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Compressed Sensing - Introduction Our Questions MAP vs. Conditional Resampling
« Goal: Estimate a signal x* € R™ from a linear system « Question 1: For general distributions, how do we formalize the A | Pixly) * MAP works for “nice” distributions.
1 .
y = Ax" +n. number of measurements needed to compress the distribution? 0  MAP picks narrow peak.
« Let A € R™" How many measurements are needed? Naively « Question 2: What algorithm can recover signals using this sample « Conditional resampling will pick
m = n, else underdetermined; multiple x possible. complexity? v -] wide peak.
10
« But not all x are plausible/natural: 0 o o
~ Our Goal Qualitative Results: Inpainting
e x*~R, y=Ax*+1n, A&n arei.i.d. Gaussian. MAP (Asim et al "20):
N argmin,egn |y — AG(2)]|? +v[|2||%.
« Have access to distribution P, such that W, (P,R) < .
. Goal: estimate % such that with probability 0.97, Langevin sampling:
C o< N Zeyr < Ze — BV, (lly — AG(zp)|1?/20¢ + ||21%/2) + N(0,28,),
5 MB 36 MB | x™ =Xl 2 |[Inll =& (*)
« [Candes-Romberg-Tao ‘06]: Possible to recover x™ if it Is Our Results
approximately sparse and A is Gaussian. « New complexity measure:B,(x, ¢) is the ¢ —radius ¢, ball around

x, and R is a probability distribution. Then:

Compressed Sensing + Generative Priors @ Original  (b) Input

‘ \ (c) Reconstructions by MAP and Langevin
' ' T . . RK n ; : : : :
[Bora-Jalal-Price-Dimakis ‘“17]: When G: R* - R™ is a Cov, 5(R) == min< k : R U B,(x;e)|=1-6,x e R}, MAP produces one |mag2e with small ||z||, while Langevin produces
d —layered neural network, A is i.i.d. Gaussian with m = \ ) diverse images with ||z||” ~ n. Analogous to points close to origin
_ _ L having large density in a high dimensional Gaussian, yet atypical.
O (kdlogn) rows, then gradient descent finds X satisfying * Upper bound: m = O(log Covgo 01(R)) sufflces for ().
lx* — ®|| < erzflrrlliéle(a) lx* —x|| + |In|| + & * Lower bound: m = Q(log Covs. 1 (R)) is necessary for (x). Quantltatlve Results: Compressed SenS|ng
X 0.030
. . . . . . . . . i Annealed-MAP = Annealed-MAP .
. Small k = error stops improving after some point because of Optimal algorithm: Conditional resampling is optimal. . T oneaied Langeuin 05 & Annesied-Langevin

limited model capacity. Instance Optimality: Lower bound holds for any distribution R, g ox-

and not just for particular hard distributions. %ﬂm E”E'
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g Our Algorithm =8R8’ 8 RER =8 %8 & B RER
E ’ Mumber of measurements MNumber of measurements
U 0.05 ° ' I I C [ f lgorith ith Asim et al’20. Left col is MSE, and right col is LPIPS bet tructi d
= = leen measurements y ‘ denSIty p over Images’ measurement grol?r:rcllpt?lrjltshc.)nLI?’II;)gri:1 g?:eargu\pg of hséw pe)e?ceptuaﬁy gi(;tl;r:tnt\l/so imaggg arrtleg.] Olj:rO rquonri;\;m has nscf (;;IZESti?:z:nies?grrizzgztrgicﬁgrgr?(?e in
0.005 = = = = = |k |h d t ¢ ] h th ¢ comparison to MAP, but produces perceptually closer images.
A S 3 S 2 Ikelihood (y|x), estimate Is X, such that:
Number of measurements (yl ) R efe re n CeS
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