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Abstract
Diffusionmodels 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 naïve 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 andmedical 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 inmodeling 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:

• 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.

• We propose an active diffusion sampling framework that

proactively resolves local distortion and sampling redun-

dancy via uncertainty-calibrated priormodulation and state-

aware trajectory pruning.

• 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 𝑙2-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

ΠGDM [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,

EquS [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 x0 ∈ R𝑁
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 x0 ∈ 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, 𝜎2

𝑦I) is additive Gaussian noise [19],

which represents uncertainty or disturbance in the observation y.

Figure 1: (a) Qualitative comparisons of the proposedmethod
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 x𝑡 , the diffusion model predicts the noise compo-

nent via a denoising neural network 𝝐𝜃 (x𝑡 , 𝑡). Based on Tweedie’s

formula [12, 37], the corresponding estimate of the clean image is:

x0 |𝑡 =
x𝑡 −
√

1 − 𝛼𝑡𝝐𝜃 (x𝑡 , 𝑡)√
𝛼𝑡

, (2)

where 𝛼𝑡 is a predefined noise schedule parameter.

2
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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:

x̂0 |𝑡 = A†y + (I − A†A)x0 |𝑡 , (3)

where A† is the pseudo-inverse of the degradation matrix. A†y
enforces data fidelity in the range space, while (I−A†A)x0 |𝑡 projects
x0 |𝑡 onto the null space for prior-guided refinement.

DiffusionModels:DenoisingDiffusion ProbabilisticModels (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 over𝑇 time steps. Let 𝛽𝑡 denote the noise schedule.

At each step 𝑡 , the noisy state x𝑡 is given by:

x𝑡 =
√︁

1 − 𝛽𝑡x𝑡−1 +
√︁
𝛽𝑡𝝐𝑡−1, (4)

where 𝝐𝑡−1 ∼ N(0, I). Let the cumulative noise up to time step 𝑡 be

𝛼𝑡 =
∏𝑡

𝑖=1
𝛼𝑖 , then we have:

x𝑡 =
√
𝛼𝑡x0 +

√
1 − 𝛼𝑡𝝐 . (5)

The reverse process aims to reconstruct the original clean image

x0 from the noisy state x𝑡 . Mathematically, this is described by:

x𝑡−1 =
1

√
𝛼𝑡

(
x𝑡 −

1 − 𝛼𝑡√
1 − 𝛼𝑡

𝝐𝜃 (x𝑡 , 𝑡)
)
+ 𝜎𝑡𝝐𝑡 , (6)

where 𝝐𝜃 (x𝑡 , 𝑡) denotes the noise predicted by a neural network

parameterized by 𝜃 , and 𝝐𝑡 ∼ N(0, I) 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 x0 |𝑡 in Eq. (2), the DDIM update rule is:

x𝑡−1 =
√
𝛼𝑡−1x0 |𝑡 +

√︃
1 − 𝛼𝑡−1 − 𝜎2

𝑡 𝝐𝜃 (x𝑡 , 𝑡) + 𝜎𝑡𝝐𝑡 . (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].

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 𝑡 in the reverse dynamics, the noisy observation

x𝑡 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(x𝑡 |x0) of the forward noise-
adding process, the Observed Fisher Information Matrix (FIM)

F𝑡 (x𝑡 ) ∈ R𝑁×𝑁
of the pre-trained diffusion model at the current

state x𝑡 is defined as:

F𝑡 (x𝑡 ) = −∇2

x𝑡 log 𝑝𝑡 (x𝑡 ), (8)

where F𝑡 (x𝑡 ) 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 x0 |𝑡 of the target clean image x0 is:

x0 |𝑡 = E[x0 |x𝑡 ] =
1

√
𝛼𝑡

(
x𝑡 + (1 − 𝛼𝑡 )∇x𝑡 log 𝑝𝑡 (x𝑡 )

)
. (9)

To quantify the prediction variance of the model given x𝑡 , we
perform a second-order Taylor expansion on the posterior distri-

bution to derive the analytical relationship between the posterior

covariance matrix 𝚺𝑡 and FIM:

𝚺𝑡 = Cov(x0 |x𝑡 ) =
1 − 𝛼𝑡
𝛼𝑡

[I − (1 − 𝛼𝑡 )F𝑡 (x𝑡 )] . (10)

This decomposition provides a clear interpretation. The leading

term
1−𝛼𝑡
𝛼𝑡

I represents the inherent upper bound of the aleatoric

uncertainty at time step 𝑡 , while the second term (1 − 𝛼𝑡 )F𝑡 (x𝑡 ) re-
flects the Fisher information gain provided by the pre-trained model

via the score function. Consequently, the diagonal matrix 𝚺𝑡 serve

as an effective measure of local epistemic uncertainty. Specifically,

when F𝑡 (x𝑡 ) is large, the model exhibits high confidence in the

reconstructed structures, thus leading to an epistemic uncertainty

3
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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 𝚺𝑡 to guide reverse sampling. Spatially, UCPM utilizes 𝚺𝑡 to adaptively modulate prior constraints
for strict data consistency. Temporally, SATP computes an adaptive step size Δ𝑡Active 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 𝚺𝑡 → 0. Conversely, in regions with limited observational con-

straints, particularly within the null-space, the Fisher information

diminishes, thus resulting in a higher 𝚺𝑡 .

4.3 Uncertainty-Calibrated Prior Modulation
To address the limitations of globally uniform weighting, we pro-

pose Uncertainty-Calibrated Prior Modulation (UCPM). By leverag-

ing the extracted local epistemic uncertainty 𝚺𝑡 as a spatial guid-

ance signal, UCPM dynamically modulates the strength of physical

priors Φ(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:

J (x) = 1

2

(x − x0 |𝑡 )𝑇 𝚺−1

𝑡 (x − x0 |𝑡 ) + Φ(x). (11)

Setting the first-order optimality condition ∇J (x) = 0 yields:

𝚺
−1

𝑡 (x − x0 |𝑡 ) + ∇Φ(x) = 0. (12)

To obtain a tractable solution, we linearize the non-linear prior

term via a first-order Taylor expansion around x0 |𝑡 :

∇Φ(x) ≈ ∇Φ(x0 |𝑡 ) + HΦ (x0 |𝑡 ) (x − x0 |𝑡 ), (13)

where HΦ (x0 |𝑡 ) ∈ R𝑁×𝑁
is the Hessian matrix of the prior func-

tional. Substituting this into the optimality condition, we derive

the closed-form solution for the optimal image estimate x̄0 |𝑡 :

x̄0 |𝑡 = x0 |𝑡 − 𝚲∗𝑡∇Φ(x0 |𝑡 ), (14)

where the spatially heterogeneous modulation matrix 𝚲
∗
𝑡 is defined

as:

𝚲
∗
𝑡 =

[
𝚺
−1

𝑡 + HΦ (x0 |𝑡 )
]−1 ≡ 𝚺𝑡

(
I + HΦ (x0 |𝑡 )𝚺𝑡

)−1

. (15)

The matrix 𝚲
∗
𝑡 acts as an adaptive preconditioner, with its modu-

lation strength governed by 𝚺𝑡 . When 𝚺𝑡 → 0, we have 𝚲∗𝑡 → 0,
which indicates that prior intervention is attenuated to preserve

high-frequency details generated by the diffusionmodel. In contrast,

a larger value of 𝚺𝑡 leads to stronger modulation, which enforces

more aggressive regularization to suppress artifacts and structural

deviations.

4.4 State-Aware Trajectory Pruning
To alleviate the computational redundancy caused by fixed time

steps during the stable evolution phase, LEADer introduces State-

Aware Trajectory Pruning (SATP), which incorporates epistemic

uncertainty into the temporal dimension to enable adaptive sam-

pling acceleration. In the reverse sampling of diffusion models, a

single-step state transition can be approximated via Taylor expan-

sion. Specifically, the state transition equation from time step 𝑡 to

4
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𝑡 − Δ𝑡 can be evaluated as:

x𝑡−Δ𝑡 = x𝑡 − Δ𝑡
𝑑x𝑡
𝑑𝑡
+𝑂

(
(Δ𝑡)2





𝑑2x𝑡
𝑑𝑡2





) . (16)

The higher-order residual term characterizes the local evolution

error, whosemagnitude reflects the rate of change in the image state.

We relate this quantity to the epistemic uncertainty 𝚺𝑡 derived in

Section 4.2. Specifically, the norm of the second-order derivative is

proportional to the trace of 𝚺𝑡 :



𝑑2x𝑡
𝑑𝑡2





 ∝ Tr

(
I + (1 − 𝛼𝑡 )∇2

x𝑡 log 𝑝𝑡 (x𝑡 )
)
∝ Tr(𝚺𝑡 ) ≜ 𝑈𝑡 , (17)

where𝑈𝑡 =
1

𝑁
Tr (𝚺𝑡 ) 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 Δ𝑡 is bounded as:

𝛿 (Δ𝑡) ≈ (Δ𝑡)𝜌 ·𝑈𝑡 ≤ 𝐵, (18)

where 𝜌 ≥ 1 is the local error order of the sampler. In our imple-

mentation, we use the DDIM solver and set 𝜌 = 1. By solving this

error constraint, the maximum admissible step size Δ𝑡Active can be

derived, and the next evolution state node 𝑡Next can be updated

accordingly:

Δ𝑡Active = max

{
1, ⌊𝜂

(
𝐵

𝑈𝑡 + 𝝐

) 1

𝜌

⌋
}
,

𝑡Next = max{0, 𝑡 − Δ𝑡Active},
(19)

where 𝜂 is a scaling factor, and 𝝐 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:

x̂0 |𝑡 = A†y + (I − A†A)x̄0 |𝑡 . (20)

Finally, following the non-Markovian formulation of DDIM, the

next state x𝑡
Next

can be derived using x̂0 |𝑡 and the adaptively selected
time step 𝑡Next:

x𝑡
Next

=
√︁
𝛼𝑡

Next
x̂0 |𝑡 +

√︃
1 − 𝛼𝑡

Next
− 𝜎2

𝑡
Next

𝝐𝜃 (x𝑡 , 𝑡) + 𝜎𝑡Next𝝐𝑡 , (21)

where 𝝐𝑡 ∼ 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 (x0 |𝑡 and 𝚺𝑡 ) of the diffusion

Algorithm 1 Local Epistemic Uncertainty Guided Active Sampling

Require: Noise estimator 𝝐𝜃 (·, 𝑡), 𝑇, y,A,Φ, 𝐵, 𝜂, 𝜌, 𝝐
1: Initialize x𝑇 ∼ N(0, I)
2: while 𝑡 > 0 do
3: // Pre-computation

4: x0 |𝑡 =
1√
𝛼𝑡
(x𝑡 −

√
1 − 𝛼𝑡𝝐𝜃 (x𝑡 , 𝑡))

5: F𝑡 (x𝑡 ) = −∇2

x𝑡 log 𝑝𝑡 (x𝑡 )
6: 𝚺𝑡 =

1−𝛼𝑡
𝛼𝑡
[I − (1 − 𝛼𝑡 )F𝑡 (x𝑡 )]

7: // Uncertainty-Calibrated Prior Modulation (UCPM)

8: 𝚲
∗
𝑡 = 𝚺𝑡 (I + HΦ (x0 |𝑡 )𝚺𝑡 )−1

9: x̄0 |𝑡 = x0 |𝑡 − 𝚲∗𝑡∇Φ(x0 |𝑡 )
10: x̂0 |𝑡 = A†y + (I − A†A)x̄0 |𝑡
11: // State-Aware Trajectory Pruning (SATP)

12: 𝑈𝑡 =
1

𝑁
Tr(𝚺𝑡 )

13: Δ𝑡Active = max

{
1, ⌊𝜂

(
𝐵

𝑈𝑡+𝝐

) 1

𝜌 ⌋
}

14: 𝑡Next = max{0, 𝑡 − Δ𝑡Active}
15: // Generative Sampling Step

16: 𝝐𝑡 ∼ N(0, I)
17: x𝑡

Next
=
√︁
𝛼𝑡

Next
x̂0 |𝑡 +

√︃
1 − 𝛼𝑡

Next
− 𝜎2

𝑡
Next

𝝐𝜃 (x𝑡 , 𝑡) + 𝜎𝑡Next𝝐𝑡
18: 𝑡 ← 𝑡Next
19: end while
20: return x̂

model during the pure inference phase. This eliminates the need for

any degradation-specific fine-tuning or retraining of the pre-trained

denoising network 𝝐𝜃 . 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 UCPMand SATPmechanismswithin 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 𝑃𝑁 = I − A†A. Since the
modulated estimation of UCPM is defined as x̂ = A†y + 𝑃𝑁 x𝑃𝑟𝑖𝑜𝑟 ,
under the noise-free assumption, the final generated image strictly
satisfies the data fidelity condition:

∥y − Ax̂∥2
2
= 0. (22)

Since A𝑃𝑁 ≡ 0, all prior modulation induced by the epistemic

uncertainty 𝚺𝑡 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 x𝐷𝑒𝑛𝑠𝑒 denote the continuous exact solution
of the ODE and x𝐿𝐸𝐴𝐷𝑒𝑟 the discrete solution accelerated by SATP.
Assuming the drift field is𝐿-Lipschitz continuous and SATP bounds the
single-step truncation error within the budget 𝐵. Based on Grönwall’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. Δ
column reports the average performance improvements and time reductions achieved by our method over the baselines.

Method
Bicub. SR × 4

(𝜎𝑒 = 0)

Bicub. SR × 4

(𝜎𝑒 = 0.05)

Gaussian Deb.

(𝜎𝑒 = 0.05)

Motion Deb.

(𝜎𝑒 = 0.05)

CS 25%

(𝜎𝑒 = 0.05)

Avg. Δ

PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓
CelebA-HQ 1K

DDRM [19] [NeurLPS2023] 31.64±2.43 0.054±0.021 3.87 s 29.26±1.86 0.090±0.028 4.05 s 30.53±1.74 0.074±0.024 4.06 s N/A N/A N/A 26.07±2.08 0.128±0.037 3.86 s N/A N/A N/A

DPS [5] [ICLR2023] 29.39±3.16 0.065±0.026 134.20 s 27.49±2.84 0.086±0.032 138.25 s 27.75±2.57 0.084±0.029 143.69 s 19.63±3.41 0.227±0.043 148.69 s N/A N/A N/A N/A N/A N/A

DiffPIR [54] [CVPR2023] 30.36±2.27 0.051±0.019 7.45 s 27.44±1.93 0.085±0.027 7.68 s 28.89±1.78 0.074±0.022 7.66 s 27.96±1.61 0.102±0.031 7.58 s N/A N/A N/A N/A N/A N/A

IDPG [14] [CVPR2024] 32.66±2.18 0.111±0.023 4.75 s 29.89±1.64 0.155±0.031 4.88 s 31.08±1.52 0.150±0.027 4.81 s 29.73±1.73 0.134±0.025 5.59 s 26.26±1.95 0.143±0.033 5.00 s N/A N/A N/A

DDNM [41] [ICLR2023] 31.64±3.87 0.048±0.024 3.77 s 29.19±2.51 0.082±0.031 3.87 s 30.60±2.02 0.072±0.022 3.90 s N/A N/A N/A 26.14±2.18 0.124±0.043 3.83 s +2.382% −12.781% −5.747%
+ EquS

+
[43] [WACV2026] 32.44±2.58 0.053±0.019 3.83 s 29.20±1.38 0.093±0.027 3.87 s 30.83±1.56 0.069±0.021 3.96 s N/A N/A N/A 26.31±2.45 0.119±0.035 4.02 s

+ LEADer [Ours] 32.73±2.12 0.044±0.017 3.42 s 29.69±1.10 0.077±0.021 3.63 s 30.86±1.38 0.063±0.015 3.75 s N/A N/A N/A 27.06±1.42 0.094±0.023 3.69 s

DDPG [14] [CVPR2024] 31.60±2.36 0.052±0.021 4.96 s 29.39±1.74 0.105±0.029 5.09 s 30.41±1.58 0.068±0.023 5.11 s 29.02±1.69 0.082±0.026 5.72 s 26.76±1.95 0.152±0.034 5.24 s +1.197% −7.137% −6.662%
+ EquS [43] [WACV2026] 31.73±2.08 0.054±0.019 4.88 s 29.52±1.53 0.109±0.027 5.01 s 30.47±1.42 0.071±0.021 5.03 s 29.17±1.55 0.088±0.024 5.62 s 26.82±1.76 0.155±0.032 5.15 s

+ LEADer [Ours] 31.94±1.79 0.047±0.017 4.63 s 29.65±1.31 0.098±0.023 4.75 s 30.77±1.24 0.062±0.018 4.77 s 29.40±1.37 0.076±0.021 5.34 s 27.17±1.58 0.144±0.028 4.89 s

ProjDiff [50] [NeurIPS2024] 32.57±1.88 0.091±0.022 3.94 s 29.49±1.42 0.080±0.024 4.12 s 31.41±1.35 0.068±0.020 4.27 s N/A N/A N/A 26.41±1.57 0.132±0.031 4.05 s +0.882% −7.330% −8.421%
+ EquS

+
[43] [WACV2026] 32.64±1.63 0.094±0.020 3.87 s 29.53±1.21 0.080±0.021 4.04 s 31.45±1.18 0.071±0.018 4.18 s N/A N/A N/A 26.45±1.39 0.135±0.028 3.97 s

+ LEADer [Ours] 32.86±1.34 0.084±0.017 3.61 s 29.75±1.05 0.074±0.018 3.77 s 31.64±0.98 0.062±0.015 3.90 s N/A N/A N/A 26.68±1.16 0.125±0.023 3.72 s

PIRP FlbG− [47] [KBS2026] 30.80±2.11 0.042±0.018 5.01 s 28.55±1.57 0.079±0.024 5.14 s 29.90±1.46 0.061±0.020 5.12 s 28.50±1.63 0.074±0.022 5.77 s 26.59±1.74 0.091±0.027 5.22 s +0.934% −7.618% −5.824%
+ EquS [43] [WACV2026] 30.85±1.86 0.043±0.016 4.94 s 28.60±1.39 0.078±0.021 5.06 s 29.94±1.28 0.062±0.018 5.04 s 28.55±1.47 0.075±0.020 5.67 s 26.63±1.58 0.092±0.024 5.14 s

+ LEADer [Ours] 31.02±1.61 0.039±0.014 4.72 s 28.86±1.18 0.072±0.018 4.84 s 30.16±1.09 0.055±0.015 4.83 s 28.77±1.26 0.069±0.017 5.43 s 26.87±1.37 0.086±0.021 4.91 s

ImageNet 1K

DDRM [19] [NeurLPS2023] 27.38±2.12 0.270±0.045 8.16 s 25.54±1.52 0.333±0.047 8.27 s 27.71±1.83 0.243±0.032 8.02 s N/A N/A N/A 21.58±1.75 0.301±0.038 8.07 s N/A N/A N/A

DPS [5] [ICLR2023] 25.56±1.85 0.236±0.029 246.14 s 24.05±1.43 0.271±0.045 263.95 s 26.64±1.57 0.240±0.032 248.26 s 17.52±1.78 0.468±0.066 275.41 s N/A N/A N/A N/A N/A N/A

DiffPIR [54] [CVPR2023] 26.99±1.92 0.255±0.033 15.40 s 24.65±1.32 0.318±0.044 15.62 s 26.64±1.74 0.240±0.029 15.49 s 25.34±1.52 0.284±0.038 18.19 s N/A N/A N/A N/A N/A N/A

IDPG [14] [CVPR2024] 27.20±1.68 0.326±0.047 8.42 s 25.51±1.22 0.411±0.054 8.53 s 27.47±1.83 0.313±0.045 8.46 s 26.02±1.56 0.354±0.048 9.77 s 22.37±1.29 0.261±0.033 8.48 s N/A N/A N/A

ProjDiff [50] [NeurIPS2024] 27.09±1.53 0.242±0.031 8.13 s 25.73±1.11 0.336±0.046 8.15 s 27.91±1.78 0.238±0.029 8.11 s N/A N/A N/A 22.06±1.26 0.248±0.033 8.32 s N/A N/A N/A

DDNM [41] [ICLR2023] 27.45±2.12 0.245±0.035 8.03 s 25.52±1.48 0.324±0.047 8.06 s 27.69±2.05 0.237±0.027 7.97 s N/A N/A N/A 21.66±1.35 0.265±0.041 8.20 s +2.623% −9.944% −3.044%
+ EquS

+
[43] [WACV2026] 27.63±2.03 0.242±0.033 8.00 s 25.56±1.37 0.327±0.045 8.12 s 27.72±1.87 0.234±0.025 8.01 s N/A N/A N/A 22.14±1.25 0.246±0.038 8.21 s

+ LEADer [Ours] 27.71±1.92 0.231±0.029 7.74 s 25.63±1.28 0.306±0.038 7.86 s 27.81±1.65 0.207±0.022 7.66 s N/A N/A N/A 23.54±1.36 0.223±0.030 8.02 s

DDPG [14] [CVPR2024] 27.41±1.86 0.255±0.031 8.43 s 25.55±1.42 0.354±0.044 8.17 s 27.73±1.74 0.205±0.026 8.24 s 25.94±1.58 0.249±0.033 8.79 s 20.69±1.27 0.258±0.037 8.56 s +1.079% −4.914% −3.169%
+ EquS [43] [WACV2026] 27.44±1.73 0.252±0.029 8.49 s 25.63±1.35 0.351±0.041 8.23 s 27.73±1.61 0.203±0.024 8.31 s 25.99±1.46 0.247±0.031 8.86 s 20.71±1.18 0.255±0.034 8.63 s

+ LEADer [Ours] 27.62±1.52 0.243±0.024 8.18 s 25.75±1.21 0.339±0.036 7.95 s 28.02±1.43 0.194±0.021 8.00 s 26.19±1.33 0.236±0.028 8.51 s 21.07±1.09 0.245±0.030 8.21 s

SITCOM [2] [ICML2025] 27.26±1.32 0.186±0.026 154.64 s 25.35±1.21 0.232±0.038 163.50 s 27.40±0.45 0.236±0.039 142.36 s 28.65±0.34 0.189±0.036 140.87 s N/A N/A N/A +0.809% −4.828% −5.470%
+ EquS [43] [WACV2026] 27.30±1.30 0.181±0.024 151.88 s 25.36±1.19 0.228±0.036 160.42 s 27.38±0.44 0.232±0.037 139.93 s 28.66±0.33 0.185±0.034 138.51 s N/A N/A N/A

+ LEADer [Ours] 27.56±1.28 0.176±0.022 145.97 s 25.53±1.16 0.223±0.033 154.36 s 27.59±0.43 0.226±0.035 134.68 s 28.86±0.32 0.178±0.031 133.42 s N/A N/A N/A

PIRP FlbG− [47] [KBS2026] 24.86±1.34 0.151±0.024 8.55 s 25.07±1.52 0.290±0.041 8.56 s 26.17±1.28 0.150±0.022 8.69 s 24.81±1.67 0.209±0.035 9.83 s 23.68±1.45 0.217±0.031 8.16 s +1.487% −2.726% −4.010%
+ EquS [43] [WACV2026] 24.91±1.21 0.153±0.021 8.58 s 25.02±1.39 0.294±0.038 8.61 s 26.11±1.16 0.155±0.020 8.73 s 24.76±1.48 0.211±0.032 9.88 s 23.71±1.33 0.220±0.029 8.19 s

+ LEADer [Ours] 25.37±1.05 0.146±0.018 8.29 s 25.34±1.12 0.278±0.030 8.32 s 26.28±0.98 0.152±0.019 8.41 s 25.24±1.21 0.201±0.028 9.63 s 24.19±1.10 0.209±0.026 7.43 s

analytical upper bound:

∥x𝐷𝑒𝑛𝑠𝑒 − x𝐿𝐸𝐴𝐷𝑒𝑟 ∥2 ≤ 𝐶 · 𝐵 ·
𝑒𝐿𝑇 − 1

𝐿
, (23)

where𝐶 > 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 𝑒𝐿𝑇 term. By introducing the uncertainty trace𝑈𝑡 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

convergence of the accelerated generation trajectory.

5 Experiments
5.1 Experimental Setup
We conduct experiments on five typical IR tasks: 4× Super-Resolution
(SR) with a bicubic downsampler (𝜎𝑒 = 0 and 𝜎𝑒 = 0.05), Gaussian

deblurring (𝜎𝑒 = 0.05), motion deblurring (𝜎𝑒 = 0.05), and Com-

pressed Sensing (CS) using a Walsh-Hadamard sampling matrix

with a 0.25 compression ratio. For validation, we use two standard

image restoration benchmarks, i.e., CelebA-HQ 1K [23] and Ima-

geNet 1K [30], both at 256 × 256 resolution. For a fair comparison,

all methods utilize the same pre-trained DDM denoisers, i.e., one

trained on CelebA-HQ [25] and one trained on ImageNet [10]. Sam-

pling steps are uniformly set to 𝑇 = 100 for all methods, except

for DPS [5] (𝑇 = 1000) and SITCOM [2]. Note that due to the

step-skipping capability of SATP, our total Number of Function

Evaluations (NFEs) is less than 100. All experiments were performed

on an NVIDIA GeForce RTX 3090 GPU.

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],

IDPG [14], DDPG [14], ProjDiff [50], SITCOM [2], and PIRP [47].

We apply the same integration for EquS [43] and compare their

respective effects on quality and efficiency across these baselines.

Additionally, we compare LEADer against other SOTA zero-shot

DMIR methods, including DDRM [19], DPS [5] and DiffPIR [54].

5.2 Improvements to DMIR Methods
Quantitative Results. To validate the effectiveness of LEADer as a
plug-and-play method for DMIR, we conduct detailed quantitative

evaluations across five image restoration tasks on CelebA-HQ 1K

and ImageNet 1K. As shown in Table 1, experimental results con-

firm the superior performance of LEADer. When integrated into

various zero-shot DMIR methods, such as DDNM [41], DDPG [14],

ProjDiff [50], SITCOM [2], and PIRP [47], LEADer consistently en-

hances restoration quality. Specifically, on CelebA-HQ 1K, LEADer

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.

Figure 4: Comparison of x̂0 |𝑡 between DDNM and LEADer at different NFEs.

significantly reducing LPIPS by 7.13% to 12.78%. Notably, unlike

EquS [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 x̂0 |𝑡
across different steps on the 4× 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 × 4 (𝜎𝑒 = 0.05) Gaussian Deb. (𝜎𝑒 = 0.05) CS 25% (𝜎𝑒 = 0.05)
UCPM SATP T PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓ PSNR ↑ LPIPS ↓ Time ↓
× × 100 29.19 0.082 3.87 s 30.60 0.072 3.90 s 26.14 0.124 3.83 s

✓ × 100 29.69 0.075 3.96 s 30.90 0.061 4.01 s 27.14. 0.090 3.97 s

× × 93 28.85 0.098 3.67 s 30.31 0.089 3.83 s 25.79 0.134 3.75 s

× ✓ 100 29.17 0.084 3.66 s 30.58 0.077 3.80 s 26.10 0.125 3.73 s

✓ × 93 29.35 0.090 3.65 s 30.58 0.074 3.75 s 26.74 0.106 3.70 s

✓ ✓ 100 29.69 0.077 3.63 s 30.86 0.063 3.75 s 27.06 0.094 3.69 s

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

ImageNet 1K Bicub. SR × 4 (𝜎𝑒 = 0) Motion Deb. (𝜎𝑒 = 0.05)
Setting PSNR↑ LPIPS↓ Time↓ PSNR↑ LPIPS↓ Time↓
𝐵 = 0 25.41 0.143 8.56 25.31 0.196 9.83

𝐵 = 0.001 25.41 0.143 8.56 25.30 0.196 9.83

𝐵 = 0.005 25.38 0.144 8.45 25.26 0.199 9.74

𝐵 = 0.01 25.37 0.146 8.29 25.24 0.201 9.63

𝐵 = 0.05 24.83 0.161 4.54 24.71 0.226 5.21

𝐵 = 0.1 23.96 0.187 2.76 23.85 0.258 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 FlbG− [47] as the baseline on the ImageNet 1K dataset

for the Bicubic SR ×4 (𝜎𝑒 = 0) and Motion Deblurring (𝜎𝑒 = 0.05)
tasks. As shown in Table 3, a conservative budget (𝐵 = 0.001) yields
quality improvements while restricting acceleration. Conversely, an

Figure 5: Ablation study on different sampling steps.
(Dataset: CelebA-HQ 1K, Task: Gaussion Deb. & 𝜎 = 0.05)
Table 4: Memory consumption comparison across five tasks.

Methods Bicub. SR × 4 Bicub. SR × 4 Gaussian Deb. Motion Deb. CS 25%

(𝜎𝑒 = 0) (𝜎𝑒 = 0.05) (𝜎𝑒 = 0.05) (𝜎𝑒 = 0.05) (𝜎𝑒 = 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 F
lb
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.
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