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Abstract. Pretrained deep denoisers can be used to solve a wide range
of model-based image reconstruction tasks via Plug-and-Play (PnP) and
Regularization-by-Denoising (RED) algorithms, without retraining per
task. These denoisers are trained only for single-step denoising. Using
them as Image Reconstruction (IR) regularizers in an iterative process
can destabilize reconstruction. A common failure mode is the peak-and-
collapse behaviour: metrics such as PSNR improve for early iterations and
then abruptly degrade, making these algorithms unreliable in practice.
We propose a data-driven stabilization framework that (i) formalizes this
instability of any IR operator through a local quantity and (ii) prevents
collapse by regularizing this quantity adaptively, requiring no retraining
or modification of the given pretrained network. Our key idea is to
control the potentially unstable IR operator with a contractive operator
whose stable iterates act as an anchor and prevent collapse. We further
introduce an efficient family of trainable contractive operators that serve as
strong anchors while remaining lightweight. Extensive experiments across
proximal algorithms, denoiser architectures, noise levels, and imaging
tasks show consistent, collapse-free performance and improved reliability
of PnP and RED reconstruction.
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1 Introduction

The problem of image reconstruction (IR) from noisy linear measurements arises
in tasks such as deblurring, super-resolution, magnetic resonance imaging, and
computed tomography [5]. Image reconstruction is commonly formulated as the
regularized least-squares problem

min
x∈Rn

f(x) + g(x), f(x) =
1

2
∥Ax− b∥2 , (1)

where b is the measurement of the ground-truth image x̄ ∈ Rn under the
degradation model b = Ax̄+ n. The forward operator A ∈ Rm×n is assumed
known, and n denotes measurement noise. The data-fidelity term f enforces
consistency with the measurement model, while the regularizer g incorporates
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Fig. 1: Illustration of peak-and-collapse instability in vanilla PnP across modern
deep denoisers. Reconstruction quality improves during the early iterations but can
deteriorate abruptly after reaching its peak. A detailed analysis of this behavior is
provided in Figure 5 and Tables 1 and 2.

prior information about the image. In practice, however, designing an explicit
regularizer g that yields high-quality reconstructions is often di�cult. Plug-and-
Play (PnP) [35] and Regularization-by-Denoising (RED) [26,27] avoid explicit
regularizer design by incorporating a pretrained Gaussian denoiser into standard
proximal solvers such as Proximal Gradient Descent (PGD) [4] and Half-Quadratic
Splitting (HQS) [10,40]. The denoiser acts as an implicit prior and has shown
strong performance across diverse IR problems [7,14,40].

In PnP, the denoiser directly parametrizes the �xed-point iteration associated
with the chosen proximal algorithm. For example, the PnP-PGD iteration is

x k+1 = D(x k � 
rf (x k )) ; (2)

In contrast, RED uses the denoiserD to de�ne a Laplacian-type regularizer g
with gradient rg = I � D. The corresponding gradient-descent iteration is

x k+1 = x k � 

�
rf (x k ) + �rg(x k )

�
; (3)

where � > 0 is a regularization weight and 
 > 0 is a step size.
Since the denoiser is decoupled from the measurement operator A, the same

pretrained denoiserD can be reused across di�erent inverse problems without
retraining. This modularity is one of the main practical advantages of the PnP
framework: the forward model enters only through the data-�delity step, while
the image prior is provided by the denoiser. A key limitation of this method is
that standard denoising networks are trained for single-step inference. When
such networks are used repeatedly within a PnP algorithm, they often behave
unreliably and produce unpredictable reconstructions. This has motivated a large
body of work on convergent PnP, where additional constraints are imposed to
guarantee convergence of the iterates [8,11� 15,22,24,25]. These methods typically
aim to control the Lipschitz behavior of PnP system, often by retraining the
denoiser or imposing architectural constraints.

Broadly, two main approaches have emerged. In the �rst approach, a neural
network is used to de�ne an explicit regularizer, which is then optimized together
with the model-based loss in an iterative manner [7, 8, 11, 12, 14, 15, 25� 27, 32].
Typically, the network is optimized alongside the proximal algorithm to ensure
they work well together. For example, CNN-based Laplacian regularizers are
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