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Abstract

Diffusion models have demonstrated remarkable effectiveness in im-
age restoration tasks. However, when guiding image reconstruction,
existing Diffusion Model-based Image Restoration (DMIR) meth-
ods typically rely on fixed data constraints and uniform step sizes,
thereby overlooking the dynamic nature of the generative process.
Such rigid designs render the models vulnerable to spatially non-
uniform degradations, thus resulting in structural distortions and
loss of fine details. Meanwhile, uniform step sizes introduce compu-
tational redundancy, whereas naive step reduction strategies tend
to accumulate approximation errors. To address these limitations,
we propose a Local Epistemic Uncertainty Guided Active Sampling
framework (LEADer). In the spatial domain, LEADer leverages
pixel-wise uncertainty to dynamically modulate the prior strength
within the null space, which effectively balances detail preserva-
tion and artifact suppression. In the temporal domain, it quantifies
sampling stability via the uncertainty trace to enable adaptive trajec-
tory pruning, thereby accelerating convergence. Theoretical proofs
demonstrate that our framework achieves strict data consistency,
while the trajectory pruning strategy admits a deterministic er-
ror bound, thereby guaranteeing stable convergence under skip
sampling. Notably, our plug-and-play method can be seamlessly in-
tegrated into various DMIR baselines. Extensive experiments show
that LEADer improves the performance of multiple state-of-the-art
DMIR methods, while significantly reducing sampling time with
negligible memory overhead.

CCS Concepts

« Computing methodologies — Computer vision; Machine
learning.

Keywords

Diffusion model, Plug-and-play, Image restoration, Local epistemic
uncertainty

1 Introduction

Image restoration [9, 11, 15, 20, 22] aims to reconstruct clear, natu-
ral images from degraded observations corrupted by noise, blur, or
low resolution, serving as a fundamental problem in computer vi-
sion and medical imaging [27, 40, 42]. Recently, deep learning-based
methods have achieved remarkable performance on various specific
image restoration tasks [4, 11, 22, 48, 52]. However, these meth-
ods, optimized for specific degradation patterns, typically rely on
massive paired training data. Moreover, this task-specific paradigm
often suffers from limited generalization capabilities [51].
Recently, diffusion models [8, 17, 31, 34, 36, 46] have demon-
strated powerful capabilities in modeling complex data distributions
and have been successfully applied to diverse image generation

tasks [10, 29]. Consequently, researchers have begun exploring pre-
trained unconditional diffusion models as universal priors to solve
image restoration inverse problems [13]. Diffusion Model-based
Image Restoration (DMIR) methods typically adopt a posterior sam-
pling paradigm: they directly utilize pre-trained diffusion models
to fit the prior distribution of clear natural images, incorporating
likelihood guidance [2, 5, 7, 26, 35, 39, 44, 45] or data consistency
projection [6, 14, 19, 25, 38, 41, 43, 47, 50, 54] during the reverse
sampling process. This enables a single pre-trained model to adapt
to diverse degradation scenarios, which effectively enhances the
generalization capability of restoration methods.

However, during reverse sampling, existing DMIR methods typi-
cally employ fixed data constraint weights and uniform time steps.
This setting overlooks the dynamic nature of image generation and
introduce two main challenges. Spatially, since local degradations
in real images are often uneven, globally fixed weights struggle
to accommodate varying regional restoration needs, thus leading
to compromised details or inaccurate local structures. Temporally,
fixed time steps cause additional computational cost during the
stationary phase of sampling, whereas directly reducing steps in-
troduces additional discretization errors that compromise overall
restoration quality [18, 24].

In response to these challenges, we propose an active diffusion
sampling framework guided by local epistemic uncertainty, termed
LEADer. Specifically, to ensure structural consistency, we propose
Uncertainty-Calibrated Prior Modulation (UCPM), which leverages
pixel-level uncertainty to dynamically regulate the strength of prior
within the null space, thereby adaptively balancing detail preserva-
tion and artifact suppression. Furthermore, to improve inference
efficiency, we propose State-Aware Trajectory Pruning (SATP). This
technique evaluates the stability of the sampling process via the
trace of uncertainty and executes step-skipping within an con-
trolled error tolerance, which effectively reduces computational
redundancy and accelerates convergence, as illustrated in Figure 1.
In addition, theoretical analysis demonstrates that our method guar-
antees data fidelity while providing a controlled error bound for
the skip sampling process. The main contributions of this paper are
summarized as follows:

e We propose a novel perspective on the diffusion reverse
process based on local epistemic uncertainty, which reveals
the spatiotemporal limitations of the sampling strategies in
existing DMIR methods.

e We propose an active diffusion sampling framework that
proactively resolves local distortion and sampling redun-
dancy via uncertainty-calibrated prior modulation and state-
aware trajectory pruning.

o Extensive experimental results demonstrate that our pro-
posed plug-and-play framework effectively enhances image
restoration quality and performance while improving in-
ference efficiency.
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2 Background

DMIR methods have emerged as the mainstream for zero-shot
solvers in image inverse problems. The core challenge lies in inject-
ing specific measurement constraints into the reverse denoising
process. Depending on the intervention mechanisms, existing meth-
ods are primarily categorized into the following two classes:
Gradient-based Optimization Guidance: Rooted in Bayesian
posterior sampling theory [5, 26, 35], these methods approximate
the measurement likelihood gradient using the clean image esti-
mate at the current time step to guide reverse sampling. Notably,
DPS [5] directly enforces data consistency using the gradient of
the I;-norm of the measurement error. Subsequent works have
focused on improving guidance accuracy and stability. For exam-
ple, MCG [7] incorporates manifold projection constraints, while
IIGDM [33] enhances robustness via pseudo-inverse matrices and
Jacobian computations. ZAPS [1] further proposes an alternative
guidance scheme to improve performance over DPS [5]. More recent
studies investigate the numerical instability and bias arising during
the guidance process. For instance, SITCOM [2] and SPGD [45]
introduce explicit gradient control mechanisms to stabilize opti-
mization. In parallel, DCDP [21] and DAPS [49] refine the sampling
trajectory by decoupling the purification process to mitigate prior
bias, while DPPS [44] employs proximal operators to handle non-
smooth constraints, thereby improving flexibility under complex
degradations.

Null-Space Orthogonal Projection: In contrast to gradient-based
guidance, these methods decompose the image space into range
and null spaces via orthogonal projection, and iteratively refine
the null-space components during reverse diffusion. Representative
approaches such as DDNM [41] and DDRM [19] achieve strict data
consistency through pseudo-inverse projection and singular value
decomposition (SVD), respectively. Building upon this foundation,
subsequent works extend the framework to improve flexibility and
guidance quality. DiffPIR [54] integrates Half-Quadratic Splitting
(HQS) to reformulate measurement constraints as proximal map-
pings, while DDPG [14] introduces a preconditioned guidance tra-
jectory that evolves with sampling steps, which effectively bridges
back-projection and least-squares gradient formulations. More re-
cent studies focus on enhancing global consistency and structural
regularity. For example, ProjDiff [50] constructs a bivariate con-
strained optimization framework to better exploit denoising priors,
EqusS [43] utilizes equivariant sampling to constrain manifold regu-
larity, and PIRP [47] incorporates parameterized gradient priors to
elevate overall perception and fidelity.

3 Preliminary

Problem Formulation: The image restoration task aims to recover
a target clean image xo € RV from a degraded observation y € RM.
This physical degradation process is typically modeled as a linear
inverse problem:

y =Ax +n, (1)

where y € RM is the degraded image, and x, € RN represents
the high-quality image to be recovered. A € RM*N is a known
linear operator, such as a bicubic downsampler in image super-
resolution. Finally, n ~ N(0, O'fll) is additive Gaussian noise [19],
which represents uncertainty or disturbance in the observation y.
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Figure 1: (a) Qualitative comparisons of the proposed method
with plug-and-play adaptation across different tasks. (b) and
(c) Quantitative comparisons under the same settings. The
results demonstrate that our method facilitates restoration
accuracy and efficiency.

Within the zero-shot diffusion framework, restoration is achieved
without retraining on paired degraded data. Instead, a pre-trained
unconditional diffusion model serves as a generative prior. At any
time step t € (0,T] during reverse sampling, given the current
noisy variable x;, the diffusion model predicts the noise compo-
nent via a denoising neural network €g(x;, t). Based on Tweedie’s
formula [12, 37], the corresponding estimate of the clean image is:

X, — V1 —a,ep(xy,t)

Xo|t = 5 (2)

ar

where @; is a predefined noise schedule parameter.
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To enforce data consistency with the physical observation, the
Denoising Diffusion Null-Space Model [41] introduces an orthogo-
nal decomposition of the image space into range and null spaces:

%o = A'y + (I- ATA)x;, €)

where A’ is the pseudo-inverse of the degradation matrix. A’y
enforces data fidelity in the range space, while (I—AfA)x0| ¢ projects
Xo|; onto the null space for prior-guided refinement.
Diffusion Models: Denoising Diffusion Probabilistic Models (DDPM)
[17] learn data generation by reversing a diffusion process that pro-
gressively corrupts data through noise addition. This framework
consists of a forward process and a reverse process.

The forward process is a fixed Markov chain that gradually
perturbs the data over T time steps. Let 8; denote the noise schedule.
At each step ¢, the noisy state x; is given by:

X = V1= fixpg + \/Eet—lx 4

where €;-1 ~ N(0,I). Let the cumulative noise up to time step ¢ be
@, = [1i_, a;, then we have:

x; = Varxo + V1 - aze. (5

The reverse process aims to reconstruct the original clean image
Xo from the noisy state x,. Mathematically, this is described by:

1 1—a; (x0,1) 6
N Xy \/1—_0@69 Xt L) | + 0r€y, (6)
where €p(x;,t) denotes the noise predicted by a neural network
parameterized by 0, and €; ~ N(0,]) is the Gaussian noise.

Despite their strong generative capability, DDPM suffers from
high computational cost due to the large number of sampling steps.
To address this limitation, [32] introduces Denoising Diffusion
Implicit Models (DDIM), which relax the Markovian assumption,
and enable more efficient sampling with fewer steps. Based on the
estimate Xo|; in Eq. (2), the DDIM update rule is:

Xe—1 = VA-1Xo|r + /1 — Q-1 — oleg(xs,1) + or€;. (7)

4 Local Epistemic Uncertainty Guided Active
Sampling
4.1 Motivation

Existing zero-shot image restoration solvers typically employ glob-
ally fixed prior weights and uniform time steps when intervening
in the reverse diffusion process. Such a rigid design implicitly treats
sampling as a static procedure and overlooks the inherently dy-
namic characteristics of diffusion models across different spatial
regions and temporal evolution stages. This limitation gives rise to
two key issues:

Perception-Distortion Trade-off: The level of degradation and
the difficulty of restoration varies significantly across different im-
age regions [3]. Applying globally uniform constraint weights fails
to account for this heterogeneity. Specifically, in regions where the
model can already recover fine details, overly strong priors tend to
over-smooth structures. On the other hand, in severely degraded
areas where prior-driven inference is less reliable, insufficient con-
straints can lead to artifacts that deviate from the true underlying
structures [16, 28].

Xp-1 =
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Sampling Redundancy: From the perspective of ordinary dif-
ferential equation (ODE), the reverse diffusion trajectory evolves
with non-uniform dynamics. However, existing methods typically
adopt fixed, uniform step sizes. This static temporal scheduling
ignores the varying demands of different sampling stages. Once
the global structure is established, continuing dense step-by-step
updates introduces substantial computational redundancy; whereas
naively increasing step sizes can accumulate errors during detail
reconstruction, which ultimately degrades the quality [18].

To address these issues, we argue that the diffusion sampling
steps should be state-aware. Specifically, we quantify local epistemic
uncertainty at each spatial location and sampling step, then we
use it as a unified modulation signal. In the spatial dimension,
this uncertainty facilitates pixel-level on-demand regularization
modulation to balance detail preservation and artifact suppression
(see Section 4.3). In the temporal dimension, it serves as an error
control metric to guide adaptive step sizing (see Section 4.4). The
overall architecture of our method is illustrated in Figure 2.

4.2 Local Epistemic Uncertainty Quantification

At any time step ¢ in the reverse dynamics, the noisy observation
x; embodies two fundamentally different types of uncertainty: the
inherent aleatoric uncertainty introduced by the forward Gaussian
diffusion process, and the epistemic uncertainty arising from miss-
ing information, particularly within the null space. In this paper,
we focus on quantifying the latter from an information geometry
perspective.

Based on the marginal distribution q(x;|x,) of the forward noise-
adding process, the Observed Fisher Information Matrix (FIM)
F7(x;) € RN*N of the pre-trained diffusion model at the current
state x; is defined as:

Fe (%) = _VJZ([ log p; (x;), (8)

where F;(x;) represents the model’s information sensitivity and
structural certainty regarding the local features at this state. A
higher value indicates that the model has stronger prior confidence
in high-frequency details, whereas a lower value implies higher
generative ambiguity in that region. As detailed in Section 3, the
posterior expectation estimate x|, of the target clean image x is:

1 _
Xo|r = B[xo|x:] = — (x¢ + (1 - &)V, logpr(x)) . (9)
var

To quantify the prediction variance of the model given x;, we
perform a second-order Taylor expansion on the posterior distri-
bution to derive the analytical relationship between the posterior

covariance matrix X; and FIM:
1- dl‘

%t = Cov(xo|xs) = (- (1-a)Fe(xe)]. (10)
This decomposition provides a clear interpretation. The leading
term l;f" I represents the inherent upper bound of the aleatoric
uncertainty at time step ¢, while the second term (1 — &) %;(x;) re-
flects the Fisher information gain provided by the pre-trained model
via the score function. Consequently, the diagonal matrix X, serve
as an effective measure of local epistemic uncertainty. Specifically,
when ¥;(x;) is large, the model exhibits high confidence in the
reconstructed structures, thus leading to an epistemic uncertainty
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Figure 2: Architecture of LEADer. Existing DMIR methods rely on fixed step-by-step sampling with uniform constraints,
leading to computational redundancy and detail distortion in uncertain regions. To address this, LEADer quantifies local
epistemic uncertainty X, to guide reverse sampling. Spatially, UCPM utilizes X; to adaptively modulate prior constraints
for strict data consistency. Temporally, SATP computes an adaptive step size Atactive based on the uncertainty trace to skip
redundant iterations. As a result, LEADer improves the restoration quality of various baselines while reducing sampling time.

of ; — 0. Conversely, in regions with limited observational con- the closed-form solution for the optimal image estimate Xo|;:
straints, particularly within the null-space, the Fisher information _ ATV
diminishes, thus resulting in a higher %;. Xoje = Xolr ~ A V(o). (14)

. . . A where the spatially heterogeneous modulation matrix A} is defined
4.3 Uncertainty-Calibrated Prior Modulation as:
To address tbe limitaFions of g%obally uniform weighting, we pro- Al = [Zt_l + H<I>(X0|t)] g % (1+ H<I>(X0|t)2t)_1 . (15
pose Uncertainty-Calibrated Prior Modulation (UCPM). By leverag-
ing the extracted local epistemic uncertainty X, as a spatial guid-
ance signal, UCPM dynamically modulates the strength of physical
priors ®(x) (e.g., gradient and structural priors) at the pixel level.
Specifically, we cast the problem as a Maximum A Posteriori (MAP)
optimization objective within the local state space:

The matrix A; acts as an adaptive preconditioner, with its modu-
lation strength governed by ;. When ; — 0, we have A} — 0,
which indicates that prior intervention is attenuated to preserve
high-frequency details generated by the diffusion model. In contrast,
a larger value of X; leads to stronger modulation, which enforces
. more aggressive regularization to suppress artifacts and structural
J(x) = E(X - x0|t)TZ;1(x = Xo¢) + O(x). (11) deviations.

Setting the first-order optimality condition V.7 (x) = 0 yields: 4.4 State-Aware Trajectory Pruning

27 (x = Xop0) + V(%) = 0. (12) To alleviate the computational redundancy caused by fixed time

To obtain a tractable solution, we linearize the non-linear prior steps during the stable evolution phase, LEADer introduces State-
term via a first-order Taylor expansion around xq|;: Aware Trajectory Pruning (SATP), which incorporates epistemic
uncertainty into the temporal dimension to enable adaptive sam-

V&(x) = VO(xo) + Ho (Xo;¢) (X = Xoj2), (13) pling accel}e,:ration. In thepreverse sampling of diffusionpmodels, a

where Ho(xo;) € RN*¥ is the Hessian matrix of the prior func- single-step state transition can be approximated via Taylor expan-
tional. Substituting this into the optimality condition, we derive sion. Specifically, the state transition equation from time step ¢ to
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t — At can be evaluated as:
d?’x;

. 16
i (16)
The higher-order residual term characterizes the local evolution
error, whose magnitude reflects the rate of change in the image state.
We relate this quantity to the epistemic uncertainty ¥, derived in
Section 4.2. Specifically, the norm of the second-order derivative is
proportional to the trace of X;:
de[
dr?

d
Xi-At =Xt — At% +0 ((Al‘)2

oo Tr (I+(1— o’tt)V,z([ log py(xr)) o Te(Z) 2 Uy, (17)

where U; = %Tr (2;) denotes the global epistemic uncertainty at
time step t. To balance reconstruction fidelity and computational
efficiency, we introduce a constant information loss budget B that
constrains the permissible local truncation error. for each step.
Specifically, the error induced by a step of size At is bounded as:

S(At) ~ (At)? - U, < B, (18)

where p > 1 is the local error order of the sampler. In our imple-
mentation, we use the DDIM solver and set p = 1. By solving this
error constraint, the maximum admissible step size Atactive can be
derived, and the next evolution state node txeyt can be updated
accordingly:

At, 1 B %
Active = Max 5 |_’7 Ut +e J 5 (19)

tNext = max{0, t — Atactive},

where 1 is a scaling factor, and € is a constant that ensures nu-
merical stability. This formulation enables a principled trade-off
between efficiency and accuracy. When the model is confident
in the current estimate, it indicates that the image is in a stable
restoration phase. At this point, the induced local truncation error
remains small, thereby permitting larger step sizes and the skipping
of redundant iterations. Conversely, in high-uncertainty regions
associated with complex structural reconstruction, the step size is
reduced to maintain reconstruction accuracy.

4.5 More Analysis

Algorithm Summary: In summary, the spatially optimal mod-
ulated prior estimate is computed via Eq.(14). To strictly ensure
physical measurement consistency, we project it onto the null-space
and fuse it with the range-space observation y, which yields the
clean image estimate:

%o = ATy + (1= ATA)%;. (20)

Finally, following the non-Markovian formulation of DDIM, the
next state X, can be derived using %|,; and the adaptively selected
time step tNext:

— 2 ' A — A2
xtNext - atNext x0|t + 1 atNext O-tNext ee(xt’ t) + JtNextet’ (21)

where €; ~ N(0,I) is the sampling noise. The overall LEADer
algorithm is summarized in Algorithm 1.

Plug-and-Play Analysis: Notably, the LEADer framework can
be seamlessly integrated into existing baseline sampling methods
as a plug-and-play module. The computations of UCPM and SATP
rely entirely on the posterior statistics (xo|; and X;) of the diffusion

MM ’26, November 2026, Rio de Janeiro, Brazil

Algorithm 1 Local Epistemic Uncertainty Guided Active Sampling

Require: Noise estimator €p(-, t), T,y,A, @, B, 1, p, €
1: Initialize x7 ~ N'(0,1)
2: while t > 0 do
3: Pre-computation
4 Xop = \/%(Xt - V1-a;ep(xs,1))
5.0 Fi(x) = —V,zq log p; (x;)
T = G- (1 - @) Fr(xe)]
Uncertainty-Calibrated Prior Modulation (UCPM)
A =321+ H@(Xo\t)zz)_l
Ko|t = Xo|r — A;VD (X))
100 %o = ATy + 1-ATA)%),
11: State-Aware Trajectory Pruning (SATP)
122 Uy = 5Tr(Zy)

Y % 2

1
13:  Atactive = max {1, Ly (%) pj}

14 tNext = max{0, ¢ — Afactive }

15: Generative Sampling Step

16: €~ N(0,I)

172 Xiye = Vd[Nexlf(Olt 1~ Crgen — O-tzNexl €g(xs, 1) + Otnext €t
18: b INext

19: end while

20: return X

model during the pure inference phase. This eliminates the need for
any degradation-specific fine-tuning or retraining of the pre-trained
denoising network €y. This design ensures broad compatibility with
existing zero-shot image restoration frameworks, facilitating its
application across diverse inverse imaging tasks without modifying
the underlying model parameters.

Theoretical Analysis: We now provide theoretical insights into
the behavior of the UCPM and SATP mechanisms within the LEADer
framework. In particular, we analyze how UCPM maintains data
fidelity while introducing spatial prior modulation (Proposition 4.1),
and how SATP guarantees a bounded global evolution error during
adaptive temporal acceleration (Proposition 4.2). The proofs of the
two Propositions are provided in the Supplementary Material.
PROPOSITION 4.1. For a linear degradation operator A and an obser-
vation y, let the null-space projection be Py = 1 — ATA. Since the
modulated estimation of UCPM is defined as x = ATy + PNXprior,
under the noise-free assumption, the final generated image strictly
satisfies the data fidelity condition:

ly — A%|l3 = o. (22)

Since APy = 0, all prior modulation induced by the epistemic
uncertainty X, is strictly constrained within the null space. This
implies that UCPM does not interfere with the known range-space
components when suppressing artifacts or synthesizing details,
thereby circumventing the common issue of data fidelity corruption
caused by prior-driven updates.

PROPOSITION 4.2. Let xP¢™5¢ denote the continuous exact solution
of the ODE and x EAP¢" the discrete solution accelerated by SATP.
Assuming the drift field is L-Lipschitz continuous and SATP bounds the
single-step truncation error within the budget B. Based on Gronwall’s
inequality, the global accumulated error possesses a deterministic
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Table 1: Quantitative results for five image restoration tasks on CelebA-HQ 1K (top) and ImageNet 1K (bottom). The Avg. A
column reports the average performance improvements and time reductions achieved by our method over the baselines.

Bicub. SR x 4 Bicub. SR x 4 Gaussian Deb. Motion Deb. CS 25%
Method (0. =0) (e =0.05) (e =0.05) (e = 0.05) (0. =0.05)
PSNR T LPIPS|  Time| PSNRT LPIPS|  Time| PSNRT LPIPS|  Time| PSNRT LPIPS|  Time| PSNRT LPIPS| Time| PSNRT  LPIPS| Time |
CelebA-HQ 1K

Avg. A

DDRM [19] preurts 31.64i45 0.054s0021 3875 29260155 0.090.005 4055  30.534174 0.074s00p4 4.06s N/A N/A N/A  26.07.505 0.128.003; 3.86s  N/A N/A N/A
DPS [5] et 29.39.316  0.065:0026 134.205  27.49.354 0.086s0052 138.255 27.75.257 0.084s0020 143.695 19.63u341 0.227.00s5 148695  N/A N/A N/A N/A N/A N/A
DiffPIR [54] (cvrreo 30.361227 0.051sg010 7455 2744195 0.085.002  7.685  28.89u175 0.074s0022 7665  27.96i16 0.102:003  7.58's N/A N/A N/A N/A N/A N/A
00110023 4755  29.89.16 0.155.0031 4885 31085 0.150.0027  481s 2973175 0.034u0025 5595  26.261105 0.143.0035  5.00s  N/A N/A N/A

DDNM [41] T 3164u3g 00482002 3775 29.09.55  0.082.003 3875 30.60i202 007200022 3.90s  N/A  N/A N/A  2604upgs 0.024u00s3 3838 o500 127819 oo
+EquS* [43] (wac 32441255 0.05320010 3835  29.204135 0.093.0027 3875  30.83u1s6  0.069.0021 396 N/A N/A N/A  263lipas 01190035 4025
+ LEADer [ 3273212 0.04ds0017 3425 29.69i119 0.077:002 3635 30.86:135 0.063i0015 3755 N/A N/A N/A 27061142 009002 3695

TDDPGT14] (v 31602536 005250021 4965 20394174 0.105.0020 5095  3041s155 0.068s0023  511s  29.02760 0.082s002 5725 26761195 0.052u003 5245 o o370 oooon
+ EquS [43] wacvao 31730205 0.054s0010 4885  29.52:155 0.109:007 5015 30.47p142 0.07lso0m 5035 29.17.155 0.088:0024  5.625
+ LEADer [0u:- 31940170 0.047s0017 4635 29.65.131  0.098s0023 4755 3077124 0.062:0015 4775 2940413 0.076:00, 534 ¥

" ProjDiff [50] (vewirsn  3257.1s5 00910022 3.945  2949.142 00800024 4125 3141.135  0.068.0020 4275 N/A  N/A N/A  264las 003200 4055
+EQuS* [43) wacvae 32.64u163  0.094u0020 3875 29.53.121 0.080s0021 4045  3145.55 0.07l.0s 418 N/A N/A N/A  2645.13 0.135.005 3975
+ LEADer (0 32.86:134 0.084s007 3615  29.75.105 0.074sgois 3775 3164y 0.062:0015 3.90s N/A N/A N/A  2668.116 012550023 372

004220015 5015 28.55.5 0.079.002 5145 29904145 0.061i0020 5125  28.50.163 0.074z0.022 5775  26.59:174 0.091s0027 522
va 004320016 4945  28.60s130 0.07820021 5065  29.94u125 0.062:0015 5045  28.55.147 0.075.0020 5675  26.63:155 0.0924002 5.4
+ LEADer [0urs 31.02:161 0.039:0014 4725 28861115 0.072:0013 4845 30164100 0.055:0015 4835 28774126 0.069:0017 5435 26.87.13 0.086500s 491

ImageNet 1K
DDRM [19] weurtpszo2s 27.38.512 027010045  8.16s 25544152 0.333.40.047 827s  27.71.i183 0.243:0032 8.02s N/A N/A 21.58:175  0.301:0033 8.07 s N/A N/A N/A
DPS [5] rcireo 25561185 0.236:0020 246145 24.05.143 027ls00s5 263.95S 26.641157 02404003 248265 17.52.175 0.46840.066 N/A N/A N/A N/A N/A N/A
DiffPIR [54] (¢ 2699510 0.255:0033 15405  24.65.13 0318s0014 15625 26641174 024040020 15495  2534s1sy  0.28440.038 N/A N/A N/A N/A N/A N/A
IDPG [14] 27.205165 032650017 8425  2551i19 0.41li0ss 853s  27.47.185 031310015 846s 2602515 0.35440.048 22372109 0.261s0033 848's N/A N/A N/A
ProjDiff [50] 27.095153 0.242:003  8.13s 2573411 033610016 8155  27.914175 023840020 8.11s N/A N/A 22.065126 0.248:0033 8.32s N/A N/A N/A

; 274521, 024520035 8035 2552145 0.32du00s7 8065  27.69:205 0.237s0027 7975 N/A N/A 21664135 02650001 8.20's
+EquS* [43) wacvae 27634203 024250033 8.005 2556413 03270055 8125 2772415 023440055 8.01s N/A N/A 22144155 0.246.003 821
+ LEADer [ouss 27714197 0.231s0020 7745 2563125 0.306.0035 7865 27.8li1gs  0.207.0022 7665 N/A N/A 23544136 0223003 8025

DDPG [14] [cveraoz1] . 843s  25.55:142  0.35410.044 3 7341 120520026 8245 25944158  0.249.0.033 20.69+127 0.258:0037 8.56s
+EqusS [43] (wacvo 27444175 0.25200020 8495  25.63:135 0.351.0.041 .23 27.73 0.2032002¢ 831s  25.99.4 0.247.0031 20715108 0.255.0.034
+ LEADer [0 21

SITCOM [2] » o1 0.232.005 1 20,039
+EquS [43] v 018120024 25.36.110 0.2281003 160.42's 02320057 139935  28.664033 0.185.0034
+ LEADer [0u: 017610022 145975 25534156 022310035 154365 27.59:045 0.226.0035 134.68's  28.86:03; 0.17810031
TPIRP FipG_ [47] cesune) 24862154 01510024  8.555  25.07.15 02900051 8565 26174125 01505002  8.695  2481ig 0.209:0055 9835 23.68:145 0.217s00m1  816s .o -~

+ EqusS [43] (wacva 24914121 0.15340.021 8.58s  25.02:139 0.29410.038 8.61s 26114116 0.155:0020 8.73s  24.764143 0.21140032 23.714133  0.22040020 8.19s
+ LEADer [ours 25374105  0.14610.018 8.29s 25341112 0.27810030 8325 26281093 0.152:0019 8.41s  25.24433 0.201i0.028 24191110 0.209:0026 743 s
analytical upper bound: Evaluations (NFEs) is less than 100. All experiments were performed
LT _ 4 on an NVIDIA GeForce RTX 3090 GPU.

[|xPense — xLEADer)|, < C. B. ¢ , (23) Evaluation Metrics. We employ three prevalent metrics to eval-
uate the proposed method on image restoration tasks, which in-
clude Peak Signal-to-Noise Ratio (PSNR) for distortion evaluation,
Learned Perceptual Image Patch Similarity (LPIPS) [53] for percep-
tual quality, and average per-image Run-time (Time) for computa-
tional efficiency. We additionally report memory consumption to
assess resource usage. Standard deviations of PSNR and LPIPS are
provided to reflect performance stability.

Comparison with Other Methods. To evaluate the effectiveness
of LEADer, we integrate it as a plug-and-play module into sev-
’ : eral advanced zero-shot DMIR approaches, including DDNM [41],
convergence of the accelerated generation trajectory. IDPG [14], DDPG [14], ProjDiff [50], STTCOM [2], and PIRP [47].
We apply the same integration for EquS [43] and compare their
respective effects on quality and efficiency across these baselines.
5.1 Experimental Setup Additionally, we compare LEADer against other SOTA zero-shot
DMIR methods, including DDRM [19], DPS [5] and DiffPIR [54].

L
where C > 0 is a constant, T is the total samplings steps of the reverse
process, and L is the Lipschitz constant.

In the discrete ODE solution process, due to Lipschitz continuity,
the local truncation error accumulates exponentially over time steps,
yielding the e'” term. By introducing the uncertainty trace Uy to
adjust the sampling step size, SATP constrains the local error at
each step within the predefined tolerance B. This state-aware local
error control ensures that the global accumulated error remains
bounded under non-uniform sampling, thereby guaranteeing the

5 Experiments

We conduct experiments on five typical IR tasks: 4X Super-Resolution
(SR) with a bicubic downsampler (o, = 0 and o, = 0.05), Gaussian

deblurring (o, = 0.05), motion deblurring (o, = 0.05), and Com- 5.2 Improvements to DMIR Methods

pressed Sensing (CS) using a Walsh-Hadamard sampling matrix Quantitative Results. To validate the effectiveness of LEADer as a
with a 0.25 compression ratio. For validation, we use two standard plug-and-play method for DMIR, we conduct detailed quantitative
image restoration benchmarks, i.e., CelebA-HQ 1K [23] and Ima- evaluations across five image restoration tasks on CelebA-HQ 1K
geNet 1K [30], both at 256 X 256 resolution. For a fair comparison, and ImageNet 1K. As shown in Table 1, experimental results con-
all methods utilize the same pre-trained DDM denoisers, i.e., one firm the superior performance of LEADer. When integrated into
trained on CelebA-HQ [25] and one trained on ImageNet [10]. Sam- various zero-shot DMIR methods, such as DDNM [41], DDPG [14],
pling steps are uniformly set to T = 100 for all methods, except ProjDiff [50], SITCOM [2], and PIRP [47], LEADer consistently en-
for DPS [5] (T = 1000) and SITCOM [2]. Note that due to the hances restoration quality. Specifically, on CelebA-HQ 1K, LEADer
step-skipping capability of SATP, our total Number of Function achieves average PSNR gains ranging from 0.88% to 2.38%, while
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Figure 3: Qualitative comparisons on five image restoration tasks.
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Figure 4: Comparison of %X;|; between DDNM and LEADer at different NFEs.

significantly reducing LPIPS by 7.13% to 12.78%. Notably, unlike
EqusS [43], LEADer leverages a state-aware trajectory pruning strat-
egy to improve generation quality while achieving substantial sam-
pling speedups, saving 3.04% to 8.42% of sampling time on average.
These results demonstrate that our local epistemic uncertainty quan-
tification directly strengthens the adaptive adjustment for complex
local structures while significantly boosting inference efficiency.

Qualitative Results. To assess the visual restoration capability
of LEADer under complex degradations, we compare the visual
results of various baseline methods before and after its integration,
as shown in Figure 3. When confronted with complex localized
degradations, baseline methods often suffer from detail loss or
over-smoothing due to their fixed prior weights. By integrating
LEADer, the model can adaptively modulate the prior strength,
which effectively suppresses artifacts while recovering sharper
edges and more realistic textures, thus leading to a substantial
improvement in overall visual fidelity.

To further illustrate the effect of the uncertainty-based active
sampling strategy, we visualize the restoration trajectories of Xo|;
across different steps on the 4X super-resolution task, as shown in
Figure 4. Due to its fixed step size, the baseline DDNM recovers de-
tails through a slow and uniform process, where both intermediate
states and final outputs often exhibit high uncertainty. In contrast,
LEADer perceives the current state and dynamically adjusts the
sampling pace, which enables earlier convergence to clear local
textures at lower steps. This enhanced sensitivity to detail not only
improves data consistency but also allows the SATP strategy to
safely skip steps, thereby reducing inference time.

5.3 Ablation Study

Impact of Core Strategies. To validate the effectiveness of the key
strategies in the LEADer framework, we conduct ablation studies
on three image restoration tasks using the DDNM [41] baseline. As
shown in Table 2, introducing UCPM alone significantly improves
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Table 2: Ablation study results of each component in LEADer.

DDNM Bicub. SR X 4 (g, =0.05)  Gaussian Deb. (g, = 0.05) CS 25% (o, = 0.05)
UCPM SATP T PSNRT LPIPS| Time| PSNR] LPIPS| Time| PSNRT LPIPS| Time |
X X 100 29.19 0.082 3.87s 30.60 0.072 3.90s 26.14 0.124 3.83s
v X 100 29.69 0.075 3.96s 30.90 0.061 4.01s  27.14. 0.090 3.97s
X X 93 28.85 0.098 3.67s 30.31 0.089 3.83s 25.79 0.134 3.75s
X v 100 29.17 0.084 3.66s 30.58 0.077 3.80s 26.10 0.125 3.73s
v X 93 29.35 0.090 3.65s 30.58 0.074 375s 26.74 0.106 3.70s
v v 100 29.69 0.077 3.63s 30.86 0.063 375s 27.06 0.094 3.69s

Table 3: Hyperparameter sensitivity analysis on the informa-
tion loss budget B.

ImageNet 1K Bicub. SR X 4 (0, =0) Motion Deb. (o, = 0.05)

Setting PSNRT LPIPS| Time| PSNRT LPIPS| Time]
B=0 2541 0.143 856 2531 0196 9.3
B =0.001 2541 0.143 856 2530 0196  9.83
B =0.005 2538 0144 845 2526 0199 974
B =0.01 2537 0.146 829 2524 0.201 9.63
B=0.05 2483 0.161 454 2471 0226 521
B=0.1 2396 0.187 276 2385 0258  3.08

the restoration quality, albeit with a slight increase in sampling time.
Conversely, employing SATP alone effectively reduces inference
time with virtually no quality degradation. When combined, they
exhibit excellent complementarity, achieving superior restoration
quality while simultaneously reducing the overall sampling time.
This indicates that the effective local guidance provided by UCPM
enhances the stability of reverse sampling, thereby enabling SATP
to perform step-skipping more safely. Furthermore, to demonstrate
the advantage of the SATP strategy over directly reducing sam-
pling steps, we conduct a step ablation study. The results show that,
under the condition of roughly equivalent sampling time, our ac-
tive sampling strategy demonstrates significant robustness. These
experimental results demonstrate that both UCPM and SATP are
indispensable, yielding clear synergy and mutual enhancement
across spatiotemporal dimensions.

Impact of Sampling Steps. To evaluate the robustness of our
method across varying sampling steps, we compare the perfor-
mance of DDNM [41] and DDPG [14] with and without LEADer
at T € {10, 20,50, 100}. As shown in Figure 5, introducing LEADer
consistently improves image quality across all settings, thus demon-
strating the effectiveness of our UCPM. In terms of efficiency, SATP
consistently reduces inference time. However, under extremely low
step counts, the runtime reduction becomes marginal. This is be-
cause the overall epistemic uncertainty remains excessively high
under such sparse sampling; consequently, SATP adaptively per-
forms fewer skip operations to preserve restoration quality. Overall,
these results verify that LEADer exhibits strong robustness across
different sampling steps.

Impact of B. The information loss budget B in Equation (18) gov-
erns the trade-off between restoration quality and computational ef-
ficiency. A larger B tolerates higher local truncation errors, thereby
encouraging SATP to execute more aggressive trajectory pruning.
To investigate the impact of B, we conduct a sensitivity analysis
using PIRP Fj,G_ [47] as the baseline on the ImageNet 1K dataset
for the Bicubic SR x4 (o, = 0) and Motion Deblurring (o, = 0.05)
tasks. As shown in Table 3, a conservative budget (B = 0.001) yields
quality improvements while restricting acceleration. Conversely, an

Anon. Submission Id: 7960
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Figure 5: Ablation study on different sampling steps.
(Dataset: CelebA-HQ 1K, Task: Gaussion Deb. & o = 0.05)

Table 4: Memory consumption comparison across five tasks.

Methods Bicub. SR X 4 Bicub. SR X 4 Gaussian Deb. Motion Deb. ~ CS 25%
(0e=0) (00 =0.05) (0, =0.05 (de=0.05 (o, =0.05)

DDNM [41] 2507 MB 2513 MB 2509 MB N/A 2541 MB
+ LEADer 2509 MB 2516 MB 2515 MB N/A 2543 MB
DDPG [14] 2521 MB 2524 MB 2523 MB 2959 MB 2564 MB
+ LEADer 2526 MB 2526 MB 2530 MB 2965 MB 2567 MB
SITCOM [2] 15831 MB 15863 MB 15912 MB 18478 MB N/A

+ LEADer 15842 MB 15872 MB 15923 MB 18485 MB N/A

PIRP Fj,G_ [47] 2513 MB 2520 MB 2515 MB 2948 MB 2557 MB
+ LEADer 2516 MB 2521 MB 2521 MB 2952 MB 2561 MB

overly aggressive budget (B = 0.1), despite significantly reducing
inference time, leads to notable performance degradation. Based
on these observations, we set B = 0.01 as the default configuration
for our SATP strategy to optimally balance restoration fidelity and
sampling efficiency.

5.4 Memory Consumption

To evaluate the practical overhead of LEADer as a plug-and-play
module, we compare the GPU memory consumption of various
baseline methods before and after its integration, as shown in Ta-
ble 4. Evaluations across five tasks on the ImageNet 1K dataset
reveal that despite introducing additional computations, LEADer
incurs a marginal overall GPU memory increase of merely 0.07% to
0.28%. This indicates that LEADer can robustly enhance both the
restoration quality and sampling efficiency of existing methods at
an almost negligible memory cost.

6 Conclusion

In this paper, we identify a fundamental limitation of existing zero-
shot DMIR methods, i.e., their reliance on fixed prior constraints
and uniform sampling schedules, which often leads to local struc-
tural distortions and redundant computations. To address this, we
propose LEADer, an active diffusion sampling framework guided
by local epistemic uncertainty. Spatially, we leverage pixel-level un-
certainty to dynamically modulate prior strength, which effectively
balances detail preservation and artifact suppression. Temporally,
we quantify the stability of the generation process via uncertainty
traces and adaptively prune trajectories within deterministic er-
ror bounds. Both theoretical analysis and extensive experiments
demonstrate that LEADer can be seamlessly integrated as a plug-
and-play module to consistently improve restoration quality and
sampling efficiency, while preserving strict data consistency. In the
future, it would be also interesting to investigate the application
of this uncertainty-based active sampling mechanism to diffusion-
model-based generative tasks.

871

873
874
875
876
877
878
879
880
881
882
883
884
885
886
887
888
889
890
891
892
893
894
895
896
897
898
899
900
901
902
903
904
905
906
907
908
909
910
911
912
913
914
915
916
917
918
919
920
921
922
923
924
925
926
927
928



929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971
972
973
974
975
976
977
978
979
980
981
982
983
984
985

986

Local Epistemic Uncertainty Guided Active Sampling for Plug-and-play Diffusive Image Restoration

References

(1]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

Yasar Utku Alcalar and Mehmet Akgakaya. 2024. Zero-Shot Adaptation for
Approximate Posterior Sampling of Diffusion Models in Inverse Problems. In
European Conference on Computer Vision (Lecture Notes in Computer Science,
Vol. 15141). Springer, 444-460.

Ismail Alkhouri, Shijun Liang, Cheng-Han Huang, Jimmy Dai, Qing Qu, Saiprasad
Ravishankar, and Rongrong Wang. 2025. SITCOM: Step-wise Triple-Consistent
Diffusion Sampling For Inverse Problems. In International Conference on Machine
Learning, Vol. 267. PMLR / OpenReview.net.

Yochai Blau and Tomer Michaeli. 2018. The Perception-Distortion Tradeoff. In
IEEE Conference on Computer Vision and Pattern Recognition. Computer Vision
Foundation / IEEE Computer Society, 6228-6237.

Liangyu Chen, Xiaojie Chu, Xiangyu Zhang, and Jian Sun. 2022. Simple Baselines
for Image Restoration. In European Conference on Computer Vision (Lecture Notes
in Computer Science, Vol. 13667). Springer, 17-33.

Hyungjin Chung, Jeongsol Kim, Michael Thompson McCann, Marc Louis Klasky,
and Jong Chul Ye. 2023. Diffusion Posterior Sampling for General Noisy In-
verse Problems. In International Conference on Learning Representations. OpenRe-
view.net.

Hyungjin Chung, Jeongsol Kim, and Jong Chul Ye. 2023. Direct Diffusion Bridge
using Data Consistency for Inverse Problems. In Annual Conference on Neural
Information Processing Systems.

Hyungjin Chung, Byeongsu Sim, Dohoon Ryu, and Jong Chul Ye. 2022. Improving
Diffusion Models for Inverse Problems using Manifold Constraints. In Annual
Conference on Neural Information Processing Systems.

Florinel-Alin Croitoru, Vlad Hondru, Radu Tudor Ionescu, and Mubarak Shah.
2023. Diffusion Models in Vision: A Survey. IEEE Transactions on Pattern Analysis
and Machine Intelligence 45, 9 (2023), 10850-10869.

Kostadin Dabov, Alessandro Foi, Vladimir Katkovnik, and Karen O. Egiazarian.
2007. Image Denoising by Sparse 3-D Transform-Domain Collaborative Filtering.
IEEE Transactions on Image Processing 16, 8 (2007), 2080-2095.

Prafulla Dhariwal and Alexander Quinn Nichol. 2021. Diffusion Models Beat
GANs on Image Synthesis. In Annual Conference on Neural Information Processing
Systems. 8780-8794.

Chao Dong, Chen Change Loy, Kaiming He, and Xiaoou Tang. 2016. Image
Super-Resolution Using Deep Convolutional Networks. IEEE Transactions on
Pattern Analysis and Machine Intelligence 38, 2 (2016), 295-307.

Bradley Efron. 2011. Tweedie’s formula and selection bias. J. Amer. Statist. Assoc.
106, 496 (2011), 1602-1614.

Ben Fei, Zhaoyang Lyu, Liang Pan, Junzhe Zhang, Weidong Yang, Tianyue Luo,
Bo Zhang, and Bo Dai. 2023. Generative Diffusion Prior for Unified Image
Restoration and Enhancement. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition. IEEE, 9935-9946.

Tomer Garber and Tom Tirer. 2024. Image Restoration by Denoising Diffusion
Models with Iteratively Preconditioned Guidance. In IEEE/CVF Conference on
Computer Vision and Pattern Recognition. IEEE, 25245-25254.

Shuhang Gu, Lei Zhang, Wangmeng Zuo, and Xiangchu Feng. 2014. Weighted
Nuclear Norm Minimization with Application to Image Denoising. In IEEE Con-
ference on Computer Vision and Pattern Recognition. IEEE Computer Society,
2862-2869.

Linchao He, Hongyu Yan, Mengting Luo, Hongjie Wu, Kunming Luo, Wang
Wang, Wenchao Du, Hu Chen, Hongyu Yang, Yi Zhang, et al. 2023. Fast and
stable diffusion inverse solver with history gradient update. CoRR abs/2307.12070
(2023).

Jonathan Ho, Ajay Jain, and Pieter Abbeel. 2020. Denoising Diffusion Probabilistic
Models. In Annual Conference on Neural Information Processing Systems.

Tero Karras, Miika Aittala, Timo Aila, and Samuli Laine. 2022. Elucidating the
Design Space of Diffusion-Based Generative Models. In Annual Conference on
Neural Information Processing Systems.

Bahjat Kawar, Michael Elad, Stefano Ermon, and Jiaming Song. 2022. Denois-
ing Diffusion Restoration Models. In Annual Conference on Neural Information
Processing Systems.

Christian Ledig, Lucas Theis, Ferenc Huszar, Jose Caballero, Andrew Cunning-
ham, Alejandro Acosta, Andrew P. Aitken, Alykhan Tejani, Johannes Totz, Zehan
Wang, and Wenzhe Shi. 2017. Photo-Realistic Single Image Super-Resolution
Using a Generative Adversarial Network. In IEEE Conference on Computer Vision
and Pattern Recognition. IEEE Computer Society, 105-114.

Xiang Li, Soo Min Kwon, Ismail R. Alkhouri, Saiprasad Ravishankar, and Qing
Qu. 2024. Decoupled Data Consistency with Diffusion Purification for Image
Restoration. CoRR abs/2403.06054 (2024).

Jingyun Liang, Jiezhang Cao, Guolei Sun, Kai Zhang, Luc Van Gool, and Radu
Timofte. 2021. SwinIR: Image Restoration Using Swin Transformer. In IEEE/CVF
International Conference on Computer Vision Workshops. IEEE, 1833-1844.
Ziwei Liu, Ping Luo, Xiaogang Wang, and Xiaoou Tang. 2015. Deep Learning
Face Attributes in the Wild. In International Conference on Computer Vision. IEEE
Computer Society, 3730-3738.

[24]

[25]

[26

(28]

[29]

[30

w
—

[32

[33

(34]

[36

[37

[38

[39]

[40

[41]

[42

[43

[44

[45

[46]

MM ’26, November 2026, Rio de Janeiro, Brazil

Cheng Lu, Yuhao Zhou, Fan Bao, Jianfei Chen, Chongxuan Li, and Jun Zhu. 2022.
DPM-Solver: A Fast ODE Solver for Diffusion Probabilistic Model Sampling in
Around 10 Steps. In Annual Conference on Neural Information Processing Systems.
Andreas Lugmayr, Martin Danelljan, Andrés Romero, Fisher Yu, Radu Timo-
fte, and Luc Van Gool. 2022. RePaint: Inpainting using Denoising Diffusion
Probabilistic Models. In IEEE/CVF Conference on Computer Vision and Pattern
Recognition. IEEE, 11451-11461.

Morteza Mardani, Jiaming Song, Jan Kautz, and Arash Vahdat. 2024. A Variational
Perspective on Solving Inverse Problems with Diffusion Models. In International
Conference on Learning Representations. OpenReview.net.

Michael T. McCann, Kyong Hwan Jin, and Michael Unser. 2017. Convolutional
Neural Networks for Inverse Problems in Imaging: A Review. IEEE Signal Pro-
cessing Magazine 34, 6 (2017), 85-95.

Mang Ning, Enver Sangineto, Angelo Porrello, Simone Calderara, and Rita Cuc-
chiara. 2023. Input Perturbation Reduces Exposure Bias in Diffusion Models. In
International Conference on Machine Learning (Proceedings of Machine Learning
Research). PMLR, 26245-26265.

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjérn
Ommer. 2022. High-Resolution Image Synthesis with Latent Diffusion Models.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition. IEEE, 10674~
10685.

Olga Russakovsky, Jia Deng, Hao Su, Jonathan Krause, Sanjeev Satheesh, Sean
Ma, Zhiheng Huang, Andrej Karpathy, Aditya Khosla, Michael S. Bernstein,
Alexander C. Berg, and Li Fei-Fei. 2015. ImageNet Large Scale Visual Recognition
Challenge. Int. J. Comput. Vis. 115 (2015), 211-252.

Jascha Sohl-Dickstein, Eric A. Weiss, Niru Maheswaranathan, and Surya Ganguli.
2015. Deep Unsupervised Learning using Nonequilibrium Thermodynamics. In
International Conference on Machine Learning (JMLR Workshop and Conference
Proceedings, Vol. 37), Francis R. Bach and David M. Blei (Eds.). JMLR.org, 2256-
2265.

Jiaming Song, Chenlin Meng, and Stefano Ermon. 2021. Denoising Diffusion
Implicit Models. In International Conference on Learning Representations. Open-
Review.net.

Jiaming Song, Arash Vahdat, Morteza Mardani, and Jan Kautz. 2023.
Pseudoinverse-Guided Diffusion Models for Inverse Problems. In International
Conference on Learning Representations. OpenReview.net.

Yang Song and Stefano Ermon. 2019. Generative Modeling by Estimating Gra-
dients of the Data Distribution. In Annual Conference on Neural Information
Processing Systems. 11895-11907.

Yang Song, Liyue Shen, Lei Xing, and Stefano Ermon. 2022. Solving Inverse Prob-
lems in Medical Imaging with Score-Based Generative Models. In International
Conference on Learning Representations. OpenReview.net.

Yang Song, Jascha Sohl-Dickstein, Diederik P. Kingma, Abhishek Kumar, Stefano
Ermon, and Ben Poole. 2021. Score-Based Generative Modeling through Stochas-
tic Differential Equations. In International Conference on Learning Representations.
OpenReview.net.

Charles M Stein. 1981. Estimation of the mean of a multivariate normal distribu-
tion. The Annals of Statistics (1981), 1135-1151.

Darshan Thaker, Abhishek Goyal, and René Vidal. 2024. Frequency-Guided
Posterior Sampling for Diffusion-Based Image Restoration. CoRR abs/2411.15295
(2024).

Chong Wang, Langing Guo, Zixuan Fu, Siyuan Yang, Hao Cheng, Alex C. Kot, and
Bihan Wen. 2025. Reconciling Stochastic and Deterministic Strategies for Zero-
shot Image Restoration using Diffusion Model in Dual. In IEEE/CVF Conference
on Computer Vision and Pattern Recognition. Computer Vision Foundation / IEEE,
23207-23216.

Ge Wang, Jong Chul Ye, Klaus Mueller, and Jeffrey A. Fessler. 2018. Image
Reconstruction is a New Frontier of Machine Learning. IEEE Transactions on
Medical Imaging 37, 6 (2018), 1289-1296.

Yinhuai Wang, Jiwen Yu, and Jian Zhang. 2023. Zero-Shot Image Restoration
Using Denoising Diffusion Null-Space Model. In International Conference on
Learning Representations. OpenReview.net.

Zhihao Wang, Jian Chen, and Steven C. H. Hoi. 2021. Deep Learning for Image
Super-Resolution: A Survey. IEEE Transactions on Pattern Analysis and Machine
Intelligence 43, 10 (2021), 3365-3387.

Chenxu Wu, Qingpeng Kong, Peiang Zhao, Wendi Yang, Wenxin Ma, Fenghe
Tang, Zihang Jiang, and S. Kevin Zhou. 2025. Equivariant Sampling for Improving
Diffusion Model-based Image Restoration. CoRR abs/2511.09965 (2025).
Hongjie Wu, Linchao He, Minggin Zhang, Dongdong Chen, Kunming Luo, Mengt-
ing Luo, Jizhe Zhou, Hu Chen, and Jiancheng Lv. 2024. Diffusion Posterior
Proximal Sampling for Image Restoration. In ACM International Conference on
Multimedia. ACM, 214-223.

Hongjie Wu, Mingqin Zhang, Linchao He, Ji-Zhe Zhou, and Jiancheng Lv. 2025.
Enhancing Diffusion Model Stability for Image Restoration via Gradient Man-
agement. In ACM International Conference on Multimedia. ACM, 10768-10777.
Ling Yang, Zhilong Zhang, Yang Song, Shenda Hong, Runsheng Xu, Yue Zhao,
Wentao Zhang, Bin Cui, and Ming-Hsuan Yang. 2024. Diffusion Models: A
Comprehensive Survey of Methods and Applications. Comput. Surveys 56, 4

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

MM ’26, November 2026, Rio de Janeiro, Brazil

[47]

[48]

[49]

[50]

(2024), 105:1-105:39.

Yang Yang, Xi Zhang, Jiaqi Zhang, and Lanling Zeng. 2026. Parameterized image
restoration with diffusion and gradient priors. Knowledge Based Systems 338
(2026), 115488.

Syed Wagqas Zamir, Aditya Arora, Salman Khan, Munawar Hayat, Fahad Shahbaz
Khan, and Ming-Hsuan Yang. 2022. Restormer: Efficient Transformer for High-
Resolution Image Restoration. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition. IEEE, 5718-5729.

Bingliang Zhang, Wenda Chu, Julius Berner, Chenlin Meng, Anima Anandku-
mar, and Yang Song. 2025. Improving Diffusion Inverse Problem Solving with
Decoupled Noise Annealing. In IEEE/CVF Conference on Computer Vision and
Pattern Recognition. IEEE, 20895-20905.

Jiawei Zhang, Jiaxin Zhuang, Cheng Jin, Gen Li, and Yuantao Gu. 2024. Unleash-
ing the Denoising Capability of Diffusion Prior for Solving Inverse Problems. In
Annual Conference on Neural Information Processing Systems.

10

[51]

(52]

(53]

[54]

Anon. Submission Id: 7960

Kai Zhang, Yawei Li, Wangmeng Zuo, Lei Zhang, Luc Van Gool, and Radu
Timofte. 2022. Plug-and-Play Image Restoration With Deep Denoiser Prior.
IEEE Transactions on Pattern Analysis and Machine Intelligence 44, 10 (2022),
6360-6376.

Kai Zhang, Wangmeng Zuo, Yunjin Chen, Deyu Meng, and Lei Zhang. 2017. Be-
yond a Gaussian Denoiser: Residual Learning of Deep CNN for Image Denoising.
IEEE Transactions on Image Processing 26, 7 (2017), 3142-3155.

Richard Zhang, Phillip Isola, Alexei A. Efros, Eli Shechtman, and Oliver Wang.
2018. The Unreasonable Effectiveness of Deep Features as a Perceptual Metric.
In IEEE/CVF Conference on Computer Vision and Pattern Recognition. 586—-595.
Yuanzhi Zhu, Kai Zhang, Jingyun Liang, Jiezhang Cao, Bihan Wen, Radu Timofte,
and Luc Van Gool. 2023. Denoising Diffusion Models for Plug-and-Play Image
Restoration. In IEEE/CVF Conference on Computer Vision and Pattern Recognition.
IEEE, 1219-1229.

1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159

1160



	Abstract
	1 Introduction
	2 Background
	3 Preliminary
	4 Local Epistemic Uncertainty Guided Active Sampling
	4.1 Motivation
	4.2 Local Epistemic Uncertainty Quantification
	4.3 Uncertainty-Calibrated Prior Modulation
	4.4 State-Aware Trajectory Pruning
	4.5 More Analysis

	5 Experiments
	5.1 Experimental Setup
	5.2 Improvements to DMIR Methods
	5.3 Ablation Study
	5.4 Memory Consumption

	6 Conclusion
	References

