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ABSTRACT

Plug-and-Play (PnP) priors is a widely-used family of methods for solving imaging
inverse problems by integrating physical measurement models with image priors
specified using image denoisers. PnP methods have been shown to achieve state-
of-the-art performance when the prior is obtained using powerful deep denoisers.
Despite extensive work on PnP, the topic of distribution mismatch between the
training and testing data has often been overlooked in the PnP literature. This
paper presents a set of new theoretical and numerical results on the topic of prior
distribution mismatch and domain adaptation for the alternating direction method
of multipliers (ADMM) variant of PnP. Our theoretical result provides an explicit
error bound for PnP-ADMM due to the mismatch between the desired denoiser
and the one used for inference. Our analysis contributes to the work in the area
by considering the mismatch under nonconvex data-fidelity terms and expansive
denoisers. Our first set of numerical results quantifies the impact of the prior
distribution mismatch on the performance of PnP-ADMM on the problem of image
super-resolution. Our second set of numerical results considers a simple and
effective domain adaption strategy that closes the performance gap due to the use of
mismatched denoisers. Our results suggest the relative robustness of PnP-ADMM
to prior distribution mismatch, while also showing that the performance gap can be
significantly reduced with few training samples from the desired distribution.

1 INTRODUCTION

Imaging inverse problems consider the recovery of a clean image from its corrupted observation.
Such problems arise across the fields of computational imaging, biomedical imaging, and computer
vision. As imaging inverse problems are typically ill-posed, solving them requires the use of image
priors. While many approaches have been proposed for implementing image priors, the current
literature is primarily focused on methods based on training deep learning (DL) models to map noisy
observations to clean images (McCann et al., 2017; Lucas et al., 2018; Ongie et al., 2020).

Plug-and-Play (PnP) Priors (Venkatakrishnan et al., 2013; Sreehari et al., 2016) have emerged as a
class of iterative algorithms that can use DL denoisers as implicit image priors for solving inverse
problems. PnP algorithms sequentially minimize a data-fidelity term to improve data consistency
and then perform regularization through an image denoiser. PnP has been successfully used in many
applications such as super-resolution, phase retrieval, microscopy, and medical imaging (Metzler
et al., 2018; Zhang et al., 2017; Meinhardt et al., 2017; Dong et al., 2019; Zhang et al., 2019; Wei
et al., 2020; Zhang et al., 2021). The success of PnP has resulted in the development of its multiple
variants (e.g., PnP-PGM, PnP-SGD, PnP-ADMM. PnP-HQS) (Romano et al., 2017; Buzzard et al.,
2018; Yuan et al., 2020; Reehorst & Schniter, 2019; Hurault et al., 2022a; Kamilov et al., 2023),
strong interest in its theoretical analysis (Chan et al., 2017; Teodoro et al., 2019; Ahmad et al., 2020;
Sun et al., 2019b;a; Liu et al., 2021), as well as investigation of its connection to other methods used
in inverse problems, such as score matching (Cohen et al., 2021; Reehorst & Schniter, 2019) and
denoising diffusion probabilistic models (Kadkhodaie & Simoncelli, 2021; Laumont et al., 2022).

Despite extensive literature on PnP, the research in the area has mainly focused on the setting where
the distribution of the inference data is perfectly matched to that of the data used for training deep
learning denoisers, used as image priors in PnP. Little work exists for PnP under mismatched deep
learning-based priors, where a distribution shift exists between the training and test data (Shoushtari
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Figure 1: Illustration of domain adaptation in PnP-ADMM. The mismatched denoiser is pre-trained on source
distribution (BreCaHAD) and adapted to target distribution (MetFaces) using a few samples. Adapted prior is
then plugged into PnP-ADMM algorithm to reconstruct a sample from MetFaces.

et al., 2022; Reehorst & Schniter, 2019). In this paper, we investigate the problem of mismatched
priors in PnP-ADMM. We present a new theoretical analysis of PnP-ADMM that accounts for the
use of mismatched priors. Unlike most existing work on PnP-ADMM, our theory is compatible
with nonconvex data-fidelity terms and expansive denoisers (Sun et al., 2021; Tang & Davies, 2020;
Gavaskar & Chaudhury, 2019; Chan, 2019; Ryu et al., 2019). Our analysis establishes explicit error
bounds on the convergence of PnP-ADMM under a well-defined set of assumptions. We validate
our theoretical findings by presenting numerical results on the influence of distribution shifts, where
the denoiser trained on one dataset (e.g., BreCaHAD or CelebA) is used to recover an image from
another dataset (e.g., MetFaces or RxRx1). We additionally present numerical results on a simple
domain adaptation strategy for image denoisers that can effectively address data distribution shifts in
PnP methods (see Figure 4 for an illustration). Our work thus enriches the current PnP literature by
providing novel theoretical and empirical insights into the problem of data distribution shifts in PnP.

All proofs and some details that have been omitted due to space constraints of the main text are
included in the supplementary material.

2 BACKGROUND

Inverse problems. Inverse problems involve the recovery of an unknown signal x ∈ Rn from a set
of noisy measurements y = Ax+e, where A ∈ Rm×n is the measurement model and e is the noise.
Inverse problems are often formulated and solved as optimization problems of form

x̂ ∈ argmin
x∈Rn

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

where g is the data-fidelity term that measures the consistency with the measurements y and h is the
regularizer that incorporates prior knowledge on x. The least-squares function g(x) = 1

2∥Ax− y∥22
and total variation (TV) function h(x) = τ∥Dx∥1, where D denotes the image gradient and
τ > 0 a regularization parameter, are commonly used functions for the data-fidelity term and the
regularizer (Rudin et al., 1992; Beck & Teboulle, 2009).

Deep Learning. DL has gained significant attention in the context of inverse problems. DL methods
seek to perform a regularized inversion by learning a mapping from the measurements to the target
images parameterized by a deep convolutional neural network (CNN) (McCann et al., 2017; Lucas
et al., 2018; Ongie et al., 2020). Model-based DL (MBDL) refers to a sub-class of DL methods for
inverse problems that also integrate the measurement model as part of the deep model (Ongie et al.,
2020; Monga et al., 2021). A class of MBDL that incorporates deep denoisers as implicit image
priors within iterative algorithms includes PnP, regularization by denoising (RED), deep unfolding
(DU), and deep equilibrium models (DEQ) (Zhang & Ghanem, 2018; Hauptmann et al., 2018; Gilton
et al., 2021; Liu et al., 2022).

Plug-and-Play Priors. PnP is a popular MBDL approach for solving imaging inverse problems
by using denoisers as image priors within iterative algorithms (Venkatakrishnan et al., 2013) (see
also recent reviews (Ahmad et al., 2020; Kamilov et al., 2023)). Motivated by proximal splitting
algorithms, PnP can replace the proximal or gradient descent updates with deep denoisers while
simultaneously minimizing the data-fidelity function to recover consistent solutions. PnP methods
can thus be viewed as MBDL architectures that integrate measurement models and deep denoisers.
PnP has been extensively investigated, leading to multiple PnP variants and theoretical analyses (Chan
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et al., 2017; Buzzard et al., 2018; Sun et al., 2021; Ryu et al., 2019; Hurault et al., 2022a; Laumont
et al., 2022; Tirer & Giryes, 2019; Teodoro et al., 2019; Sun et al., 2019b; Cohen et al., 2021). Existing
theoretical convergence analyses of PnP differ in the specifics of the assumptions required to ensure the
convergence of the corresponding iterations. For example, bounded, averaged, firmly nonexpansive,
nonexpansive, residual nonexpansive, or demi-contractive denoisers have been previously considered
for designing convergent PnP schemes (Chan et al., 2017; Gavaskar & Chaudhury, 2019; Romano
et al., 2017; Ryu et al., 2019; Cohen et al., 2021; Sun et al., 2019a; 2021; Terris et al., 2020; Reehorst
& Schniter, 2019; Liu et al., 2021; Hertrich et al., 2021; Bohra et al., 2021). The recent work (Xu
et al., 2020) has used an elegant formulation of an MMSE denoiser from (Gribonval, 2011) to
perform a nonconvex convergence analysis of PnP-PGM without any nonexpansiveness assumptions
on the denoiser. Another recent line of PnP work has explored specification of the denoiser as a
gradient-descent step on a functional parameterized by a deep neural network (Hurault et al., 2022a;b;
Cohen et al., 2021).

PnP-ADMM is summarized in Algorithm 1 (Sreehari et al., 2016; Venkatakrishnan et al., 2013),
where Dσ is an additive white Gaussian denoiser (AWGN) denoiser, γ > 0 is the penalty parameter,
and σ > 0 controls the denoiser strength. PnP-ADMM is based on the alternating direction method
of multipliers (ADMM) (Boyd et al., 2011). Its formulation relies on optimizing in an alternating
fashion the augmented Lagrangian associated with the objective function in (1)

ϕ (x, z, s) = g(x) + h(z) +
1

γ
sT(x− z) +

1

2γ
∥x− z∥22 . (2)

The theoretical convergence of PnP-ADMM has been explored for convex functions using monotone
operator theory (Ryu et al., 2019; Sun et al., 2021), for nonconvex regularizer and convex data-fidelity
terms (Hurault et al., 2022b), and for bounded denoisers (Chan et al., 2017).

Distribution Shift. Distribution shifts naturally arise in imaging when a DL model trained on one
type of data is applied to another. The mismatched DL models due to distribution shifts lead to
suboptimal performance. Consequently, there has been interest in mitigating the effect of mismatched
DL models (Sun et al., 2020; Darestani et al., 2021; 2022; Jalal et al., 2021). In PnP methods, a
mismatch arises when the denoiser is trained on a distribution different from that of the test data.
The prior work on denoiser mismatch in PnP is limited (Liu et al., 2020; Shoushtari et al., 2022;
Reehorst & Schniter, 2019; Laumont et al., 2022). Theoretical guarantees of RED with mismatched
deep denoisers have been previously investigated for convex data-fidelity terms and nonexpansive
denoisers (Shoushtari et al., 2022). A recent line of research has also used approximate MMSE
denoisers in PnP (Reehorst & Schniter, 2019; Laumont et al., 2022).

Domain Adaptation. Distribution shift between training and inference datasets leads to mismatched
DL models. Domain adaptation is commonly used to address distribution shift in DL. Domain
adaptation has previously been used to address distribution shift in deep learning (Tommasi et al.,
2012; 2013; Gopalan et al., 2011). Existing research in imaging problems focuses on adapting DL
models from the source domain to the target domain by using the features extracted during inference
for various problems such as image classification (Novi & Caputo, 2014), image reconstruction (Tirer
& Giryes, 2019; Dou et al., 2019; Shocher et al., 2018), and image segmentation (Dou et al., 2019).
In this work, we focus on scenarios where we have limited paired data from the target domain. Our
domain adaptation fine-tunes pre-trained mismatched DL models using a small number of samples
from the target domain, which is different from the inference-time domain adaptation.

Our contributions. (1) Our first contribution is a new theoretical analysis of PnP-ADMM accounting
for the discrepancy between the desired and mismatched denoisers. Such analysis has not been
considered in the prior work on PnP-ADMM. Our analysis is broadly applicable in the sense that it
does not assume convex data-fidelity terms and nonexpansive denoisers. (2) Our second contribution
is a comprehensive numerical study of distribution shifts in PnP through several well-known image
datasets on the problem of image super-resolution. (3) Our third contribution is the illustration of
simple data adaptation for addressing the problem of distribution shifts in PnP-ADMM. We show that
one can successfully close the performance gap in PnP-ADMM due to distribution shifts by adapting
the denoiser to the target distribution using very few samples.
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Algorithm 1 PnP-ADMM

1: input: z0, s0 ∈ Rn, parameters σ, γ > 0.
2: for k = 1, 2, 3, · · · do
3: xk ← proxγg(z

k−1 − sk−1)

4: zk ← Dσ

(
xk + sk−1

)
5: sk ← sk−1 + xk − zk

6: end for

3 PROPOSED WORK

This section presents the convergence analysis of PnP-ADMM that accounts for the use of mismatched
denoisers. It is worth noting that the theoretical analysis of PnP-ADMM has been previously discussed
in (Chan, 2019; Teodoro et al., 2019; Ryu et al., 2019; Sun et al., 2021). The novelty of our work
can be summarized in two aspects: (1) we analyze convergence with the mismatched priors; (2) our
theory accommodates nonconvex g and expansive denoisers.

3.1 PNP-ADMM WITH MISMATCHED DENOISER

We denote the target distribution as px and the mismatched distribution as p̂x. The mismatched
denoiser D̂σ is a minimum mean squared error (MMSE) estimator for the AWGN denoising problem

v = x+ e with x ∼ p̂x, e ∼ N (0, σ2I). (3)

The MMSE denoiser is the conditional mean estimator for (3) and can be expressed as

D̂σ(v) := E[x|v] =
∫
Rn

xp̂x|v(x|v) dx, (4)

where p̂x|v(x|v) ∝ Gσ(v − x)p̂x(x), with Gσ denoting the Gaussian density. We refer to the
MMSE estimator D̂σ , corresponding to the mismatched data distribution p̂x, as the mismatched prior.

Since the integral (4) is generally intractable, in practice, the denoiser corresponds to a deep model
trained to minimize the mean squared error (MSE) loss

L(D̂σ) = E
[
∥x− D̂σ(v)∥22

]
. (5)

MMSE denoisers trained using the MSE loss are optimal with respect to the widely used image-
quality metrics in denoising, such as signal-to-noise ratio (SNR), and have been extensively used
in the PnP literature (Xu et al., 2020; Laumont et al., 2022; A. Bigdeli et al., 2017; Kadkhodaie &
Simoncelli, 2021; Gan et al., 2023).

When using a mismatched prior in PnP-ADMM, we replace Step 4 in Algorithm 1 by

zk ← D̂σ

(
xk + sk−1

)
, (6)

where D̂σ is the mismatched MMSE denoiser. To avoid confusion, we denote by zk and zk the
outputs of the mismatched and target denoisers at the k iteration, respectively. Consequently, we have
zk = Dσ(x

k + sk−1), where Dσ is the target MMSE denoiser.

3.2 THEORETICAL ANALYSIS

Our analysis relies on the following set of assumptions that serve as sufficient conditions.

Assumption 1. The prior distributions px and p̂x, denoted as target and mismatched priors respec-
tively, are non-degenerate over Rn.

A distribution is considered degenerate over Rn if its support is confined to a lower-dimensional
manifold than the dimensionality of n. Assumption 1 is useful to establish an explicit link between a
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MMSE denoiser and its associated regularizer. For example, the regularizer h associated with the
target MMSE denoiser Dσ can be expressed as (see (Gribonval, 2011; Xu et al., 2020) for background)

h(x) :=

{
− 1

2γ ∥x− D−1
σ (x)∥22 + σ2

γ hσ(D
−1
σ (x)) for x ∈ Im(Dσ)

+∞ for x /∈ Im(Dσ),
(7)

where γ > 0 denotes the penalty parameter, D−1
σ : Im(Dσ) → Rn represent a well defined and

smooth inverse mapping over Im(Dσ), and hσ(·) := − log(pu(·)), with pu denoting the probability
distribution over the AWGN corrupted observations

u = x+ e with x ∼ px, e ∼ N (0, σ2I),

(the derivation is provided in Section E.1 for completeness). Note that the smoothness of both
D−1

σ and hσ guarantees the smoothness of the function h. Additionally, similar connection exist
between the mismatched MMSE denoiser D̂σ and the regularizer ĥ(x), with ĥσ(·) := − log(p̂v(·))
characterizing the relationship between mismatched denoiser and shifted distribution.
Assumption 2. The function g is continuously differentiable.

This assumption is a standard assumption used in nonconvex optimization, specifically in the context
of inverse problems (Li & Li, 2018; Jiang et al., 2019; Yashtini, 2021).
Assumption 3. The data-fidelity term and the implicit regularizers are bounded from below.

Assumption 3 implies that there exists f∗ > −∞ such that f(x) ≥ f∗ for all x ∈ Rn.

Assumption 4. The denoisers Dσ and D̂σ have the same range Im(Dσ). Additionally, functions
h and ĥ associated with Dσ and D̂σ, are continuously differentiable with L-Lipschitz continuous
gradients over Im(Dσ).

It is known (see (Gribonval, 2011; Xu et al., 2020)) that functions h and ĥ are infinitely differentiable
over their ranges. The assumption that the two image denoisers have the same range is also a relatively
mild assumption. Ideally, both denoisers would have the same range corresponding to the set of
desired images. Assumption 4 is thus a mild extension that further requires Lipschitz continuity of
the gradient over the range of denoisers.

Assumption 5. The mismatched denoiser D̂σ satisfies

∥D̂σ(v
k)− Dσ(v

k)∥2 ≤ δk, k = 1, 2, 3, . . .

where D̂σ is given in (4) and vk = xk + sk−1 in Algorithm 1.

Our analysis assumes that at every iteration, PnP-ADMM uses a mismatched MMSE denoiser, derived
from a shifted distribution. We consider the case where at iteration k of PnP-ADMM, the distance of
the outputs of Dσ and D̂σ is bounded by a constant δk.
Assumption 6. For the sequence {xk, zk, sk} generated by iterations of PnP-ADMM with mis-
matched MMSE denoiser in Algorithm 1, there exists a constant R such that∥∥zk − zk−1

∥∥
2
≤ R, k = 1, 2, 3, . . . .

This assumption is a reasonable assumption since many images have bounded pixel values, for
example [0, 255] or [0, 1].

We are now ready to present our convergence result under mismatched MMSE denoisers.
Theorem 1. Run PnP-ADMM using a mismatched MMSE denoiser for t ≥ 1 iterations under
Assumptions 1-6 with the penalty parameter 0 < γ ≤ 1/(4L). Then, we have

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
k=1

∥∥∇f (xk
)∥∥2

2
≤ A1

t
+A2εt

where A1 > 0 and A2 > 0 are iteration independent constants and εt := (1/t) (ε1 + · · ·+ εt) is
the error term that is an average of the quantities εk := max{δk, δ2k}. In addition, if the sequence
{δi}i≥1 is summable, ∥∇f(xt)∥2 → 0 as t→∞.
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Figure 2: Sample images from the datasets used for training the denoisers. From left to right: MetFaces (Karras
et al., 2020), CelebA (Liu et al., 2015), AFHQ (Choi et al., 2020), RxRx1 (Sypetkowski et al., 2023), and
BreCaHAD (Aksac et al., 2019).

When we replace the mismatched MMSE denoiser with the target MMSE denoiser, we recover the
traditional PnP-ADMM. To highlight the impact of the mismatch, we next provide the same statement
but using the target denoiser.
Theorem 2. Run PnP-ADMM with the target MMSE denoiser for t ≥ 1 iterations under Assump-
tions 1-4 with the penalty parameter 0 < γ ≤ 1/(4L). Then, we have

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
k=1

∥∥∇f(xk)
∥∥2
2
≤ C

t
,

where C > 0 is a constant independent of iteration.

The proof of Theorem 1 is provided in the appendix. For completeness, we also provide the proof
of Theorem 2. Our analysis relies on using the augmented Lagrangian ϕ as the Lyapunov function,
where the augmented Lagrangian function value is decreasing and lower bounded for the sequence
generated using Algorithm 1 (see (Wang et al., 2019) for additional discussion). Theorem 1 provides
insight into the convergence of PnP-ADMM using mismatched MMSE denoisers. It states that if
δk are summable, the iterates of PnP-ADMM with mismatched denoisers satisfy ∇f(xt) → 0 as
t→∞. On the other hand, if the sequence δk is not summable, there is an error term that depends
on the distance between the target and mismatched denoisers. Theorem 1 can be viewed as a more
flexible alternative to the convergence analyses in (Sun et al., 2021; Chan, 2019; Ryu et al., 2019).
While the analyses in the prior works assume convex g and nonexpansive residual, nonexpansive or
bounded denoisers, our analysis considers that denoiser Dσ is a mismatched MMSE estimator, where
the mismatched denoiser distance to the target denoiser is bounded by δk at each iteration.

To summarize our theoretical results, PnP-ADMM using a mismatched MMSE denoiser approximates
the solution obtained by PnP-ADMM using the target MMSE denoiser up to an error term that
depends on the discrepancy between the denoisers. One can control The accuracy of PnP-ADMM
using mismatched denoisers by controlling the error term εt. This error term can be controlled by
using domain adaptation techniques for decreasing the distance between mismatched and target
denoisers, thus closing the gap in the performances of PnP-ADMM. We validate our theoretical
analysis in Section 4 through numerical experiments, investigating the performance of PnP-ADMM
under mismatched priors with varying levels of distribution shifts. Additionally, we use domain
adaptation to illustrate the dependency of recovery errors in PnP-ADMM on the distance between
mismatched and target denoisers. In domain adaptation, we fine-tune mismatched denoisers using a
limited number of samples to minimize the distance between the mismatched and target distributions,
consequently reducing errors in recovering solutions.

4 NUMERICAL VALIDATION

We consider PnP-ADMM with mismatched and adapted denoisers for the task of image super-
resolution. Our first set of results shows how distribution shifts relate to the prior disparities and
their impact on PnP recovery performance. Our second set of results shows the impact of domain
adaptation on the denoiser gap and PnP performance. We use the traditional l2-norm as the data-
fidelity term. To provide an objective evaluation of the final image quality, we use two established
quantitative metrics: Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM).

We use DRUNet architecture (Zhang et al., 2021) for all image denoisers. To model prior mismatch,
we train denoisers on five image datasets: MetFaces (Karras et al., 2020), AFHQ (Choi et al., 2020),
CelebA (Liu et al., 2015), BreCaHAD (Aksac et al., 2019), and RxRx1 (Sypetkowski et al., 2023).
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Figure 3: Visual evaluation of PnP-ADMM on image super-resolution using denoisers trained on several
datasets. Performance is reported in terms of PSNR (dB) and SSIM for an image from the MetFaces dataset.
Images are downsampled by a scale of s = 4 and convolved with the blur kernel shown on the top left corner of
the ground truth image. Note how the disparities in the training distributions of denoisers directly influence the
performance of PnP. The denoisers containing images most similar to MetFaces offer the best performance.

Table 1: PSNR (dB) and SSIM values for image super-resolution using PnP-ADMM under different priors on a
test set from the MetFaces (Karras et al., 2020). We highlighted the best performing and the worst performing
priors. BreCaHAD is the worst prior that is also the one visually most different from MetFaces.

Kernels Prior s = 2 s = 4 Avg

PSNR SSIM PSNR SSIM PSNR SSIM

BreCaHAD 31.96 0.8108 28.41 0.6937 30.18 0.7522
RxRx1 33.45 0.8683 30.45 0.7906 31.95 0.8294
AFHQ 33.74 0.8697 30.38 0.7825 32.06 0.8261
CelebA 33.96 0.8731 30.62 0.7906 32.29 0.8318
MetFaces 34.07 0.8755 31.15 0.8053 32.61 0.8404

BreCaHAD 30.25 0.7489 28.99 0.7083 29.62 0.7286
RxRx1 32.22 0.8348 30.80 0.7948 31.51 0.8148
AFHQ 32.63 0.8410 31.06 0.8014 31.84 0.8212
CelebA 32.62 0.8404 31.30 0.8070 31.96 0.8237
MetFaces 32.85 0.8457 31.44 0.8089 32.14 0.8273

Figure 2 illustrates samples from the datasets. Our training dataset consists of 1000 randomly chosen,
resized, or cropped image slices, each measuring 256 × 256 pixels. Unlike several existing PnP
methods (Sun et al., 2021; Liu et al., 2021) that suggest the inclusion of the spectral normalization
layers into the CNN to enforce Lipschitz continuity on the denoisers, we directly train denoisers
without any nonexpansiveness constraints.

4.1 IMPACT OF PRIOR MISMATCH

The observation model for single image super-resolution is y = SHx + e, where S ∈ Rm×n

is a standard s-fold downsampling matrix with n = m × s2, H ∈ Rn×n is a convolution with
anti-aliasing kernel, and e is the noise. To compute the proximal map efficiently for the l2-norm
data-fidelity term (Step 3 in Algorithm 1), we use the closed-form solution outlined in (Zhang et al.,
2021; Zhao et al., 2016). Similarly to (Zhang et al., 2021), we use four isotropic kernels with different
standard deviation {0.7, 1.2, 1.6, 2}, as well as four anisotropic kernels depicted in Table 1. We
perform downsampling at scales of s = 2 and s = 4.

Figure 3 illustrates the performance of PnP-ADMM using the target and four mismatched denoisers.
Note the suboptimal performance of PnP-ADMM using mismatched denoisers trained on the BreCa-
HAD, RxRx1, CelebA, and AFHQ datasets relative to PnP-ADMM using the target denoiser trained
on the MetFaces dataset. Figure 3 illustrates how distribution shifts can lead to mismatched denoisers,
subsequently impacting the performance of PnP-ADMM. It’s worth noting that the denoiser trained
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<latexit sha1_base64="1FHJ2G360+Y4yhfjRSOQ+Mja2ME=">AAAB8nicbVDLSsNAFL2pr1pfVZduBotQNyUp+FgW3biS+OgD0lAm02k7dDITZiZCCf0MNy4UcevXuPNvTNostPXAhcM593LvPUHEmTa2/W0VVlbX1jeKm6Wt7Z3dvfL+QUvLWBHaJJJL1QmwppwJ2jTMcNqJFMVhwGk7GF9nfvuJKs2keDSTiPohHgo2YASbVPLch9t7VHWFe1rqlSt2zZ4BLRMnJxXI4fbKX92+JHFIhSEca+05dmT8BCvDCKfTUjfWNMJkjIfUS6nAIdV+Mjt5ik5SpY8GUqUlDJqpvycSHGo9CYO0M8RmpBe9TPzP82IzuPQTJqLYUEHmiwYxR0ai7H/UZ4oSwycpwUSx9FZERlhhYtKUshCcxZeXSatec85rZ3f1SuMqj6MIR3AMVXDgAhpwAy40gYCEZ3iFN8tYL9a79TFvLVj5zCH8gfX5A/FKj7w=</latexit>

P
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n
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)

<latexit sha1_base64="y+gnJvIccGooY03SHWoXQuGOSKw=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8eAF49RzAOSJcxOepMhs7PLzKwQQv7AiwdFvPpH3vwbZ5M9aGJBQ1HVTXdXkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4NvPbT6g0j+WjmSToR3QoecgZNVZ6cEv9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzH+lCrDmcBZqZdqTCgb0yF2LZU0Qu1P55fOyJlVBiSMlS1pyFz9PTGlkdaTKLCdETUjvexl4n9eNzXhjT/lMkkNSrZYFKaCmJhkb5MBV8iMmFhCmeL2VsJGVFFmbDhZCN7yy6ukVat6V9XL+4tKvZbHUYQTOIVz8OAa6nAHDWgCgxCe4RXenLHz4rw7H4vWgpPPHMMfOJ8/q8WMwg==</latexit>

0

<latexit sha1_base64="3OU5yH0X3t2KKwSFxGVcKrjBBsc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBA8hd3g8xbw4jGieUCyhNlJbzJkdnaZmRVCyCd48aCIV7/Im3/jbLIHTSxoKKq66e4KEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6zfzWEyrNY/loxgn6ER1IHnJGjZUeqjfFXqnsVtwZyDLxclKGHPVe6avbj1kaoTRMUK07npsYf0KV4UzgtNhNNSaUjegAO5ZKGqH2J7NTp+TUKn0SxsqWNGSm/p6Y0EjrcRTYzoiaoV70MvE/r5Oa8NqfcJmkBiWbLwpTQUxMsr9JnytkRowtoUxxeythQ6ooMzadLARv8eVl0qxWvMvKxf15uVbN4yjAMZzAGXhwBTW4gzo0gMEAnuEV3hzhvDjvzse8dcXJZ47gD5zPHyqTjQc=</latexit>

29

<latexit sha1_base64="opUag0sq3sfwr9cmRmAG+qq49Y0=">AAAB6XicbVDLSgNBEOz1GeMr6tHLYBA8hd34PAa8eIxiHpAsYXbSmwyZnV1mZoWw5A+8eFDEq3/kzb9xkuxBEwsaiqpuuruCRHBtXPfbWVldW9/YLGwVt3d29/ZLB4dNHaeKYYPFIlbtgGoUXGLDcCOwnSikUSCwFYxup37rCZXmsXw04wT9iA4kDzmjxkoP59VeqexW3BnIMvFyUoYc9V7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NIJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa88TMuk9SgZPNFYSqIicn0bdLnCpkRY0soU9zeStiQKsqMDadoQ/AWX14mzWrFu6pc3l+Ua9U8jgIcwwmcgQfXUIM7qEMDGITwDK/w5oycF+fd+Zi3rjj5zBH8gfP5A+z0jO0=</latexit>

32

<latexit sha1_base64="VAbUAOuuBSQg/JsLsj/VOeCJrE0=">AAAB6XicbVDLSgNBEOz1GeMr6tHLYBA8hd34PAa8eIxiHpAsYXYymwyZnV1meoWw5A+8eFDEq3/kzb9xkuxBEwsaiqpuuruCRAqDrvvtrKyurW9sFraK2zu7e/ulg8OmiVPNeIPFMtbtgBouheINFCh5O9GcRoHkrWB0O/VbT1wbEatHHCfcj+hAiVAwilZ6OPd6pbJbcWcgy8TLSRly1Hulr24/ZmnEFTJJjel4boJ+RjUKJvmk2E0NTygb0QHvWKpoxI2fzS6dkFOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J442dCJSlyxeaLwlQSjMn0bdIXmjOUY0so08LeStiQasrQhlO0IXiLLy+TZrXiXVUu7y/KtWoeRwGO4QTOwINrqMEd1KEBDEJ4hld4c0bOi/PufMxbV5x85gj+wPn8AetwjOw=</latexit>

31
<latexit sha1_base64="JMHLSXC7Cm5mJGgMxySgrTiNGGY=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHbxxZHEi0c08khgQ2aHXpgwO7uZmTUhhD/w4kFjvPpH3vwbB9iDgpV0UqnqTndXkAiujet+O7m19Y3Nrfx2YWd3b/+geHjU1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hodua3nlBpHstHM07Qj+hA8pAzaqz0cFHtFUtu2Z2DrBIvIyXIUO8Vv7r9mKURSsME1brjuYnxJ1QZzgROC91UY0LZiA6wY6mkEWp/Mr90Ss6s0idhrGxJQ+bq74kJjbQeR4HtjKgZ6mVvJv7ndVITVv0Jl0lqULLFojAVxMRk9jbpc4XMiLEllClubyVsSBVlxoZTsCF4yy+vkmal7F2Xr+4vS7VKFkceTuAUzsGDG6jBHdShAQxCeIZXeHNGzovz7nwsWnNONnMMf+B8/gD2DIzz</latexit>

38

<latexit sha1_base64="sH9VFvK/ALJt4ZzwZhKicXEJLpQ=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVJLi17HgxWMF+wFtKJvtpF272YTdjVBCf4EXD4pXf5M3/43bNgdtfTDweG+GmXlhKrg2nvftlDY2t7Z3yrvu3v7B4VHFPW7rJFMMWywRieqGVKPgEluGG4HdVCGNQ4GdcHI39zvPqDRP5KOZphjEdCR5xBk1Vnq4HFSqXs1bgKwTvyBVKNAcVL76w4RlMUrDBNW653upCXKqDGcCZ24/05hSNqEj7FkqaYw6yBeHzsi5VYYkSpQtachC/T2R01jraRzazpiasV715uJ/Xi8z0W2Qc5lmBiVbLooyQUxC5l+TIVfIjJhaQpni9lbCxlRRZmw2rg3BX315nbTrNf+6dlVt1IswynAKZ3ABPtxAA+6hCS1ggPACb/DuPDmvzseyseQUEyfwB87nDxM7i4g=</latexit>

4
<latexit sha1_base64="r0T7Nozfecr+Y1IC93RV9fH9bwQ=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4KknR6rHgxWMV+wFtKJvtpl262YTdiVBC/4EXD4p49R9589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94iThfkSHSoSCUbTSg1frl8puxZ2DrBIvJ2XI0eiXvnqDmKURV8gkNabruQn6GdUomOTTYi81PKFsTIe8a6miETd+Nr90Ss6tMiBhrG0pJHP190RGI2MmUWA7I4ojs+zNxP+8borhjZ8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07RhuAtv7xKWtWKV6tc3V+W69U8jgKcwhlcgAfXUIc7aEATGITwDK/w5oydF+fd+Vi0rjn5zAn8gfP5A+/6jO8=</latexit>

16

<latexit sha1_base64="W1EXk/LMteXt7F5bgLZBYzZ8XTw=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHYJokcSLx7RyCOBDZkdemHC7OxmZtaEEP7AiweN8eofefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj27nffkKleSwfzSRBP6JDyUPOqLHSQ63aL5bcsrsAWSdeRkqQodEvfvUGMUsjlIYJqnXXcxPjT6kynAmcFXqpxoSyMR1i11JJI9T+dHHpjFxYZUDCWNmShizU3xNTGmk9iQLbGVEz0qveXPzP66YmvPGnXCapQcmWi8JUEBOT+dtkwBUyIyaWUKa4vZWwEVWUGRtOwYbgrb68TlqVslcrX91XS/VKFkcezuAcLsGDa6jDHTSgCQxCeIZXeHPGzovz7nwsW3NONnMKf+B8/gD0i4zy</latexit>

64

<latexit sha1_base64="y+gnJvIccGooY03SHWoXQuGOSKw=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKewGX8eAF49RzAOSJcxOepMhs7PLzKwQQv7AiwdFvPpH3vwbZ5M9aGJBQ1HVTXdXkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4NvPbT6g0j+WjmSToR3QoecgZNVZ6cEv9csWtunOQVeLlpAI5Gv3yV28QszRCaZigWnc9NzH+lCrDmcBZqZdqTCgb0yF2LZU0Qu1P55fOyJlVBiSMlS1pyFz9PTGlkdaTKLCdETUjvexl4n9eNzXhjT/lMkkNSrZYFKaCmJhkb5MBV8iMmFhCmeL2VsJGVFFmbDhZCN7yy6ukVat6V9XL+4tKvZbHUYQTOIVz8OAa6nAHDWgCgxCe4RXenLHz4rw7H4vWgpPPHMMfOJ8/q8WMwg==</latexit>

0

<latexit sha1_base64="sH9VFvK/ALJt4ZzwZhKicXEJLpQ=">AAAB5HicbVBNS8NAEJ3Urxq/qlcvi0XwVJLi17HgxWMF+wFtKJvtpF272YTdjVBCf4EXD4pXf5M3/43bNgdtfTDweG+GmXlhKrg2nvftlDY2t7Z3yrvu3v7B4VHFPW7rJFMMWywRieqGVKPgEluGG4HdVCGNQ4GdcHI39zvPqDRP5KOZphjEdCR5xBk1Vnq4HFSqXs1bgKwTvyBVKNAcVL76w4RlMUrDBNW653upCXKqDGcCZ24/05hSNqEj7FkqaYw6yBeHzsi5VYYkSpQtachC/T2R01jraRzazpiasV715uJ/Xi8z0W2Qc5lmBiVbLooyQUxC5l+TIVfIjJhaQpni9lbCxlRRZmw2rg3BX315nbTrNf+6dlVt1IswynAKZ3ABPtxAA+6hCS1ggPACb/DuPDmvzseyseQUEyfwB87nDxM7i4g=</latexit>

4

<latexit sha1_base64="r0T7Nozfecr+Y1IC93RV9fH9bwQ=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4KknR6rHgxWMV+wFtKJvtpl262YTdiVBC/4EXD4p49R9589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94iThfkSHSoSCUbTSg1frl8puxZ2DrBIvJ2XI0eiXvnqDmKURV8gkNabruQn6GdUomOTTYi81PKFsTIe8a6miETd+Nr90Ss6tMiBhrG0pJHP190RGI2MmUWA7I4ojs+zNxP+8borhjZ8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07RhuAtv7xKWtWKV6tc3V+W69U8jgKcwhlcgAfXUIc7aEATGITwDK/w5oydF+fd+Vi0rjn5zAn8gfP5A+/6jO8=</latexit>

16

<latexit sha1_base64="W1EXk/LMteXt7F5bgLZBYzZ8XTw=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHYJokcSLx7RyCOBDZkdemHC7OxmZtaEEP7AiweN8eofefNvHGAPClbSSaWqO91dQSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj27nffkKleSwfzSRBP6JDyUPOqLHSQ63aL5bcsrsAWSdeRkqQodEvfvUGMUsjlIYJqnXXcxPjT6kynAmcFXqpxoSyMR1i11JJI9T+dHHpjFxYZUDCWNmShizU3xNTGmk9iQLbGVEz0qveXPzP66YmvPGnXCapQcmWi8JUEBOT+dtkwBUyIyaWUKa4vZWwEVWUGRtOwYbgrb68TlqVslcrX91XS/VKFkcezuAcLsGDa6jDHTSgCQxCeIZXeHPGzovz7nwsW3NONnMKf+B8/gD0i4zy</latexit>

64

<latexit sha1_base64="ZosiQi8HR8fXW07lsWa10ctTq/Y=">AAAB6XicbVDLSgNBEOyNrxhfUY9eBoPgKezG9y3gxWMU84AkhNnJbDJkdnaZ6RXCkj/w4kERr/6RN//GSbIHTSxoKKq66e7yYykMuu63k1tZXVvfyG8WtrZ3dveK+wcNEyWa8TqLZKRbPjVcCsXrKFDyVqw5DX3Jm/7oduo3n7g2IlKPOI55N6QDJQLBKFrp4eymVyy5ZXcGsky8jJQgQ61X/Or0I5aEXCGT1Ji258bYTalGwSSfFDqJ4TFlIzrgbUsVDbnpprNLJ+TEKn0SRNqWQjJTf0+kNDRmHPq2M6Q4NIveVPzPaycYXHdToeIEuWLzRUEiCUZk+jbpC80ZyrEllGlhbyVsSDVlaMMp2BC8xZeXSaNS9i7LF/fnpWoliyMPR3AMp+DBFVThDmpQBwYBPMMrvDkj58V5dz7mrTknmzmEP3A+fwD3kIz0</latexit>

39
<latexit sha1_base64="zZIoOa7r7E1XifXtrwG1cquKPxs=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lK/TgWvHisYmuhDWWznbRLN5uwuxFK6D/w4kERr/4jb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BiMb2b+4xMqzWP5YCYJ+hEdSh5yRo2V7uu1frniVt05yCrxclKBHM1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzSKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G0y4AqZERNLKFPc3krYiCrKjA2nZEPwll9eJe1a1busXtzVK41aHkcRTuAUzsGDK2jALTShBQxCeIZXeHPGzovz7nwsWgtOPnMMf+B8/gDueYzu</latexit>

42

<latexit sha1_base64="VAbUAOuuBSQg/JsLsj/VOeCJrE0=">AAAB6XicbVDLSgNBEOz1GeMr6tHLYBA8hd34PAa8eIxiHpAsYXYymwyZnV1meoWw5A+8eFDEq3/kzb9xkuxBEwsaiqpuuruCRAqDrvvtrKyurW9sFraK2zu7e/ulg8OmiVPNeIPFMtbtgBouheINFCh5O9GcRoHkrWB0O/VbT1wbEatHHCfcj+hAiVAwilZ6OPd6pbJbcWcgy8TLSRly1Hulr24/ZmnEFTJJjel4boJ+RjUKJvmk2E0NTygb0QHvWKpoxI2fzS6dkFOr9EkYa1sKyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J442dCJSlyxeaLwlQSjMn0bdIXmjOUY0so08LeStiQasrQhlO0IXiLLy+TZrXiXVUu7y/KtWoeRwGO4QTOwINrqMEd1KEBDEJ4hld4c0bOi/PufMxbV5x85gj+wPn8AetwjOw=</latexit>

31

<latexit sha1_base64="daW86JxY3hWqNTVTnLYvogv6a4Q=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHZR0SOJF49o5JHAhswOvTBhdnYzM2tCCH/gxYPGePWPvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaHSPJaPZpygH9GB5CFn1Fjp4aLaK5bcsjsHWSVeRkqQod4rfnX7MUsjlIYJqnXHcxPjT6gynAmcFrqpxoSyER1gx1JJI9T+ZH7plJxZpU/CWNmShszV3xMTGmk9jgLbGVEz1MveTPzP66QmvPEnXCapQckWi8JUEBOT2dukzxUyI8aWUKa4vZWwIVWUGRtOwYbgLb+8SpqVslctX91flmqVLI48nMApnIMH11CDO6hDAxiE8Ayv8OaMnBfn3flYtOacbOYY/sD5/AHzBIzx</latexit>

36

<latexit sha1_base64="LmqYK1lo4w3yJ5g98tx0ZT/FCx8=">AAAB+nicdVDLSgMxFM34rPU11aWbYBFc6JAZbLW7ghuXFewD2qFk0owNzWSGJKOUsf6JGxeKuPVL3Pk3ZtoKKnpI4HDOvTc3J0g4UxqhD2thcWl5ZbWwVlzf2Nzatks7LRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0Ho/Pcb99QqVgsrvQ4oX6ErwULGcHaSH27dNw7ys+9W4XMeFT17TJyal4NIQSRU62dzIjrVXLiOmiKMpij0bffe4OYpBEVmnCsVNdFifYzLDUjnE6KvVTRBJORGd41VOCIKj+brj6BB0YZwDCW5goNp+r3jgxHSo2jwFRGWA/Vby8X//K6qQ7P/IyJJNVUkNlDYcqhjmGeAxwwSYnmY0MwkczsCskQS0y0SatoQvj6KfyftDzHrTqVS69c9+ZxFMAe2AeHwAWnoA4uQAM0AQG34AE8gWfrznq0XqzXWemCNe/ZBT9gvX0CDRGSjg==</latexit>

- - - 16 images

<latexit sha1_base64="k+kNwFMENo8weRqc/xqjkUS96ao=">AAAB+nicbVC7TsMwFHXKq5RXCiOLRYXEAFESoJStEgtjkehDaqPKcR1q1XEi2wFVofwJCwMIsfIlbPwNThshKBzZ0tE5915fHz9mVCrb/jQKC4tLyyvF1dLa+sbmllnebskoEZg0ccQi0fGRJIxy0lRUMdKJBUGhz0jbH11kfvuWCEkjfq3GMfFCdMNpQDFSWuqb5aPeYXYeqieQao/IvlmxLXsKaFs12z13j+G34uSkAnI0+uZHbxDhJCRcYYak7Dp2rLwUCUUxI5NSL5EkRnikh3c15Sgk0kunq0/gvlYGMIiEvlzBqfqzI0WhlOPQ15UhUkM572Xif143UUHNSymPE0U4nj0UJAyqCGY5wAEVBCs21gRhQfWuEA+RQFjptEo6BGf+y39Jy7WcqnV65Vbqbh5HEeyCPXAAHHAG6uASNEATYHAHHsEzeDHujSfj1XiblRaMvGcH/ILx/gXvtJJ6</latexit>

- - - 64 images

<latexit sha1_base64="vxhx9+LALg/QsPFbd0NJ7NK0qDY=">AAAB+XicbVDLSgMxFL2pr1pfoy7dBIvgQstM8bUsuHFZwT6gHUomzdjQTGZIMoUy1C9x40IRt/6JO//GTFtEq4cEDufce3NzgkRwbVz3ExWWlldW14rrpY3Nre0dZ3evqeNUUdagsYhVOyCaCS5Zw3AjWDtRjESBYK1geJ37rRFTmsfyzowT5kfkXvKQU2Ks1HOc0+5Jfh7OMLcW0z2n7FbcKfA38RZJGeao95yPbj+macSkoYJo3fHcxPgZUYZTwSalbqpZQujQDu9YKknEtJ9NN5/gI6v0cRgre6XBU/VnR0YircdRYCsjYgZ60cvF/7xOasIrP+MySQ2TdPZQmApsYpzHgPtcMWrE2BJCFbe7YjogilBjwyrZEP58+S9pViveReX8tlquVedxFOEADuEYPLiEGtxAHRpAYQSP8AwvKENP6BW9zUoLaN6zD7+A3r8AU6KSIw==</latexit>

- - - 4 images
<latexit sha1_base64="8U+fGi3CRc1ktv/M/RZGsyiLjTc=">AAAB83icdVDLSgNBEOz1GeMr6tHLYBC8GDYBH8dILh4jmAckS5id9CZDZmeXmVkhLPEzvHhQxKs/482/cTaJEF8FDUVVN12UHwuujet+OEvLK6tr67mN/ObW9s5uYW+/qaNEMWywSESq7VONgktsGG4EtmOFNPQFtvxRLfNbd6g0j+StGcfohXQgecAZNVbqnma4r6FA/6pXKJZL7hTE/UW+rCLMUe8V3rv9iCUhSsME1bpTdmPjpVQZzgRO8t1EY0zZiA6wY6mkIWovnWaekGOr9EkQKTvSkKm6eJHSUOtx6NvNkJqh/ull4l9eJzHBpZdyGScGJZs9ChJBTESyAkifK2RGjC2hTHGblbAhVZQZW1N+sYT/SbNSKp+Xzm4qxWplXkcODuEITqAMF1CFa6hDAxjE8ABP8OwkzqPz4rzOVpec+c0BfIPz9gkc6JBm</latexit>

—– CelebA

<latexit sha1_base64="8HEN2BdXpI8SsVduanWsEf4GPyw=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwY0kKPpYFNy5rsQ9IQ5lMJ+3QyUyYmUhLqH/hxoUibv0ad/6NkzYLbT1w4XDOvdx7TxAzqrTjfFuFtfWNza3idmlnd2//oHx41FYikZi0sGBCdgOkCKOctDTVjHRjSVAUMNIJxreZ33kkUlHBH/Q0Jn6EhpyGFCNtJO8iw1Nz0py4/XLFqTpz2KvEzUkFcjT65a/eQOAkIlxjhpTyXCfWfoqkppiRWamXKBIjPEZD4hnKUUSUn85PntlnRhnYoZCmuLbn6u+JFEVKTaPAdEZIj9Syl4n/eV6iwxs/pTxONOF4sShMmK2Fnf1vD6gkWLOpIQhLam618QhJhLVJqWRCcJdfXiXtWtW9ql7e1yr1Wh5HEU7gFM7BhWuowx00oAUYBDzDK7xZ2nqx3q2PRWvBymeO4Q+szx9vn5AE</latexit>

—– RxRx1

<latexit sha1_base64="daW86JxY3hWqNTVTnLYvogv6a4Q=">AAAB6XicbVDLTgJBEOzFF+IL9ehlIjHxRHZR0SOJF49o5JHAhswOvTBhdnYzM2tCCH/gxYPGePWPvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaHSPJaPZpygH9GB5CFn1Fjp4aLaK5bcsjsHWSVeRkqQod4rfnX7MUsjlIYJqnXHcxPjT6gynAmcFrqpxoSyER1gx1JJI9T+ZH7plJxZpU/CWNmShszV3xMTGmk9jgLbGVEz1MveTPzP66QmvPEnXCapQckWi8JUEBOT2dukzxUyI8aWUKa4vZWwIVWUGRtOwYbgLb+8SpqVslctX91flmqVLI48nMApnIMH11CDO6hDAxiE8Ayv8OaMnBfn3flYtOacbOYY/sD5/AHzBIzx</latexit>

36

<latexit sha1_base64="Yj5IL7VvzU35ab+X3YnU5/7TImE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lK/TgWvHisYmuhDWWznbRLN5uwuxFK6D/w4kERr/4jb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BiMb2b+4xMqzWP5YCYJ+hEdSh5yRo2V7mv1frniVt05yCrxclKBHM1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzSKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G0y4AqZERNLKFPc3krYiCrKjA2nZEPwll9eJe1a1busXtzVK41aHkcRTuAUzsGDK2jALTShBQxCeIZXeHPGzovz7nwsWgtOPnMMf+B8/gDud4zu</latexit>

24
<latexit sha1_base64="PGif8kdVejJtGk1Xt0Gc1qNBCgE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKX8eCF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1IQ3fsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6V9XL5kWlXsvjKMIJnMI5eHANdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPeQ2Mrw==</latexit>

1
<latexit sha1_base64="ai9NhQnYBQ4lLQjd+3CqsuEQyCs=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4Kkmx6rHgxWMV+wFtKJvtpl262YTdiVBC/4EXD4p49R9589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94iThfkSHSoSCUbTSg1frl8puxZ2DrBIvJ2XI0eiXvnqDmKURV8gkNabruQn6GdUomOTTYi81PKFsTIe8a6miETd+Nr90Ss6tMiBhrG0pJHP190RGI2MmUWA7I4ojs+zNxP+8borhjZ8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07RhuAtv7xKWtWKd1Wp3V+W69U8jgKcwhlcgAfXUIc7aEATGITwDK/w5oydF+fd+Vi0rjn5zAn8gfP5A+52jO4=</latexit>

15
<latexit sha1_base64="J006jswVNpdIzGMBVWzg+nIxNpc=">AAAB8HicbZDLSsNAFIZPvNZ6q7p0M1gEVyUpeFkW3LisYC/ShjKZnrRDJ5MwMxFK6FO4caGIWx/HnW/jNM1CW38Y+PjPOcw5f5AIro3rfjtr6xubW9ulnfLu3v7BYeXouK3jVDFssVjEqhtQjYJLbBluBHYThTQKBHaCye283nlCpXksH8w0QT+iI8lDzqix1iM3qHIaVKpuzc1FVsEroAqFmoPKV38YszRCaZigWvc8NzF+RpXhTOCs3E81JpRN6Ah7FiWNUPtZvvCMnFtnSMJY2ScNyd3fExmNtJ5Gge2MqBnr5drc/K/WS01442dcJqlByRYfhakgJibz68mQK2RGTC1QprjdlbAxVZTZHHTZhuAtn7wK7XrNu6pd3terjXoRRwlO4QwuwINraMAdNKEFDCJ4hld4c5Tz4rw7H4vWNaeYOYE/cj5/ACrTkJs=</latexit>

iteration
<latexit sha1_base64="PGif8kdVejJtGk1Xt0Gc1qNBCgE=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mKX8eCF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlptcvV9yqOwdZJV5OKpCj0S9/9QYxSyOUhgmqdddzE+NnVBnOBE5LvVRjQtmYDrFrqaQRaj+bHzolZ1YZkDBWtqQhc/X3REYjrSdRYDsjakZ62ZuJ/3nd1IQ3fsZlkhqUbLEoTAUxMZl9TQZcITNiYgllittbCRtRRZmx2ZRsCN7yy6ukXat6V9XL5kWlXsvjKMIJnMI5eHANdbiDBrSAAcIzvMKb8+i8OO/Ox6K14OQzx/AHzucPeQ2Mrw==</latexit>

1
<latexit sha1_base64="ai9NhQnYBQ4lLQjd+3CqsuEQyCs=">AAAB6XicbVBNS8NAEJ34WetX1aOXxSJ4Kkmx6rHgxWMV+wFtKJvtpl262YTdiVBC/4EXD4p49R9589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR23TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfj25nffuLaiFg94iThfkSHSoSCUbTSg1frl8puxZ2DrBIvJ2XI0eiXvnqDmKURV8gkNabruQn6GdUomOTTYi81PKFsTIe8a6miETd+Nr90Ss6tMiBhrG0pJHP190RGI2MmUWA7I4ojs+zNxP+8borhjZ8JlaTIFVssClNJMCazt8lAaM5QTiyhTAt7K2EjqilDG07RhuAtv7xKWtWKd1Wp3V+W69U8jgKcwhlcgAfXUIc7aEATGITwDK/w5oydF+fd+Vi0rjn5zAn8gfP5A+52jO4=</latexit>

15

<latexit sha1_base64="Tl2b5t1jF3pUzTQ05Chm4wURcm8=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKewGjB4DXjxJfOQByRJmJ7PJkJnZZWZWCEt+wYsHRbz6Q978G2eTPWhiQUNR1U13VxBzpo3rfjuFtfWNza3idmlnd2//oHx41NZRoghtkYhHqhtgTTmTtGWY4bQbK4pFwGknmFxnfueJKs0i+WimMfUFHkkWMoJNJjUfbu8H5YpbdedAq8TLSQVyNAflr/4wIomg0hCOte55bmz8FCvDCKezUj/RNMZkgke0Z6nEgmo/nd86Q2dWGaIwUrakQXP190SKhdZTEdhOgc1YL3uZ+J/XS0x45adMxomhkiwWhQlHJkLZ42jIFCWGTy3BRDF7KyJjrDAxNp6SDcFbfnmVtGtVr169uKtVGrU8jiKcwCmcgweX0IAbaEILCIzhGV7hzRHOi/PufCxaC04+cwx/4Hz+AIhpjd0=</latexit> P
S
N

R

<latexit sha1_base64="LmqYK1lo4w3yJ5g98tx0ZT/FCx8=">AAAB+nicdVDLSgMxFM34rPU11aWbYBFc6JAZbLW7ghuXFewD2qFk0owNzWSGJKOUsf6JGxeKuPVL3Pk3ZtoKKnpI4HDOvTc3J0g4UxqhD2thcWl5ZbWwVlzf2Nzatks7LRWnktAmiXksOwFWlDNBm5ppTjuJpDgKOG0Ho/Pcb99QqVgsrvQ4oX6ErwULGcHaSH27dNw7ys+9W4XMeFT17TJyal4NIQSRU62dzIjrVXLiOmiKMpij0bffe4OYpBEVmnCsVNdFifYzLDUjnE6KvVTRBJORGd41VOCIKj+brj6BB0YZwDCW5goNp+r3jgxHSo2jwFRGWA/Vby8X//K6qQ7P/IyJJNVUkNlDYcqhjmGeAxwwSYnmY0MwkczsCskQS0y0SatoQvj6KfyftDzHrTqVS69c9+ZxFMAe2AeHwAWnoA4uQAM0AQG34AE8gWfrznq0XqzXWemCNe/ZBT9gvX0CDRGSjg==</latexit>

- - - 16 images

<latexit sha1_base64="k+kNwFMENo8weRqc/xqjkUS96ao=">AAAB+nicbVC7TsMwFHXKq5RXCiOLRYXEAFESoJStEgtjkehDaqPKcR1q1XEi2wFVofwJCwMIsfIlbPwNThshKBzZ0tE5915fHz9mVCrb/jQKC4tLyyvF1dLa+sbmllnebskoEZg0ccQi0fGRJIxy0lRUMdKJBUGhz0jbH11kfvuWCEkjfq3GMfFCdMNpQDFSWuqb5aPeYXYeqieQao/IvlmxLXsKaFs12z13j+G34uSkAnI0+uZHbxDhJCRcYYak7Dp2rLwUCUUxI5NSL5EkRnikh3c15Sgk0kunq0/gvlYGMIiEvlzBqfqzI0WhlOPQ15UhUkM572Xif143UUHNSymPE0U4nj0UJAyqCGY5wAEVBCs21gRhQfWuEA+RQFjptEo6BGf+y39Jy7WcqnV65Vbqbh5HEeyCPXAAHHAG6uASNEATYHAHHsEzeDHujSfj1XiblRaMvGcH/ILx/gXvtJJ6</latexit>

- - - 64 images

<latexit sha1_base64="vxhx9+LALg/QsPFbd0NJ7NK0qDY=">AAAB+XicbVDLSgMxFL2pr1pfoy7dBIvgQstM8bUsuHFZwT6gHUomzdjQTGZIMoUy1C9x40IRt/6JO//GTFtEq4cEDufce3NzgkRwbVz3ExWWlldW14rrpY3Nre0dZ3evqeNUUdagsYhVOyCaCS5Zw3AjWDtRjESBYK1geJ37rRFTmsfyzowT5kfkXvKQU2Ks1HOc0+5Jfh7OMLcW0z2n7FbcKfA38RZJGeao95yPbj+macSkoYJo3fHcxPgZUYZTwSalbqpZQujQDu9YKknEtJ9NN5/gI6v0cRgre6XBU/VnR0YircdRYCsjYgZ60cvF/7xOasIrP+MySQ2TdPZQmApsYpzHgPtcMWrE2BJCFbe7YjogilBjwyrZEP58+S9pViveReX8tlquVedxFOEADuEYPLiEGtxAHRpAYQSP8AwvKENP6BW9zUoLaN6zD7+A3r8AU6KSIw==</latexit>

- - - 4 images

<latexit sha1_base64="rZDeF9lNeVGezqar2Wcc8Mfa9oU=">AAAB9XicbVDJSgNBEK1xjXGLevTSGAQvhpmAyzEgiBchglkgGUNPpyZp0rPQ3aOEIf/hxYMiXv0Xb/6NPckcNPFBweO9KqrqebHgStv2t7W0vLK6tl7YKG5ube/slvb2mypKJMMGi0Qk2x5VKHiIDc21wHYskQaewJY3usr81iNKxaPwXo9jdAM6CLnPGdVGejjNQG5RX1OGqlcq2xV7CrJInJyUIUe9V/rq9iOWBBhqJqhSHceOtZtSqTkTOCl2E4UxZSM6wI6hIQ1Quen06gk5Nkqf+JE0FWoyVX9PpDRQahx4pjOgeqjmvUz8z+sk2r90Ux7GicaQzRb5iSA6IlkEpM8lMi3GhlAmubmVsCGVlGkTVNGE4My/vEia1YpzXjm7q5Zr1TyOAhzCEZyAAxdQgxuoQwMYSHiGV3iznqwX6936mLUuWfnMAfyB9fkDQUORBw==</latexit>

—– MetFaces

<latexit sha1_base64="MGABPY+MQHgmILZfE0OnQBH2CqI=">AAAB9XicdVDLSgNBEOz1GeMr6tHLYBC8GHYDPo7ReMgxgnlAsobZSW8yZHZ2mZlVQsh/ePGgiFf/xZt/424SIb4KGoqqbrooLxJcG9v+sBYWl5ZXVjNr2fWNza3t3M5uXYexYlhjoQhV06MaBZdYM9wIbEYKaeAJbHiDcuo37lBpHsobM4zQDWhPcp8zahLp9jgFuVRYppWLq04u7xTsCYj9i3xZeZih2sm9t7shiwOUhgmqdcuxI+OOqDKcCRxn27HGiLIB7WEroZIGqN3RJPWYHCZKl/ihSkYaMlHnL0Y00HoYeMlmQE1f//RS8S+vFRv/3B1xGcUGJZs+8mNBTEjSCkiXK2RGDBNCmeJJVsL6VFFmkqKy8yX8T+rFgnNaOLku5kvFWR0Z2IcDOAIHzqAEFahCDRgoeIAneLburUfrxXqdri5Ys5s9+Abr7RODDJCK</latexit>

—– BreCaHAD
<latexit sha1_base64="Yj5IL7VvzU35ab+X3YnU5/7TImE=">AAAB6XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lK/TgWvHisYmuhDWWznbRLN5uwuxFK6D/w4kERr/4jb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BiMb2b+4xMqzWP5YCYJ+hEdSh5yRo2V7mv1frniVt05yCrxclKBHM1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzSKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G0y4AqZERNLKFPc3krYiCrKjA2nZEPwll9eJe1a1busXtzVK41aHkcRTuAUzsGDK2jALTShBQxCeIZXeHPGzovz7nwsWgtOPnMMf+B8/gDud4zu</latexit>

24

<latexit sha1_base64="opUag0sq3sfwr9cmRmAG+qq49Y0=">AAAB6XicbVDLSgNBEOz1GeMr6tHLYBA8hd34PAa8eIxiHpAsYXbSmwyZnV1mZoWw5A+8eFDEq3/kzb9xkuxBEwsaiqpuuruCRHBtXPfbWVldW9/YLGwVt3d29/ZLB4dNHaeKYYPFIlbtgGoUXGLDcCOwnSikUSCwFYxup37rCZXmsXw04wT9iA4kDzmjxkoP59VeqexW3BnIMvFyUoYc9V7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NIJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa88TMuk9SgZPNFYSqIicn0bdLnCpkRY0soU9zeStiQKsqMDadoQ/AWX14mzWrFu6pc3l+Ua9U8jgIcwwmcgQfXUIM7qEMDGITwDK/w5oycF+fd+Zi3rjj5zBH8gfP5A+z0jO0=</latexit>

32

<latexit sha1_base64="Tl2b5t1jF3pUzTQ05Chm4wURcm8=">AAAB63icbVDLSgNBEOyNrxhfUY9eBoPgKewGjB4DXjxJfOQByRJmJ7PJkJnZZWZWCEt+wYsHRbz6Q978G2eTPWhiQUNR1U13VxBzpo3rfjuFtfWNza3idmlnd2//oHx41NZRoghtkYhHqhtgTTmTtGWY4bQbK4pFwGknmFxnfueJKs0i+WimMfUFHkkWMoJNJjUfbu8H5YpbdedAq8TLSQVyNAflr/4wIomg0hCOte55bmz8FCvDCKezUj/RNMZkgke0Z6nEgmo/nd86Q2dWGaIwUrakQXP190SKhdZTEdhOgc1YL3uZ+J/XS0x45adMxomhkiwWhQlHJkLZ42jIFCWGTy3BRDF7KyJjrDAxNp6SDcFbfnmVtGtVr169uKtVGrU8jiKcwCmcgweX0IAbaEILCIzhGV7hzRHOi/PufCxaC04+cwx/4Hz+AIhpjd0=</latexit> P
S
N

R

<latexit sha1_base64="J006jswVNpdIzGMBVWzg+nIxNpc=">AAAB8HicbZDLSsNAFIZPvNZ6q7p0M1gEVyUpeFkW3LisYC/ShjKZnrRDJ5MwMxFK6FO4caGIWx/HnW/jNM1CW38Y+PjPOcw5f5AIro3rfjtr6xubW9ulnfLu3v7BYeXouK3jVDFssVjEqhtQjYJLbBluBHYThTQKBHaCye283nlCpXksH8w0QT+iI8lDzqix1iM3qHIaVKpuzc1FVsEroAqFmoPKV38YszRCaZigWvc8NzF+RpXhTOCs3E81JpRN6Ah7FiWNUPtZvvCMnFtnSMJY2ScNyd3fExmNtJ5Gge2MqBnr5drc/K/WS01442dcJqlByRYfhakgJibz68mQK2RGTC1QprjdlbAxVZTZHHTZhuAtn7wK7XrNu6pd3terjXoRRwlO4QwuwINraMAdNKEFDCJ4hld4c5Tz4rw7H4vWNaeYOYE/cj5/ACrTkJs=</latexit>

iteration
<latexit sha1_base64="wIqj1ml7P0t0DXQwDlhKr+RnfbY=">AAAB+nicbVDLSsNAFJ34rPWV6tLNYBHqpiQFH8uiG1dSH31AG8pkMmmHTmbCzEQpsZ/ixoUibv0Sd/6NkzYLbT1w4XDOvdx7jx8zqrTjfFtLyyura+uFjeLm1vbOrl3aaymRSEyaWDAhOz5ShFFOmppqRjqxJCjyGWn7o8vMbz8Qqajg93ocEy9CA05DipE2Ut8uNe6ub2ElIFxQRfnguNi3y07VmQIuEjcnZZCj0be/eoHASUS4xgwp1XWdWHspkppiRibFXqJIjPAIDUjXUI4iorx0evoEHhklgKGQpriGU/X3RIoipcaRbzojpIdq3svE/7xuosNzL6U8TjTheLYoTBjUAmY5wIBKgjUbG4KwpOZWiIdIIqxNWlkI7vzLi6RVq7qn1ZObWrl+kcdRAAfgEFSAC85AHVyBBmgCDB7BM3gFb9aT9WK9Wx+z1iUrn9kHf2B9/gB5xJLb</latexit>

PSNR (denoising)

<latexit sha1_base64="1FHJ2G360+Y4yhfjRSOQ+Mja2ME=">AAAB8nicbVDLSsNAFL2pr1pfVZduBotQNyUp+FgW3biS+OgD0lAm02k7dDITZiZCCf0MNy4UcevXuPNvTNostPXAhcM593LvPUHEmTa2/W0VVlbX1jeKm6Wt7Z3dvfL+QUvLWBHaJJJL1QmwppwJ2jTMcNqJFMVhwGk7GF9nfvuJKs2keDSTiPohHgo2YASbVPLch9t7VHWFe1rqlSt2zZ4BLRMnJxXI4fbKX92+JHFIhSEca+05dmT8BCvDCKfTUjfWNMJkjIfUS6nAIdV+Mjt5ik5SpY8GUqUlDJqpvycSHGo9CYO0M8RmpBe9TPzP82IzuPQTJqLYUEHmiwYxR0ai7H/UZ4oSwycpwUSx9FZERlhhYtKUshCcxZeXSatec85rZ3f1SuMqj6MIR3AMVXDgAhpwAy40gYCEZ3iFN8tYL9a79TFvLVj5zCH8gfX5A/FKj7w=</latexit>

P
S
N

R
(P

n
P

)

<latexit sha1_base64="7sNkh/cDRhCczd5nyNddKWUXmu0=">AAACBnicbVDLSgNBEJz1bXxFPYowGARPYTdizNEX4kWIYFSIIfROOnHI7Owy0yuE4MmLv+LFgyJe/QZv/o2zMeCzYKCo6qanKkyUtOT7797I6Nj4xOTUdG5mdm5+Ib+4dGbj1AisiVjF5iIEi0pqrJEkhReJQYhChedhdz/zz6/RWBnrU+ol2Iigo2VbCiAnNfOruy1ISOoO3zO4D0e7B5xifox0CAJtM1/wi75frvibPCMZvkgwJAU2RLWZf7tsxSKNUJNQYG098BNq9MGQFApvcpepxQREFzpYd1RDhLbRH8S44etOafF2bNzTxAfq940+RNb2otBNRkBX9reXif959ZTalUZf6iQl1OLzUDtVWdKsE96SBgWpniMgjHR/5eIKDAhyzeVcCcHvyH/JWakYlItbJ6XCTmlYxxRbYWtsgwVsm+2wI1ZlNSbYLbtnj+zJu/MevGfv5XN0xBvuLLMf8F4/AH1El9M=</latexit>

Adapting BreCaHAD to MetFaces
<latexit sha1_base64="dx4sGEK+/OrSjbk1ybpu+H7GxFA=">AAACAXicbVDLTgIxFO34RHyhbkzcNBITV2QGI7KEsHGJRB4JTEinXKCh05m0HQMhuPFX3LjQGLf+hTv/xg5MoqInaXJyzr25PccLOVPatj+tldW19Y3N1FZ6e2d3bz9zcNhQQSQp1GnAA9nyiALOBNQ10xxaoQTiexya3qgS+807kIoF4lZPQnB9MhCszyjRRupmjss9EmomBrgCHLwy1gGujWtjp5vJ2jnbLhTtCxyTGN/ESUgWJah2Mx+dXkAjH4SmnCjVduxQu1MiNaMcZulOpCAkdEQG0DZUEB+UO50nmOEzo/RwP5DmCY3n6s+NKfGVmviemfSJHqplLxb/89qR7hfdKRNhpEHQxaF+xOOYcR24xyRQzSeGECqZ+SumQyIJ1aa0tCnBWY78lzTyOaeQu7zJZ0v5pI4UOkGn6Bw56AqV0DWqojqi6B49omf0Yj1YT9ar9bYYXbGSnSP0C9b7FwkGlfA=</latexit>

Adapting CelebA to RxRx1

Figure 4: Illustration of prior mismatch and adaption in PnP-ADMM, where a denoiser trained on one dataset
(BreCaHAD (Aksac et al., 2019) or CelebA (Liu et al., 2015)) is used to recover an image from another
dataset (MetFaces (Karras et al., 2020) or RxRx1 (Sypetkowski et al., 2023)). We plot the convergence of
PnP-ADMM in terms of PSNR (first and third figures) and the influence of adapted denoisers on the performance
of PnP-ADMM (second and fourth figures). Note how adaptation with even few samples is enough to nearly
close the performance gap in PnP-ADMM.

on the CelebA dataset (Liu et al., 2015), which consists of facial images similar to MetFaces, is the
best-performing mismatched denoiser. Table 1 provides a quantitative evaluation of the PnP-ADMM
performance with the target denoiser consistently outperforming all the other denoisers. Notably, the
mismatched denoiser trained on the BreCaHAD dataset (Aksac et al., 2019), containing cell images
that are most dissimilar to MetFaces, exhibits the worst performance.

4.2 DOMAIN ADAPTION

In domain adaptation, the pre-trained mismatched denoisers are updated using a limited number of
data from the target distribution. We investigate two adaptation scenarios: in the first, we adapt the
denoiser initially pre-trained on the BreCaHAD dataset to the MetFaces dataset, and in the second,
we use the denoiser initially pre-trained on CelebA for adaptation to the RxRx1 dataset.

Figure 4 illustrates the influence of domain adaptation on denoising and PnP-ADMM. The reported
results are tested on RxRx1 and MetFaces datasets for the super-resolution task. The kernel used is
shown on the top left corner of the ground truth image in Figure 3 and the images are downsampled
at the scale of s = 4. Note how the denoising performance improves as we increase the number of
images used for domain adaptation. This indicates that domain adaptation reduces the distance of
mismatched and target denoisers. Additionally, note the direct correlation between the denoising
capabilities of priors and the performance of PnP-ADMM. Figure 4 shows that the performance of
PnP-ADMM with mismatched denoisers can be significantly improved by adapting the mismatched
denoiser to the target distribution, even with just four images from the target distribution.

Figure 5 presents visual examples illustrating domain adaptation in PnP-ADMM for image super-
resolution. The recovery performance is shown for two test images from MetFaces using adapted
denoisers against both target and mismatched denoisers. The experiment was conducted under the
same settings as those in Figure 3. Note the effectiveness of domain adaptation in mitigating the
impact of distribution shifts on PnP-ADMM. Table 2 provides quantitative results of several adapted
priors on the test data. The results presented in Table 2 show the substantial impact of domain
adaptation, using a limited number of data, in significantly narrowing the performance gap that
emerges as a consequence of distribution shifts.

5 CONCLUSION

The work presented in this paper investigates the influence of using mismatched denoisers in PnP-
ADMM, presents the corresponding theoretical analysis in terms of convergence, investigates the
effect of mismatch on image super-resolution, and shows the ability of domain adaptation to reduce
the effect of distribution mismatch. The theoretical results in this paper extend the recent PnP
work by accommodating mismatched priors while eliminating the need for convex data-fidelity and
nonexpansive denoiser assumptions. The empirical validation of PnP-ADMM involving mismatched
priors and the domain adaptation strategy highlights the direct relationship between the gap in priors
and the subsequent performance gap in the PnP-ADMM recovery, effectively reflecting the influence
of distribution shifts on image priors.
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BreCaHAD 4 images 16 images 64 images MetFaces

32.56/0.8504 32.68/0.8524 32.83/0.8553

29.41/0.8763 29.67/0.8802 30.61/0.892327.31/0.7549 31.27/0.9025

30.90/0.8064 33.16/0.8597

Figure 5: Visual comparison on super-resolution with target (MetFaces), mismatched (BreCaHAD), and adapted
priors on two MetFaces test images. The images are downsampled by the scale of s = 4. The performance
is reported in terms of PSNR (dB) and SSIM. Note how the recovery performance increases by adaptation of
mismatched priors to a larger set of images from the target distribution.

Table 2: PSNR (dB) and SSIM comparison of super-resolution with mismatched, target, and adapted denoisers
for the test set from MetFaces, averaged for indicated kernels. We highlighted the target, mismatched, and the
best adapted priors.

Kernels Prior s = 2 s = 4 Avg

PSNR SSIM PSNR SSIM PSNR SSIM

BreCaHAD 31.96 0.8108 28.41 0.6937 30.18 0.7522
4 imgs 32.51 0.8510 30.57 0.7934 31.54 0.8222
16 imgs 33.10 0.8611 30.65 0.7961 31.89 0.8293
32 imgs 33.30 0.8649 30.81 0.8001 32.05 0.8325
64 imgs 33.59 0.8698 30.84 0.7994 32.21 0.8346
MetFaces 34.07 0.8755 31.15 0.8053 32.61 0.8404

BreCaHAD 30.25 0.7489 28.99 0.7083 29.62 0.7286
4 imgs 31.59 0.8215 30.86 0.7957 31.22 0.8086
16 imgs 32.19 0.8334 31.05 0.8009 31.62 0.8171
32 imgs 32.34 0.8371 31.18 0.8044 31.76 0.8207
64 imgs 32.47 0.8397 31.26 0.8059 31.86 0.8228
MetFaces 32.85 0.8457 31.44 0.8089 32.14 0.8273

LIMITATIONS

The basis of our analysis in this study relies on the assumption that the denoiser used in the inference
accurately computes the MMSE denoiser for both target and mismatched distributions. While this
assumption aligns well with deep denoisers trained via the MSE loss, it does not directly extend
to denoisers trained using alternative loss functions, such as the l1-norm or SSIM. As is customary
in theoretical research, our analysis remains valid only under the fulfillment of these assumptions,
which could potentially restrict its practical applicability. In our future work, we aim to enhance the
results presented here by exploring new PnP strategies that can relax these convergence assumptions.

9
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Supplementary Material

A PROOF OF THEOREM 1

Theorem. Run PnP-ADMM using a mismatched MMSE denoiser for t ≥ 1 iterations under
Assumptions 1-6 with the penalty parameter 0 < γ ≤ 1/(4L). Then, we have

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
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∥∥∇f (xk
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2
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t
+A2εt

where A1 > 0 and A2 > 0 are iteration independent constants and εt := (1/t) (ε1 + · · ·+ εt) is
the error term that is an average of the quantities εk := max{δk, δ2k}. In addition, if the sequence
{δi}i≥1 is summable, ∥∇f(xt)∥2 → 0 as t→∞.

Proof. Note that from Lemma 1, we have∥∥zk − zk−1
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From the optimality conditions of the target MMSE denoiser Dσ—where Dσ = proxγh (see Sec-
tion E.1)— and the proximal operator, for zk ∈ Im(Dσ), we have
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From this equation, for the objective function defined in (1), we can write∥∥∇f (xk
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1

γ

∥∥zk−1 − zk
∥∥
2

≤ L
∥∥xk − zk

∥∥
2
+ L

∥∥zk − zk
∥∥
2
+

1

γ

∥∥zk−1 − zk
∥∥
2
+

1

γ

∥∥zk − zk
∥∥
2

≤
(
1

γ
+ γL2

)∥∥zk − zk−1
∥∥
2
+

(
1

γ
+ L

)
δk,

where we used triangle inequality in the first and second inequality. We also used∥∥xk − zk
∥∥
2
≤
∥∥sk − sk−1

∥∥
2
= γ

∥∥∇h(zk)−∇h(zk−1)
∥∥
2
≤ γL

∥∥zk − zk−1
∥∥
2

and Assumption 5 in the last inequality. By squaring both sides and using (a+ b)2 ≤ 2a2 + 2b2, we
get ∥∥∇f (xk

)∥∥2
2
≤ 2

(
1

γ
+ γL2

)2 ∥∥zk − zk−1
∥∥2
2
+ 2

(
1

γ
+ L

)2

δ2k.

By using the result from equation (8), we obtain∥∥∇f (xk
)∥∥2

2
≤

4
(
1 + γ2L2

)2
γ (1− 2γL− 2γ2L2)

(
ϕ
(
xk−1, zk−1, sk−1

)
− ϕ

(
xk, zk, sk

))
+

(
3
(
1 + γ2L2

)2
2γ2 (1− 2γL− 2γ2L2)

+
2 (1 + γL)

2

γ2

)
δ2k +

4R
(
1 + γ2L2

)2
γ2 (1− 2γL− 2γ2L2)

δk. (9)
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By averaging both sides of the bound over t ≥ 1 and using the definition of error in εk :=
max{δk, δ2k}, we get

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
k=1

∥∥∇f (xk
)∥∥2

2

≤
4
(
1 + γ2L2

)2 (
ϕ
(
x0, z0, s0

)
− ϕ (xt, zt, st)

)
γ (1− 2γL− 2γ2L2)

1

t
+A2εt

≤
4
(
1 + γ2L2

)2 (
ϕ
(
x0, z0, s0

)
− ϕ∗

)
γ (1− 2γL− 2γ2L2)

1

t
+A2εt

≤ A1

t
+A2εt, (10)

where εt := (1/t) (ε1 + · · ·+ εt),

A1 := 4
(
1 + γ2L2

)2
(ϕ(x0, z0, s0)− ϕ∗)/

(
γ
(
1− 2γL− 2γ2L2

))
,

A2 :=
(
(3 + 16R)

(
1 + γ2L2

)
/
(
2γ2

(
1− 2γL− 2γ2L2

))
+ 2 (1/γ + L)

2
)
,

and we used the fact that ϕ∗ ≤ ϕ (xt, zt, st) from Lemma 2. Note that we used the following
inequality to get the result in equation (10)(

3
(
1 + γ2L2

)2
2γ2 (1− 2γL− 2γ2L2)

+ 2

(
1

γ
+ L

)2
)
δ2k +

4R
(
1 + γ2L2

)2
γ2 (1− 2γL− 2γ2L2)

δk

≤ max{δk, δ2k}

(
3
(
1 + γ2L2

)2
2γ2 (1− 2γL− 2γ2L2)

+ 2

(
1

γ
+ L

)2

+
4R
(
1 + γ2L2

)2
γ2 (1− 2γL− 2γ2L2)

)

=

(
(3 + 8R)

(
1 + γ2L2

)2
2γ2 (1− 2γL− 2γ2L2)

+ 2

(
1

γ
+ L

)2
)
εk.

Note that if the sequence of distances of denoisers {δi}i≥1 is summable, then {εi = max{δi, δ2i }}i≥1

is also be summable. Consequently, ∥∇f(xt)∥2 → 0 as t→∞.

Remark 1. Note that by using (8) when the sequence {δi}i≥1 is summable, we have

1

t

t∑
k=1

∥∥zk − zk−1
∥∥2
2
≤ 0 as t→∞, (11)

which ensures that ∥zk − zk−1∥2 → 0 as k →∞. Since∥∥sk − sk−1
∥∥
2
≤ γL

∥∥zk − zk−1
∥∥
2

and
∥∥sk − sk−1

∥∥
2
=
∥∥xk − zk

∥∥
2
, (12)

we conclude that ∥xk − xk−1∥2 → 0 and ∥sk − sk−1∥2 → 0 as k →∞.

B USEFUL RESULTS FOR THEOREM 1

Lemma 1. Assume that Assumptions 1-6 hold and let the sequence {xk, zk, sk} be generated via
iterations of PnP-ADMM with mismatched MMSE denoiser using the penalty parameter 0 < γ ≤
1/(4L). Then for the augmented Lagrangian defined in (2), we have that

ϕ
(
xk, zk, sk

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
−
(
1− 2γL− 2γ2L2

2γ

)∥∥zk − zk−1
∥∥2
2
+

3

8γ
δ2k +

R

γ
δk.

where R is defined in Assumption 6.
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Proof. From the smoothness of ĥ for any zk ∈ Im(Dσ) in Assumption 4, the optimality condition
for the mismatched MMSE denoiser, and the Lagrange multiplier update rule in the form of sk =
sk−1 + xk − zk, we have

∇ĥ
(
zk
)
=

1

γ

(
sk−1 + xk − zk

)
=

1

γ
sk

and ∥∥sk − sk−1
∥∥
2
=
∥∥∥γ∇ĥ (zk

)
− γ∇ĥ

(
zk−1

)∥∥∥
2
≤ γL

∥∥zk − zk−1
∥∥
2
, (13)

where we used L−Lipschitz continuity of∇ĥ from Assumption (4) in the last inequality. From this
equation and the Lagrange multiplier update rule, we have

ϕ
(
xk, zk, sk

)
− ϕ

(
xk, zk, sk−1

)
=

1

γ

(
sk − sk−1

)T (
xk − zk

)
=

1

γ

∥∥sk − sk−1
∥∥2
2

≤ γL2
∥∥zk − zk−1

∥∥2
2
. (14)

From the fact that h (regularizer associated with target MMSE denoiser Dσ) has a L−Lipschitz
continuous gradient over the set Im(Dσ) (Assumption 4), we have

h
(
zk
)
− h

(
zk−1

)
≤ ∇h

(
zk
)T (

zk − zk−1
)
+
L

2

∥∥zk − zk−1
∥∥2
2
, (15)

where zk = Dσ(x
k + sk−1). From the smoothness of h for any zk ∈ Im(Dσ), the optimality

condition for mismatched MMSE denoiser (zk = Dσ(x
k + sk−1) = proxγh(x

k + sk−1), see
derivation in Section E.1), and the Lagrange multiplier update rule sk = sk−1 + xk − zk, we have

∇h
(
zk
)
+

1

γ

(
zk − xk − sk−1

)
= 0,

which implies that

∇h
(
zk
)
=

1

γ

(
xk + sk−1 − zk

)
=

1

γ
sk +

1

γ

(
zk − zk

)
. (16)

By combining equations (15) and (16), we obtain

h
(
zk
)
− h

(
zk−1

)
≤ 1

γ

(
sk
)T (

zk − zk−1
)
+

1

γ

(
zk − zk

)T (
zk − zk−1

)
+
L

2

∥∥zk − zk−1
∥∥2
2
.

(17)
For the target MMSE denoiser Dσ , we know that zk ∈ Im(Dσ) minimizes

ψγh (z) :=
1

2γ

∥∥z − (xk + sk−1
)∥∥2

2
+ h (z) . (18)

From Assumption 4, we know that∇h is L−Lipschitz continuous over Im(Dσ), which implies

∥∇ψγh (u)−∇ψγh (v)∥2 ≤
(
1

γ
+ L

)
∥u− v∥2 ∀u,v ∈ Im(Dσ).

From the smoothness of ψγh and the fact that zk minimizes it, we have

ψγh

(
zk
)
≤ ψγh

(
zk
)
+∇ψγh

(
zk
)T (

zk − zk
)
+

(
1

2γ
+
L

2

)∥∥zk − zk
∥∥2
2

= ψγh

(
zk
)
+

(
1

2γ
+
L

2

)∥∥zk − zk
∥∥2
2
.

By using the definition of function ψγh in (18), the Lagrange multiplier update rule sk = sk−1 +
xk − zk and rearranging the terms, we obtain

h
(
zk
)
− h

(
zk
)
≤ 1

2γ

∥∥zk −
(
xk + sk−1

)∥∥2
2
− 1

2γ

∥∥zk −
(
xk + sk−1

)∥∥2
2
+

(
1

2γ
+
L

2

)∥∥zk − zk
∥∥2
2

=
1

2γ

(
zk + zk − 2

(
xk + sk−1

))T (
zk − zk

)
+

(
1

2γ
+
L

2

)∥∥zk − zk
∥∥2
2

=
1

γ

(
sk
)T (

zk − zk
)
+

1

2γ

∥∥zk − zk
∥∥2
2
+

(
1

2γ
+
L

2

)∥∥zk − zk
∥∥2
2

=
1

γ

(
sk
)T (

zk − zk
)
+

(
1

γ
+
L

2

)∥∥zk − zk
∥∥2
2
. (19)
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Now for the augmented Lagrangian, we have

ϕ
(
xk, zk, sk−1

)
− ϕ

(
xk, zk−1, sk−1

)
= h

(
zk
)
− h

(
zk−1

)
+

1

γ

(
sk−1

)T (
zk−1 − zk

)
+

1

2γ

(
2xk − zk − zk−1

)T (
zk−1 − zk

)
= h

(
zk
)
− h

(
zk−1

)
+

1

γ

(
sk−1

)T (
zk−1 − zk

)
+

1

γ

(
sk − sk−1

)T (
zk−1 − zk

)
− 1

2γ

∥∥zk − zk−1
∥∥2
2

= h
(
zk
)
− h

(
zk
)
+ h

(
zk
)
− h

(
zk−1

)
+

1

γ

(
sk
)T (

zk−1 − zk
)
− 1

2γ

∥∥zk − zk−1
∥∥2
2
, (20)

where we used the Lagrange multiplier update rule in the second equality. By plugging (17) and (19)
into (20) and rearranging the terms, we obtain

ϕ
(
xk, zk, sk−1

)
− ϕ

(
xk, zk−1, sk−1

)
≤ 1

γ

(
zk − zk

)T (
zk − zk−1

)
+
L

2

∥∥zk − zk−1
∥∥2
2

− 1

2γ

∥∥zk − zk−1
∥∥2
2
+

(
1

γ
+
L

2

)∥∥zk − zk
∥∥2
2

=
1

γ

(
zk − zk

)T (
zk − zk + zk − zk−1

)
+
L

2

∥∥zk − zk + zk − zk−1
∥∥2
2

− 1

2γ

∥∥zk − zk−1
∥∥2
2
+

(
1

γ
+
L

2

)∥∥zk − zk
∥∥2
2
. (21)

By using ∥a+ b∥2 ≤ 2∥a∥2 + 2∥b∥2, we can write

ϕ
(
xk, zk, sk−1

)
− ϕ

(
xk, zk−1, sk−1

)
≤ 1

γ

(
zk − zk

)T (
zk − zk

)
+

1

γ

(
zk − zk

)T (
zk − zk−1

)
+ L

∥∥zk − zk
∥∥2
2
+ L

∥∥zk − zk−1
∥∥2
2
− 1

2γ

∥∥zk − zk−1
∥∥2
2
+

(
1

γ
+
L

2

)∥∥zk − zk
∥∥2
2

≤ − 1

γ

∥∥zk − zk
∥∥2
2
+

1

γ

(
zk − zk

)T (
zk − zk−1

)
−
(
1− 2γL

2γ

)∥∥zk − zk−1
∥∥2
2

+
1

2γ

∥∥zk − zk
∥∥2
2
+

11

8γ

∥∥zk − zk
∥∥2
2

=
1

γ

(
zk − zk

)T (
zk − zk−1

)
−
(
1− 2γL

2γ

)∥∥zk − zk−1
∥∥2
2
+

3

8γ

∥∥zk − zk
∥∥2
2
, (22)

where we used the fact that 0 < γ ≤ 1/(4L) in the second inequality. From Assumption 6, we have∥∥zk − zk−1
∥∥
2
≤ R. (23)

Using this equation, Assumption 6, and the bound on denoiser distance in Assumption 5, we obtain

ϕ
(
xk, zk, sk−1

)
≤ ϕ

(
xk, zk−1, sk−1

)
+

1

γ

(
zk − zk

)T (
zk − zk−1

)
−
(
1− 2γL

2γ

)∥∥zk − zk−1
∥∥2
2
+

3

8γ

∥∥zk − zk
∥∥2
2

≤ ϕ
(
xk, zk−1, sk−1

)
−
(
1− 2γL

2γ

)∥∥zk − zk−1
∥∥2
2

+
1

γ

∥∥zk − zk
∥∥
2

∥∥zk − zk−1
∥∥
2
+

3

8γ

∥∥zk − zk
∥∥2
2

≤ ϕ
(
xk, zk−1, sk−1

)
−
(
1− 2γL

2γ

)∥∥zk − zk−1
∥∥2
2
+

3

8γ
δ2k +

R

γ
δk. (24)
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Note that from xk = proxγg(z
k−1 − sk−1), we have

1

2γ

∥∥xk − zk−1 + sk−1
∥∥2
2
+ g

(
xk
)
= min

x∈Rn
{ 1

2γ

∥∥x− zk−1 + sk−1
∥∥2
2
+ g (x)}

≤ 1

2γ

∥∥xk−1 − zk−1 + sk−1
∥∥2
2
+ g

(
xk−1

)
,

which implies that
ϕ
(
xk, zk−1, sk−1

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
. (25)

By combining equations (14), (24) and (25), we obtain

ϕ
(
xk, zk, sk

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
−
(
1− 2γL− 2γ2L2

2γ

)∥∥zk − zk−1
∥∥2
2
+

3

8γ
δ2k +

R

γ
δk.

Lemma 2. Assume that Assumptions 1-6 hold and let the sequence {xk, zk, sk} be generated via
PnP-ADMM with mismatched MMSE denoiser using penalty parameter 0 < γ ≤ 1/(4L). Then, the
augment Lagrangian ϕ defined in (2) is bounded from below

inf
k≥0

ϕ
(
xk, zk, sk

)
≥ ϕ∗ > −∞.

Proof. From the smoothness of h (regularizer associated with the target denoiser Dσ) for any
zk ∈ Im(Dσ), the optimality condition for the target MMSE denoiser, and the Lagrange multiplier
update rule in the form of sk = sk−1 + xk − zk, we have

∇h
(
zk
)
=

1

γ

(
sk−1 + xk − zk

)
=

1

γ
sk +

1

γ

(
zk − zk

)
. (26)

From the Lipschitz continuity of∇h in Assumption 4 and the fact that γ ≤ 1/(4L) < 1/L, we have

h
(
xk
)
≤ h

(
zk
)
+∇h

(
zk
)T (

xk − zk
)
+
L

2

∥∥xk − zk
∥∥2
2

< h
(
zk
)
+∇h

(
zk
)T (

xk − zk
)
+

1

2γ

∥∥xk − zk
∥∥2
2
.

By using this inequality and equation (26), we can write

ϕ
(
xk, zk, sk

)
= g

(
xk
)
+ h

(
zk
)
+

1

γ

(
sk
)T (

xk − zk
)
+

1

2γ

∥∥xk − zk
∥∥2
2

= g
(
xk
)
+ h

(
zk
)
+∇h

(
zk
)T (

xk − zk
)
+

1

γ

(
zk − zk

)T (
xk − zk

)
+

1

2γ

∥∥xk − zk
∥∥2
2

= g
(
xk
)
+ h

(
zk
)
+∇h

(
zk
)T (

xk − zk
)
+

1

2γ

∥∥xk − zk
∥∥2
2

+
(
∇h
(
zk
)
−∇h

(
zk
))T (

xk − zk
)
+

1

γ

(
zk − zk

)T (
xk − zk

)
> g

(
xk
)
+ h

(
xk
)
−
∥∥∇h (zk

)
−∇h

(
zk
)∥∥

2

∥∥xk − zk
∥∥
2

− 1

γ

∥∥zk − zk
∥∥
2

∥∥xk − zk
∥∥
2
, (27)

where we added and subtracted the term ∇h(zk)T(xk − zk) in the third line and used Cauchy-
Schwarz inequality in the last line.

From the Lagrange multiplier update rule sk = sk−1 + xk − zk, equations (13) and (23), we obtain∥∥xk − zk
∥∥
2
=
∥∥sk − sk−1

∥∥
2
≤ γL

∥∥zk − zk−1
∥∥
2
≤ γLR. (28)
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By using the bound on the distance of target and mismatched denoisers in Assumption 5, Lipschitz
continuity of∇h in Assumption 4, equations (27) and (28), we get

ϕ
(
xk, zk, sk

)
> g

(
xk
)
+ h

(
xk
)
− (1 + γL)RLδk. (29)

From the fact that both functions g and h are bounded from below in Assumption 3 and the fact that
γ, δk, R, and L are finite constants, we conclude that the augmented Lagrangian is bounded from
below. For the special case of k = 0, we have ∥z0 − z0∥2 = 0, as both z0 and z0 are initialization
of the algorithm with target and mismatched denoisers and can be deliberately set to be identical.
Consequently, from equation (27) we have

ϕ
(
x0, z0, s0

)
> g

(
x0
)
+ h

(
x0
)
−
∥∥∇h (z0

)
−∇h

(
z0
)∥∥

2

∥∥x0 − z0
∥∥
2
− 1

γ

∥∥z0 − z0
∥∥
2

∥∥x0 − z0
∥∥
2

≥ g
(
x0
)
+ h

(
x0
)
− (L+

1

γ
)
∥∥z0 − z0

∥∥
2

∥∥x0 − z0
∥∥
2

= f(x0)

≥ f∗,

where we used Assumption 3. This equation and equation (29) imply the existence of ϕ∗ =
ϕ(x∗, z∗, s∗) > −∞ such that we have almost surely ϕ∗ ≤ ϕ(xk, zk, sk), for all k ≥ 0.

C PROOF OF THEOREM 2

Theorem. Run PnP-ADMM with the target MMSE denoiser for t ≥ 1 iterations under Assumptions 1-
4 with the penalty parameter 0 < γ ≤ 1/(4L). Then, we have

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
k=1

∥∥∇f(xk)
∥∥2
2
≤ C

t
,

where C > 0 is a constant independent of iteration.

Proof. Note that for PnP-ADMM with the MMSE denoiser, Lemma 3 states∥∥zk − zk−1
∥∥2
2
≤ 2γ

1− γL− 2γ2L2

(
ϕ
(
xk−1, zk−1, sk−1

)
− ϕ

(
xk, zk, sk

))
. (30)

By averaging over t ≥ 1 iterations and using the fact that the augmented Lagrangian is bounded from
below in Lemma 4, we obtain

1

t

t∑
k=1

∥∥zk − zk−1
∥∥ ≤ B

t

(
ϕ
(
x0, z0, s0

)
− ϕ

(
xt, zt, st

))
≤ B

t

(
ϕ
(
x0, z0, s0

)
− ϕ∗

)
, (31)

where B := 2γ(ϕ(x0, z0, s0)− ϕ∗)/(1− γL− 2γ2L2). Note that since ϕ∗ is the infimum defined
in Lemma 4 and 0 < γ ≤ 1/(4L), B is a positive constant. From the optimality conditions for the
MMSE denoiser Dσ and xk = proxγg(z

k−1 − sk−1), we have

∇g
(
xk
)
+

1

γ

(
xk + sk−1 − zk−1

)
= 0 and ∇h

(
zk
)
+

1

γ

(
zk − xk − sk−1

)
= 0. (32)

By using the L-Lipschitz continuity of ∇h and the Lagrange multiplier update rule in the form of
sk = sk−1 + zk − xk, we can write∥∥∇h (xk

)
−∇h

(
zk
)∥∥

2
≤ L

∥∥xk − zk
∥∥
2
= L

∥∥sk − sk−1
∥∥
2

= γL
∥∥∇h (zk

)
−∇h

(
zk−1

)∥∥
2

≤ γL2
∥∥zk − zk−1

∥∥
2
.
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By using this equation and equation (32), we have for the objective function in (1)∥∥∇f (xk
)∥∥

2
=
∥∥∇g (xk

)
+∇h

(
xk
)∥∥

2

=

∥∥∥∥∇g (xk
)
+

1

γ

(
xk + sk−1 − zk−1

)
+∇h

(
xk
)
+

1

γ

(
zk−1 − sk−1 − xk

)∥∥∥∥
2

= ∥∇h
(
zk
)
+

1

γ

(
zk − xk − sk−1

)
+∇h

(
xk
)
−∇h

(
zk
)
+

1

γ

(
zk−1 − zk

)
∥2

≤
∥∥∇h (xk

)
−∇h

(
zk
)∥∥

2
+

1

γ

∥∥zk − zk−1
∥∥
2

≤
(
1

γ
+ γL2

)∥∥zk − zk−1
∥∥
2

where we used triangle inequality in the first inequality. By squaring both sides, averaging over t ≥ 1
iterations, and usi equation (31), we get the desired result

min
1≤k≤t

∥∥∇f (xk
)∥∥2

2
≤ 1

t

t∑
k=1

∥∥∇f (xk
)∥∥2

2
≤ C

t

where C := B(1 + γ2L2)/γ2 is a positive constant.

D USEFUL RESULTS FOR THEOREM 2

Lemma 3. Assume that Assumptions 1-4 hold and let the sequence {xk, zk, sk} be generated via
iterations of PnP-ADMM with the MMSE denoiser using the penalty parameter 0 < γ < 1/(4L).
Then for the augmented Lagrangian defined in 2, we have that

ϕ
(
xk, zk, sk

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
−
(
1− γL− 2γ2L2

2γ

)∥∥zk − zk−1
∥∥2
2
.

Proof. From the smoothness of h for any zk ∈ Im(Dσ), the optimality condition for the MMSE
denoiser, and the Lagrange multiplier update rule in the form of sk = sk−1 + xk − zk, we have

∇h
(
zk
)
=

1

γ

(
xk + sk−1 − zk

)
=

1

γ
sk.

From this equality and the definition of the augmented Lagrangian in (2), we have

ϕ
(
xk, zk, sk

)
− ϕ

(
xk, zk, sk−1

)
=

1

γ

(
sk − sk−1

)T (
xk − zk

)
=

1

γ

∥∥sk − sk−1
∥∥2
2
= γ

∥∥∇h (zk
)
−∇h

(
zk−1

)∥∥2
2

≤ γL2
∥∥zk − zk−1

∥∥2
2
, (33)

where in the last line we used L-Lipschitz continuity of∇h in Assumption 4. Additionally, we have

h
(
zk
)
− h

(
zk−1

)
≤ ∇h

(
zk
)T (

zk − zk−1
)
+
L

2

∥∥zk − zk−1
∥∥2
2

=
1

γ

(
sk
)T (

zk − zk−1
)
+
L

2

∥∥zk − zk−1
∥∥2
2
.
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Now by using this equation and the definition of the augmented Lagrangian, we have

ϕ
(
xk, zk, sk−1

)
− ϕ

(
xk, zk−1, sk−1

)
= h

(
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)
− h

(
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)
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1
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(
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)
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1
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2
− 1
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2
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(
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)
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)
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1

γ

(
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)T (
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)
+

1

2γ
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)
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(
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)
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(
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)
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1
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)
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1
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)
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)
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2
+

1

γ

(
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)T (
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)
+

1

γ

(
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)T (
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)
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2
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(
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2
. (34)

Note that from xk = proxγg(z
k−1 − sk−1), we have

1

2γ

∥∥xk − zk−1 + sk−1
∥∥2
2
+ g

(
xk
)
= min

x∈Rn
{ 1

2γ

∥∥x− zk−1 + sk−1
∥∥2
2
+ g (x)}

≤ 1

2γ

∥∥xk−1 − zk−1 + sk−1
∥∥2
2
+ g

(
xk−1

)
,

which implies that
ϕ
(
xk, zk−1, sk−1

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
. (35)

Now by combining the results from equations (33), (34) and (35), we have

ϕ
(
xk, zk, sk

)
≤ ϕ

(
xk−1, zk−1, sk−1

)
−
(
1− γL− 2γ2L2

2γ

)∥∥zk − zk−1
∥∥2
2
.

Lemma 4. Assume that Assumptions 1-4 hold and let the sequence {xk, zk, sk} be generated via
PnP-ADMM with the MMSE denoiser using the penalty parameter 0 < γ < 1/(4L). Then the
augmented Lagrangian ϕ defined in (2) is bounded from below

inf
k≥0

ϕ
(
xk, zk, sk

)
≥ ϕ∗ > −∞.

Proof. From the smoothness of h for any zk ∈ Im(Dσ), the optimality condition for the MMSE
denoiser, and the Lagrange multiplier update rule in the form of sk = sk−1 + xk − zk, we have

∇h
(
zk
)
=

1

γ

(
xk + sk−1 − zk

)
=

1

γ
sk. (36)

By using the L-Lipschitz continuity of∇h in Assumption 4, we have that

h
(
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)
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(
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)
+∇h

(
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)T (
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)
+
L

2
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∥∥2
2
. (37)

From equations (36), (37) and the fact that γL < 1, we have

ϕ
(
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(
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.
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Note that since both functions g and h are bounded from below from Assumption 3, we conclude
that the augmented Lagrangian is bounded from below. This implies that there exists −∞ < ϕ∗ ≤
ϕ(xk, zk, sk), for all k ≥ 0.

E BACKGROUND MATERIAL

E.1 MMSE DENOISING AS PROXIMAL OPERATOR

The connection between MMSE estimation and regularized inversion was established by Gribonval
in (Gribonval, 2011), and this relationship has been explored in various contexts (Gribonval & Machart,
2013; Kazerouni et al., 2013; Gribonval & Nikolova, 2021; Gan et al., 2023). This connection was
formally linked to Plug-and-Play (PnP) methods in (Xu et al., 2020), resulting in a novel interpretation
of MMSE denoisers within the framework of PnP. In this section, we investigate the fundamental
argument that bridges MMSE denoising and proximal operators.

The MMSE estimator for the following AWGN denoising problem

u = x+ e with x ∼ p̂x, e ∼ N (0, σ2I), (38)

is expressed as

Dσ(u) := E[x|u] =
∫
Rn

xpx|u(x|u) dx. (39)

From Tweedie’s formula, we can express the estimator (39) as

Dσ(u) = u− σ2∇hσ(u) with hσ(u) = − log(pu(u)), (40)

which is derived by differentiating (39) using the expression for the probability distribution given by

pu(u) = (px ∗ ϕσ)(u) =
∫
Rn

ϕσ(u− x)px(x) dx, (41)

where

ϕσ(x) :=
1

(2πσ2)
n
2
exp

(
−∥x∥

2

2σ2

)
.

Since ϕσ is infinitely differentiable, the same applies to pu and Dσ. As demonstrated in Lemma 2
of (Gribonval, 2011), the Jacobian of Dσ is positive definite:

JDσ(u) = I− σ2Hhσ(u) ≻ 0, u ∈ Rn, (42)

where Hhσ represents the Hessian matrix of the function hσ. Additionally, Assumption 1 implies
that Dσ is a one-to-one mapping from Rn to Im(Dσ). This implies that (Dσ)

−1 : Im(Dσ)→ Rn

is well defined and infinitely differentiable over Im(Dσ), as outlined in Lemma 1 of (Gribonval,
2011). Consequently, this indicates that the regularizer h in (7) is also infinitely differentiable for any
x ∈ Im(Dσ).

We will now establish that

Dσ(u) = proxγh(u) = argmin
x∈Rn

{
1

2
∥x− u∥2 + γh(x)

}
where h is a (possibly nonconvex) function defined in (7). Our objective is to demonstrate that
y∗ = u is the unique stationary point and global minimizer of

φ(y) :=
1

2
∥Dσ(y)− u∥2 + γh(Dσ(y)), y ∈ Rn.

By using the definition of h in (7) and the Tweedie’s formula (40), we obtain

φ(y) =
1

2
∥D∗

σ(y)− u∥2 − σ4

2
∥∇hσ(y)∥2 + σ2hσ(y).

The gradient of φ is then given by

∇φ(y) = [JDσ(y)](Dσ(y)− u) + σ2[I− σ2Hhσ(y)]∇hσ(y) = [JDσ(y)](y − u),
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where we used (42) in the second line and (40) in the third line. Consider a scalar function
q(ν) = φ(u+ νy) and its derivative

q′(ν) = ∇φ(u+ νy)Ty = νyT[JD∗
σ(u+ νy)]y.

The positive definiteness of the Jacobian (42) implies that q′(ν) < 0 and q′(ν) > 0 for ν < 0 and
ν > 0. Thus, ν = 0 is the global minimizer of q. Since y ∈ Rn is arbitrary, we can conclude that φ
has no stationary point other than y∗ = u, and that φ(u) < φ(y) for any y ̸= u (Xu et al., 2020).

F ON THE ASSUMPTIONS OF THEOREM 1

In this section, we present the list of assumptions required for Theorems 1. Assumptions required
for Theorems are typically employed when using MMSE estimators as PnP priors, engaging in
nonconvex optimization, or dealing with mismatched/inexact PnP priors.

Assumptions of Theorem 1:

• Prior distributions px and p̂x, denoted as target and mismatched distributions are non-
degenerate over Rn.
As discussed in Section 3.2, this assumption is commonly adopted to establish a relation be-
tween regularized inversion and MMSE estimation (Gribonval, 2011; Gribonval & Machart,
2013; Kazerouni et al., 2013). The MMSE estimators have been previously used as priors in
PnP methods (Xu et al., 2020; Gan et al., 2023; Laumont et al., 2022).

• Function g (data-fidelity term) is continuously differentiable.
This assumption is an standard assumption commonly adopted in nonconvex optimization,
specifically in the context of inverse problems (Li & Li, 2018; Jiang et al., 2019; Yashtini,
2021). It is worth noting that the majority of well-established data-fidelity terms for image
restoration tasks fall under the umbrella of this assumption. Importantly, this framework
does not necessitate the convexity of data-fidelity terms, making it versatile for handling non-
linear measurement models. Furthermore, our result can be extended to a non-differentiable
data-fidelity term g by using subdifferentials, making it applicable to applications like phase
retrieval (Metzler et al., 2018).

• The explicit data-fidelity term g and the implicit regularizer h are bounded from below.
This assumption is standard in optimization and ensures that the optimization problem is
well-posed and has a meaning full solution. This Assumption is commonly adopted in
optimization algorithms (Yashtini, 2021; Hurault et al., 2022b;a; Xu et al., 2020).

• The denoisers Dσ and D̂σ have the same range Im(Dσ). Additionally, functions h and ĥ
associated with Dσ and D̂σ, are continuously differentiable with L-Lipschitz continuous
gradients over Im(Dσ).

For the image denoisers that share the same architecture and employ the same loss function,
it is reasonable to assume that their output range would be consistent, given that it aligns
with the range of natural color images. Furthermore, due to the smoothness properties of
both D−1

σ and hσ as described in equation 7, it follows that the function h is also smooth
and continuously differentiable. A similar property holds for the function ĥ corresponding
to the mismatched denoiser D̂σ . Consequently, this assumption is a mild requirement, only
necessitating that regularization functions have L-Lipschitz continuous gradients over their
shared range. While the assumption of Lipschitz continuous gradients is a standard one in
nonconvex optimization, it is typically enforced over the entire space Rn, whereas here, we
specifically enforce it over the range of the denoisers. (Hurault et al., 2022a; Yashtini, 2021).

• The distance between the target and mismatched denoisers are bounded at each iteration of
the algorithm.
This assumption bounds the distance between the mismatched and target denoisers, which
serves as a measure of the distribution shift. As the distributions used to train the mis-
matched denoisers diverge from the target distribution, we anticipate the bound on denoisers’
distance will also increase. This assumption is a common one in the context of dealing with
approximate, inexact, or mismatched priors (Laumont et al., 2022; Shoushtari et al., 2022;
Gan et al., 2023).
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Figure 6: Ground truth images from MetFaces dataset used for generating measurements.

• The distance of sequence (zk) given by the Algorithm 1 to stationary point z∗ is bounded
by a constant.
As depicted in Algorithm 1, sequence zk is the output of mismatched denoiser at each
iteration. Since many denoisers have bounded range spaces, the existence of bound R
often holds. Specifically, this is true for such image denoisers whose output live within the
bounded subset [0, 255]n ⊂ Rn or [0, 1]n ⊂ Rn (Sun et al., 2021; Sun et al., 2019).

G ADDITIONAL TECHNICAL DETAILS

We present here some technical details and results that were not included in the main paper. In our
quantitative comparisons of different priors, we utilized the Peak Signal-to-Noise Ratio (PSNR)
metric, which is defined as follows:

PSNR(x̂,x) = 20 log10

(
1

∥x̂− x∥2

)
,

where x represents the ground truth and x̂ denotes the estimated image. Additionally, we include
SSIM, a widely used metric in image processing and computer vision, to measure the similarity
between two images. SSIM takes into account three components of an image: luminance, contrast,
and structure. It compares local patterns of pixel intensities and is particularly useful for evaluating the
perceived quality of compressed or processed images. For our PnP-ADMM algorithm, we performed
15 iterations for all denoisers. All denoisers (Adapted, matched, and mismatched) were trained using
the DRUNet architecture (Zhang et al., 2021) with Mean Squared Error (MSE) loss, employing the
Adam optimizer (Kingma & Ba, 2015) with a learning rate of 10−4. We incorporated a noise level
map strength that decreases logarithmically from σoptim to σ = 0.01 over 15 iterations, where σoptim is
fine-tuned for optimal performance for each test image and prior individually. To prepare the training
and testing images from datasets such as MetFaces (Karras et al., 2020), AFHQ (Choi et al., 2020),
CelebA (Liu et al., 2015), and RxRx1 (Sypetkowski et al., 2023), we randomly selected 1000 images
and resized them to 256× 256 slices. For the BreCaHAD (Aksac et al., 2019) dataset, we cropped
the images to 512× 512 and subsequently resized them to 256× 256 slices for both the training and
testing datasets.

Figure 6 shows the images that were used to generate measurements for super-resolution task.

H ADDITIONAL EXPERIMENTS

H.1 SUPER-RESOLUTION

We present additional image super-resolution results for a more comprehensive understanding.
Figure 7 illustrates the performance comparison of denoising and super-resolution using different
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Table 3: Assumption Comparison in Convergence of PnP Methods

Variant data-fidelity denoiser mismatch (Y/N)

PnP-FBS (Ryu et al., 2019) strongly convex residual nonexpansive ✗
PnP-ADMM (Chan et al., 2017) bounded gradient bounded ✗
GS-PnP (Hurault et al., 2022a) convex gradient step ✗
PnP-PGM (Sun et al., 2019a) convex α−averaged ✗
PnP-ADMM (Sun et al., 2021) convex residual nonexpansive ✗
RED (Shoushtari et al., 2022) convex nonexpansive ✓
PnP-ADMM (ours) - MMSE ✓

Figure 7: The Left figure compares the empirical results of denoising for retrained and adapted priors vs.
the number of training samples, as well as target (MetFaces) and mismatched (BreCaHAD) denoisers. The
right figure compares PnP performance using target, mismatched, and adapted priors on super-resolution task.
The results in both figures are reported for the test set from MetFaces dataset, averaged for scaling factor of
s = 4. It’s worth highlighting the noticeable performance improvement of denoisers achieved through domain
adaptation. Additionally, observe the relationship between PnP performance and adapted denoiser performance.

Table 4: PSNR (dB) and SSIM values for image super-resolution using PnP-ADMM under different priors on a
test set from the MetFaces (Karras et al., 2020) averaged for all kernels. We highlighted the best performing
and the worst performing priors. BreCaHAD is the worst prior that is also the one visually most different from
MetFaces. Measurement noise is set to 0.03.

Prior s = 2 s = 4 Avg

PSNR SSIM PSNR SSIM PSNR SSIM

BreCaHAD 27.58 0.7214 24.79 0.6764 26.18 0.6989
RxRx1 29.86 0.7599 28.14 0.7197 29.00 0.7398
AFHQ 30.04 0.7622 28.47 0.7194 29.34 0.7408
CelebA 30.11 0.7650 28.57 0.7235 29.34 0.7442
MetFaces 30.42 0.7754 28.88 0.7367 29.65 0.7560

priors. On the left side of Figure 7, the denoising performance of target (trained on MetFaces),
mismatched (trained on BreCaHAD), adapted, and retrained priors is displayed. Meanwhile, on the
right side, the reconstruction performance of target, mismatched, and adapted priors is presented.
Note the improvement achieved by using adapted priors in both denoising and super-resolution tasks.

H.2 DEBLURRING

We present additional visual results for deblurring image restoration. Figure 8 presents a visual
comparison of a test image from the MetFaces dataset using the target denoiser and four different
mismatched denoisers. The images are convolved with the indicated blur kernel and subjected to
Gaussian noise with a noise level of v = 0.01. Note the suboptimal performance of mismatched
priors in the deblurring task. As it is evident in Figure 8, the discrepancy between the mismatched
distributions directly affects the PnP performance. Figure 9 illustrates a visual comparison for adapted
priors in the deblurring task.
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Table 5: PSNR (dB) and SSIM comparison of super-resolution with mismatched, target, and adapted denoisers
for the test set from MetFaces, averaged for all kernels. We highlighted the target, mismatched, and the best
adapted priors. Measurement noise is set to 0.03.

Prior s = 2 s = 4 Avg

PSNR SSIM PSNR SSIM PSNR SSIM

BreCaHAD 27.58 0.7214 24.79 0.6764 26.18 0.6989
4 imgs 30.03 0.7713 28.26 0.7319 29.14 0.7516
16 imgs 30.36 0.7786 28.85 0.7411 29.60 0.7598
64 imgs 30.39 0.7775 28.90 0.7410 29.64 0.7592
MetFaces 30.42 0.7754 28.88 0.7367 29.65 0.7560

GT kernel

GT Blurry

BreCaHAD AFHQ MetFaces

CelebARxRx1

PSNR 31.61 33.10

32.90 33.2028.94

8.15

Figure 8: Visual comparison of various mismatched denoisers for deblurring on an image from MetFaces
dataset. The performance is reported in terms of PSNR (dB). The image is convolved with the indicated blur
kernel and Gaussian noise with v = 0.01 is added. Note that regardless of the PnP image restoration task, the
discrepancies in training distributions result in mismatched priors and suboptimal performance in PnP.

H.3 PHASE RETRIEVAL

We evaluate the performance of PnP-ADMM in addressing a nonconvex phase retrieval problem
involving coded diffraction patterns (CDP), a scenario akin to those explored in prior studies (Metzler
et al., 2018; Wu et al., 2019). The object x ∈ Rn is exposed to illumination from a coherent light
source. A random known phase mask, represented by M , modulates the light, with each entry of M
randomly drawn from the unit circle in the complex plane. The light undergoes far-field Fraunhofer
diffraction, and a camera captures its intensity as y ∈ Rm

+ . Given the Fraunhofer diffraction’s
representation through a Fourier Transform, the data-fidelity term for this phase reconstruction
problem is expressed as follows:

g(x) =
1

2
∥y − |FMx|∥22, (43)

where F denotes the 2D discrete Fast Fourier Transform (FFT). Figure 10 illustrates the performance
of mismatched, target and adapted priors in the problem phase retrieval using PnP-ADMM. Note that
adapting to larger set of paired data from target domain can effectively close the performance gap.
Table 6 reports numerical results achieved using PnP-ADMM with matched, mismatched, and target
priors for different input SNR, averaged for MetFaces testset.

H.4 VARIOUS DISTRIBUTIONS EXPERIMENT

We present additional visual results for mismatched priors and domain adaptation using various
distributions for image super-resolution. In the following Figures, we demonstrate the effect of
mismatched priors and prior adaptation tested on an image from RxRx1 (Sypetkowski et al., 2023)
dataset. Figure 11 presents a visual comparison for PnP on super-resolution task using the target and
three mismatched priors on an image from the RxRx1 test set. The images are convolved with the blur
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BreCaHAD 2 images 16 images 32 images 64 images MetFaces
28.94 29.61 30.93 31.06 31.53 33.20

Figure 9: Visual comparison of several adapted prior for image deblurring on a test image from MetFaces
dataset. The performance is reported in terms of PSNR (dB). The experiment setting is similar to that of Figure 8.
Note how adapting the mismatched prior with a larger set of data from the target distribution results in a better
performance in PnP.

Table 6: PSNR (dB) and SSIM comparison of phase retrieval problem with mismatched, target, and adapted
denoisers for the test set from MetFaces, for various input SNR. We highlighted the target, mismatched, and the
best adapted priors.

Prior InputSNR= 15 InputSNR= 20 InputSNR= 25

PSNR SSIM PSNR SSIM PSNR SSIM

BreCaHAD 24.13 0.7491 25.86 0.8278 26.53 0.8584
AFHQ 27.35 0.8086 29.75 0.8760 30.76 0.8967
MetFaces 27.57 0.8123 29.88 0.8798 31.13 0.9005

4 imgs 26.47 0.7833 28.80 0.8616 29.95 0.8904
16 imgs 26.84 0.7930 29.21 0.8673 30.34 0.8926
64 imgs 27.18 0.8015 29.60 0.8731 30.90 0.8983

kernel indicted in Figure 3. Figure 12 illustrates visual results for domain adaptation of mismatched
prior trained on CelebA dataset and adapted to RxRx1 distribution. Note the improvement in PnP
performance by using adapted priors. Also, note the relation between PnP performance and the
number of samples from the target distribution used for adaptation.
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BreCaHAD AFHQ MetFaces 4 images 16 images 64 images Ground Truth
25.92/0.8452 31.31/0.9353 31.55/0.9355 29.95/0.9162 30.41/0.9227 30.92/0.9284 PSNR/SSIM

Figure 10: Visual comparison of several adapted and mismatched priors for phase retrieval problem on a test
image from MetFaces dataset. The performance is reported in terms of PSNR (dB) and SSIM. Note how adapting
the mismatched prior with a larger set of data from the target distribution results in a better performance in PnP.

CelebA AFHQMetFaces RxRx1 GT
32.66/0.8886 32.83/0.886832.79/0.8822 36.30/0.9412 PSNR/SSIM

0

0.5

1

Figure 11: Visual evaluation of several priors on the image super-resolution task reported in terms of PSNR
(dB) and SSIM for an image from RxRx1. Images are downsampled with the scale of s = 4 and convolved with
the indicated blur kernel in Figure 3. Note the influence of mismatched priors on the performance of PnP.

CelebA RxRx1 GT
32.66/0.8886 36.30/0.9412 PSNR/SSIM

4 images
35.02/0.9271

16 images
35.48/0.9322

64 images
35.88/0.9369

0

0.5

1

Figure 12: Visual comparison of image super-resolution with target (RxRx1), mismatched (CelebA), and adapted
priors on a test image from RxRx1. The images are downsampled by the scale of s = 4. The performance
is reported in terms of PSNR (dB) and SSIM. Note how the recovery performance increases by adaptation of
mismatched priors to a larger set of images from the target distribution.
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