Solving Inverse Problems with Diffusion Model-based Priors

Julia Feldhaus
EE367: Computational Imaging, Stanford University

Motivation — Techniques Score: V. logp,(x,) = a:E[xo|xe] — x;
Restoring blurry or incomplete images is an ill- Fretiaine © Vg 08 Pe\Xe) = 1 — @&
il e e . weights ‘
posed problem, with infinite solutions. The 4 tarior] _(VP) 1 ~
challenge is knowing which solution is best. Prediction: X5~ = ElXo[X¢] A (¢ + (1 = @)Vy, logpe (x1))
Inverse Solver g Single-Step Image Unconditional Image Score-Distillation Score ALD Diffusion Posterior
— Denoising Generation (DDPM) Editing Sampling
) Ground Truth Gaussian Noise Corrupted Image X N(O I)
. . . i 3 ~ I
Diffusion models tackle this challenge by PR fort=7T,...,1do mly _/\950, ) 1 do
iteratively denoising an image while balancing {Qi;g;*&;w z~N(0,D)ift > 1Lelsez=0 | z~ N(0,I)ift > 1,elsez =0
both a learned prior and observed data. This i’}"jq;;ga Ro = —=(x,+ (1 = @)sy0x, 1) o= —=Cx+ (1 = @)s(x. 1)
project explores five methods for using FEE AT ey , VEIZED  VEA e, | YE-a)  Ead-e)
: : : : . I —a I —a R P TR P
pretrained diffusion models to solve inverse Predict clean image (%,) S e o s N
problems and compares the results. ) % worth of gaussian noise . ' :
Step towards precfiiction | Y SR g Vel (x) -y Xy = Xy =GV, d(f?n) ~ YH
R I t d k Add Noise (Xt) and add some noise back in Predict clean image (X,) end for ent(:lfor
ejate VVOr iyt _Var(l—a 1) O return xo return Xo
: Xt-1 =
Key approaches to inverse problems: Predict clean image =y Step towards prediction G, = - .
. g g : o - /_ d add ise back i _ : .
(1) Maximum Likelihood — Simple to compute in single step (X) = fla ) o 2o +J1—a,z i xff“;”;'i‘;oﬂ‘; oy | Ye =Annealing Schedule Vall(%0) - y
. . t
but poorly suited to ill-posed problems
2) Maximum A Posteriori — Considers prior .
2) | onsiders prior ‘ Experimental Results

and physical model, but gives single point

estimate (lacks detail)

(3) Posterior Sampling — Samples from
feasible solution set, best for highly ill-
posed problems

T=100: Low noise
PSNR = 27.69
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