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Abstract

Many studies have concentrated on constructing supervised
models utilizing paired datasets for image denoising, which
proves to be expensive and time-consuming. Current self-
supervised and unsupervised approaches typically rely on
blind-spot networks or sub-image pairs sampling, resulting
in pixel information loss and destruction of detailed struc-
tural information, thereby significantly constraining the ef-
ficacy of such methods. In this paper, we introduce Prompt-
SID, a prompt-learning-based single image denoising frame-
work that emphasizes preserving of structural details. This
approach is trained in a self-supervised manner using down-
sampled image pairs. It captures original-scale image in-
formation through structural encoding and integrates this
prompt into the denoiser. To achieve this, we propose a
structural representation generation model based on the la-
tent diffusion process and design a structural attention mod-
ule within the transformer-based denoiser architecture to de-
code the prompt. Additionally, we introduce a scale replay
training mechanism, which effectively mitigates the scale gap
from images of different resolutions. We conduct comprehen-
sive experiments on synthetic, real-world, and fluorescence
imaging datasets, showcasing the remarkable effectiveness of
Prompt-SID.

Code — https://github.com/huaglili/Prompt-SID.

Introduction

Image noise arises from diverse sources, including sen-
sor noise and environmental factors, alongside potential in-
troduction during quantization and image processing pro-
cedures, thereby exerting adverse impacts on downstream
tasks such as classification (Wang et al. 2017), detec-
tion (Shijila, Tom, and George 2019), and segmentation (Liu
et al. 2020). Consequently, the quest for efficacious im-
age denoising methodologies assumes critical significance
within the domain of computer vision research.

In recent years, there has been a proliferation of learning-
based supervised denoising methodologies (Zhang, Zuo, and
Zhang 2018; Anwar and Barnes 2019; Mentes et al. 2021;
Zhang et al. 2017; Zamir et al. 2022b, 2021; Zhang et al.
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Figure 1: Comparison of Prompt-SID with other self-
supervised image denoising methods in terms of model pa-
rameters and experimental results of setting o € [5,50].

2023). Nonetheless, supervised denoising methods are be-
set by certain limitations, including their reliance on labeled
data and their limited adaptability to real-world scenarios.

Alternative paradigms such as unsupervised and self-
supervised methods (Laine et al. 2019; Wu et al. 2020; Pang
et al. 2021; Papkov and Chizhov 2023; Wang et al. 2023;
Zhang and Zhou 2023; Lehtinen et al. 2018) have emerged
to circumvent these constraints. Traditional self-supervised
denoising methods often employ mask strategies (Huang
et al. 2021; Wang et al. 2022) to extract downsampled im-
ages or introduce blind spots by altering convolutional ker-
nel visibility (Lee, Son, and Lee 2022; Song, Meng, and
Ermon 2020; Krull, Buchholz, and Jug 2019). However,
these methods, although effective in building image denois-
ing pipelines, suffer from significant pixel information loss.
During the process of sampling sub-images, some pixels
are selected while others are discarded. Additionally, in the
training of blind-spot networks, the central pixel of the con-
volutional kernel is also invisible. Furthermore, compared to
blind-spot networks, downsampled images suffer from more
severe structural damage and semantic degradation.

To address the aforementioned issues, we introduce
Prompt-SID, a prompt-learning-based single-image denois-
ing framework that primarily addresses the semantic degra-
dation and structural damage caused by the sampling pro-
cesses of previous self-supervised methods. We design
a structural representation generation diffusion (RG-Diff)
based on a latent diffusion model, using the degraded struc-



tural representations as conditional information to guide the
recovery of undamaged ones. In this process, we encode in-
formation from all pixels, thereby preserving the previously
invisible pixels while avoiding identity mapping. We also
design a structural attention module (SAM) in the denoiser
to integrate the structural representation as a prompt, further
decoding them into feature images. Our approach leverages
a multi-scale alternating training regime to mitigate the is-
sues of information loss and structural disruption typically
encountered during the sub-sampling process. Additionally,
through the scale replay mechanism, our method effectively
reduces the scale gap and achieves domain adaptation. Dur-
ing inference, our framework generalizes seamlessly to de-
noising tasks on original scale images, maintaining the in-
tegrity of structural details. Notably, just as shown in Fig.
1, our approach has demonstrated impressive results on syn-
thetic, real-world, and fluorescence imaging datasets while
maintaining a relatively low parameter count.
The contributions of our work can be summarized as:

* Based on prompt learning, we develop a self-supervised
image denoising pipeline, extracting structural represen-
tations from the original images to inform and guide the
restoration process of the downsampled inputs.

* To bridge the scale gap between the downsampled do-
main and the original resolution domain, we devised a
branch dedicated to processing the original resolution,
indirectly contributing to the optimization process to pre-
vent pixel identity mapping.

e Pioneering of applying diffusion models to self-
supervised image denoising, we have engineered a novel
structural representation generation diffusion, leveraging
the powerful capability of the generative model to refine
semantic representation prompts within the latent space.

* Our method surpasses existing SOTA approaches across
various datasets, including synthetic, real-world, and flu-
orescence imaging datasets, demonstrating its superiority
in image-denoising tasks.

Related Works
Self-Supervised Image Denoising

Self-supervised image denoising methods have evolved pri-
marily along two paths. The first path, exemplified by meth-
ods like noise2void (N2V) (Krull, Buchholz, and Jug 2019),
employs blind spot to introduce invisible pixels within the
central region of convolutional kernels, thereby circumvent-
ing the issue of identity mapping. Recent advancements such
as AP-BSN (Lee, Son, and Lee 2022) extend blind spot net-
works by introducing a shuffling mechanism to disrupt the
spatial continuity of noise in natural images. Additionally,
some studies (Wang et al. 2023) modify the blind spot ar-
eas within convolutional kernels. The second path, as Fig.
2 shows, represented by noise2noise (N2N) (Lehtinen et al.
2018), positing that training with L2 loss tends to converge
towards the mean of observed values. This suggests the fea-
sibility of replacing desired training targets with distribu-
tions having similar means. Subsequent endeavors (Huang
et al. 2021; Mansour and Heckel 2023; Li et al. 2023) have

4735

Loss

N

a: Noise2noise

(oo~

Noisy imagel

Noisy image2
b: Neighbor2neighbor

@m0

/eI

Sample2

Loss

c: Ours

Figure 2: The distinctions between the pipelines of N2N,
NBR2NBR, and Prompt-SID.

been dedicated to self-supervised training by downsampling
inputs and targets from single noisy images.

Diffusion Model in Low-Level Tasks

Diffusion models (Ho, Jain, and Abbeel 2020; Song, Meng,
and Ermon 2020; Kawar et al. 2022) leverage parameterized
Markov chains to optimize the lower variational bound on
the likelihood function, thereby enabling them to generate
more precise target distributions compared to other gener-
ative models such as GANs. Over recent years, they have
garnered significant attention in image restoration tasks, in-
cluding super-resolution (Li et al. 2022; Lin et al. 2023), en-
hancement (Wang et al. 2024), inpainting (Xia et al. 2023),
and so forth. These approaches often fine-tune a pre-trained
stable diffusion model and directly decode the generated la-
tent space representations to obtain outputs. However, these
generation methods inevitably introduce a degree of ran-
domness, resulting in subtle semantic deviations at the im-
age level due to sampling Gaussian noise. Additionally, it
fails to meet the requirements for lightweight deployment.

Method

To address the issues of low pixel utilization and structural
damage, we made the following improvements in Prompt-
SID. Firstly, We applied a spatial redundancy sampling strat-
egy to minimize pixel wastage. Secondly, during the train-
ing phase at the downscaled image, we introduced RG-Diff
for extracting structural representations via latent diffusion.
Leveraging the generative capacity of the diffusion model,
We aim for the model to utilize structural information from
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Figure 3: The primary denoising pipeline of Prompt-SID. (a) This method acquires the sub-images for network training through
a spatial redundancy sampling strategy. These inputs are denoised using SPIformer, while the original image’s structural repre-
sentation is obtained as a prompt through RG-Diff. Each Transformer block incorporates a SAM to facilitate feature fusion. (b)
During inference, Prompt-SID exclusively employs the original scale image through SPIformer and the RG-Diff branch.

the downscaled images to recover corresponding represen-
tations at the original scale. The structural representations
generated are then fused into the SPIformer using the SAM
mechanism. Additionally, to ensure the trained model gener-
alizes effectively on original-scale images, we incorporated
a scale replay mechanism during training: following the pro-
cessing of downscaled images in each iteration, gradients are
frozen, and an additional inference pass is conducted on the
original-scale images. The pipeline of our method is illus-
trated in Fig. 3.

Spatial Redundancy Sampling Strategy

Following the principles of noise2noise, targets that adhere
to a zero-mean noise while similar to the ground truth can
serve as a supervisory signal. So we sample the input and
target for network training within a single noisy image.

By employing spatial redundancy sampling strategy m,
we can obtain sub-images m1(x), ma(x), ms(x) from the
original-scale noisy image x. First, we divide the image x
into h/2 x w/2 small blocks, with each block containing four
pixels. The small block located in the i-th row and j-th col-
umn is named b(i, j). From each block, we randomly sam-
ple three adjacent pixels p1(b(i,j)), p2(b(i,])), p3(b(i,])),
where p1(b(i, j)) is adjacent to the other two pixels. The se-
lection of po(b(i,j)) and p3(b(i,j)) is random among the
remaining two pixels. Subsequently, we obtained three sub-
images that are one-fourth the size of the original image.

The process can be written as follows:

h/2 w/2

My (X) = Zan(b(i,j)),n =1,2,3

i=1 j=1

ey

Structural Representation Generation Diffusion

We propose structural representation generation diffusion
(RG-Diff), performing the diffusion process withina 1 x NV
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dimensional vector space. To minimize the randomness in
the generation process, we design a joint training framework
using the £, loss in vector space, and integrating the gener-
ated representations into the feature map processing branch,
rather than directly decoding them into output results. The
operational principle of RG-Diff is illustrated in Fig. 4.

First, we designed a pixel structure encoder (PSE) to com-
press image information into the implicit space and extract
structural representations. The PSE comprises several resid-
ual blocks, a global average pooling layer, and two linear
layers. We encode the downscaled image m;(x) and the
original scale image x, resulting in the structural representa-
tions of the downsampled image c,;, and the original scale
image mathb fc,,.4(0) respectively. The process can be rep-
resented by the following equation:

Csup = PSE(m1(x)) )

3)

Subsequently, we perform the forward diffusion process
based on ¢,r.4(0). At a sampled time step ¢, the forward dif-
fusion is carried out using the following equation, where
Corg(0) Serves as the initial state. We introduce noise to this
representation according to the Markov process.

Q(Corg(t) |co7'g(0)) = N(Corg(t); \/O_thorg(O); (176%)1) 4

Here, c,,4(;) represents the state with noise obtained after
t steps of sampling on C,.¢(0y. @¢ is @ manually designed
hyperparameter. 3; is the predefined scale factor, which in-
creases linearly with the time steps. The relationship be-
tween @y and [ satisfies: oy = 1 — B¢, &y = H’;:lat.

In the reverse process, we incorporate Cs,p, as a con-
ditional control input through concatenation during the t-
step denoising procedure. Given that the features are one-
dimensional vectors, we employ MLP for this task. Unlike
the conventional reverse diffusion process, where the inputs

COTg(O) = PSE(X)



1x(2xC+1)

(— — N 1)(_1)(? B
é ’é § S =l 5 concat B 1xC 1xC |4 |2 1xT
m(X)—’ —_— — e 2 vl @ i (u] - - 1) 8 g
1 2|2 21 sl-£|-£ timestep g 51 1 =] I
MEREE s —||2 EE T ETIE AR
\—/ L Csub Csub - =~ 8 = d
g S 12 B
( — — — ) Yol c 4 én* t—1 (Ajor( 0
@ G 1xC 1XC 8B MLPblock orglt=y iy
o || 2 o]l =|] = 0
=] = =] =) < <
X 2|3 =1 2l gl € —VE e — e I
[72) |7 W & ~E -E
HEIRE B IR Cor €
\— — ) Cm‘g(O) Co‘r‘g([)

Figure 4: Diagram of the RG-Diff branch. Initially, PSE encodes the image representation into an implicit space, followed by
a diffusion process within this space to obtain c,,4(¢). Utilizing the representation of m1(x) as a conditioning factor, RG-Diff
guides the restoration of the representation of x. This is achieved by merging ¢,,¢(¢), Csup and timestep t in the reverse diffusion

stage inputting them into the denoising network.
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Figure 5: Introducing a scale-replay training branch without
gradient backpropagation. We pass the original-scale noisy
image x through Prompt-SID and downsample the denoised
result to obtain m1 (fy(x)), ma(fo(x)), ms(fo(x)). These
downscaled outputs are utilized to enforce regularization
constraints on the image restoration loss.

to the denoising network consist of time step t and the inter-
mediate state c;, we concatenate Cg,p With ¢,,.4(4) at the fea-
ture level. This joint input is crucial for guiding subsequent
generation steps. The reverse diffusion process at each time
step can be articulated as follows:

~ 1 ~ ~ 1— oy
org(t—1) =— — —1Cor - or ’ 7t B e 5
Corg(t—1) \/OTt{C g(t) f@ (C g(t)s Csub ) m} ( )

In this context, fy denotes the parameters of the denoising
network. Due to the computational efficiency of this branch,
we perform reverse diffusion across all time steps to obtain
the final representation €,,.¢(o). To control the generation di-
rection, we impose the following constraint using L4 loss.

(6)

The structural representation €,,.4(o) is utilized in the image
restoration branch for decoding, thereby directing the gener-
ation at the feature map level.

Ldiff = Héorg(O) - COTQ(O)Hl

Structural Prompt Integrative Transformer

We employ the vision transformer (ViT) (Dosovitskiy et al.
2020) module as the branch of image reconstruction. Simi-
lar to prior research (Zamir et al. 2022a; Zhang et al. 2023;
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Chen et al. 2022), our transformer module comprises two
components: the multi-head self-attention block and the gate
control network. Additionally, we introduce a structural at-
tention module (SAM) to incorporate the previously gener-
ated structural representation €,,.4(q) into the feature map.
The primary operation principle of SAM can be delin-
eated into two phases: channel attention extraction and com-
putation, and the integration of structural embedding in-
formation. We acquire channel attention weights through
global average pooling and 1x1 convolution applied to the
feature maps, as illustrated by the following equation:

Csca = AvgPool(F) « W1 + by 7

In this equation, AvgPool(F) denotes the global average

pooling operation applied to the feature map F. The result-
ing output is subsequently multiplied by the weight W,
and added to the bias b;;. Subsequently, we merge ¢, and
Corg(0) to jointly derive channel attention weights that direct
the processing of the feature maps. The precise procedure is
outlined as follows:

F= Wslcsca © Wcléorg(o) ® NOT'm(F)

X ®)
+ WiaCseq © WCQCorg(O)

In the equation mentioned above, W1, Wy, W1, W o
represents the weight matrix of the linear layer. F represents
the feature map processed by the SAM.

Scale Replay Mechanism and Loss

After passing through SPIformer, we derive fg(mi(x)),
where fy denotes the network parameters requiring opti-
mization in RG-Diff and SPIformer. The reconstruction loss
is computed by evaluating the Lo loss between fy(mq(x))
and m2(x), as well as between fy(mq(x)) and mg(x). The
specific formula is outlined as follows:

Lree=|[fo(ma(x))=m2(x)l[y+[fo(m1(x)) =ma(x)ll, ()

In the preceding discussion, we emphasized the necessity
of addressing the generalization between downscaled and
original-scale images. Our objective is to train a model capa-
ble of alleviating the domain gap between them. Therefore,
in each iteration, we conduct an additional inference process
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Figure 6: The visual comparison of Prompt-SID with state-of-the-art self-supervised image denoising methods in synthetic
noise experiments, demonstrating results for Poisson noise set at level 30 tested on the Kodak dataset.

Dataset  Baseline,N2C CBM3D N2V NBR2NBR B2U ZS-N2N Ours
Kodak 32.43/0.884 | 31.87/0.868 30.32/0.821 32.08/0.879  32.27/0.880  29.25/0.779  32.41/0.883
o=25 BSD300  31.05/0.879 | 30.48/0.861 29.34/0.824  30.79/0.873  30.87/0.872 28.56/0.801  31.16/0.880
Set14 31.40/0.869 | 30.88/0.854 28.84/0.802 31.09/0.864 31.27/0.864 28.29/0.779  31.45/0.868
Kodak 32.51/0.875 | 32.02/0.860  30.44/0.806  32.10/0.870  32.34/0.872  29.50/0.767  32.67/0.876
o €[550] BSD300 31.07/0.866 | 30.56/0.847 29.31/0.801 30.73/0.861 30.86/0.861  28.96/0.797  31.19/0.866
Set14 31.41/0.863 | 30.94/0.849 29.01/0.792  31.05/0.858 31.14/0.857 28.98/0.783  31.22/0.860

Table 1: Quantitative results on synthetic datasets in SRGB space for Gaussian noise set. The highest PSNR(dB)/SSIM among
unsupervised denoising methods are highlighted in bold.

Dataset ~ Baseline,N2C CBM3D N2V NBR2NBR B2U ZS-N2N Ours
Kodak  31.78/0.876 30.53/0.856  28.90/0.788  31.44/0.870 31.64/0.871 28.70/0.756  31.65/0.874
A =30 BSD300  30.36/0.868 29.18/0.842  28.46/0.798  30.10/0.863  30.25/0.862  28.07/0.787  30.43/0.869
Setl4 30.57/0.858 29.44/0.837  27.73/0.774  30.29/0.853  30.46/0.852  27.72/0.758  30.56/0.858
Kodak  31.19/0.861 29.40/0.836  28.78/0.758  30.86/0.855 31.07/0.857  28.10/0.725  31.49/0.864
A €[550] BSD300 29.79/0.848 28.22/0.815  27.92/0.766  29.54/0.843  29.92/0.852  27.68/0.765  30.01/0.855
Setl4 30.02/0.842 28.51/0.817  27.43/0.745  29.79/0.838  30.10/0.844 27.51/0.748  30.34/0.852

Table 2: Quantitative results on synthetic datasets in SRGB space for Poisson noise set. The highest PSNR(dB)/SSIM among
unsupervised denoising methods are highlighted in bold.

on the original-scale images. The steps of the model infer- Experiment
ence process are illustrated in Fig. 3. We encode x using Implementation Details

the PSE and feed the structural representation c, into RG-
Diff, which introduces random Gaussian noise during infer-
ence and performs reverse diffusion guided by c,. Concur-
rently, x undergoes processing through a feature manipula-
tion branch where structural representations are fused.

Training Details. We select supervised method (Ron-
neberger, Fischer, and Brox 2015), CBM3D (Dabov et al.
2007a), BM3D (Dabov et al. 2007b), anscombe (Mak-
italo and Foi 2010), noise2void(N2V) (Krull, Buch-
.. . holz, and Jug 2019), NBR2NBR (Huang et al. 2021),
The overall training process with the scale replay mecha- blind2unblind(B2U) (Wang et al. 2022), zero shot

nism is illustrated in Fig. 5. To prevent identity mapping, we . .

compute losses using the downsampled version of the de- n01.s.eZn01se(ZS—N2N) (Mansour gnd Heckel 2023) for
noised original-scale image, rather than directly supervised writing. More comparative experimental results can be
by the noisy original image. found in the supplementary material. We obtain quantitative

and qualitative results from other methods by adopting

Loo= ||f9(m1 (X)) —my (fe(X)) — Mo (x)+m2 (fe (X)) H2 ofﬁcial'pye-trained models and running their public COd?S.

il o (i (1)) — s (Fo () — m(x)+ma( fo(x))] (10) For training, we fixed the decay rate for the exponential

e 1\Jo 3 S 2 moving average at 0.999 and initialized the learning rate

to 0.0002. Parameter optimization and computation were

performed with Adam optimizer, setting 51 to 0.9 and /32 to
0.99. All training was executed on one Nvidia RTX3090.

The expression for the final loss is as follows:

L= arecLrec + asclse + QaiffLaiff (1D Datasets. In synthetic denoising, we curated a training

set comprising 44,328 images from the ILSVRC2012

Qtrec, Otse and aug; gy are adjustable hyperparameters. In our dataset (Deng et al. 2009), with testsets named kodak,
experiments, we set them to 1, 1.5, and 1, respectively. BSD300 (Martin et al. 2001), and setl4 (Zeyde, Elad, and
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Figure 7: Visual comparison of our method against other methods on SIDD Benchmark. All images are converted from raw
RGB space to sSRGB space by the ISP provided by SIDD for visualization. Best viewed in color.

SIDD dataset  Baseline,N2C CBM3D N2V NBR2NBR B2U 7ZS-N2N DT Ours
Benchmark 50.60/0.991 48.60/0.986 48.01/0.983  50.47/0.990 50.79/0.991 47.68/0.981 47.68/0.981 51.02/0.991
Validation 51.19/0.991 48.92/0.986 48.55/0.984 51.06/0.991 51.36/0.992 48.75/0.985 48.75/0.985 51.55/0.992

Table 3: Quantitative comparisons (PSNR(dB)/SSIM) on SIDD benchmark and validation datasets in raw-RGB space. The best
PSNR(dB)/SSIM results among denoising methods are marked in bold.

Protter 2012). In real-world denoising, We utilized SIDD-
Medium dataset (Abdelhamed, Lin, and Brown 2018) in the
raw-RGB domain as the training set. For testing, we em-
ployed two datasets: SIDD validation and SIDD benchmark.
Moreover, We employed the two-photon calcium imaging
of a large 3D neuronal populations dataset, as proposed by
SRDtrans (Li et al. 2023), for training and testing on the flu-
orescence imaging dataset. More implementation details can
be found in the supplementary material.

Benchmarking Results

Synthetic Denoising. For sSRGB images, we conducted four
sets of experiments under Gaussian and Poisson noise set-
tings. Our results are displayed in Fig. 6, Tab. 1 and 2.
Overall, our method attained outstanding results, exhibit-
ing superior performance across the majority of experimen-
tal metrics. Specifically, in all experimental trials, our ap-
proach surpassed SOTA method B2U (Wang et al. 2022)
on all test datasets. Furthermore, our method exhibited a
consistent 0.21-0.34dB improvement over another sampling
method NBR2NBR (Huang et al. 2021) across various met-
rics, owing to our structural representation prompt strategy.
Notably, Our approach demonstrates measurable enhance-
ments over traditional supervised methods (Ronneberger,
Fischer, and Brox 2015). Specifically, in the A € [5, 50] ex-
periment, we outperformed the baseline by 0.32dB on the
Set14 dataset. Moreover, Across twelve experimental set-
tings spanning three datasets, our method outperformed su-
pervised approaches in eight instances.

Real-world Denoising. The quantitative results on real-
world datasets are presented in Tab. 3. On the SIDD dataset
in the raw-RGB domain, we achieved a 0.55 dB and 0.49
dB advantage on the SIDD validation and SIDD benchmark
datasets respectively, relative to the original architecture of
our method NBR2NBR (Huang et al. 2021). In comparison
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Sampling rate  Baseline, N2C NBR2NBR  B2U  Ours
1 Hz 15.65 15.18 1546 15.89
3Hz 16.28 15.58 15.65 15.98
10 Hz 16.14 15.79 1598 16.06

30 Hz 20.89 20.21 21.12  21.10

Table 4: The fluorescence imaging denoising experiment’s
quantitative results were assessed using SNR(db). The best
results among denoising methods are marked in bold.

to the previous state-of-the-art method, B2U (Wang et al.
2022), we demonstrated improvements of 0.23 dB and 0.19
dB. This can be attributed to the more efficient attention
mechanism of the transformer compared to traditional con-
volutions, and it also underscores the effectiveness of the
integrated re-visualization pixel strategy from the network
structure. Furthermore, we surpassed the Denoise Trans-
former(DT) (Zhang and Zhou 2023) method that utilizes a
transformer as the backbone. This further validates the effec-
tiveness of diffusion in generating prompts that fuse multi-
scale information. By visualizing the results in Fig. 7, we
observe that Prompt-SID outperforms in preserving details,
minimizing edge blurring and color imbalance.

Fluorescence Imaging Denoising. Our results on fluores-
cence imaging denoising are outlined in Tab. 4. For com-
parative analysis, we selected baseline methods N2C (Ron-
neberger, Fischer, and Brox 2015), NBR2NBR (Huang et al.
2021), and B2U (Wang et al. 2022). Prompt-SID outper-
forms other self-supervised methods and achieves results
comparable to supervised approaches. Notably, our results
surpass the supervised baseline performance at both 1Hz and
30Hz scanning speeds. Upon visualizing the results in Fig.
8, we observed that our method exhibits strong generaliza-
tion to fluorescence imaging data distribution and achieves



Noisy Denoised Noisy Denoised

Figure 8: Visual results of fluorescence imaging datasets.

Dataset SIDD Kodak Setl4

w/o RG-Dift 51.32/0.991 31.97/0.874 31.06/0.862
w/o RG condition ~ 51.40/0.991  32.25/0.881  31.32/0.867

w/o Lse 50.97/0.990 32.01/0.879  30.89/0.861
w/o Laigy 51.03/0.990  32.32/0.883  31.38/0.868
ours 51.55/0.992  32.41/0.883  31.45/0.868

Table 5: Ablation studies on the effect of different modules
in real-world and Gaussian o = 25 datasets.

remarkable image restoration even with significant noise.

Ablation Study

The Ablation of Several Modules. We conducted the fol-
lowing module ablation experiments and tested them on the
SIDD benchmark, as well as Kodak and Set14.

The settings for the four sets of experiments are as fol-
lows: 1) Ablation experiment on the Structural representa-
tion Prompt. We conducted an ablation on RD-Diff within
Prompt-SID, removing the Structural representation Prompt,
and simultaneously eliminating the fusion mechanism of
SAM in the denoiser. 2)Within the RD-Diff branch, we omit-
ted the mechanism that uses the structural representation of
downsampled images as a conditioning factor for genera-
tion, substituting it with an equally shaped Gaussian noise.
Consequently, the diffusion model branch transformed into a
traditional unconstrained generative branch. 3)We removed
the scale replay mechanism, thereby excluding its influence
on model training in the loss function L,.. During train-
ing, the denoiser solely processes downsampled images and
structural representation prompts. 4)We removed Lg; s ¢, im-
posing no loss constraints on the generation of structural rep-
resentations.

The experimental results are presented in Tab. 5 and Fig.
9. The full version of Prompt-SID exhibits performance im-
provements compared to the other ablation experiments. In
sets 1 and 2, there is a degradation in image semantic details
(such as the stacking of petals at the top of the rose). After
removing the scale replay mechanism, the denoised images
are blurrier than Prompt-SID, as the model did not encounter
higher resolution information during training.

How Does the Prompt Work? To validate the effectiveness
of the structural representation mechanism, we designed an

w/o RG-Diff  w/o RG condition wW/0 Lairp w/o Lgc Full Version

Figure 9: Visual results of ablation experiments.

Pre. After. Pre. After.

0 100 200 300 400 500

Figure 10: The visualization of the feature map, where pre.
and after. represent before and after the prompt fusion.

ablation experiment to visualize the feature maps before and
after prompt integration. We averaged the images along the
channel dimension during the first SAM operation on the
feature maps. The experimental results are shown in Fig.
10. The results demonstrate that the structural representa-
tion possesses the implicit ability to restore semantic struc-
tures and high-frequency edges. In feature map computa-
tion, prompt fusion emphasizes channels with richer struc-
tural details and semantic representations while attenuating
the influence of noisy channels for high-frequency filtering.

Conclusion

We present Prompt-SID, a prompt-learning-based self-
supervised image denoising framework that primarily ad-
dresses the semantic degradation and structural dam-
age caused by the sampling processes of previous self-
supervised methods. Our approach demonstrates the im-
mense potential of the diffusion model and prompt-learning
in image denoising tasks. We design a structural representa-
tion generation diffusion(RG-Diff) based on a latent diffu-
sion model, using the degraded structural representations as
conditional information to guide the recovery of undamaged
ones. Additionally, through the scale replay mechanism,
our method effectively reduces the scale gap between sub-
sampled and original scale images. Extensive experiments
demonstrate that our method consistently achieves state-of-
the-art performance across synthetic, real-world, and fluo-
rescence imaging datasets.
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