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Goal: recover signal x € R™ from linear measurements

y =Ax+n A e R™x™

Applications: data compression, MRI, super-resolution, ...

underdetermined system > need additional priors to ensure unique solution

O Compressed sensing with sparsity prior

= Sparsity prior [|x|o < K

v' natural signals are nearly sparse in some transform domains, e.g. Fourier, wavelet
min ||x||g, st.y =Ax+n
X

» solve via greedy algorithms or convex relaxation

Limitation: x is not strictly sparse > inaccurate recovery results
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% Inferior performance when x ¢ R(g(z;8))
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v" Uncertainties come from distributional difference between X;, and x

O Compressed sensing with Bayesian generative models (CS-BGM)
= Model p(6; Xi,) = N(6;0, \I) > allow for slight adjustment of 6
= Prediction E[x|y; X =E,.0)y:x,)[g(z:0)]

= Solve for p(z, 0]y; X:.) via alternating optimization

o maximum a posteriori (MAP) for high-dimensional

o variational inference (V1) for low-dimensional z

p(R(g(z;0)))

>
<

observing y R(g(z; é|Y))
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Theoretical Justification of CS-BGM

O Necessary condition for generator range

v (Boraetal17) If x € R(g(z; 6)), small can be achieved
S-REC: 5 — €< |Ag(2:0) —y2
Q. But... how can we know when x ¢ R(g(z;0))?

O Sufficient condition for generator range

v' (Ours) x € R(g(z; 9)) only if small measurement error can be achieved

SRRl =0 +e< |Ag(2:0) ~yll2 < VI+3 fe  constents
> Otherwise, adjust R(g(z;0)) to include x
Original CSGM CS-BGM
CSGM CS-BGM

Measurement error
1|Ag(2:8) - yli3: 1.073 0.047

Reconstruction error
Lig(z;89) — x|)%: 0.0137 0.0044
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Thank you!
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