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We aim to design a rigorous Bayesian posterior sampler using
diffusion models for solving inverse problems

Forward model: generate y = A(:B) + e Diffusion model: generate image via iterative denoising

Sample

Posterior
Sampler

Bayesian approach: sample from the posterior p(x|y)



We adopt the Split Gibbs Sampler formulation to sample from
the posterior distribution

Posterior Prior
p(zly) < p(ylz) p(x)
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2. Prior step: fix z and sample «x : ") ~ p(x) exp ( 20 |z — Z(k)Hg)
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3 [1]: Vono et al., Split-and-augmented Gibbs sampler - Application to large-scale inference problems (2018).




We identify a key connection between the prior step of Split
Giblbs Sampler and the EDM framework

1
1. Likelihood step: fix £ and sample z : 2 )~ p(y|z) exp 53 |zF) — z||2
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Noise level = () de; = —o0(t)o(t)V logp(axs; o(t))dt Noise level = p

\ EDM reverse diffusion [2 J

4 [2]: Karras et al., Elucidating the Design Space of Diffusion-Based Generative Models (2022).



We propose PnP-DM as a principled method to leverage
diffusion models for solving imaging inverse problems

1. Likelihood step: fix  and sample z : 2K~ p(y|z) exp

2. Prior step: fix z and sample «x :
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iteration K-1

Likelihood step: enforcing
data-consistency

Prior step: denoising with
noise level pg

Annealing schedule
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We propose PnP-DM as a principled method to leverage
diffusion models for solving imaging inverse problems

1. Likelihood step: fix £ and sample z : 2% ~ p(y|z) exp

2p
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Likelihood step: enforcing \
data-consistency




We propose PnP-DM as a principled method to leverage
diffusion models for solving imaging inverse problems
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start from ¢ at
noise level pg

I:- Prior step: denoising with
noise level pg
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PnP-DM outperforms existing methods on image restoration
problems

Measurement DPIR DPS PnP-SGS Ours: PnP-DM Ground truth

Motion deblur

Super-resolution




PnP-DM successtully recovers the M87 black hole using the
real measurement data from Event Horizon Telescope (EHT)

Prior samples

Posterior samples

Mean image

* Experiment was performed with real data for the M87 black hole with non-convex constraints
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Official image by EHT
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* Project page: http://imaging.cms.caltech.edu/pnpdm/
e Code: https://github.com/zihuiwu/PnP-DM-public/

e Scan the QR code for more information!
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