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Jl Introduction

Diffusion Inverse Problem

% Inverse problems
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% Inverse problems: examples

Inpainting Super-resolution

Deblur MRI
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< Toy Example : Diffusion model and Stein score
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%+ Diffusion model and Stein score
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%+ Diffusion model and Stein score
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%+ Diffusion model and Stein score

Forward Process (data > noise) 0 <t <T
x(0) dx = f(x,t)dt + g(t)dw
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score function
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Diffusion Inverse Problem

< Posterior sampling for inverse problems

Forward Process (data > noise) 0 <t <T
x(0) dx = f(x,t)dt + g(t)dw

v

score function

dx = [f(x,0)- g*(£)Vrlogp,(x)|dt + g(t)dw x(0)

Reverse Process (noise = data)

Vilogp(xly) < CrAl <

oj>

? High cost!

Q.. Data Mining
ob Quallity Ancilytics



Jl Introduction

Diffusion Inverse Problem

% Posterior sampling for inverse problems

Bayes' Theorem
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< Posterior sampling for inverse problems

Forward Process (data > noise) 0 <t <T
x(0) dx = f(x,t)dt + g(t)dw
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score function
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< Posterior sampling for inverse problems

Forward Process (data > noise) 0 <t <T
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Reverse Process (noise = data)
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< Posterior sampling for inverse problems
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< Diffusion Posterior Sampling for General Noisy Inverse Problems
e |CLR 2023 Spothght’ KAIST Published as a conference paper at ICLR 2023
-+ 20261 42 10¥ 7|& 15872 218

DIFFUSION POSTERIOR SAMPLING FOR GENERAL
NOISY INVERSE PROBLEMS

Hyungjin Chung*'+2, Jeongsol Kim*', Michael T. Mccann?, Marc L. Klasky? & Jong Chul Ye'!
TKAIST, 2 Los Alamos National Laboratory
{hj.chung, jeongsol, jong.yel@kaist.ac.kr, {mccann, mklasky}@lanl.gov

ABSTRACT

Diffusion models have been recently studied as powerful generative inverse problem
solvers, owing to their high quality reconstructions and the ease of combining exist-
ing iterative solvers. However, most works focus on solving simple linear inverse
problems in noiseless settings, which significantly under-represents the complexity
of real-world problems. In this work, we extend diffusion solvers to efficiently han-
dle general noisy (non)linear inverse problems via approximation of the posterior
sampling. Interestingly, the resulting posterior sampling scheme is a blended ver-
sion of diffusion sampling with the manifold constrained gradient without a strict
measurement consistency projection step, yielding a more desirable generative path
in noisy settings compared to the previous studies. Our method demonstrates that
diffusion models can incorporate various measurement noise statistics such as Gaus-
sian and Poisson, and also efficiently handle noisy nonlinear inverse problems such
as Fourier phase retrieval and non-uniform deblurring. Code is available at ht tps :
//github.com/DPS2022/diffusion-posterior-sampling.

DOTC‘ M\r‘mg Chung, H., Kim, J, Mccann, M. T, Klasky, M. L., & Ye, J. C. (2023). Diffusion Posterior Sampling for General Noisy Inverse Problems. In The Eleventh International Conference on Learning Representations ICLR 2023. The International Conference on Learning Representations.
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< Posterior sampling for inverse problems
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< Posterior sampling for inverse problems

p(ylxy) = N(yl|Axy, o21)
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Diffusion Inverse Problem

< Posterior sampling for inverse problems

Vx.logp(ylxe)
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< Posterior sampling for inverse problems

p(ylxy) = f p(y1x0, 2P (ko2 dxo
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Diffusion Inverse Problem

% Posterior sampling for inverse problems
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% Posterior sampling for inverse problems

p(ylxy) = f p(y1x0, 2P (ko2 dxo

p(ylxy) = f p(y1x0)p(xolx)dxq

Z1 Q= A REo| gttt EE

= Ep(xo|x) [P x0)]
l Jensen'’s inequality

=~ p(y|E[xolx¢])
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Diffusion Inverse Problem

< Posterior sampling for inverse problems

p(ylxy) = f p(y1x0, 2P (ko2 dxo

Tweedie's formula

p(ylxy) = f p(y1x0)p(xolx)dxq
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Diffusion Inverse Problem

% Posterior sampling for inverse problems

Algorithm 1 DPS - Gaussian

Require: N, y, {G Ly, {6:}Ly
1. zn NN(O,I)
2: fori =N —-1to0do

3: 8+ Sg(mz‘,’i)

4: Lo — gi (a:z + (1 — @@)é)

5: z ~ N(0,I)

6 @y VIR g VI G 15z
7. Ti—1 + xi_1 — (iVa, |y — AR0)|3

8: end for
9: return X
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Diffusion Inverse Problem

% Posterior sampling for inverse problems

Algorithm 1 DPS - Gaussian

Require: N, y, {G Ly, {6:}Ly
1. zn NN(O,I)
2: fori =N —-1to0do

3: 8 + sg(xi,1) vV lo ;
4: To 1&1 (x; + (1 — &;)8) / xlogp(x;)
5: z ~ N(Oa I)

6: iy = ‘/a_i(ll—_;i_l)mﬁ‘ fti_&lﬁz To+0;2

T @iy @1 — G Va[ly — A(@o) 13

8: end for
9: return X
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Diffusion Inverse Problem

% Posterior sampling for inverse problems

Algorithm 1 DPS - Gaussian

Require: N, y, {G Ly, {6:}Ly
1. zn NN(O,I)
2: fori =N —-1to0do

3: §(—89(a}z‘,’i) V.lo %

4: To 1&1 (x; + (1 — &;)8) / xlogp(x;)

5. z~N(0,I)

6: T 1 ‘/a_i(ll__aii_l)mz‘-l- * fti_atﬁz To+0:2

72 @i @1 — GVa [y — A(@0)]13 .
8: end for : - T— VxlogP(Y|xt) = Vxlogp(ylxo)

9: return X

p(ylxy) = N(ylAx,y, 021)

2
Vxologp(ylxe) = —|ly-Axl|/0?
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Diffusion Inverse Problem

¢ Evaluation Metrics (PSNR, SSIM)
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PSNR = 10 - logy,, SSIM(z,y) = U(z,y)" - c(z,y)” - s(,y)"

PSNR 31.05 PSNR 36.13 PSNR 30.13
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Jll Diffusion Posterior Sampling (DPS)

¢ Evaluation Metrics (LPIPS)
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Diffusion Inverse Problem

¢ Evaluation Metrics (FID)
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Diffusion Inverse Problem

% Experiments

Linear

(a) Inpainting (c) Gaussian deblur

Non-linear
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% Experiments - linear problem

- J3HCE HULHE Ho| R0t EEE £

Measurement Measurement PnP-ADMM Ours Ground Truth

Gaussian blur(cg = 0.05)

Super-resolution (x4, ¢ = 0.05)

Motion blur(c = 0.05)
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Diffusion Inverse Problem

% Experiments - linear inverse problems

SR (x4) Inpaint (box) Inpaint (random) Deblur (gauss) Deblur (motion)
Method FID| LPIPS| FID] LPIPS| FID| LPIPS| FID| LPIPS| FID] LPIPS|
DPS (ours) 3935 0.214 33.12 0.168 21.19 0.212 44.05 0.257 39.92 0.242
DDRM (Kawar et al., 2022) 62.15 0.294 4293 0.204 69.71 0.587 74.92 0.332 - -
MCG (Chung et al., 2022a) 87.64 0.520 40.11 0.309 29.26 0.286 101.2 0.340 310.5 0.702
PnP-ADMM (Chan et al., 2016) 66.52  0.353 151.9 0.406 123.6  0.692 90.42 0441 89.08 0.405
Score-SDE (Song et al., 2021b)
(ILVR (Choi et al., 2021)) 96.72 0.563 60.06 0.331 76.54 0.612 109.0 0.403 2922 0.657
ADMM-TV 1106 0428 6894 0.322 181.5 0.463 186.7 0.507 152.3 0.508

Table 1: Quantitative evaluation (FID, LPIPS) of solving linear inverse problems on FFHQ 256 x256-
1k validation dataset. Bold: best, underline: second best.
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% Experiments — nonlinear inverse problems
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Manifold Constraints Gradient (MCGQG)

Diffusion Inverse Problem

<+ Improving Diffusion Models for Inverse Problems using Manifold Constraints

*  NeurlPS 2022, KAIST

o = L Improving Diffusion Models for Inverse Problems
. 1 42 102 7|= ol proving

Hyungjin Chung™:! Byeongsu Sim™-2 Dohoon Ryu! Jong Chul Ye*!2
! Dept. of Bio and Brain Engineering
2 Dept. of Mathematical Sciences
3Kim Jaechul Graduate School of Al
*Equal contribution
Korea Advanced Institute of Science and Technology (KAIST)
{hj.chung, byeongsu.s, dh.ryu, jong.ye}@kaist.ac.kr

Abstract

Recently, diffusion models have been used to solve various inverse problems in
an unsupervised manner with appropriate modifications to the sampling process.
However, the current solvers, which recursively apply a reverse diffusion step
followed by a projection-based measurement consistency step, often produce sub-
optimal results. By studying the generative sampling path, here we show that
current solvers throw the sample path off the data manifold, and hence the error
accumulates. To address this, we propose an additional correction term inspired
by the manifold constraint, which can be used synergistically with the previous
solvers to make the iterations close to the manifold. The proposed manifold
constraint is straightforward to implement within a few lines of code, yet boosts
the performance by a surprisingly large margin. With extensive experiments,
we show that our method is superior to the previous methods both theoretically
and empirically, producing promising results in many applications such as image
inpainting, colorization, and sparse-view computed tomography. Code available
here

DOTCI M\r‘mg Chung, H., Sim, B,, Ryu, D., & Ye, J. C. (2022). Improving diffusion models for inverse problems using manifold constraints. Advances in Neural Information Processing Systems 35 25683-25696.
o
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< Manifold Hypothesis

Q.. Data Mining
ob Quallity Ancilytics



Il Manifold Constraints Gradient (MCG)

Diffusion Inverse Problem

% Score-SDE inverse problem

y = Ax M,

1. x; « sp(x;, 1)

2. Proj, (x;)

M,
Xo
—_— Sé —» Proj
Geometry of Score-SDE
Data Mining . . . . . . . . . . )
. ) Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. Score-Based Generative Modeling through Stochastic Differential Equations. In Intemational Conference on Leaming Representations. 53
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Diffusion Inverse Problem

% Score-SDE inverse problem

y = Ax M4-
\
M3
M o
2 1. x; < sp(x;, i)
M
1 ; '
2. Proj, (x;)
My
X0 . H L
Manifold 9% St 2 5o
— S, — proj OHEESLE AHAd 74 =
> dSct dd Zdit=
Geometry of Score-SDE
.%. gig:l'i’r[\;]/r\\:;g\yﬂcs Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. Score-Based Generative Modeling through Stochastic Differential Equations. In Intemational Conference on Leaming Representations.
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Diffusion Inverse Problem

Score-SDE

%+ Score-SDE inverse problem Measurement

— Sy — Dproj

Geometry of Score-SDE

%\. (%?J:;:l'i’r[\;i’r\\g;g\yﬂcs Song, Y., Sohl-Dickstein, J., Kingma, D. P., Kumar, A., Ermon, S., & Poole, B. Score-Based Generative Modeling through Stochastic Differential Equations. In Intemational Conference on Leaming Representations.
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Diffusion Inverse Problem

< Theorem1 : MCG= ®Xl| manifoldd|M y= gol= HS7H0] sliTol= Wake = ARS F oo},
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Diffusion Inverse Problem

< Theorem1 : MCG= ®Xl| manifoldd|M y= gol= HS7H0] sliTol= Wake = ARS F oo},

Measurement Score-SDE Ours

* ~ 2 :
S Velly = 4GOI, — PP

Geometry of MCG
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Bl MCG, DPS geometric interpretation

Diffusion Inverse Problem

% MCG, DPS geometric interpretation
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Geometry of MCG Geometry of DPS
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Decoupled Annealing Posterior Sampling (DAPS)

Diffusion Inverse Problem

< Improving Diffusion Inverse Problem Solving with Decoupled Noise Annealing
« CVPR 2025 Oral, California Institute of Technology

Improving Diffusion Inverse Problem Solving with Decoupled Noise Annealing
o > .
-« 2026 42 10€ 7|E 912 218
Bingliang Zhang*'! Wenda Chu*! Julius Berner?!
Chenlin Meng? Anima Anandkumar! Yang Song*
ICalifornia Institute of Technology ~?NVIDIA  3Stanford University ~ “OpenAl

Measurement Reference LatentDAPS

+ |8 88 2

SR (x8) Inpaint (Box) Motion deblurring

Measurement

‘Lu lq‘Q__A '(“:‘.-_“ 't.\‘z_s

Iy ) )] P
s ol (4°® Jigee Phse Jhve .

¥

LPIPS: 0.102 LPIPS: 0.150 LPIPS: 0.333
PSNR: 30.62 PSNR: 29.61 PSNR: 17.94

(a) Phase retrieval

Measuroment Reforence ReSamplo
- - . " -

LatentDAPS

kA ERY

LPIPS: 0.127 LPIPS: 0.216 LPIPS: 0.152
PSNR: 27.72 PSNR: 25.06 PSNR: 25.98
(b) High dynamic range (c) LatentDAPS with Stable Diffusion v2-1 (d) CS-MRI

Figure 1. Overview of Decoupled Annealing Posterior Sampling (DAPS). Our method provides a flexible and effective framework for
solving inverse problems through a decoupled posterior sampling process. In (a)(b), we present DAPS visual results on FFHQ and ImageNet
at a resolution of 256, and in (c), on natural images at a resolution of 768. In (d), we display DAPS results on compressed sensing multi-coil
MRI (CS-MRI). DAPS effectively addresses nonlinear inverse problems as well as medical imaging MRI challenges. Additionally, DAPS

can be enhanced using large-scale latent diffusion models (LDMs) [40], as shown in (c).

\. DC'TC'_ Mining . Zhang, B., Chu, W., Bemer, J., Meng, C., Anandkumar, A., & Song, Y. (2025). Improving diffusion inverse problem solving with decoupled noise annealing.
.‘ QUClllTy /\HO\\/TICS In Proceedings of the Computer Vision and Pattern Recognition Conference (pp. 20895-20905).
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Algorithm 1 Decoupled Annealing Posterior Sampling (DAPS)

Measurement y Require: Score model sg, measurement y, noise schedule oy, (;)ic(0, . n4}-
Sample x ~ N(0,021).
fori=N4,Ny—1,...,1do
Initial p{®) ~ A/(0, I) for HMC only
Compute )"cg]) = Xo(xy, ) by solving the probability flow ODE in Eq. (48) with sg
for; =0,...,N—1do
Langevin dynamics:

Langevin
Dynamics

A

&5 %§) + (Vs 1og PR [x,) + Vi, logp(y[%§”) ) + v/2mie;, €5 ~ N (0, ).

~N 7

Forward or HMC:
Diffusion %5V, pU+t1)) — Hamiltonian-Dynamics(x{’, p?),
Rf;f'/ef S€ or Metropolis Hasting:
Dirtusion %9+ Metropolis-Hasting (%)
\ end for
Start Sample x;, |, ~ N(i{{]N), o7 I).
> end for
Return xg
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% Experiments
 linear inverse problems (5 tasks) : super-resolution, gaussian deblurrning, motion deblurring, inpainting (box),
inpainting (random mask)

* nonlinear inverse problems (3 tasks) : phase retrieval, high dynamic range reconstruction, nonlinear deblurnng

Measurement Reference DAPS LatentDAPS DPS SR (x8) Inpaint (Box) Motion deblurring

Measurement
Reference

LPIPS: 0.102 "LPIPS: 0.150 LPIPS: 0.333
PSNR: 30.62 PSNR: 29.61 PSNR: 17.94

(a) Phase retrieval

Measurement Reference LatentDAPS ReSample

L » M

LatentDAPS

LPIPS: 0.127 LPIPS: 0.216 LPIPS: 0.152
PSNR: 27.72 PSNR: 25.06 PSNR: 25.98 H H
(b) High dynamic range ' (c) LatentDAPS with Stable Diffusion v2-1 ' (d) CS-MRI
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% Experiments (linear inverse problem)

FFHQ ImageNet
Task Type | Method ‘ PSNR (1) SSIM(1) LPIPS() FID(}) | PSNR(1) SSIM(1) LPIPS() FID(|)
DAPS (ours) 29.07 0.818 0.177 51.44 25.89 0.694 0.276 83.57
DPS 25.86 0.753 0.269 81.07 21.13 0.489 0.361 106.32
DDRM 26.58 0.782 0.282 79.25 22.62 0.521 0.324 103.85
Pixel DDNM 28.03 0.795 0.197 64.62 23.96 0.604 0.475 98.62
Super resolution 4x DCDP 28.66 0.807 0.178 53.81 ) ) . )
FPS-SMC 28.42 0.813 0.204 49.25 24.82 0.703 0.313 97.51
DiffPIR 26.64 - 0.260 65.77 23.18 - 0.371 106.32
LatentDAPS(ours) 27.48 0.801 0.182 59.62 25.06 0.673 0.276 84.37
Latent PSLD 24.35 0.649 0.287 74.36 2542 0.694 0.360 97.45
ReSample 23.29 0.594 0.392 93.18 22.61 0.576 0.370 113.42
DAPS(ours) 24.07 0.814 0.133 43.10 21.43 0.725 0.214 109.85
DPS 22.51 0.792 0.209 61.27 18.94 0.722 0.257 126.52
Pixel DDRM 22.26 0.801 0.207 78.62 18.63 0.733 0.254 116.37
DDNM 24.47 0.837 0.235 46.59 21.64 0.748 0.319 103.97
Inpaint (box) DCDP 23.89 0.760 0.163 45.23 - - - -
FPS-SMC 24.86 0.823 0.146 48.34 22.16 0.726 0.208 111.58
LatentDAPS(ours) 23.99 0.802 0.194 46.52 17.19 0.624 0.340 145.63
Latent PSLD 24.22 0.813 0.158 43.02 20.10 0.694 0.465 146.53
ReSample 20.06 0.749 0.184 53.21 18.29 0.631 0.262 127.84
DAPS(ours) 31.12 0.844 0.098 3217 28.44 0.775 0.135 54.25
DPS 25.46 0.823 0.203 69.20 23.52 0.745 0.297 87.53
Pixel DDNM 29,91 0.817 0.121 44.37 31.16 0.841 0.191 63.84
Inpaint (random) DCDP 30.69 0.842 0.142 52.51 - - - -
FPS-SMC 28.21 0.823 0.261 61.23 24.52 0.701 0.316 79.12
LatentDAPS(ours) 30.71 0.813 0.141 36.41 27.59 0.772 0.164 61.62
Latent PSLD 30.31 0.809 0.221 47.21 31.30 0.783 0.337 83.21
ReSample 29.61 0.746 0.140 39.85 27.50 0.756 0.143 59.87
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Diffusion Inverse Problem

% Experiments (nonlinear inverse problem)

FFHQ ImageNet
Task e Method
Typ PSNR (1) SSIM (1) LPIPS (|) FID(]) ‘ PSNR (1) SSIM (1) LPIPS (|) FID(])
DAPS(OUIS) 30'63i3-13 0.851J£0_072 0‘139i0-050 42.71 25.78iﬁ_92 0.74310_034 0‘254i0-125 82.67
Picel DPS 17.641507 044110199 041040000 10452 | 168154 0427, 0,4 04470060 197.54
RED-diff 15.601445 0.39810105 0.59610002 167.43 | 14.981375 0.38610057 0.5361p120 212.24
Phase retrieval DCDP 28.65i3_09 0.781 10.217 0‘203i0-196 68.13 - - - =
Latent LatentDAPS (OUFS) 29'16i3-55 0.79610_039 0.199i0‘073 54.26 20'54i6-41 0.61210_1 14 0‘361i0-150 129.54
ReSample 21.60+8.10 0.648+0.154 040640224 8432 | 19.245491 0.618+0.146 040330074 13047
‘ Classical | HIO ‘ 13.53+250 0.359+0.003 0.72610.068 268.09 ‘ - - - -
DAPS(ours) 28.29,, ;7 0.783 0035 015510032 49.38 | 27.78.,,, 0.724 0045 016910056  59.87
Pixel DPS 23.394201 0623410082 0278410060 9131 | 22.494330 0.59110101 0.306100s1 101.41
Nontincar deblur RED-diff 30.86.05 0.795.0025 0.160,05 4384 | 30.07.,4 0.754.005 0211, 5122
DCDP 27924264 0.779+0.067 0.18340051 51.96 - - - -
Latent LEI[EDLDAPS(OU['S) 28'11t1-75 0‘713i0-041 0‘235i0-049 53.63 25'34i3-44 0‘615i0-057 0‘314i0-030 76.73
ReSample 28-24i1.69 0‘742i0-039 0'185i0-039 51.62 26'20i3-71 0-65310.064 0'206i0-057 61.16
DAPS(OUI'S) 27'12i3-53 0'75210-041 0‘162i0-072 42,97 26'30i4-10 0'71710.067 0‘175i0-107 64.19
Pixel DPS 2273, 607 059101, 026di0156 112.82 | 1923125 0.582.00s2 050310106  146.23
High dynamic range RED-diff 22165541 051200083 02580050 10832 | 22.03.549 0601009, 0.274,,95 113.48
Latent LatentDAPS(ours) 25.94+2_37 0.751+0_055 0.223+0_030 74‘83 23.64+4_10 0.609+0_{)53 O.269+0_099 93.51
ReSample 25-65i3-57 0‘732i0-059 0'182i0-055 67.22 25'11i4-21 0'633i0-049 0.198i0_059 87.66
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