̃

Robustness:

Ψ̃(z) = Ψ(z ; b∗) = b∗ψ
(
Prox(z ; b∗, ψ)

)
Extra Gaussian noise:

F̃ = F ∗ N
(
0, τ2
∞
)

How much of is the extra noise intrinsic?

The smallest τ 2
∞ in HD M-estimation (Bean et al, 13)

HD Hájek-Le Cam-type convolution theorem for location-scale
invariant θ̂ and/or dense θ?



HD M-estimation: ψ → Ψ̃, F → F̃

Robustness:

Ψ̃(z) = Ψ(z ; b∗) = b∗ψ
(
Prox(z ; b∗, ψ)

)
Extra Gaussian noise:

F̃ = F ∗ N
(
0, τ2
∞
)

How much of is the extra noise intrinsic?

The smallest τ 2
∞ in HD M-estimation (Bean et al, 13)
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Sparse θ (Donoho-Johnstone, 94): The extra noise is removable

For “nice” F and X, “regular” inference attainsD
a,
nbθ(init) + Z>(Y − Xbθ(init))

o
− θ
E
≈ N

“
0,
D
a,Σ−1a

E
σ2

F

”
when ‖Z>X− Ip×p‖∞ is small, where Σ = E X>X

Dense θ: Empirical Bayes?

Let Gn = p−1
∑p

j=1 δθj . In compressed sensing,

1

p

pX
j=1

E
“
t
`bθM

j

´
− θj

”2

≈ BayesRisk
“
t(·),V (eΨ, eF ),Gn

”
=

Z
E
“
t(θ + eε)− θ

”2

Gn(dθ)

General t(·) (Robbins, 56); Linear t(·) (James-Stein, 61;
Efron-Morris, 72)
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