STRUCT Group Paper Reading

Reconciling Stochastic and Deterministic Strategies for Zero-shot Image

Restoration using Diffusion Model in Dual

CVPR 2025

Chong Wang', Langing Guo?, Zixuan Fu!, Siyuan Yang', Hao Cheng?, Alex C. Kot!, Bihan Wen'*
INanyang Technological University, Singapore
>The University of Texas at Austin, USA 3Hebei University of Technology, China



Super resolution

« Downsample formulation y=(zx*xk)ls+tn Z;F;
« Consider probability p(z|y)
 Bayesian p(zly) = p(yf(:g(m)

p(zly) < p(y|z)p(z)
4 N\
Likelihood Prior



Super resolution

e Generate HR from LR
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Super resolution

* Maximum A Posteriori (MAP)

r* = arg max p(z|y)

z* = argmin [~ log p(y|z) — log p(z)]



Diffusion

» Forward / noising process

Sample data py(xy) — tumn to noise

Po(X) p1(X) Pr-1(X) pr(X)

e Reverse [ denoising process

Sample noise x;— turn into data




Diffusion for Image Restoration

B [mage Super-Resolution via Repeated Refinement (SR3)

Yyo~p(y|x) Yt—1 Yt yr ~N(0,I)

W Do (Yie—1|Yesfx) 5

B Conditional denoising diffusion model
B Forward diffusion process ¢, reverse inference process p

B Source image x, target image y,

Chitwan Saharia, et al. Image Super-Resolution via Iterative Refinement, IEEE TPAMI, 2022



Diffusion for Image Restoration

B [mage Super-Resolution via Repeated Refinement (SR3)

pe(yo:T\E p(yr) Ht P 0(Yt—1|ys, x)
J plyr) = N(yr|0,I)
po(Yi—tlyni) = N(yi—1 | po(z, g, ve),071)

g

Conditioned reverse
inference process

B The reverse inference process conditioned on source image x

B po(yi—1|y:, ) learned by the neural network

Chitwan Saharia, et al. Image Super-Resolution via Iterative Refinement, IEEE TPAMI, 2022



Diffusion for Image Restoration

B [mage Super-Resolution via Repeated Refinement (SR3)

B U-Net architecture

B xinterpolated to target high resolution

B x concatenate with noisy image y,

642, 256

LYt 1282 128

Chitwan Saharia, et al. Image Super-Resolution via Iterative Refinement, IEEE TPAMI, 2022

82,1024

82,1024

642, 256

1282, 128 Y1



Diffusion for Image Restoration

B [mage Super-Resolution via Repeated Refinement (SR3)

z* = arg min |— log p(y|z) |- log p(x)]

i

Reference Bicubic Regression . Reference
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Sampling-based Image Restoration

B Sampling restored images directly from pre-trained models

B Take the degraded image as guidance po(Xo, X1, X2, X3]y)

B Example:

Denoising Diffusion Restoration Models Xl,x2,x3\x,y)

(DDRM) () @ (o (20 )~ @ v

Denoising Diffusion Restoration Models

Bahjat Kawar, et al. Denoising Diffusion Restoration Models, NIPS, 2022
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Sampling-based Image Restoration

B Denoising Diffusion Restoration Models

B Asimplified degradation model in general:

y=Hx+z, 2z~ N(0,0.1I)

B The targetis to find: T_1

po(x0rly) =y (xrly) T p§ (xelxes1,¥)
t=0

B where 6 is the parameter set of a pre-trained diffusion model.
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Sampling-based Image Restoration

B Denoising Diffusion Restoration Models PerfomSVD H = UV !
B The conditional distributions are demonstrated as: % rrect Sampling
) | i A
Distribution of the D) (D19 = N(FD. of — %) ifs; >0 Distribution
initial noise Po X Y= N(0,02) Lt 8; =

pét) (i?)\xtﬂ,y) = < N(Xé”

7 g 0-2 ) o
N((1 =)%Y, +my@ .02 = Zn?)  ifoy > 2

\

where X is the set of vectors in spectral space: %: = Vix Requires known degradation.
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Sampling-based Image Restoration

B Denoising Diffusion Restoration Models

B The conditional distributions are demonstrated as:

(T)

Py (igf)‘Y) = 9

Distribution of one (t) /(i)
Py (Xt ‘Xt—l—lay)

single denoise step

Perfform SVD H — UEVT

. ) if s > 0 Distribution

its; =0

| | - !
N1 =m)xg) + myD.of = ) > 2

where )_(t is the set of vectors in spectral space: X: = Vix Requires known degradation.
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Sampling-based Image Restoration

B Denoising Diffusion Restoration Models

Original
Original

Degraded
Degraded

DDRM (20)

DDRM (20)

(a) Inpainting results on cat images. (b) Deblurring results (oy, = 0.05) on bedroom images.
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Sampling-based Image Restoration

B Denoising Diffusion Models for Plug-and-Play Image Restoration (DiffPIR)

YA VA
(£)\ ~ (E)N
S ~S._.7

Employ a refinement during sampling process:

%y = argminl|ly — H(x)|I’|+ pe[x — x|

X

Fidelity to degraded image

where th) is the predicted noise-free image at timestep t. Requires known degradation.

Yuanzhi Zhu, et al. Denoising Diffusion Models for Plug-and-Play Image Restoration, CVPR, 2023
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Sampling-based Image Restoration

B Denoising Diffusion Models for Plug-and-Play Image Restoration

(£)\ N

Employ a refinement during sampling process:

%y = argmin [ly — H(x)[|” +|p[x — x/

X

2
|

Regularization of generated image

where th) is the predicted noise-free image at timestep t. Requires known degradation.
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Sampling-based Image Restoration

B Generative Diffusion Prior (GDP)

Denoising
Process

(a) Estimating the
Degradation Model

Guiding the
Restoration

Supervision

Learn the degradation model during the sampling process.

Ben Fei, et al. Generative Diffusion Prior for Unified Image Restoration and Enhancement, CVPR, 2023
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Sampling-based Image Restoration

B Generative Diffusion Prior (GDP)
At the t-th step, the degradation model will be updated via:

L%y = Ly, Dy (£0)) + Q (o)
¢ — IV L5

The noisy image at (t — 1)-th step will be sampled with guidance provided by the loss:

Sample ¢+ _1 by N/ (u + SvgﬁoﬁtOtG’l E)

qbafé() !

Ben Fei, et al. Generative Diffusion Prior for Unified Image Restoration and Enhancement, CVPR, 2023
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Sampling-based Image Restoration

Deblurring

4x Super resolution

Ben Fei, et al. Generative Diffusion Prior for Unified Image Restoration and Enhancement, CVPR, 2023

20



Sampling-based Image Restoration

25 % Inpainting

Colorization

Ben Fei, et al. Generative Diffusion Prior for Unified Image Restoration and Enhancement, CVPR, 2023

21



Sampling-based Image Restoration

B Diffusion Posterior Sampling (DPS)
M, M,

y = A(x) Mz
refine the noisy state at sampling process via:

Ti1 4 @51 — GiVa, [ly — A(@o) |13

—> Sg* > Vylly — ARl

Hyungjin Chung, et al. Diffusion Posterior Sampling for General Noisy Inverse Problems, ICLR, 2023
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Sampling-based Image Restoration

B Diffusion Posterior Sampling (DPS)

refine the noisy state at sampling process via:

/
Ti—1 < Ti_q1 — (

Va, ||y — A(@o)|l3

Correction ltem

y = A(x)

My

—> Sg*

—> V. lly — A(Zo) I3
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Sampling-based Image Restoration

Measurement Ours 1 Ours 2 Ground Truth Measurement Ours 1 Ours 2 Ground Truth
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Sampling-based Image Restoration

Measurement Ours 1 Ours 2 Ground Truth Measuremen t Ours Ground Truth
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Reconciling Diffusion Model in Dual

« Based on pre-trained diffusion model

 Half quadratic splitting: two complementary regularizers,
stochastic sampling and deterministic regression
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Reconciling Diffusion Model in Dual

" Deterministic Regression

- Stochastic Sampling

o7 ~ N(0,1)
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Reconciling Diffusion Model in Dual

/ Ours - Reconciliation
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Reconciling Diffusion Model in Dual

« HQS algorithm

_ 1
Lt — arginiin
z  2(\/TA/p)?

.1 ol
Zi—1 = argmin §||y — Az||3 + ,u,2

+ (1 — T)Aain(z).

|z — 2|5 + R (),
|z — @l

e Overall

m1n2—2||y Az||2+ “||z z|| 24 TARo () H (1 —7)AR(2)

Fidelity & perceptual
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Reconciling Diffusion Model in Dual

Algorithm 1 RDMD

Require: y, Ny, \, . 7, (.{o}}]_, defined in Section 3.1.

Initialization: 7 ~ N(0,1), 2z = A’y
fort=1T,....,1do
# pre-calculate t' for deterministic resgression
viai

r - /
t' = argmin; 7 |0y —

# stochastic estimation

To|¢ = %"{Tt (:Bt — /1 - ﬁtEg(mt;t))

# deterministic estimation
fe(?"-t;t!) = inl'rF (zt — 1 - &t’ﬁﬂ(ztifr))

v

# main update process
JE
zi-1 =zt = 0(Vz |y — Azel|3 + 7AZ5 (20 — 2op2)
+(1 —7)Ao2 (2t — fo(ze3t')))

# renoising

€t = Vql_—&t(ﬂ:t - \/&_tzt—l)

€ ™ N(U} I)

Ti1 = /ar—12t-1++1 — a—1(v/1— (€& ++/Cer)
end for
return x
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Experiment

* Fidelity & perceptual

032

0.31

0.27

PSNR vs LPIPS for Different T Values

=0.0

27.5

27.0 26.5 26.0
<=== PSNR ==
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Experiment

-

* Fidelity & perceptual

Original

Restorations

7=0.0 /
PSNR: 26.44 dB
LPIPS: 0.3363 )<

i 7 =0.1

PSNR: 26.56 dB
LPIPS: 0.3073

i 7=1.0

PSNR: 24.30dB )<
LPIPS: 0.3158
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Experiment

» Quantitative Comparison - FFHQ

FFHQ Deblur (Gaussian) Deblur (motion) Super-resolution (2x) Super-resolution (4 <) Super-resolution (8 )
Method PSNRT SSIM{ LPIPS| PSNRT SSIM{ LPIPS| PSNRT SSIM{ LPIPS| PSNRT SSIM{ LPIPS| PSNRt SSIMT LPIPS|
MCG]I8] 11.19 0.0968 0.8042 11.33 0.0831 0.8088 19.57 0.3482 0.5648 17.34 0.2153 0.7190 16.81 0.1829 0.7676
DPS[9] 23.78 0.6776 0.2829 20.64 0.5732 0.3461 25.06 0.7418 0.2738 22.85 0.6503 0.3215 20.54 0.5597 0.3726
Resample[29] 23.50 0.4962 0.4612 18.60 0.2566 0.6455 23.07 0.4754 0.4828 18.28 0.2563 0.6691 18.74 0.2712 0.6807
BIRD[7] 26.14 0.7009 0.2928 24.21 0.6419 0.3412 27.04 0.6150 0.3310 22.51 0.3870 0.5190 19.67 0.3070 0.6340

RED[25](Ours - deterministic)y 27.84 0.8096 0.3170 26.09 0.7372 0.3613 27.87 0.7919 0.2562 27.05 0.7960 0.3277 22.22 0.6431 0.4883
DiffPIR[43](Ours - stochastic) 27.30 0.7672 0.2372 26.63 0.7399 0.2529 29.39 0.8060 0.2172 26.27 0.7332 0.2674 21.08 0.5634 0.3666

Ours 28.29 0.8057 0.2770 27.05 0.7776 0.2767 31.03 0.8715 0.1807 27.84 0.8012 0.2768 23.31 0.6524 0.3614
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Experiment

* Quantitative Comparison - ImageNet

ImageNet Deblur (Gaussian) Deblur (motion) Super-resolution (2x) Super-resolution (4 <) Super-resolution (8 x)
Method PSNR1T SSIM?t LPIPS| PSNR1T SSIMT LPIPS| PSNRT SSIM{ LPIPS| PSNR{ SSIMf LPIPS| PSNR?T SSIMt LPIPS|
MCG(8] 11.11 0.0982 0.7338 11.05 0.0362 0.7535 15.12 0.2217 0.6259 16.31 0.2150 0.6727 15.87 0.1507 0.7271
DPS[9] 20.09 0.4774 0.4272 20.14 0.4871 0.4336 21.31 0.5514 0.4392 19.47 0.4510 0.4961 17.65 0.3522 0.5505
Resample[29] 18.88 0.2957 0.5579 15.49 0.1857 0.6571 21.01 0.4674 0.4334 16.46 0.2235 0.6163 17.55 0.2207 0.6968
BIRD|[7] 22.04 0.5360 0.4107 20.79 0.4976 0.4499 24.94 0.6841 0.3047 21.37 0.4521 0.5001 19.67 0.3073 0.6334

REDI[25](Ours - deterministic) 23.24 0.6090 0.4282 22.52 0.5674 0.4963 25.87 0.7199 0.3023 23.16 0.6027 0.4324 20.42 0.4634 0.6024
DiffPIR[43](Ours - stochastic) 21.97 0.5363 0.3827 23.34 0.6276 0.3736 25.33 0.7092 0.2900 22.80 0.5967 0.3871 19.44 0.4292 0.5411

Ours 23.30 0.6004 0.4079 22.77 0.6037 0.4247 25.94 0.7563 0.2648 23.28 0.6203 0.4000 20.83 0.4736 0.5690

34



SR (4x) . SR (2x)

SR (8x)

Experiment

Input

(a) MCG

(b) DPS

(c) Resample

(d) BIRD

(e) RED

(f) DiffPIR

Ours
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Deblur (motion) Deblur (Gaussian)

Experiment

Input (a) MCG (b) DPS

(c) Resample

(d) BIRD

() DiffPIR
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Sampling-based Restoration

DiTVR: Zero-Shot Diffusion Transformer for Video Restoration
* CVPR 26

Sicheng Gao Nancy Mehta Zongwei Wu Radu Timofte
Computer Vision Lab, CAIDAS & IFI, University of Wiirzburg
sicheng.gao@uni-wuerzburg.de

| (e -0

I
I Selected block
o

iS5 Current block
i ® Spatialneighbor
*Temporal neighbor

¥ v 4

%4 K T

LayerNorm
Pos‘ihonal Embedding
Tra]ectoty Samplmg
STNC Self-Attention Traj-aware Feedforward
Attention Network

\ \Vt Kt Q; J
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* Restoration problem can be formulated as 2 main parts
* Likelihood - fidelity
* Prior — perceptual quality

« Diffusion prior can act as prior regularization
» Balance between fidelity and perceptual quality is still tricky



Thanks for your listening!
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