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Stimulating the Diffusion Model for Image
Denoising via Adaptive Embedding and
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Abstract—Image denoising is a fundamental problem in computational photography, where achieving high perception with low
distortion is highly demanding. Current methods either struggle with perceptual quality or suffer from significant distortion. Recently, the
emerging diffusion model has achieved state-of-the-art performance in various tasks and demonstrates great potential for image
denoising. However, stimulating diffusion models for image denoising is not straightforward and requires solving several critical
problems. For one thing, the input inconsistency hinders the connection between diffusion models and image denoising. For another,
the content inconsistency between the generated image and the desired denoised image introduces distortion. To tackle these
problems, we present a novel strategy called the Diffusion Model for Image Denoising (DMID) by understanding and rethinking the
diffusion model from a denoising perspective. Our DMID strategy includes an adaptive embedding method that embeds the noisy
image into a pre-trained unconditional diffusion model and an adaptive ensembling method that reduces distortion in the denoised
image. Our DMID strategy achieves state-of-the-art performance on both distortion-based and perception-based metrics, for both
Gaussian and real-world image denoising. The code is available at https:/github.com/Li-Tong-621/DMID.

Index Terms—Computational Photography, Image Denoising, Diffusion Model, Self-Supervised, Distortion-Perception.

1 INTRODUCTION

AS smartphones have become ubiquitous, the pursuit
of capturing high-quality images has become notably
more demanding. Yet, when capturing images under chal-
lenging conditions, such as low-light environments, sub-
stantial information would be lost due to imaging noise.
Consequently, the field of image denoising, with a focus on
achieving low distortion and high perception, has been as a
vital and thriving area of research.

Traditional methods [1], [2], [3] rely on image priors
to guide the denoising process, but their effectiveness is
limited under extreme conditions. With the development
of deep learning, discriminative methods have become the
mainstream method, which are usually trained by pixel-
level losses [4], [5], [6], [7], [8]. Actually, the pixel-level losses
tend to predict the median (or average) of all possible values
rather than the realistic images [9], [10]. Thus, these dis-
criminative methods often struggle with perceptual quality,
particularly under extreme noise levels.

To improve perceptual quality, other image restoration
tasks usually employ generative methods. Current state-
of-the-art solutions usually rely on Generative Adversarial
Networks (GANSs) [10], [11]], [12]. However, little work has
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Fig. 1. From the denoising perspective, the reverse process of a
diffusion model can be viewed as a coarse-to-fine iterative denoising
process.

been done to improve the perceptual quality of image de-
noising, even though generative approaches have been in-
troduced to address real noise modeling [13], [14]. Moreover,
GAN-based methods are widely blamed for artifacts and
inconsistency, leading to significant distortion, especially for
extreme degradation.

Recently, the diffusion model [15], [16], [17] has achieved
state-of-the-art (SOTA) performance in various tasks. The
methods that utilize diffusion models exhibit higher per-
ceptual quality and fewer artifacts. Therefore, we believe
that the diffusion model holds significant potential for im-
age denoising. However, stimulating the diffusion model
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Fig. 2. Perception-distortion trade-off of different methods. Our method
traverses through the perception-distortion curve and achieves SOTA
performance.

for image denoising still remains several critical problems.
Specifically, the diffusion model is designed to receive pure
Gaussian noise as input, which is different from the noisy
image input required for image denoising. Furthermore, the
content difference between the generated image and the
desired denoised image introduces distortion. The input in-
consistency problem and the content inconsistency problem
are crucial to be tackled to stimulate the diffusion model for
image denoising.

In this paper, we propose a novel strategy to stimulate
the Diffusion Model for Image Denoising (DMID), consist-
ing of an adaptive embedding method and an adaptive
ensembling method. Our insight comes from the denoising
perspective towards the diffusion model. From the de-
noising perspective, the diffusion model and the iterative
denoising methods share the same structure and similar
functionalities. As illustrated in Figure the diffusion
model can be viewed as an iterative denoising method. This
new perspective provides us with huge potential to em-
ploy a pre-trained unconditional diffusion model to tackle
the aforementioned problems, which also eliminates the
resource-intensive and time-consuming demands associated
with training a diffusion model [18].

Firstly, the problem of input inconsistency is essentially
an embedding problem. Here the noisy image and itera-
tive denoising process correspond to the intermediate state
and the reverse process subsequence of the pre-trained
unconditional diffusion model, respectively. Therefore, we
propose an adaptive embedding method that embeds the
noisy image into an intermediate state of the pre-trained
unconditional diffusion model. Our embedding method en-
ables to perform Gaussian and real-world image denoising.

Secondly, the problem of content inconsistency fun-
damentally constitutes a stochasticity constraint problem.
Since the distortion of the diffusion model mainly comes
from the stochasticity inherent in the iterative process. To
tackle this problem, we propose an adaptive ensembling
method that can adjust distortion and perception without
additional training. Our ensembling method enables to tra-
verse through the perception-distortion curve [19] as shown
in Figure [2 which achieves SOTA performance on both
distortion-based and perception-based metrics.

In summary, our contributions are as follows:

o From the denoising perspective, we contribute a novel
understanding and rethinking of the diffusion model
and stimulate the diffusion model for image denoising.

o We propose an adaptive embedding method that em-
beds the noisy image into a pre-trained unconditional
diffusion model, which enables us to perform Gaussian
and real-world image denoising.

o We propose an adaptive ensembling method that con-
strains the distortion of the diffusion model, which
enables us to traverse through the perception-distortion
curve.

e Our method achieves SOTA performance on both
distortion-based and perception-based metrics, and our
advantages increase as the noise level becomes larger.

The organization of this paper is as follows. Firstly, we
provide a brief introduction to the development of image
denoising and the diffusion model in Section 2| Next, we
offer a rethinking and understanding of the diffusion model
from the denoising perspective in Section 3| Then, we pro-
pose our DMID strategy to tackle the existing problems
in Section {4} After that, we demonstrate the performance
and evaluate the effectiveness of our strategy in Section
Finally, we conclude this paper and point out the future
directions in Section [l

2 RELATED WORKS

In this section, we briefly introduce the development of
image denoising and the diffusion model.

2.1

Image denoising is an essential task in computer vision. It
aims at restoring a clean image from its noisy counterpart.
However, achieving high perception quality and low distor-
tion in image denoising remains a challenging task. To tackle
this problem, image denoising methods can be broadly
divided into two categories: distortion-based methods and
perception-based methods.

Distortion-based methods consist of traditional denois-
ing methods and discriminative methods. Traditional image
denoising methods focus on the usage of image priors such
as sparsity [1]], [20], low rank [2]], self-similarity [21], [22],
and smoothness [3], [23]. However, the ability of these priors
in extreme conditions is ultimately limited, making it diffi-
cult to adequately denoise the corrupted images. With the
development of deep learning, discriminative models [4],
51, 161, [71, [8l, [24], [25], [26l, [27], have become the main-
stream methods. The main idea of discriminative methods
is to use neural networks to learn mappings from noisy
images to clean images through paired noisy-clean data or
just noisy data [28]], [29], [30], [31], [32]. L; loss and L5 loss
are most widely adopted during training. However, it is
well known that these pixel-level losses tend to predict the
median (or average) of all possible values rather than the
realistic images [9], [10]], resulting in over-smooth images
with poor perceptual quality.

In addition, some distortion-based methods [1], [33],
[34], [35] employ an iterative framework to optimize de-
noising performance. The iterative denoising methods usu-

Image Denoising
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ally predict a rough image and refine it through multi-
ple iterations. The iterative denoising framework serves as
a regularization and constraint. In addition, the iterative
denoising framework decomposes image denoising into a
series of sub-problems, making denoising easier. However,
these methods still struggle with perceptual quality.

In contrast to distortion-based methods, perception-
based methods typically exhibit superior perceptual quality
but have significant distortion. Perception-based methods
usually refer to generative methods. Current perception-
based approaches with competitive performance for other
image restoration usually rely on Generative Adversarial
Networks (GAN) [10], [11], [12]. However, GAN-based
methods often introduce artifacts and inconsistent details
that are not present in the original clean image. The artifacts
usually lead to significant distortion, especially for extreme
degradation. As for image denoising, many methods em-
ploy GAN and flow [36] to solve real noise modeling prob-
lems [13], [14], [37]], [38], [39], [40], [41] to get paired data
easily. It is really a shame that little work has attempted to
improve the perceptual quality of image denoising.

2.2 Diffusion Model

The diffusion model is a burgeoning likelihood-based gener-
ative model and has demonstrated remarkable success over
other models in various tasks [[15], [18], [42].

The diffusion model is originally proposed separately
from diffusion-based [16] and score-matching-based [43]]
perspectives. Later Ho et al. [15] establish a connection
between the diffusion model and denoising score matching
with Langevin dynamics and demonstrates its excellent
performance and enormous potential. Recently, Dhariwal et
al. [18] improves unconditional image synthesis quality by
finding a better architecture and firstly proposes a kind of
conditional diffusion model. This work successfully brings
diffusion models back to the public view. After that, con-
ditional diffusion models adapt to various tasks and have
achieved brilliant performances in a series of image restora-
tion tasks, such as image super-resolution [44], [45], image
inpainting [46]], image deblurring [47].

Recently, some methods [48], [49] have exclusively em-
ployed pre-trained unconditional diffusion models, origi-
nally trained for image synthesis, to address linear image
restoration problems. These methods typically assume that
the observed image y is degraded as y = Hx + n, where
H represents the degradation matrix, n denotes noise, and
x signifies the desired clean image. The existing methods
usually replace some content with the original degraded
image and preserve the others during each sampling step of
the diffusion model. These methods achieve this by decom-
posing the degradation matrix H to identify the boundary
of the reserved information area. The popular techniques
are Singular Value Decomposition and Range-Null Space
Decomposition.

However, it should be emphasized that all the existing
methods that employ pre-trained unconditional diffusion
models to address restoration problems have been cen-
tered around image super-resolution or deblurring tasks,
overlooking the specific task of image denoising. Applying
the existing diffusion-based image restoration methods to
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image denoising still encounters several issues. Firstly, ex-
isting methods fall short in the input inconsistency. Existing
methods perform restoration by decomposing the degra-
dation matrix H to identify the boundary of the reserved
information area. Therefore these methods circumvent the
input inconsistency for other restoration tasks. However,
when it comes to image denoising, the degradation ma-
trix H is simply an identity matrix, which renders matrix
decomposition ineffective in providing additional valuable
information to identify the boundary of the reserved infor-
mation area. Therefore such decomposition-based methods
fall short in the input inconsistency, making it ill-suited for
image denoising. Secondly, existing methods overlook the
content inconsistency. These methods often blindly pursue
high perceptual quality, leading to a divergence between
the denoised image and the desired clean image. Moreover,
existing methods neglect the factors that impact distortion-
based and perception-based performance, thus failing to
meet the high requirements for both distortion-based and
perception-based quality in image denoising.

3 RETHINKING AND UNDERSTANDING

In this section, we first introduce the pipeline of the dif-
fusion model in Section Next, we present the iterative
denoising framework in Section[3.2] Finally, we integrate the
diffusion model with the iterative denoising framework in
Section providing a new understanding of the diffusion
model from the denoising perspective.

3.1 Diffusion Model Pipeline

In this section, we give a rough introduction to the diffusion
model.

Diffusion models are composed of a T-timestep forward
process and a T-timestep backward process. The forward
process, also known as the diffusion process, gradually adds
i.i.d. Gaussian noise to the initial data 29 and converges to
the unit spherical Gaussian distribution. The reverse process
is the inference process, which starts with pure Gaussian
noise zr ~ N(0,1) and eventually obtains the expected
high-quality image xg.

The forward process is changed from the previous state
x¢—1 follows the Markov chain to generate current state x4:

q(xi|zi—1) = N(zp; /1 — Brae—1, B) 1)

where ¢ is an intermediate timestep, z; represents the data
(such as a noisy image) of the state at timestep ¢, 5; can
be predefined constants as hyperparameters or learned by
reparameterization [50], and A represents Gaussian distri-
bution. Using the reparameterization technique and follow-
ing eq. (1), current state x; can also be expressed as:

q(x¢|zo) = N (2 Vauwo, (1 — a)l) ()
where oy = 1 — B¢, @y = szl(l - Bi).

The reverse process generates an image by a series of
sampling processes from z; to x¢_1:

po(i—1lze) = N (@15 po (e, 1), 05) 3)
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where pg(x¢,t) is modeled by the neural network. The
reverse process gradually transforms the Gaussian distri-
bution zr into the expected data distribution .

Different sampling strategies of eq. have been pro-
posed from DDPM [15] to DDIM [51]. These strategies can
be summarized as a predicted item and an additional noise
item:

Ti—1 =01 (

Tt — v/ 1-— dtég(wt, t))
Vo
predicted &g

+y1—a1— ofeg(we,t) +over, (4)

additional noise

where o, is an arbitrary constant and €y (x4, t) is modeled by
neural network. In addition, the neural network is trained
by optimizing the variational bound on negative data log
likelihood E,[—logpg(xo)] < L to remove standard Gaus-
sian noise. In each sampling step, the current image x; is
subtracted from the network-estimated noise €p(x¢,t) to
obtain the predicted clean image #o. Subsequently, based
on this predicted clean image Zy, some network-estimated
noise €p(x¢,t) and random Gaussian noise are added to
produce the next image x;_;.

3.2

In this section, we point out the iterative framework for
image denoising.

Some distortion-based methods [1], [33], [34], [35] em-
ploy an iterative framework to optimize denoising per-
formance. These methods usually predict a rough image
and refine it through many iterations. Such an iterative
framework breaks down the problem into a series of sub-
problems, leading to a coarse-to-fine denoising process. The
iterative denoising framework can be developed as Algo-
rithm il

Specifically, the inference of this framework includes
several iterations. In each iteration, a rough denoising result
%o is firstly estimated from the current image x;. After that,
a weighted original noisy image y is introduced to obtain a
corrected version z;_; with lower noise than the previous
image x4, as:

Iterative Denoising Framework

Ty =T+ vy — Zo) - )

This process is repeated iteratively to refine the final result.
The iterative denoising framework transforms denoising
into an alternating solution process of prior and recovery
terms, which is a special case of plug-and-play methods [6],
[35].

3.3 Discussion

In this section, we first establish the connection between
the diffusion model and the iterative denoising framework.
Then we provide a rethinking of the diffusion model from
a denoising perspective. Ultimately we point out the chal-
lenges in stimulating the diffusion model for image denois-
ing.

To begin with, the diffusion model and the iterative
denoising framework share a similar structure. Formally

Algorithm 1 Iterative Denoising Framework.

IN =Y
fort=N,...,1do
Zo = Denoiser(x+)
-1 =&+ v (y — 2o)
: end for
: return I

AL S

Algorithm 2 Our Denoising Strategy.

xy = vanTransform(y)
: skip = floor(IN/Sy)
z=0
fori=1,...,R: do
for ¢ in reversed(range(0, N, skip)) do
e~ N(0,1)
i‘o = \/%(xt — \/1 — O_ét69($t7t))

Qr_120 + /1 — @r1 — ofep(xe, t) + ote

P NDaO R

Tt—1 =
end for
T =2+ Zo
: end for
: & =3%/Ry
: Inverse Transform &
: return =

Nl el
B WN PO

they are all processes of iteratively generating high-quality
images. In terms of details, both the sampling process eq.
and iteration eq. (5) can be decoupled into a prediction item
To and an additional noise item. This additional noise is
mainly a residual noise as eg(x,t) in eq. and y — I
in eq. (5). It aims at introducing a weighted original noisy
image. In summary, a single sampling process in diffusion
models is equivalent to an iteration in the iterative de-
noising framework. The diffusion model and the iterative
denoising framework both generate a roughly estimated
image and introduce a weighted original noisy image y to
obtain a corrected version with lower noise. Currently, we
have established that the diffusion model and the iterative
denoising framework are similar in structure from a formal
to a detailed level.

The functionality of a model is determined by its un-
derlying structure. Thus, we believe the diffusion model
can also perform denoising like the iterative denoising
framework. With this in mind, we can examine the sampling
process of the diffusion model from a denoising perspective.
To explain this, suppose we start sampling from a given
current image x . The image generated after the reverse
process can be obtained by accumulating eq. (4):

Ot+1

\/57t (6t+1 — 59(37157 t))

xg = Denoiser(y,

N1 - @ — o2y,

t=1 vV
where y = X

N =g+ 7&\/%% and € ~ N(0,1). Here z
represents the desired clean image, and y denotes its noisy
observation.

+ (EQ(It+17t+ 1) - 69(Itat)) ’ (6)

E



JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

The difference between a simple denoiser and eq. (6) lies
in the cumulative terms. Here the cumulative terms repre-
sent the additional noise added and removed during the
reverse process. During the reverse process, the network-
estimated noise €y (¢, t) is subtracted to obtain the predicted
clean image 2, and is added back to produce the next image
Z¢—1. Theoretically, the cumulative terms should be zero
and not affect the level of denoising. In fact, the iterative
denoising framework also has a similar cumulative term.

In conclusion, a diffusion model can be considered as
a denoiser, with its denoising ability at timestep ¢ given
by /1 — a;/+/@;. Figure [1| illustrates the evolution of x,
the predicted image %y, and the denoising level during the
reverse process. In the early stages of the reverse process,
the denoising level is high and the denoising effect is lim-
ited. So only low-frequency information can be determined.
In the later stages, the remaining noise is minimal, thus
high-frequency details can be refined. From a denoising
perspective, the diffusion model can also be viewed as a
coarse-to-fine iterative denoiser. These findings are exactly
overlooked in previous research, and highlight the potential
for leveraging a pre-trained unconditional diffusion model
for image denoising.

Currently, we have identified the structural and func-
tional similarities between the diffusion model and the iter-
ative denoising framework. Now, we would like to discuss
their differences. Firstly, the difference in structure between
the diffusion model and the iterative denoising framework
lies in the additional noise. The diffusion model, as shown in
eq. (), incorporates random Gaussian noise in its additional
noise, whereas the Gaussian noise is absent in the iterative
denoising framework. Secondly, the difference in functional-
ity between the diffusion model and the iterative denoising
framework pertains to their performances on distortion and
perception. The iterative denoising framework primarily
aims to reduce distortion, while the diffusion model ex-
cels in preserving high perception. The functionality of a
model is determined by its underlying structure. Therefore,
we believe that the key factors influencing distortion and
perception are rooted in stochasticity.

The minor distinctions between the diffusion model
and the iterative denoising framework do not undermine
their structural similarity, given that both involve iterations
comprising a prediction item and an additional noise item.
The functionality of a model is determined by its underly-
ing structure. Since their formal structures align, both the
diffusion model and the iterative denoising framework can
perform denoising in functionality. However, differences
in stochasticity can influence denoising quality, impacting
facets such as distortion and perception. We will delve
deeper into our solutions for these challenges in Section [4}

Finally, we have to address some critical issues when
stimulating the diffusion model for image denoising tasks.
One key issue is that input inconsistency. The pre-trained
unconditional diffusion model is designed to accept pure
Gaussian noise as input, whereas for denoising, the input
is the noisy image. The existing restoration methods [48],
[49] which mainly focus on other tasks, i.e.image super-
resolution and image deblurring, begin their sampling pro-
cess with Gaussian noise. As the sampling process advances
from the initial state of pure noise to an intermediate state

5

that generates an image xx with a noise level akin to that
of the original input noisy image ¥, the content and details
contained in z; do not align with those of the original input
noisy image y. Consequently, existing methods not only ex-
hibit poor performance but also demand a larger number of
sampling times. In addition, to perform general denoising,
we have to handle different noises. Thus, inspired by the
iterative denoising framework, which starts from the noisy
image, we propose an embedding method. We will find a
way to embed the noisy image with different noise types
into the sampling processes of the diffusion model. Another
key issue is content inconsistency. The primary objective of
the pre-trained unconditional diffusion model is the image
synthesis task. While image synthesis just requires realistic
images, image denoising requires high perception quality
with minimal distortion. The excessive stochasticity of the
diffusion model helps to generate realistic details which
is beneficial to image synthesis. However, the inconsistent
details between the generated images and the required
denoised image will result in significant distortion. The
existing restoration methods [48], [49] overlook this phe-
nomenon and its underlying causes. We have identified the
influential factors between distortion and perception and we
will introduce an ensembling method to effectively adjust
distortion and perception.

4 METHOD

In this section, we first give an overview of our DMID strat-
egy in Section which includes an embedding method
and an ensembling method. Then we describe the proce-
dure for the embedding method and ensembling method in

Section [4.2]and Section [4.3] respectively.

4.1 Overview

In this section, we propose a novel strategy to stimulate the
diffusion model for image denoising (DMID), which mainly
consists of an adaptive embedding method and an adaptive
ensembling method.

Our strategy performs a single inference by first em-
bedding the input y into an intermediate state z of the
diffusion model to match the following process:

on = \@x Transform(y) )

where 0 < N < T is an intermediate timestep. We then
generate a desirable denoised image by directly sampling
from timestep N. The sampling strategy can be any existing
approach, such as DDIM [51], DDRM [48], or DDNM [49]
among others. In our experiments, we simply employ
DDIM. The denoising process, achieved through direct sam-
pling from timestep N, can be mathematically described as:

N
p(xoly) = [ polwiala:) ®)
t=1

where z( is the denoised output image. In addition, we
employ our ensembling method to further reduce distortion.
Specifically, we adjust the sampling times (referred to S;) in
one inference process and repeat the inference process sev-
eral times (referred to R;). The procedure for the inference
process is described in Figure [3| and Algorithm [2 We will
make explanations in later parts.
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Fig. 3. Our Diffusion Model for Image Denoising (DMID) strategy. Our adaptive embedding method connects diffusion model and image denoising,
while our adaptive ensemble method reduces distortion in the final denoised image.

4.2 Adaptive Embedding

In this section, we will describe the procedure for embed-
ding noisy images using eq. (7). The primary objective of
our approach is to address general image denoising just
by employing an unconditional diffusion model pre-trained
for image synthesis. In essence, our embedding method is
tasked with adaptively managing various types of noise and
converting the noisy image into a state that the diffusion
model can effectively deal with. To provide an overview, our
embedding method follows a sequence of steps: it begins
by transforming all types of noise into Gaussian noise,
subsequently normalizes the image range to match the data
range expected by diffusion models, and ultimately converts
the image into the intermediate xx state of the diffusion
model.

In a broader sense, the function Trans form(y) in eq. @)
serves a dual purpose, functioning both as a noise trans-
formation technique and a data normalizer. Initially, the
function Transform(y) transforms noisy images into a
latent space where the Gaussian noise assumption is valid
by existing noise transformation techniques [52], [53]]. Subse-
quently, it adjusts the range of the latent noisy image to align
with the data range of the diffusion model, which typically
spans from -1 to 1. Following the Transform(y) function,
we multiply the latent noisy image by /&y to obtain the
intermediate x state of the diffusion model. The value of
N should be chosen carefully to achieve optimal denoising.
After that, we conclude the embedding method. Further-
more, DMID performs denoising within this latent space
and inverse transforms the latent denoised image, which is
originally within the data range of the diffusion model, back
to the original data range. In the subsequent parts, we will
delve deeper into the specifics of the noise transformation
technique and the significance of the parameter V.

The noise transformation technique involves converting
different types of noise into Gaussian noise. The primary
goal of our approach is to address general image denois-
ing, allowing it to handle various forms of image noise.
Although we have successfully treated the diffusion model
as a Gaussian denoiser, it is crucial to account for other
noise types, such as real-world noise, which does not adhere
to a Gaussian distribution. To surmount this challenge,
we improve a noise transformation technique NN [53] to
convert diverse noise types into Gaussian noise. In essence,

noise transformation entails finding a latent image z that
exhibits correlation with the input noisy image y, while
the noise in z conforms to the assumption of additive
white Gaussian noise (AWGN). NN [53] achieves this by
training an encoder-decoder neural network using a single
input noisy image for autoregressive modeling. The latent
image z is derived from the encoder and is expected to
adhere to the AWGN assumption. We designate the encoder
network of the VAE with parameters 6; as Gy, , the decoder
network parameterized by 65 as Fj,, and the latent image
as 2 = Gy, (y) ~ N(x,0%I). The loss function of the noise
transformation technique is presented as:

1
£(z,61,63) = 5 Bl Fo, (Go, () +€) — ull
1
+ o5 Go ) — 2l + AR@) . ©)

where x represents the clean image, R(z) is a regularization
function, and € ~ N(0,1). In the specific approach, three
terms in the equation eq. (9) work in synergy. The first and
second terms ensure data fidelity, while the final term serves
as a regularization component. Together, these three terms
prevent zero mapping and identity mapping. To facilitate
unsupervised training using only the input noisy image y
without the clean image x, eq. (9) is optimized through
ADMM [54]:

‘CP(Eagla 027pa Q) = L(E,ela 02) - )‘R(‘f) + R(p)
+5lz—p+ 2P = ZISI7 . (0
p p

2
JEk+17 0}f+1a 0§+1 = arg min [-:p(ja 017 025pk7 qk) 9 (11)
z,01,02
p = argmin £,(@*, 077,05 p,g") . (12)
p
¢ =" 4 p(attt —ptth) (13)

where Z is an estimation of the clean image z, p is an
auxiliary variable, ¢ is the dual variable and p > 0 is a
chosen constant. The subproblems are solved by alternat-
ing minimization since the clean image x is not accessible
during unsupervised training. Specifically eq. is solved
by updating the clean image estimation Z and the network
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parameters ¢, and 0 alternatively. In addition, eq. is
solved by its closed-form solution as:

P = D@ 44" p), (14)
where D is any existing Gaussian denoiser. We directly
choose BM3D [22]. Instead of directly using the latent image
z = Gy, (y), NN employs T + ¢/p as the final result after
transformation. This result is a linear combination of the
noisy image y and the latent image z.

However, determining when to stop the optimization is
a critical challenge. The original NN method required clean
images to calculate PSNR and determine the stopping time.
We improve this process by using SURE (Stein’s Unbiased
Risk Estimator) [55], [56], which eliminates the need for
clean images to determine when to stop. SURE provides an
unbiased estimate of MSE and represents the quality of the
image:

|z = DA _ .
K K

20% - OD;(z)

SURE(z) = —

(15)

i=1

where K is the image size and z; is the ith element of z.
Additionally, we employ the Monte-Carlo (MC) approxima-
tion [57] of the divergence term in eq. as follows:

e (D(z + ue) = D(z) ,

(16)

Q

i ODi(z) 1
=1 azl K

where T is the transpose operator and p is a small positive
value. Every 500 iterations, we calculate the SURE of the
latent image z. Smaller SURE values indicate higher image
quality, and we stop the iterations when SURE begins to
increase. For instance, Figure [ illustrates the changes in
PSNR and -SURE during the noise transformation process
for four images. The noise transformation processes of the
four images stop after 1500 iterations, with the results from
the 1000th iteration chosen as the final outcome. It merits
mentioning that our improved transformation technique
requires no pre-training on external datasets or the use of
the clean image x. The noise transformation process solely
relies on the single input noisy image v.

The value of N should be chosen carefully to achieve
optimal denoising performance based on the noise level of
the latent noisy image. Here, we multiply the latent noisy
image by /&y to convert the image to the intermediate
state zy within the diffusion model, as depicted in eq. (7).
Subsequently, we generate a denoised image by directly
sampling from zy, as outlined in eq. . Since the diffusion
model can be viewed as a denoiser, its denoising ability at
timestep N is /1 — an/v/an. To attain optimal denoising
outcomes, aligning the denoising ability of the diffusion
model at timestep IV with the noise level of the intermediate
image x v is pivotal. Consequently, each value of IV timestep
corresponds to a specific noise level o of the latent noisy
image. When encountering a different noise level o1, we
can readily identify an N that corresponds to the noise
level o3 closest to 1. For tasks such as Gaussian denoising,
the noise level of the latent noisy image is known. In
cases of unknown noise levels, established noise estimation
techniques [58]], [59] can be applied to address the issue.

7
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o ~SURE P U 008
E37.6 2100% §32.7 &
I %]
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Fig. 4. Every 500 iterations, we employ SURE to determine whether
to stop the noise transformation. A higher value of “-SURE” indicates
better image quality. (a)-(d) illustrate the changes in PSNR and -SURE
during the noise transformation process. In usual cases, the variations
in -SURE align with those of PSNR.

4.3 Adaptive Ensembling

In this section, we will describe the procedure for the en-
sembling method. The primary objective of the ensembling
method is to reduce distortion. In essence, our embedding
method is tasked with adaptively adjusting distortion and
perception based on specific requirements. The primary
factor influencing distortion and perception is the stochas-
ticity brought by the Gaussian noise in the additional noise
item. In practice, excessive stochasticity can lead to sig-
nificant distortion in the final denoised image. In theory,
moderate stochasticity can facilitate convergence to better
results. Thus our ensembling strategy involves adjusting
the sampling times to control stochasticity in one inference
process and repeating the inference process multiple times
to constrain stochasticity and converge to higher-quality
images.

Firstly we constrain the stochasticity in one inference.
The level of stochasticity is primarily determined by the
number of sampling times since the additional noise item
appears in each sampling process. A higher number of
sampling times allows for more refinement and introduces
more stochasticity, resulting in a more detailed image with
improved perceptual quality. However, this also leads to
a smaller weighted noisy image y at each iteration, which
reduces its controllability at the same time. Therefore, larger
sampling times generally yield better perceptual quality
but also result in larger distortion. To adjust distortion
and perception, we recommend adjusting the number of
sampling times according to the desired outcome. To reduce
distortion, setting sampling times to be less than 10 is
typically sufficient.

Furthermore, we enhance the denoised images through
the stochasticity in multiple inferences. The Gaussian noise
in the additional noise item introduces stochasticity into the
sampling process. This enables generating multiple clean
images for the same noisy image when the sampling times
are greater than one. The additional random Gaussian noise
can, in terms of mathematical expectation, assist in converg-
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TABLE 1
Classical Gaussian image denoising. The top row is training a separate model for specific noise level, the bottom row is the models that designed
to deal with various noise levels. The best and second-best methods are in red and blue.

Method CBSD68 [60] Kodak24 [61] McMaster [62] Urban100 [63]
o=15 o=25 o=50 o=15 o=25 o=50 o=15 o=25 o=50 o=15 o=25 o=50
BRDNet [64] 34.10 31.43 28.16 34.88 3241 29.22 35.08 32.75 29.52 34.42 31.99 28.56
RNAN [65] - - 28.27 - - 29.58 - - 29.72 - - 29.08
RDN [66] - - 28.31 - - 29.66 - - - - - 29.38
IPT [25] - - 28.39 - - 29.64 - - 29.98 - - 29.71
SwinlIR [4] 34.42 31.78 28.56 35.34 32.89 29.79 35.61 33.20 30.22 35.13 32.90 29.82
Restormer [5] 34.40 31.79 28.60 35.47 33.04 30.01 35.61 33.34 30.30 35.13 32.96 30.02
CODE [67] 34.33 31.69 28.47 35.32 32.88 29.82 35.38 33.11 30.03 - - -
CBM3D [22] 33.52 30.71 27.38 34.28 32.15 28.46 34.06 31.66 28.51 32.35 29.70 25.95
DnCNN [7] 33.90 31.24 27.95 34.60 32.14 28.95 33.45 31.52 28.62 32.98 30.81 27.59
FFDNet [8] 33.87 31.21 27.96 34.63 32.13 28.98 34.66 32.35 29.18 33.83 31.40 28.05
DSNet [68! 33.91 31.28 28.05 34.63 32.16 29.05 34.67 32.40 29.28 - - -
DRUNet [6] 34.30 31.69 28.51 35.31 32.89 29.86 35.40 33.14 30.08 34.81 32.60 29.61
Restormer [5] 34.39 31.78 28.59 35.44 33.02 30.00 35.55 33.31 30.29 35.06 32.91 30.02
DMID-d (Ours) 34.45 31.86 28.72 35.51 33.12 30.14 35.72 33.49 30.50 35.26 33.11 30.28

ing to better results [43]]. In addition, according to the Law
of Large Numbers, as the sample size increases, the sample
mean converges to the population expectation with proba-
bility 1. Here, the individual denoised images are regarded
as samples and the average of multiple denoised images can
approximate an overall expectation. The averaged outcome
is enhanced and typically outperforms individual denoised
images. Thus we repeat the inference process multiple times
to generate multiple denoised images for the same noisy
input, and the average of all candidate images is taken. This
approach tends to reduce distortion and improve the final
denoising results.

In summary, for different noise levels, we first calculate
the N value in advance and perform inference. During the
inference process, noisy images are first embedded to an
intermediate state of the diffusion model and sampling is
initiated. The sampling process can be adjusted based on
specific requirements. If we aim to minimize distortion, we
usually repeat the inference process several times to gen-
erate multiple candidate restored images, and finally take
the average of all the images. Unlike previous methods that
often insist on extremely high sampling times, our DMID
strategy recommends maintaining the total sampling times
consistent but reducing the per-inference sampling times by
distributing them across multiple inferences.

It is imperative to highlight that our contribution is pio-
neering in multiple facets. Firstly, We reframe the diffusion
model as a Gaussian denoiser. This allows us to denoise
in a single step or potentially optimize through multiple
iterations. Secondly, We elucidate the embedding method
and the noise-correlated sampling starting point for image
denoising. This not only reduces the required sampling
times in one inference but also enhances the quality of the
results. Finally, we present the elucidation of how sampling
times S; and repetition times R; impact distortion-based
and perception-based quality. This helps reduce distortion
and lays the foundation for further research in this area.

5 EXPERIMENTS

Our experiments are generally divided into three parts. First
of all, we demonstrate the performance of our method on
Gaussian noise in Section[5.2]and real-world noise in Section
In addition, we conduct detailed ablation studies to
fully evaluate our embedding and ensembling method in
Section Finally, we engage in a comparative analysis
and extension to other diffusion-based methods in Section
B.5

5.1 Implementation Details

We employ a pre-trained model from [18] which is trained
on 256256 images from ImageNet [69], with full timesteps
T = 1000. Following [18]], §; is constant increasing linearly

from 0.0001 to 0.02, o, is set to be %/1;@47&;1 1— %,
and v = 0.85.

For various levels of noise, we first pre-calculate the
value of N and conduct inference. Since we can tra-
verse through the perception-distortion curve [19], [70], we
present two variants of our method. The first variant, named
“DMID-d”, achieves the least distortion and satisfactory
perceptual quality. The second variant, named “DMID-p”,
achieves the best perceptual quality and tolerable distor-
tion. To achieve this, we need to determine the number of
sampling times (referred to \S;) in an inference process and
how many times will we repeat and get an average (referred
to R;). To ensure fairness, we set the full sampling times
to be 1000 following [15], [46], that is S; * R, = 1000 for
the first variant. For the second variant, we set Ry = 1
and the value of S; varies from 2 to 200 for different
datasets and various noise levels. As described in Section
increasing the number of sampling times S; and the
repetition times R; will reduce distortion while conversely
improving perceptual quality. This is why we introduced the
two variations. Further explanations can be found in Section

54
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Fig. 5. Visual results on classical Gaussian image denoising. The images restored by our model exhibit more details and realism.

5.2 Gaussian Image Denoising

In this section, we conduct Gaussian image denoising ex-
periments on synthetic benchmark datasets.

Image denoising is commonly evaluated using the
distortion-based PSNR metric with noise levels o =
15,25,50. However, our method is robust to much
higher noise levels, excelling in both distortion-based
and perception-based metrics. Hence, we perform classical
Gaussian denoising experiments as well as robust Gaussian
denoising experiments.

For classical Gaussian denoising, we evaluate our
method using the distortion-based PSNR metric with noise
levels o = 15,25,50, consistent with previous classical
comparisons [5], [67], [71]. Tablepresents the PSNR scores
achieved by various SOTA approaches on the synthetic
benchmark datasets (CBSD68 [60], Kodak24 [61]], McMas-
ter [62], Urban100 [63]). All the results are reported from
[5], [71]. The top row in Tableis training a separate model
for a specific noise level, the bottom row is the models that
are designed to deal with various noise levels. The methods
(such as Restormer [5] and SwinIR ) that can only handle
one noise level still perform worse than us. As shown in
Figure 5] these two images presented significant challenges
for previous methods, with their denoised results showing
highly unrealistic facial features. In contrast, our method
successfully denoises these images to a natural and realistic
quality, highlighting the effectiveness of our approach.

For the robust Gaussian denoising, we evaluate our
method using both distortion-based and perception-based
metrics with larger noise levels. We compare our method
with DnCNN [7]], DRUNet [6], Restormer [5] and ART [71]].
Specifically, we evaluate different methods on ImageNet 1K
(crop the center 256x256 image as input) [69], CBSD68 [60],
Kodak24 [61], and McMaster datasets. In addition, we

evaluate different methods on two representative distortion-
based metrics (PSNR and SSIM [82]) and perception-based
metric (LPIPS [83])). Remarkably, our method is effective
even when the standard deviation greatly exceeds 255, a
previously unexplored capability that sets our method apart
from other models. To ensure a fair comparison with other
models, we evaluate different methods across a series of
representative noise levels, spanning from 0 to 255.

Subsequently, we will provide a detailed explanation
of our comparative methods. DnCNN [7] and DRUNet [6]
are considered classical methods, while Restormer and
ART represent the current state-of-the-art approaches.
For DnCNN [7] and DRUNet [6], we retrain them following
their specified training details. However, it's worth noting
that retraining Restormer and ART is a resource-
intensive process. Their publicly available pre-trained mod-
els are not designed to handle noise levels with standard
deviations exceeding 50. Therefore, following the approach
of [6], we multiply by a constant to ensure that the standard
deviation is 50.

As illustrated in Table 2} our method demonstrates ro-
bustness across various noise levels and achieves SOTA
performance on all metrics. Under extreme conditions of the
ImageNet dataset, we outperform Restormer by more
than 0.5dB in PSNR. Furthermore, we achieve substantial
improvements in perception-based metrics in all datasets.
This notable enhancement directly translates into improved
perceptual quality, as vividly depicted in Figure[6] Whether
dealing with irregular animal fur, intricate grass patterns,
or structured circular designs, our method consistently ex-
hibits superior performance when compared to alternative
approaches. This experiment substantiates the robustness of
our method across a spectrum of noise levels and evaluation
metrics.



JOURNAL OF IATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2015

TABLE 2

10

Robust Gaussian image denoising. We report the results of method labeled "Ours-d” with least distortion, and a second method labeled “Ours-p”
with greatest perceptual quality. Our method achieves SOTA performance on all metrics (PSNR? / SSIM? / LPIPS]) and on all noise levels.

Restormer

ART

DMID-d (Ours)

DMID-p (Ours)

PSNR / SSIM / LPIPS

PSNR / SSIM / LPIPS

PSNR / SSIM / LPIPS

PSNR / SSIM / LPIPS

29.61 / 0.9110 / 0.136
26.61 / 0.8532 / 0.234
24.93 / 0.8103 / 0.306
23.78 / 0.7762 / 0.363
22.92 / 0.7479 / 0.409

29.62 / 0.9105 / 0.132
26.57 / 0.8501 / 0.231
24.88 / 0.8043 / 0.307
23.72 / 0.7674 / 0.368
22.84 / 0.7363 / 0.417

29.92 / 0.9155 / 0.121
27.01 / 0.8621 / 0.211
25.39 / 0.8233 / 0.274
24.28 / 0.7931 / 0.305
23.44 / 0.7666 / 0.360

27.59 / 0.8722 / 0.087
24.61 / 0.7987 / 0.156
22.94 / 0.7465 / 0.210
21.56 / 0.6932 / 0.259
20.87 / 0.6701 / 0.289

28.59 / 0.9011 / 0.177
25.84 / 0.8389 / 0.291
24.41 / 0.7980 / 0.367
23.47 / 0.7682 / 0.426
22.77 / 0.7451 / 0.475

28.63 / 0.9015 / 0.173
25.86 / 0.8376 / 0.295
24.41 / 0.7945 / 0.380
23.44 / 0.7623 / 0.447
22.72 / 0.7364 / 0.500

28.72 / 0.9031 / 0.169
25.94 / 0.8399 / 0.279
24.53 / 0.7989 / 0.354
23.57 / 0.7683 / 0.380
22.87 / 0.7459 / 0.443

26.63 / 0.8605 / 0.122
23.94 / 0.7840 / 0.208
2247 / 0.7314 / 0.264
21.37 / 0.6842 / 0.312
20.77 / 0.6610 / 0.352

30.00 / 0.9153 / 0.185
27.30 / 0.8642 / 0.287
25.85 / 0.8281 / 0.363
24.84 / 0.7999 / 0.422
24.09 / 0.7772 / 0.469

30.02 / 0.9152 / 0.181
27.27 / 0.8616 / 0.289
25.78 / 0.8219 / 0.372
24.74 / 0.7901 / 0.439
23.94 / 0.7631 / 0.491

30.14 / 0.9174 / 0.179
27.47 / 0.8668 / 0.271
26.04 / 0.8325 / 0.341
25.06 / 0.8043 / 0.368
24.36 / 0.7821 / 0.427

27.90 / 0.8770 / 0.131
25.31 / 0.8107 / 0.211
24.06 / 0.7707 / 0.275
22.99 / 0.7311 / 0.318
22.44 / 0.7133 / 0.356

30.29 / 0.9378 / 0.134
27.25 / 0.8962 / 0.220
25.57 / 0.8645 / 0.279
24.41 / 0.8384 / 0.327
23.54 / 0.8161 / 0.367

30.31 / 0.9378 / 0.132
27.22 / 0.8945 / 0.218
25.51 / 0.8604 / 0.281
24.33 / 0.8321 / 0.334
23.43 / 0.8077 / 0.380

30.50 / 0.9394 / 0.129
27.49 / 0.8978 / 0.205
25.82 / 0.8659 / 0.266
24.70 / 0.8417 / 0.290
23.79 / 0.8173 / 0.344

28.34 / 0.9112 / 0.092
25.37 / 0.8560 / 0.158
23.72 / 0.8148 / 0.209
22.51 / 0.7816 / 0.252
21.73 / 0.7553 / 0.290

Dataset | Noise DnCNN DRUNet [6]
Level |PSNR / SSIM / LPIPS|PSNR / SSIM / LPIPS
o =50 |28.21/0.8806 / 0.179 | 29.46 / 0.9081 / 0.145
o =100|25.34 / 0.8025 / 0.293 | 26.48 / 0.8482 / 0.252
ImageNet | o = 150 23.69 / 0.7421 / 0.370 | 24.81 / 0.8032 / 0.331
o =200| 2252 / 0.6910 / 0.432 | 23.66 / 0.7673 / 0.393
o =250|21.62 / 0.6448 / 0.478 | 22.80 / 0.7374 / 0.445
o =50 |27.84 /0.8844 / 0.226 | 28.51 / 0.8991 / 0.183
o =100| 25.06 / 0.8090 / 0.365 | 25.76 / 0.8357 / 0.308
CBSD68 |0 = 150| 23.58 / 0.7555 / 0.449 | 24.32 / 0.7932 / 0.395
o =200| 2256 /0.7131 / 0.514 | 23.36 / 0.7616 / 0.464
o =250| 21.80 / 0.6773 / 0.558 | 22.64 / 0.7368 / 0.519
o =50 |28.84 /0.8921 / 0.247 | 29.86 / 0.9132 / 0.188
o =100| 26.00 / 0.8206 / 0.387 | 27.16 / 0.8609 / 0.297
Kodak24 |o = 150 24.41 / 0.7670 / 0.475 | 25.69 / 0.8233 / 0.381
o =200|23.33 / 0.7228 / 0.543 | 24.65 / 0.7930 / 0.450
o =250 2251 / 0.6830 / 0.589 | 23.89 / 0.7686 / 0.504
o =50 |28.35/0.9078 / 0.180 | 30.04 / 0.935 / 0.140
o =100| 25.59 / 0.8499 / 0.283 | 27.05 / 0.8914 / 0.233
McMaster |0 = 150 23.98 / 0.8041 / 0.360 | 25.36 / 0.8570 / 0.300
o =200|22.85 / 0.7646 / 0.423 | 24.20 / 0.8279 / 0.354
o =250 21.96 / 0.7279 / 0.469 | 23.31 / 0.8031 / 0.402
Noisy DnCNN DRUNet Restormer
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Fig. 6. Visual results on robust Gaussian image denoising. Our method can generate detailed texture, while other models even have severe
chromatic aberration and blur.

5.3 Real-world Image Denoising

Subsequently, we will provide a detailed explanation

In this section, we conduct real-world image denoising
experiments on real-world benchmark datasets.

We compare our method with both supervised and un-
supervised methods. As our method is essentially an unsu-
pervised solution for real-world denoising, which doesn’t
require training on pairs of noisy-clean real-world images.
Secifically, we evaluate different methods on three datasets:
CC [72], PolyU [73], and FMDD [74], following [32], [53],
[80], [81]]. These datasets contain 16 paired sSRGB images, 100
paired sRGB images, and 48 paired raw images, respectively.

of the comparative methods. For supervised methods,
DANet is the only and the latest generative method
that can be directly employed for denoising. In addition,
all the supervised methods are pre-trained on real-world
dataset SIDD and borrowed from their officially re-
leased versions. For unsupervised methods, the results of
AP-BSN [30], LG-BPN [31], ZS-N2N [80], R2R are re-
produced and evaluated by ourselves, since these methods
are not evaluated on all the datasets and metrics we use
in their original paper. The results of N2V [28], N2S
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TABLE 3

supervised (the top row) and unsupervised methods (the bottom row). The best and second-best methods are in red and blue.

11

Real-world image denoising. Our method achieves excellent performance across all metrics (PSNR?1 / SSIM?1 / LPIPS]) when compared to both

Method CC [72] PolyU [73] FMDD [74]

PSNR SSIM LPIPS PSNR SSIM LPIPS PSNR SSIM LPIPS
DaNet4 [75] 35.91 0.9816 0.073 37.23 0.9796 0.088 31.59 0.7962 0.238
MIRNet [76] 36.04 0.9797 0.088 37.45 0.9783 0.101 31.83 0.8106 0.227
MPRNet [27] 36.20 0.9769 0.094 37.43 0.9759 0.109 31.21 0.7915 0.292
DeamNet [77] 35.64 0.9652 0.089 32.46 0.8615 0.130 32.28 0.8116 0.261
NAFNet [78] 34.39 0.9784 0.073 36.04 0.9607 0.107 26.27 0.6519 0.340
Uformer [24] 36.31 0.9795 0.085 37.31 0.9782 0.096 31.81 0.8118 0.207
Restormer [5] 36.27 0.9810 0.077 37.51 0.9776 0.102 31.81 0.8046 0.211
N2V [28] 32.27 0.862- - 33.83 0.873- - - - -
N2S [29] 33.38 0.846- - 35.04 0.902- - - - -
S2S [79] 37.52 0.951- - 38.37 0.962- - 30.76 0.695- -
AP-BSN [30] 34.86 0.9744 0.131 36.45 0.9750 0.099 32.40 0.8461 0.335
R2R [32] 33.43 0.9564 0.227 36.23 0.9655 0.151 27.17 0.5250 0.448
LG-BPN [31] 34.58 0.9755 0.135 36.59 0.9763 0.102 33.12 0.8668 0.283
ZS-N2N [80] 33.51 0.9571 0.224 35.99 0.9587 0.197 31.65 0.7674 0.222
ScoreDVI [81] 37.09 0.945- - 37.77 0.959- - 33.10 0.865- -
DMID-d (Ours) 37.99 0.9880 0.078 38.62 0.9853 0.069 33.40 0.8747 0.266
DMID-p (Ours) 37.09 0.9854 0.072 38.46 0.9843 0.067 33.09 0.8616 0.232

and S2S [79] are reported from R2R [32] and ScoreDVI [81]. TABLE 4

Since we reproduce more advanced methods AP-BSN [30]
and LG-BPN [31] for N2V [28] and N2S [29]. In addition,
S2S [79] requires too many iterations (4.5 x 10°) to produce
a single image which takes around 4 ~ 5 hours to process
an image of size 512 x 512. For our method, the noise
level of the latent noisy image after noise transformation
is pre-defined as a constant for CC [72], PolyU [73], and
FMDD [74], following NN method [53]]. In practice, fine-
tuning the noise level parameter could potentially lead to
even better performance for our method.

Table [3]and Figure [/ demonstrate our significant advan-
tages. The table [3| segregates supervised methods in the
top row and unsupervised methods in the bottom row. In
contrast to supervised methods, our unsupervised approach
yields significantly higher PSNR and SSIM scores. Super-
vised methods, trained on the SIDD dataset [84], suffer
from poor generalization, rendering them highly vulnera-
ble to out-of-distribution data. As a result, their outcomes
consistently exhibit significant residual noise. In contrast to
unsupervised methods, our results demonstrate a substan-
tial improvement. AP-BSN [30] and LG-BPN [31] often yield
overly blurred outputs, accompanied by texture distortion,
whereas our results maintain remarkably clear textures.
R2R [32] and ZS-N2N [_80] appear to grapple with complete
noise removal, leaving residual noise in the final results.
In contrast to the generative method, our results surpass
DaNet, [75] comprehensively across both metrics and vi-
sual performance. These experiments unequivocally under-
score the adeptness of our method in handling denoising
tasks, achieving high perceptual quality while introducing
minimal distortion.

The abnormal situation observed in the FMDD [74]
dataset concerning the LPIPS metric is worth discussing. It
is notable that our method and DaNet [75], both generative
methods, perform well on LPIPS for CC [72] and PolyU [73]

Ablation study of Embedding method. Setting1 is referred to whether
perform noise transformation and Setting2 is referred to whether
convert the image to the intermediate state x v of diffusion model.

Settingl | Setting2 ‘ cC 2] ‘ FMDD [74]
[PSNR / SSIM / LPIPS|PSNR / SSIM / LPIPS

X v 35.97 / 0.9769 / 0.095 | 29.47 / 0.6806 / 0.334
v v 37.09 / 0.9854 / 0.072 | 31.97 / 0.7830 / 0.314

but fail for FMDD [74]. Additionally, our method and LG-
BPN [31] perform well on PSNR and SSIM for FMDD [74]
but not on LPIPS. This situation appears abnormal. We
hypothesize that it may be due to the perception-distortion
curve phenomenon [19]. The perception-distortion curve
implies a contradiction between distortion-based metrics
and perception-based metrics. Therefore, outstanding per-
formance on distortion-based metrics can not align with
outstanding perception-based metrics. This explanation is
consistent with our results on CC [72], where our DMID-d
does not achieve the second-best results on LPIPS. Despite
the presence of such an abnormal situation, our method still
stands out among unsupervised methods. Disregarding this
abnormal situation, our method shines brightly even when
compared to various supervised methods.

5.4 Ablation Study

In this section, we conduct ablation studies to evaluate our
embedding method and ensembling method.

5.4.1 For embedding method

Our embedding method first performs noise transformation
and then converts the image to the intermediate state zy.
Therefore, for the embedding method, we first assess the
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DaNet MIRNet MPRNet NAFNet Uformer Restormer

32.02 / 0.2128 32.08 / 0.2169 29.65 / 0 2871 29.77 / 0.2789 35.11 / 0.1624 34.84 / 0.1235 PSNR / LPIPS
AP-BSN LG-BPN ZS-N2N DMID-d DMID-p Clean

37 04 / 0.1462 36.84 / 0.1666 36.99 / 0.1690 32.95 / 0.1677 36.28 / 0.1599 36.93 / 0.1564 36.78 / 0.1417
DaNet MIRNet MPRNet DeamNet NAFNet Uformer Restormer
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Fig. 7. Visual results on real-world image denoising. Our method achieves better denoising results and pictures restored by our method are more

detailed and realistic.

impact of noise transformation. Then, we evaluate the im-
pact of the choice of IN, which is crucial for our method,
as denoising cannot be performed without it for our DMID
method.

(a). Influence of noise transformation. We conduct ex-
periments on CC and FMDD with a fixed number
of sampling times S; = 1 and repetition times R; = 1.

Without converting the image into the intermediate state
zn of the diffusion model, our method cannot function.
Therefore, we consistently convert the image into the inter-
mediate state z v, whether performing noise transformation
or not. The results are presented in Table [ and it is
evident that noise transformation brings about significant
improvement.

This experiment demonstrates the significance of noise

transformation for our method. With noise transformation,
our approach becomes versatile in addressing various noise

types.

(b). Influence of N. We conduct experiments on McMas-
ter with noise level o = 25 using different choices of N with
a fixed number of sampling times S; = 1 and repetition
times R; = 1.

As explained in Section [4.2} the most optimal denoising
outcomes are realized when the denoising ability of the
diffusion model at timestep N matches the noise level of
the noisy image x . In simpler terms, we define the ratio
of the denoising ability and the noise level as 7, and when
n ~ 1 at timestep N, here we can get optimal denoising
outcomes and the timestep N corresponds to such a noise
level. This concept is intuitively straightforward, and the
denoising outcomes fluctuate based on alterations in the
correlation with 7 as illustrated in Figure |8| The distinction
between appropriate and inappropriate values of timestep
N can result in a significant difference in PSNR and LPIPS.

Since LPIPS is more tolerant to noise than to blurring
[83], the highest LPIPS score is frequently achieved when
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Fig. 8. Visual results of ablation study on the embedding method. The most optimal denoising outcomes are realized when the denoising ability of
the diffusion model at timestep N matches the noise level of the noisy image z .
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Fig. 9. Results of the ablation study on the embedding method with
varying timestep IN. The most optimal denoising outcomes are realized
whenn = 1.
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Fig. 10. Results of the ablation study on the ensembling method with
varying sampling times S;. Increased sampling times S; result in higher
distortion, particularly when S; > 1 for Gaussian denoising.

denoising is slightly incomplete. When 7 =~ 1 at timesetp N,
the timesetp IV is denoted as Noptimal- As for our method,
the optimal LPIPS is generally obtained within the range
of Noptimal — 1 t0 Noptimas — 5 as shown in Figure El In
our experiments, we just set NV to be Noptimal, and further
tuning could potentially yield even better LPIPS results.
This phenomenon, in which the optimal LPIPS score is not
attained at Nyptima while PSNR is achieved at Nyptimal, fur-
ther validates the credibility of our approach. It underscores
the accuracy of our IV calculation.

Furthermore, our method demonstrates robustness,
showing favorable denoising outcomes when n varies
within the range of 1 & 10% as shown in Figure[9]

This experiment demonstrates the necessity of embed-
ding into intermediate states and the appropriate choice of
N for our method. Without embedding into intermediate
states, our method cannot perform denoising. With the

TABLE 5
Results of the ablation study on the ensembling method with varying
sampling timesteps S;. Increased sampling timesteps S; result in
higher distortion, particularly when S; > 3 for real-world denoising.

S n cc PolyU FMDD
¢ t PSNR / SSIM | PSNR /SSIM | PSNR / SSIM
Sy =1|R =1 37.09/09854 | 3846 /09843 | 31.97 / 0.7830
S;=2|Ry=1]| 37.84 /09877 | 3856 /09849 | 33.09 / 0.8616
S, =3|Ry=1| 37.82/09876 | 3856 /09849 | 33.22 /0.8693
S, =4|Ry =1 3773 /09873 | 3852/09847 | 33.15/0.8671
S =5|R =1 3767709871 | 3851/09847 | 33.11 / 0.8668
Si=N|R,=1| 3749 /09866 | 3850 /09847 | 32.85/0.8578
24 0.33
23 0.31
z £
& Z
22 0.29
PSNR
LPIPS
21 0.27
1 10 20 30 40 50 60 70 80 90 99

Re

Fig. 11. Results of the ablation study on the ensembling method with
varying repetition times R;. Increased repetition times R; result in less
distortion, when R; > 1 for both Gaussian denoising and real-world
denoising.

appropriate choice of N, our denoising performance reaches
its maximum potential.

5.4.2 For ensembling method

Our ensembling method adaptively adjusts distortion and
perception based on requirements by adjusting the sampling
times and repeating the inference process. Therefore, for the
ensembling method, we separately evaluate the impact of
different values for sampling times .S; and repetition times
Rt-

(a). Influence of S;. We conduct experiments on Mc-
Master with noise level o = 250 using different sampling
times S; with a fixed number of repetition times R; = 1 for
Gaussian denoising. In addition, we conduct experiments
on CC [72], PolyU [73], and FMDD for real-world
denoising.
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TABLE 6
Compared with other diffusion-based methods on real-world denoising.

Method Extension with our method CC[72] PolyU [73] FMDD [74]
Embedding [ Ensembling PSNR SSIM  LPIPS | PSNR SSIM LPIPS | PSNR SSIM  LPIPS
DDRM X X 3352 09575 0221 | 36.00 09590 0.196 | 2723 0.5451 0.450
DDRM+Clean X X 36.03 09788 0.081 | 38.07 09828 0.057 | 29.61 0.7156 0.291
DDNM X X 33,52 09575 0222 | 36.01 09590 0.196 | 27.22 05442 0.450
DDNM-+Clean X X 3527 09723 0.126 | 3694 09700 0.133 | 29.18 0.6790 0.328
DM+Ours v X 3720 09855 0.072 | 3845 09844 0.067 | 3099 0.7721  0.308
DM+Ours v v 3797 09878 0.079 | 3857 09851 0.070 | 32.64 0.8788 0.254
DMID-d (Ours) v v 3799 09880 0.078 | 38.62 09853 0.069 | 33.40 0.8747 0.266
DMID-p (Ours) v v 37.09 09854 0.072 3846 09843  0.067 33.09 0.8616  0.232

TABLE 7

Fig. 12. Visual results of ablation study on the ensembling method. (Best
viewed with zoom-in)

Increasing sample timesteps S; can lead to more corrup-
tion and reconstruction times, and weaken the controllabil-
ity of the noisy image y introduced in each iteration. While
this can improve perceptual quality, it may also increase the
uncontrollability of picture details resulting in less similarity
in PSNR. The experimental results are as shown in Figure[I0|
for Gaussian denoising and Table[f]for real-world denoising.

The overall impact trend of sample timesteps S; is sim-
ilar for both Gaussian denoising and real-world denoising.
However, there are some noteworthy differences to consider.
For Gaussian denoising, when the repetition times are set to
R: =1, the optimal distortion result (the highest PSNR and
SSIM) is attained with a sampling time of S; = 1. However,
with an increase in repetition times, results obtained within
the range of 1 < S; < 10 can surpass the outcome obtained
with a sampling time of S; = 1. For real-world, denoising,
the optimal distortion result is always attained with sam-
pling times of S; 2 or Sy = 3. The results are shown
in Table 5| This is because real-world denoising is more
challenging, and 2-3 iterations tend to yield better results
with relatively less stochasticity. Increasing the number of
iterations introduces excessive stochasticity, and the perfor-
mance improvement is not sufficient to compensate for the
loss caused by increased stochasticity.

Compared with other diffusion-based methods on Gaussian denoising.

Noise DDRM [48] DDNM [49] DMID-d (Ours)
Level [PSNR /SSIM / LPIPS|PSNR / SSIM / LPIPS|PSNR / SSIM / LPIPS
o =50 |28.76 / 0.8950 / 0.163 | 29.20 / 0.9030 / 0.158 | 29.92 / 0.9155 / 0.121
o =100|26.12 / 0.8395 / 0.261 | 26.40 / 0.8484 / 0.249 | 27.01 / 0.8621 / 0.211
o = 150|24.70 / 0.8036 / 0.316 | 24.77 / 0.8085 / 0.308 | 25.39 / 0.8233 / 0.274
o = 200|23.66 / 0.7737 / 0.362 | 23.61 / 0.7763 / 0.352 | 24.28 / 0.7931 / 0.305
o = 250|22.81 / 0.7465 / 0.405 | 22.71 / 0.7487 / 0.387 | 23.44 / 0.7666 / 0.360

This experiment illustrates the capacity of our method to
adjust for distortion and perception.

(b). Influence of R;. We perform experiments on Mc-
Master with noise level o = 250 using different repetition
times R; and the same sampling times S; = 10.

More repetition times [?; can result in denoised images
that are more likely to match probability, resulting in less
distortion. The increase brought about by the ensembling
strategy has a severe marginal utility for distortion. The
increase after 10 times is small, but the impact on perception
lasts longer as shown in Figure While each candidate
image obtained exhibits slight variations, averaging them
could potentially lead to the loss of minor details. It is
important to emphasize that critical details are, nonetheless,
preserved. For instance, in Figure|12} we can observe a grad-
ual enrichment of details as the number of sampling times
S¢ increases. Furthermore, with an increase in repetition
times R;, we notice that most details tend to converge closer
to the clean image, including fine features such as whiskers,
which remain faithfully intact.

This experiment validates the robustness of our analysis
and further illustrates the capacity of our method to reduce
distortion.

5.5 Comparative Analysis and Extension to Diffusion-
Based Methods

In this section, we embark on a comprehensive analysis
that involves comparing our proposed method with other
diffusion-based image restoration methods. Additionally,
we explore the adaptability of our method to address
specific challenges and limitations encountered by existing
diffusion-based methods.
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Fig. 14. Visual results of the diffusion-based method and extension with
our methods.
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Firstly, we conduct experiments compared with other
diffusion-based image restoration methods. DDRM and
DDNM are the representative diffusion-based image
restoration methods. Tables [/] and [6] showcase the results of
Gaussian denoising on ImageNet and real-world denoising
on CC [72], PolyU [73], and FMDD [74]. As DDRM
and DDNM do not focus on image denoising, we do
not compare them in the previous Section [5.2] and Section
and the results in the table are produced by ourselves.
The hyperparameters of noise level used in DDRM and
DDNM are estimated using the method [85]. Other hy-

33.01 / 0.4090 37.31/0.2011 33.01 / 0.4075 35.70 / 0.2865 42.77 / 0.0265 41.74 / 0.0240 PSNR?T / LPIPS|
DDNM

33.38 / 0.2918 37.27 / 0.1000 33.38 / 0.2923 35.98 / 0.1648 40.32 / 0.0465 39.31 / 0.0342 PSNRT / LPIPS|
DDNM

15

DDNM-+Clean DMID-d DMID-p Clean

DDNM+Clean = DMID-d DMID-p Clean

g. 13. Visual results compared with other diffusion-baesd methods. Other methods can not deal with real-world noise.

perparameters are employed their recommended settings.
Due to their poor performance on real-world denoising,
we upgrade DDRM and DDNM to “DDRM+Clean” and
“DDNM-+Clean”, respectively. Here, for “DDRM+Clean”
and “DDNM+Clean”, we introduce the clean image as
auxiliary information to calculate the noise level for the
corresponding noisy image. However, their performance is
still limited.

As depicted in Figure both DDRM [48] and
DDNM struggle to handle image denoising tasks. That
is because these methods are not well-suited for image
denoising tasks. As discussed in Section they can not
circumvent the input inconsistency and overlook the content
inconsistency. In contrast, our method is designed to tackle
the two problems. Firstly, our method involves embedding
the noisy image with different noise into an intermediate
state, from which we subsequently sample. This interme-
diate state is closely tied to the noise level, and our em-
bedding technique allows for the denoising of a wide array
of noise types. Additionally, we establish a clear and noise-
dependent starting point for the sampling process. Secondly,
our method introduces an innovative ensembling method.
This ensembling method enables optimization based on
either distortion-based or perception-based requirements.
Notably, we provide a comprehensive comprehension of
how both distortion-based and perception-based quality are
influenced, and we present strategies for fine-tuning these
aspects according to specific requirements. In addition, our
DMID method represents a general strategy for denoising
within diffusion models, without imposing restrictions on
the sampling strategy, as explained in Section [4.1] Thus, our
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method can extend to other strategies and help them avoid
input inconsistency and content inconsistency.

Next, we will extend our method to DDRM [48] and
DDNM [49]. The sampling strategy in our method can
be arbitrary. However, practical applications require some
adjustments when applying different sampling strategies.
This is because various sampling methods have unique
designs and cannot be directly integrated. Both DDRM [48§]]
and DDNM [49] utilize the same sampling strategy for noise
handling, with the primary difference being that DDRM [48]]
involves a specific initialization step. This initialization,
however, conflicts with our embedding method and is there-
fore replaced. Thus, DDRM [48] and DDNM [49] are the
same for our method, and we denote them as DM.

The results are presented in Table [6} For the embedding
method, we apply the same noise transformation as in our
method. In addition, we convert the image to the intermedi-
ate state x y and start sampling from x . For the ensembling
method, we set the sampling times to be S; = 3 for CC [72]
and PolyU [73], and S; = 11 for FMDD [74].

The visual results are presented in Figure The ver-
sions featuring our embedding method and ensembling
method (referred to "DM +Ours”), outperform their original
counterparts DDRM [48] and DDNM [49] easily. Addition-
ally, “"DM +Ours” employs significantly fewer sampling
times compared to DDRM [48] and DDNM [49], respec-
tively. For example, the sampling times S; are 3 for "DM
+Ours”, whereas DDRM [48] and DDNM [49] require 20
and 100 sampling times, respectively, on the PolyU [73]
dataset. This difference arises because DDRM [48] and
DDNM [49] start sampling from pure Gaussian noise for
image denoising. The generated intermediate image xn
with a noise level similar to that of the original input noisy
image y does not align with the content and information
of the original input noisy image y for DDRM [48] and
DDNM [49]. Consequently, their results not only exhibit
poor performance but also demand a larger number of
sampling times. This experiment further emphasizes the
superiority, effectiveness, and scalability of our method.

6 CONCLUSION

In this paper, we present a novel strategy to stimulate the
diffusion model for image denoising. Specifically, we re-
visit diffusion models from the denoising perspective. Fur-
thermore, we propose an adaptive embedding method to
perform denoising and an adaptive ensembling method to
reduce distortion. Our method achieves SOTA performance
on both distortion-based and perception-based metrics, for
both Gaussian and real-world image denoising. In future
research endeavors, we intend to stimulate the diffusion
model for multiple other restoration tasks.
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