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PlaSo: Unsupervised Residual Plug and Play
for Image Super-Resolution

Xuan Hieu Le, Denis Kouamé and Duong Hung Pham

Abstract—This letter addresses the problem of sin-
gle image super resolution using Plug-and-play (PnP)
frameworks incorporating with residual learning. We pro-
pose a novel PnP algorithm, PlaSo, which integrates
residual learning mechanisms into diffusion processes to
mitigate common challenges such as hallucination ar-
tifacts and over-smoothing. Furthermore, by initializing
the reverse sampling process from the degraded input
rather than random noise, PlaSo achieves faster con-
vergence. Experiments demonstrate that PlaSo consis-
tently outperforms state-of-the-art methods, both qual-
itatively and quantitatively. Our code is available at:
https://gitlab.irit.fr/minds/theseeric/plaso.

Index Terms—Plug-and-play, diffusion, super resolution

I. INTRODUCTION

Single image super-resolution (SISR) remains a long-
standing challenge in image processing, focusing on
recovering high-resolution (HR) images from their de-
graded low-resolution (LR) counterparts. SISR methods
can be categorized into model-based and deep learn-
ing (DL)-based methods. Model-based methods rely
on handcrafted regularization terms [1], [2], which are
insufficient to capture complex structures of natural
image. DL approaches [3], [4], [5] typically achieve
superior reconstruction quality by leveraging strong data-
driven priors, but require paired training data and often
generalize poorly to unseen degradations [6].

In this context, PnP framework has emerged as a
promising solution for SISR, effectively combining the
complementary strengths of both classical model-based
and DL approaches while addressing their respective
limitations [7]. By decoupling the data fidelity from
the prior term, the PnP framework leverages power-
ful trained DL denoisers, thus achieving superior per-
formance over classical priors [8] while maintaining
stronger robustness to degradation variations than DL
methods [6] and remains training-free. Notably, several
recent PnP-based methods [9], [10], [11] have adopted
diffusion models (DMs) into their frameworks, thanks
to DMs strong generative capabilities over conventional
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denoisers, with DiffPIR [9] as a notable example. How-
ever, they often require hundreds of reverse steps, leading
to computational inefficiency. Moreover, starting the
reverse process from pure Gaussian noise lacks structural
cues from the degraded input, hindering interpretability
and alignment with SISR objectives.

To address these limitations, we draw inspiration from
the recent success of residual DMs [12], [13], [14].
Unlike standard approaches that initiate sampling from
pure Gaussian noise with stochastic perturbations, the
residual DMs a directional transform from the target
output back to the conditional input. This formulation
enables a more efficient sampling trajectory. However,
current state-of-the-art (SOTA) residual DMs are still
predominantly supervised and can exhibit issues such as
over-smoothing or hallucination [15], [16], which limit
their generalization and adaptability. Such shortcomings
also heighten risks of data infidelity, which are especially
problematic in domains where data fidelity is paramount.

In response, we propose PlaSo, a novel unsupervised
DM-based PnP method that extends and improves upon
DiffPIR [9] through a residual diffusion process utilizing
ResShift [12]. Particularly, it introduces a restructured
deterministic sampling mechanism to improve recon-
struction quality and better mitigate hallucinations. Our
contributions are thereby twofolds:

• PlaSo leverages the advantages of both PnP and
residual DMs while simultaneously addressing their
aforementioned limitations. To our knowledge, we
are the first to jointly incoperate residual DMs and
PnP for SISR.

• Empirically, PlaSo consistently provides overall
better qualitative and comparable, if not better
quantitative performance than other SOTA methods
across key metrics. PlaSo also delivers the highest
perceptual quality while demonstrating notable ad-
ditional advantages over other works. Specifically,
compared to DiffPIR and other PnP frameworks,
PlaSo significantly achieves a 6× reduction in sam-
pling steps while enhancing interpretability. Com-
pared to other DMs, PlaSo maintains higher fidelity.
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II. METHODOLOGY

A. Denoising Diffusion Probabilistic Models (DDPM)
DM have recently gained significant attention, with

DDPM [17] standing out as one of the most studied
approaches. DDPM has two stages: a forward process
and a reverse sampling process. The forward process is
defined by a Markov chain which incrementally corrupts
the data with a small amount of noise. Formally, given
the observation xt at timestep t, the forward process is:

xt =
√
1− βtxt−1 +

√
βtϵt−1, ϵt−1 ∼ N (0, I), (1)

where {βt ∈ (0, 1)}Tt=1 schedule the rate of diffusion.
By further letting αt = 1 − βt and ᾱt =

∏t
s=1 αs, we

can derive xt directly from original clean image x0 as:

xt =
√
ᾱtx0 +

√
1− ᾱtϵt−1 (2)

On the other hand, the reverse process uses a network
to gradually predict and remove added noise to recover
the high quality image. This process is modeled as:

xt−1 =
1

√
αt

(
xt −

βt√
1− ᾱt

ϵθ (xt, t)

)
+
√

βtϵt, (3)

where ϵθ (xt, t)is the approximator of the noise ϵt.
DDPM requires a lengthy reverse process including
hundreds to a thousand steps, making it computationally
demanding, and often lacks input or task cues.

B. Residual Shifting for SISR
Residual learning has been proven to effectively sim-

plify the reverse process [18]. By directly incorporating
the LR image and estimating the LR-HR residual, these
models, pioneered by ResShift [12] reduced the reverse
process from thousands of steps to just a few, while
simultaneously enhancing the quality of SISR outcomes
[12], [13], [14]. Specifically, the forward process is

xt = xt−1+αt(y0−x0)+κ
√
αt ·ϵ, ϵ ∼ N (0, I), (4)

where y0 is the LR observation, which we can assume to
match the spatial resolution of x0 by pre-upsampling, ηt
is a shifting sequence of hyperparameters that increases
monotonically with the timestep t, and satisfies ηT → 1,
and κ is a scaling factor for noise variance and αt =
ηt − ηt−1. And the reverse sampling process is thereby
defined as:

xt−1 =
ηt−1

ηt
xt +

αt

ηt
fθ(xt, y0, t) + κ

√
ηt−1

ηt
αt · ϵ,

ϵ ∼ N (0, I), (5)

where fθ(xt, y0, t) is a trained model aiming to predict
x0 based on the original observation input and timestep
information. While being more advanced, these models
remains supervised, relies on large datasets, and exper-
imentally showed significant oversmooth, which limited
its applicability to complex real-world SISR scenarios.

C. Our proposed method: PlaSo

We begin by formulating the stated SISR problem us-
ing a commonly adopted degradation model in literature,
where the observed low-resolution image y is defined as:

y = DHx+ n, (6)

where x is the estimated HR image, H, D are blurring
and decimation operators, and n is the additive noise.

Under this degradation model, the SISR task can be
posed as the following inverse problem:

x̂ = argmin
x

1

2σ2
n

∥y −DHx∥2 + λP(x), (7)

where σ2
n is the noise variance, P(x) represents a prior,

and λ is a regularization parameter that balances the data
fidelity term and the prior term. By using Half-quadratic
splitting (HQS) [19] and introducing an auxiliary vari-
able z, the optimization problem in (7) can be addressed
by iteratively solving the following subproblems:

x
(t)
0 = argmin

z

1

2σ2
t

∥z− xt∥2 + P(z) (8a)

x̂
(t)
0 = argmin

x
∥y −DHx∥2 + ρt

∥∥∥x− x
(t)
0

∥∥∥2 (8b)

xt−1 = x̂
(t)
0 (8c),

where σt =
√

λ
τ , ρt = σ2

nτ , with τ being the penalty
parameter introduced by HQS.

Eq. (8a) is a denoising problem, with new noise level
governed by σt. While DDPM can be applied to solve
(8a) by replacing it with a sampling step in DDPM’s
reverse process, as in DiffPIR [9], we argue that this
is inefficient due to its lengthy reverse process, and
further lacks structural and task-specific alignment cues.
To address this, we propose starting from the LR input
itself, thus enabling a more directional mapping between
LR and HR image pairs, faster sampling speed and better
interpretability. Accordingly, we propose to replace Eq.
(8a) with one sampling step from the residual-based
models in Eq. (5). This can be feasibly achieved by
rewriting the Eq. (4) as:

xt = x0 + ηt(y0 − x0) + κ
√
ηtϵ, ϵ ∼ N (0, I) (9)

Recalling that the added noise level in the above
equation is proportional to

√
ηt scaled by a factor κ. This

reformulation thereby enables a possible integration of
residual diffusion-based sampling into the Eq. (8a).

Eq. (8b) involves the effects of decimation and blur-
ring, which can be efficiently handled in the frequency
domain. This enables a closed-form solution by leverag-
ing the linearity and convolution properties [1].

Eq. (8c) corresponds to the sampling refinement step1,
which includes a deterministic estimated noise term and

1This equation is the same as Eq. (15) in DiffPIR [9].
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a stochastic random noise term, as defined in Eq. (10).
This step re-injects noise into the current output before
the next step, which is intended to improve reconstruc-
tion quality [20], [9]:

xt−1 =
√
ᾱt−1 x̂

(t)
0 +

√
1− ᾱt−1

√
1− ζ ϵ̂t︸ ︷︷ ︸

Deterministic term

+
√
1− ᾱt−1

√
ζ ϵt,︸ ︷︷ ︸

Stochastic term

ϵ ∼ N (0, I),
(10)

where the parameter ζ controls stochasticity, while ᾱt−1

controls the signal-noise ratio of the refinement. This
step has two limitations. First, Eq. (10) and its vari-
ants in recent PnP studies [11], [10] rely on ᾱt−1 a
formulation specifically designed for DDPM [17]. In
contrast, ResShift utilizes different noise governance.
Consequently, directly plugging ResShift into DiffPIR
will yield suboptimal results; for further details, please
refer to our ablation study in Section III-B2. Second,
the parameter ζ is advantageous for tasks such as in-
painting, where output diversity is desired [21]. However,
stochasticity accumulates variability that eventually lead
to artifacts or information loss, making it less reliable
for tasks such as SISR [22], [23], [24]. Additionally,
maintaining ζ complicates tuning efforts.

Based on these insights, we first restructure PlaSo’s
sampling process by introducing a residual-adapted vari-
ant of Eq. (10) to address the first limitation. Next, we
eliminate ζ and perform refinement using only determin-
istic noise ϵ̂t, thereby resolving the second limitation.
Accordingly, we derive the following equations for sam-
pling refinement:

ϵ̂t =
(
xt − x̂t

0 − ηte0
)
·
(

1

κ
√
ηt

)
(11)

xt−1 = x̂
(t)
0 + κ

√
αt−1 · ϵ̂t, (12)

where e0 is the residual estimation between the LR and
HR images, for example: e0 = y0 − x0.

Considering all these aspects, the pseudo-code for our
method PlaSo is presented in Algorithm 1.

Algorithm 1: Pseudo-code of PlaSo

Require a trained model fθ , σn.
Define: T, λ, κ, ηt, αt, ρt.
While t=T to 1 do:

Step 1: x
(t)
0 =

ηt−1

ηt
xt +

αt
ηt

fθ(xt,y0, t) # sampling from
denoiser

Step 2: x̂
(t)
0 = argminx ∥y −DHx∥2+ρt

∥∥∥x− x
(t)
0

∥∥∥2 #
balancing fidelity and regularization strength

Step 3: ϵ̂t =
(
xt − x̂t

0 − ηte0
)
·
(

1
κ
√
ηt

)
# estimating noise

Step 4: xt−1 = x̂
(t)
0 + κ

√
αt−1 · ϵ̂t # estimation correction

Return: x0

III. EXPERIMENTAL RESULTS

A. Dataset and metrics

We compare PlaSo against several approaches includ-
ing SOTA PnP works such as DiffPIR [9], DDNM+
[10] and DKP-DIP[11], and two residual DMs tailored
for super resolution: ResShift [12], SinSR [13]. We
adopted two prevailing SISR testsets, Set5 and Set14,
to facilitate future comparabilityto ensure consistency
and facilitate future comparisons. To further assess the
robustness and generalizability of our approach across
diverse image domains, we also conduct evaluations
on a holdout subset of 200 randomly selected images
from the ImageNet validation set [25]. We followed the
degradation pipeline described in Eq. (6).

To comprehensively evaluate the performance of all
studied methods, we employ both reference metrics such
as Peak signal-to-noise ratio (PSNR), Multiscale struc-
tural similarity (MS-SSIM), Learned Perceptual Image
Patch Similarity (LPIPS) [26], and no-reference metric
including CLIP-IQA [27]. Computational complexity is
assessed via the total cost of restoring a single image for
each method, measured in measured FLOPs (T ) [28],
inference time (seconds), and NFE [29].

Fig. 1: Qualitative comparison of SISR methods for 4× SR.

B. Experimental Results

1) Results and discussions: Visual results from all
methods are shown in Figure 1. One can remark that
PlaSo demonstrates overall better fine-grained textures
(e.g., ball’s surface), delivers more realistic and faithful
results (e.g., man’s eyes) compared to others. In contrast,
ResShift and DiffPIR and DKP-DIP tend to suffer from
oversmoothing or artifacts in certain cases, whereas
SinSR, and DDNM+, although less prone to blurring,
introduces hallucinated details (e.g., man’s eyes).

These observations align with quantitative results pre-
sented in Table I. On all test sets, PlaSo ranks first on
most metrics, including MS-SSIM, LPIPS, CLIPIQA,
while securing second-best positions in PSNR and NFE.
Notably, compared to DiffPIR and other works, PlaSo
delivers substantially better human-level perceptual qual-
ity, as evidenced by its higher CLIPIQA scores [27],
while maintaining comparable PSNR to the best PSNR
provider, DiffPIR, and even slightly better performance
on other evaluation metrics. Importantly, whereas other
methods sacrifice fidelity for perceptual quality (e.g.,
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TABLE I: Quantitative comparison of methods on 4X SISR. Best values are in bold, second-best in underlined.

Dataset Metric DiffPIR [9] ResShift [12] SinSR [13] DDNM+ [10] DKP-DIP [11] Ours

ImageNet

PSNR (↑) 23.9701 22.2619 21.2773 23.3075 22.5063 23.7244
MS-SSIM (↑) 0.8683 0.8257 0.7986 0.8614 0.8339 0.8752
CLIPIQA (↑) 0.4174 0.4876 0.5144 0.5194 0.5034 0.6081
LPIPS (↓) 0.3838 0.4375 0.3821 0.4189 0.4219 0.3799

Set5

PSNR (↑) 26.0871 23.3704 22.7312 24.7409 25.0981 25.2753
MS-SSIM (↑) 0.9175 0.8742 0.8627 0.9049 0.9112 0.9185
CLIPIQA (↑) 0.6299 0.6664 0.7350 0.6281 0.5180 0.7829
LPIPS (↓) 0.2927 0.3308 0.3070 0.3332 0.3240 0.2904

Set14

PSNR (↑) 23.2452 21.3721 20.6243 22.4547 21.4998 22.7229
MS-SSIM (↑) 0.8673 0.8123 0.7843 0.8501 0.8212 0.8676
CLIPIQA (↑) 0.6244 0.6463 0.6722 0.5730 0.4901 0.6925
LPIPS (↓) 0.3664 0.4175 0.3850 0.3829 0.4146 0.3592

SinSR) or perceptuality for fidelity (e.g., ResShift, Diff-
PIR, DDNM+, DKP-DIP), our method strikes a better
fidelity - realism balance with significantly shortened
sampling (See Table III).

We argue that our improvement is not incidental.
Maintaining an appropriate trade-off between prior terms
and data fidelity has long been a challenge in SISR
[30], [31]. Excessive dominance of the prior can result
in unstable, biased estimation and oversmoothing [32]
or failing to encompass the true image distribution,
thereby reducing reconstruction fidelity [33]. ResShift
and SinSR rely on fully diffusion-based processes and
thus lack an explicit mechanism to control prior domi-
nance. In contrast, PlaSo employs a mechanism to bal-
ance prior influence and data fidelity. DiffPIR, DKP-DIP
and DDNM+ initiate the restoration process from pure
noise, thereby limiting the utilization of cues from the
degraded observation and tasks. In contrast, we employ
a unified and more interpretable image-to-image distri-
bution mapping which explicitly guide the restoration
process. This design explains our more efficient sampling
process and enhanced performance, which are consistent
with prior literature [18], [12].

TABLE II: Ablation study on the impact of various sampling
refinement strategies

Refinement Strategy PSNR LPIPS CLIPIQA
(a) No refinement 22.81 0.3411 0.5215
(b) DiffPIR’s stochastic (ζ = 0.25) 21.76 0.3506 0.4312
(c) DiffPIR’s stochastic (ζ = 0.5) 21.45 0.3564 0.5729
(d) Our stochastic (ζ = 0.25) 23.54 0.3239 0.7415
(e) Our stochastic (ζ = 0.5) 22.67 0.3308 0.6970
(f) Ours deterministic refinement 25.28 0.2904 0.7829

TABLE III: Comparison of the computational complexity
between methods on a RTX6000 GPU.

Inference time (s) NFEs FLOPs (T)
DiffPIR [9] 19.02 100 18.63
ResShift [12] 3.02 15 2.92
SinSR [13] 0.78 1 0.06
DDNM+ [10] 17.49 100 18.56
DKP-DIP [11] 34.28 200 4.89
Ours 3.15 15 3.61

2) Ablation study and computation complexity: We
evaluate the performance of PlaSo on Set5 dataset with-
out using any refinement strategy at all (a), or using
default DiffPIR refinement strategy (Eq. 10) with ζ (b-
c), or using our Eq. (11) but with added stochastic noise
using

√
ζ as scaling factor (d-e), and finally using our

deterministic sampling strategy with Eq. (11) (f). We
adopted commonly used values of ζ from [9].

Table II reveals that naive combinations of both Diff-
PIR and ResShift, without refinement or with DiffPIR’s
stochastic refinement result in lowest performance, even
worse than using our stochastic strategy (d-e) or the
model Resshift alone. Prior studies [34], [35] suggested
that jointly lowered PSNR and LPIPS metrics correlate
with reduced hallucinations. Importantly, using deter-
ministic sampling allows us to simultaneously reduce
hallucinations more effectively, proven by an improve-
ment of up to 3.8 dB PSNR and 6% LPIPS over Diff-
PIR’s refinement (c) and 1.74 dB in PSNR, 3% in LPIPS
over best stochastic baseline (d). Notably, these gains are
achieved without compromising perceptual quality.

We evaluate the computational complexity of all meth-
ods in Table III. Notably, PlaSo achieves significantly
lowered computation cost and 6 times faster inference
time than other PnP methods (DDNM, DKP-DIP, Diff-
PIR) while delivering better quality (Table I). The only
method with significantly lower computation cost than
us is SinSR, however, it requires training a distillation
model and exhibits reduced fidelity.

IV. CONCLUSION

This letter has introduced PlaSo, a novel solution for
SISR that harnesses the advantages of both residual DLs
and Plug-and-Play frameworks, through a DM. PlaSo
achieves SOTA performance across several datasets with
a much more efficient sampling strategy than DiffPIR,
while offering enhanced image realism without compro-
mising data fidelity, a limitation observed in methods
such as SinSR and ResShift. Future work will explore
integrating more SOTA architectures into PlaSo as well
as shortening reverse process.
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