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Abstract

Diffusion models have revealed powerful potential in all-in-
one image restoration (AiOIR), which is talented in gener-
ating abundant texture details. The existing AiOIR methods
either retrain a diffusion model or fine-tune the pretrained
diffusion model with extra conditional guidance. However,
they often suffer from high inference costs and limited adapt-
ability to diverse degradation types. In this paper, we pro-
pose an efficient AiOIR method, Diffusion Once and Done
(DOD), which aims to achieve superior restoration perfor-
mance with only one-step sampling of Stable Diffusion (SD)
models. Specifically, multi-degradation feature modulation is
first introduced to capture different degradation prompts with
a pretrained diffusion model. Then, parameter-efficient con-
ditional low-rank adaptation integrates the prompts to en-
able the fine-tuning of the SD model for adapting to differ-
ent degradation types. Besides, a high-fidelity detail enhance-
ment module is integrated into the decoder of SD to improve
structural and textural details. Experiments demonstrate that
our method outperforms existing diffusion-based restoration
approaches in both visual quality and inference efficiency.

Code — https://github.com/tonia86/DOD

Introduction
All-in-One Image Restoration (AiOIR) aims to handle mul-
tiple degradation tasks within a unified framework, thereby
enhancing the robustness and deployment efficiency of im-
age restoration models. The existing methods typically im-
prove model adaptability through scalable network architec-
tures (Wang et al. 2024; Zeng et al. 2025; Tian et al. 2025),
multi-task learning strategies (Wu et al. 2024), and integrat-
ing task-specific and task-agnostic priors (Yan et al. 2025;
Luo et al. 2023). However, most of these methods primar-
ily focus on optimizing distortion-based metrics (e.g., PSNR
and SSIM), while ignoring the equally important perceptual
quality (e.g., LPIPS and MANIQA).

Recently, diffusion-based AiOIR methods (Xiong et al.
2025; Zheng et al. 2024; Jiang et al. 2024; Ai et al. 2024)
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Figure 1: Comparison on five restoration tasks using
MANIQA and MUSIQ shows that our method consistently
outperforms others.

have gained increasing attention, owing to the strong poten-
tial in modeling complex natural image distributions. It fa-
vors more realistic outputs with superior perceptual quality.
Existing diffusion-based approaches primarily fall into two
categories: 1) Train diffusion models from scratch with the
specific dataset (Xiong et al. 2025; Zheng et al. 2024). While
offering the generative ability for customized tasks, they de-
mand significant training expense and large-scale datasets
to obtain a robust model. 2) Fine-tune the pre-trained diffu-
sion models (e.g., Stable Diffusion (Rombach et al. 2022))
(Jiang et al. 2024; Ai et al. 2024). By means of the power-
ful diffusion prior in structure and texture generation, these
approaches typically promote image restoration effects via
adding conditional guidance or extra enhancement modules,
while they still struggle to adapt to different degradation
types. Note that these two types of methods rely on multi-
step sampling, resulting in low inference efficiency that hin-
ders practical deployment. Hence, it is desirable to propose
an efficient diffusion-based method for robust AiOIR, which
can reduce burdensome inference costs.

In this paper, we aim to design an efficient one-step diffu-
sion method based on the pretrained Stable Diffusion (SD)
for AiOIR, which can not only accelerate the inference
but also maintain a superior restoration effect. However, it
would face several challenges: 1) how to effectively char-
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acterize diverse image degradation patterns to optimize and
guide diffusion models for robust image restoration; 2) how
to perform model fine-tuning while preserving the original
parameter priors of the SD; 3) how to compensate for the
high-quality detail loss inherent to one-step sampling.

To address the above problems, we propose a novel
framework, Diffusion Once and Done (DOD), which is de-
signed as a degradation-aware one-step diffusion solution
for efficient and high-quality image restoration. Inspired by
the efficient fine-tuning capability of Low-Rank Adaptation
(LoRA) (Hu et al. 2022), we design a degradation-aware
LoRA strategy that dynamically modulates the model’s fea-
ture space under varying degradation conditions, enabling
effective modeling of diverse degradation patterns.

Specifically, our DOD includes Multi-degradation Fea-
ture Modulation (MFM), Parameter-efficient conditional
LoRA (PLA), and High-fidelity Detail Enhancement (HDE).
MFM aims to extract separate degradation information from
intermediate features of the pretrained DDPM (Ho, Jain, and
Abbeel 2020), which can effectively distinguish different de-
graded types. PLA integrates the degradation prompts with
LoRA for feature space refinement, enabling a single set of
parameters to adapt to different degradation types. In HDE,
we design the detail enhancement module to promote the
texture and detail reconstruction.

The whole method is optimized in a two-stage way
to achieve fast and high-quality restoration. The two-
stage training strategy ensures both computational effi-
ciency through parameter-efficient tuning and performance
superiority via degradation-aware adaptation and detail
refinement. Extensive experiments demonstrate that our
DOD achieves superior performance across multiple AiOIR
benchmarks (as illustrated in Fig. 1). Notably, it reduces the
sampling steps from multiple iterations to just one step, sig-
nificantly improving inference efficiency. Meanwhile, with
minimal parameter fine-tuning, our approach attains ex-
ceptional restoration quality, showcasing its strong practi-
cal value and deployment potential for real-world image
restoration applications.

In summary, our contributions are as follows:

• We propose a one-step diffusion model for AiOIR that
leverages abundant priors from SD, achieving high-
quality restoration with significantly reduced inference
time and trainable parameters.

• We introduce a degradation-aware LoRA strategy, which
adaptively modulates the feature space based on degra-
dation cues extracted from a pre-trained diffusion model,
enabling effective removal of diverse degradations.

• We further incorporate a detail enhancement module in
the decoder of SD to improve the restoration of textures
and structural details. Besides, we adopt a two-stage op-
timization strategy to enable stable training.

• Extensive experiments show that our DOD achieves the
best perceptual metrics with higher reconstruction accu-
racy on multiple image restoration tasks.

Related Works

All-in-one Image Restoration

Existing AiOIR methods typically improve generalization
by architectural design and prompt mechanisms. For exam-
ple, AirNet (Li et al. 2022) introduces a degradation encoder,
TransWeather (Valanarasu, Yasarla, and Patel 2022) uses a
query-based Transformer, PromptIR (Potlapalli et al. 2023)
and DA-CLIP (Luo et al. 2023) enhance restoration via
lightweight prompts and semantic guidance. Recent works
such as VLU-Net (Zeng et al. 2025), DFPIR (Tian et al.
2025), and AdaIR (Cui et al. 2024) have pushed forward the
progress of AiOIR by incorporating visual-language mod-
els, frequency-aware perception, and adaptive strategies.

With the success of diffusion models in image generation,
some studies have explored their application in restoration.
One group retrains diffusion models for multi-degradation
tasks (e.g., WeatherDiffusion (Özdenizci and Legenstein
2023), JCDM (Yue et al. 2025), DA2Diff (Xiong et al.
2025), DiffUIR (Zheng et al. 2024)), but these approaches
are costly and underutilize pre-trained priors. Others fine-
tune large models like SD (e.g., AutoDIR (Jiang et al.
2024), MPerceiver (Ai et al. 2024), Diff-Restorer (Zhang
et al. 2024b)), which leverage strong priors but often involve
heavy parameters and slow inference. To address these is-
sues, we propose a novel AiOIR method based on SD, com-
bining LoRA for efficient fine-tuning with a one-step diffu-
sion mechanism to significantly accelerate inference while
maintaining generation quality.

Fine-tuning Strategies for AiOIR

Rapid advances in large generative models like diffusion
models have made leveraging their priors vital for im-
age restoration. Existing methods fall into two categories:
structure-guided approaches using ControlNet (Zhang, Rao,
and Agrawala 2023) and lightweight fine-tuning with LoRA
(Hu et al. 2022). ControlNet injects structural priors (e.g.,
edges, depth) into diffusion models for conditional genera-
tion and is widely used in restoration. Key examples include
DiffBIR (Lin et al. 2024), AdaptBIR (Liu et al. 2024), and
Diff-Restorer (Zhang et al. 2024b), which improve structural
awareness and adaptability. However, these methods often
have complex designs and high inference costs.

In contrast, LoRA offers a more efficient and flexible al-
ternative by applying low-rank decomposition to the weight
matrices of pre-trained models, requiring only a small num-
ber of parameters to be fine-tuned. LoRA-IR (Ai, Huang,
and He 2024) and UIR-LoRA (Zhang et al. 2024a) explore
LoRA for multi-degradation modeling, but most are built
on CNN or Transformer backbones, with limited integration
into diffusion-based frameworks. Moreover, they often rely
on stacked modules, leading to structural redundancy and
slower response in complex degradation scenarios. To ad-
dress these challenges, this paper presents an AiOIR method
that, for the first time, deeply integrates LoRA’s lightweight
adaptation mechanism with the SD model.
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Figure 2: Overview of DOD. DOD enhances SD for AiOIR by injecting LoRA layers into the VAE encoder and conditional
LoRA into the UNet. A detail enhancement module is also inserted into the VAE decoder to refine visual details. On the right,
(a) shows standard LoRA, while (b) illustrates our proposed conditional LoRA.

Proposed Method
The DOD model is built upon the SD model, leverag-
ing its exceptional image generation capabilities. To restore
images degraded by various types, our model integrates
three core modules: Multi-degradation Feature Modulation
(MFM), Parameter-efficient conditional LoRA (PLA), and
High-fidelity Detail Enhancement (HDE). These modules
are designed to flexibly adjust the diffusion priors to accom-
modate different forms of image degradation.

As shown in Fig. 2, the overall architecture of the model
is designed as follows: The low-quality degraded image ILQ

is first input into the MFM module to extract degradation
feature c. Then, the extracted degradation features, along
with the degraded image, are fed into the PLA module. The
goal is to effectively remove the degradation with the aid of
degradation information, thereby obtaining the potentially
restored image features ẑ0. Subsequently, these restored la-
tent features are passed into the HDE module to enhance the
structural fidelity and texture quality further, ultimately pro-
ducing a clear and high-quality restored image ÎHQ.

Multi-degradation Feature Modulation
Recent studies suggest that recognizing degradation types
is crucial for improving both the generalization and per-
formance of image restoration models (Hu et al. 2025).
To enable rapid adaptation to various tasks, we introduce
a degradation-aware module that enhances the SD model’s
perception of input degradations. We focus on the h-space,
which refers to the intermediate feature space of the UNet
within pre-trained DDPM (Ho, Jain, and Abbeel 2020). This
space has been shown to contain rich semantic informa-
tion and offer strong controllability in high-level vision tasks
(Kwon, Jeong, and Uh 2022; Jeong, Kwon, and Uh 2024).
More recent work, such as DiffL2ID (Yang et al. 2024), fur-

Figure 3: t-SNE visualization of degradation features
extracted by DA-CLIP and DDPM. DA-CLIP learns
degradation-aware prompts by fine-tuning CLIP, while
DDPM features are taken from intermediate layers of a
pretrained DDPM. Compared to DA-CLIP, DDPM features
provide clearer separation across degradation types and
noise levels, indicating stronger discriminative capacity.

ther reveals that h-space can also encode low-level degrada-
tion features in the context of image dehazing.

Building on these findings, we conduct further experi-
ments and observe that at the diffusion timestep t = 0, the
features in the h-space are clearly separable across different
degradation types, as illustrated by the t-SNE visualization
in Fig. 3. Motivated by this observation, we directly lever-
age the intermediate features from the pre-trained DDPM
as the degradation-aware representation c, avoiding addi-
tional module training and enabling efficient and general-
izable degradation modeling.
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Parameter-efficient Conditional LoRA
To enable degradation-aware restoration with minimal pa-
rameter overhead, we introduce PLA that leverages LoRA
to adapt both the VAE encoder and the UNet in SD, en-
suring the generation of high-quality, restored posterior fea-
tures. In contrast to existing methods (Zhang et al. 2024a)
that typically train multiple LoRA modules independently
and combine them based on degradation similarity, we pro-
pose a conditional LoRA (CLoRA) mechanism to fine-tune
the UNet in SD. By embedding degradation information ex-
tracted from MFM into the LoRA structure, CLoRA enables
feature space refinement, allowing a single set of parameters
to flexibly handle diverse degradation types.

To prepare for our conditional design, we first revisit the
standard LoRA formulation as illustrated in Fig. 2(a). Stan-
dard LoRA fine-tuning freezes the original weight matrix
W0 ∈ Rd×k and introduces a pair of low-rank matrices
A ∈ Rr×k and B ∈ Rd×r to form the adapted weight:

W0 +∆W = W0 +BA, (1)
where the rank r is chosen such that r ≪ min(d, k). The
forward pass of this layer becomes:

h = W0x+∆Wx = W0x+BAx, (2)
typically, B is initialized to zero so that LoRA does not af-
fect the model behavior at the start of fine-tuning.

Based on this standard formulation, we introduce a con-
ditional control mechanism that modulates the low-rank em-
beddings via a transformation function ϕ(Ax | c), where c
is the degradation information encoded by the MFM mod-
ule. The overall structure of this CLoRA is illustrated in
Fig. 2(b). Specifically, the output of the CLoRA layer is for-
mulated as:

h = W0x+∆Wx = W0x+B ϕ(Ax | c), (3)
where ϕ(Ax | c) adopts a simple affine form:

ϕ(Ax | c) = γc ⊙Ax+ βc, (4)
where ⊙ denotes the element-wise multiplication, and the
affine parameters γc and βc are learned from the degrada-
tion condition c. This CLoRA module offers two key ad-
vantages: it enables dynamic, data-dependent parameter ad-
justment based on the specific degradation characteristics of
the low-quality input, and it operates without requiring any
manual configuration or user-provided degradation labels.

However, sharing the same affine parameters across all
LoRA layers limits the flexibility of fine-tuning. Conversely,
if assigning a different affine parameter for each LoRA layer,
it causes a significant increase in the total number of train-
able parameters due to the construction of a dedicated MLP
per layer. To enable flexible parameterization of CLoRA in
SD comprising N layers, we introduce a set of learnable
prompts P = {pi}Ni=1. The affine parameters for the i-th
layer, γi and βi, are generated as:

γi, βi = Mθ([c, pi]), (5)
where [·, ·] denotes a concatenation operation, Mθ is a
lightweight network composed of several MLP and normal-
ization layers. Compared to methods such as ControlNet,
which duplicate the entire UNet encoder, our approach is su-
perior in both parameter efficiency and computational cost.

High-fidelity Detail Enhancement
To balance inference efficiency and restoration quality, we
replace the conventional multi-step sampling in diffusion
models with a one-step strategy, which substantially reduces
computational overhead but may underperform in recover-
ing fine details. To compensate for this limitation, we intro-
duce a detail enhancement module (DEM) in the VAE de-
coder to further refine textures and enhance image fidelity.

Specifically, features extracted by the encoder are first
passed through a convolutional layer initialized with ze-
ros to align their dimensions with the decoder features.
These aligned features are then concatenated with the corre-
sponding decoder features and fed into a series of residual-
in-residual dense blocks (RRDB) (Wang et al. 2018) to
extract detail-aware representations. The output is subse-
quently fused with the original decoder features to compen-
sate for the detail loss caused by one-step diffusion. Addi-
tionally, a learnable dynamic weight w is introduced to con-
trol the refinement strength. The overall process can be for-
mulated as:

Fm = Fd +RRDB([Conv(Fe), Fd]; θ)× w, (6)

where Fe and Fd denote the features from the VAE encoder
and decoder, respectively, and Fm is the final fused feature.
Conv(·) represents a convolutional layer initialized with ze-
ros and RRDB(· ; θ) denotes the RRDB module with learn-
able parameters θ.

Optimization
To stabilize the training process, we adopt a two-stage strat-
egy to optimize the whole model.
Stage 1 aims to efficiently adapt the SD model for image
restoration tasks. In this stage, we train only the PLA mod-
ule while keeping the VAE decoder frozen, decoding the
generated posterior feature ẑ0 to obtain the restored image
ÎHQ. During training, standard data consistency losses are
employed to measure the error of alignment between the
reconstructed and clean images at both pixel and semantic
levels. To enable one-step diffusion, degradation-aware im-
age restoration while preserving the generative capacity of
the pretrained model, we further incorporate the distribution
matching distillation (DMD) loss (Yin et al. 2024), which
enhances both generative quality and generalization ability.

1) Data consistency loss. The data consistency loss Ldata
consists of a pixel-wise reconstruction term and a perceptual
similarity term, formulated as:

Ldata = λrec · Lrec + λlpips · Llpips, (7)

Lrec = ∥ÎHQ − IHQ∥2, (8)

Llpips = ∥Φ(ÎHQ)− Φ(IHQ)∥2, (9)

where ÎHQ denotes the generated image and IHQ is the
ground-truth clean image. Φ(·) represents perceptual fea-
tures extracted by VGG (Simonyan and Zisserman 2014)
network. λrec and λlpips balance the two loss terms.

2) Distribution matching distillation loss. To enable the
network to rapidly generate samples that are indistinguish-
able from real images, the loss function (Yin et al. 2024)
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minimizes the KL divergence between the real image feature
distribution preal and the generated image feature distribution
pfake.

Ldmd = KL (preal ∥ pfake) . (10)

In practice, we directly backpropagate through the KL
divergence, whose gradient is computed by estimating the
scores of the real and generated distributions. To this end,
we employ a pair of diffusion denoisers to model the score
functions of real and fake distributions after Gaussian dif-
fusion. As illustrated in Fig. 2, both denoisers adopt the
UNet architecture from SD and are initialized with the same
pretrained weights. The real denoiser keeps its parameters
frozen throughout training, while the fake denoiser is dy-
namically updated according to the evolving distribution of
generated samples. It is jointly optimized with the image
restoration network using the standard noise prediction loss
Ldiff from SD. Please refer to the supplementary material for
the detailed loss.

The overall loss for stage 1 of DOD formulated as:

Lstage1 = Ldata + Ldmd. (11)

Stage 2 focuses on recovering the missing fine details from
the latent features reconstructed in the previous stage. To
achieve this, the PLA module fine-tuned in Stage 1 is frozen,
and only the DEMs, which are inserted into each layer of
the VAE decoder as part of the HDE, are trained. A combi-
nation of reconstruction loss and structural similarity loss is
employed to enhance perceptual quality and detail fidelity.

Structural similarity loss. To promote structural integrity
and contrast preservation, we use SSIM-based loss (Wang
et al. 2004):

Lssim = 1− SSIM(ÎHQ, IHQ), (12)

which penalizes discrepancies in luminance, contrast, and
structural patterns between ÎHQ and IHQ.

The total loss at stage 2 is:

Lstage2 = λrec · Lrec + λssim · Lssim, (13)

where λrec and λssim are hyperparameters that balance each
component’s contribution.

Experiments
Experimental Settings
Datasets. Following (Tian et al. 2025; Li et al. 2022), we
construct task-specific datasets under two standard AiOIR
settings. (1) Rain-haze-noise: BSD400 (Arbelaez et al.
2010) and WED (Ma et al. 2016) for denoising (tested on
BSD68 (Martin et al. 2001)), Rain100L (Yang et al. 2017)
for deraining, and RESIDE (Li et al. 2018) (OTS/SOTS) for
dehazing. (2) Rain-haze-noise-blur-dark: additional GoPro
(Nah, Hyun Kim, and Mu Lee 2017) for deblurring and LOL
(Wei et al. 2018) for low-light enhancement.
Metrics. We report both full-reference metrics (PSNR,
SSIM (Wang et al. 2004)) and perceptual metrics (LPIPS
(Zhang et al. 2018), DISTS (Ding et al. 2020), FID (Heusel
et al. 2017)). We also include common no-reference metrics:
NIQE (Zhang, Zhang, and Bovik 2015), MANIQA (Yang

et al. 2022), MUSIQ (Ke et al. 2021), and CLIPIQA (Wang,
Chan, and Loy 2023).
Implementation Details. All experiments were conducted
on an NVIDIA RTX 3090 using PyTorch. The LoRA rank in
the VAE encoder and U-Net is 8, and SD 2.1-base is used as
the T2I backbone. We set λrec = 1, λlpips = 2, and λssim =
0.2. Additional settings are provided in the supplementary
material.

Comparison with State-of-the-Arts
Compared methods. We benchmark our method against
nine state-of-the-art AiOIR baselines: AirNet (Li et al.
2022), PromptIR (Potlapalli et al. 2023), LORA-IR (Ai,
Huang, and He 2024), DA-CLIP (Luo et al. 2023), DiffUIR
(Zheng et al. 2024), VLU-Net (Zeng et al. 2025), DFPIR
(Tian et al. 2025), AdaIR (Cui et al. 2024), and AutoDIR
(Jiang et al. 2024). Among them, DA-CLIP and DiffUIR
train diffusion models from scratch in the pixel domain,
whereas AutoDIR is built upon the pre-trained SD. The re-
maining approaches follow non-generative paradigms.

Quantitative comparisons. Table 1 presents the aver-
age quantitative results of our method across three image
restoration tasks. It is observed that non-diffusion meth-
ods perform strongly on traditional fidelity metrics such as
PSNR and SSIM, with AdaIR and DFPIR achieving the
highest scores of 32.98 dB (PSNR) and 0.9162 (SSIM), re-
spectively. However, these methods fall short on perceptual
quality metrics, making it challenging to satisfy the demands
of real-world visual experience.

In contrast, diffusion-based methods, exemplified by DA-
CLIP and our approach, show clear advantages in perceptual
metrics. Their restoration results better align with human vi-
sual preferences in terms of detail preservation and struc-
tural integrity. Notably, our method achieves the best scores
across five perceptual metrics, demonstrating superior per-
ceptual quality. Moreover, while maintaining perceptual per-
formance comparable to DA-CLIP, our method significantly
improves fidelity, with PSNR and SSIM increasing by 1.60
dB and 0.034 respectively, further validating its strengths in
restoring image details and preserving structure.

Furthermore, we extend the evaluation to a more challeng-
ing five-task setting by incorporating deblurring and low-
light enhancement. Table 2 summarizes the performance of
each task under two perceptual quality metrics, MUSIQ and
MANIQA. Our method consistently achieves the best or
second-best results across all tasks, with average improve-
ments of approximately 0.16% to 2.75% on MUSIQ and
0.57% to 8.24% on MANIQA, highlighting strong gener-
alization capability. Particularly in perceptually demanding
tasks such as deblurring and low-light enhancement, our
method leads in perceptual scores, further confirming its ef-
fectiveness in restoring details across diverse degradation
types. These results demonstrate that our unified framework
not only excels in the three-task setting but also exhibits high
adaptability and robustness in complex multi-task scenarios.

Qualitative comparisons. Fig. 4 presents a visual com-
parison between our method and representative approaches
across three tasks. Although existing methods can reduce
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Method Venue PSNR↑ SSIM↑ LPIPS↓ DISTS↓ CLIPIQA↑ NIQE↓ MUSIQ↑ MANIQA↑ FID↓

N
on

-D
iff

AirNet CVPR2022 31.11 0.9068 0.0925 0.0950 0.6405 3.3911 66.98 0.6470 41.80
PromptIR NeurIPS23 32.18 0.9124 0.0859 0.0864 0.6409 4.0061 67.21 0.6569 38.64
LORA-IR arXiv2024 30.98 0.9031 0.0889 0.0809 0.6352 3.4133 67.22 0.6568 30.30
VLU-Net CVPR2025 32.55 0.9157 0.0796 0.0785 0.6433 3.6559 67.09 0.6698 34.78
DFPIR CVPR2025 32.75 0.9162 0.0758 0.0758 0.6626 3.5938 67.34 0.6679 34.52
AdaIR ICLR2025 32.98 0.9155 0.0825 0.0820 0.6435 3.6464 67.50 0.6685 37.41

D
iff

DA-CLIP ICLR2024 30.27 0.8780 0.0664 0.0650 0.6580 3.2783 67.31 0.6663 23.09
DiffUIR CVPR2024 31.89 0.9010 0.0959 0.0964 0.6163 3.7371 67.51 0.6570 37.51
Ours - 31.87 0.9122 0.0620 0.0626 0.6660 3.5212 68.85 0.7080 19.54

Table 1: Quantitative comparison on average performance across three restoration tasks: dehazing, deraining, and Gaussian
denoising (σ = 15, 25, 50). The best results are marked in boldface.

Figure 4: Visual comparisons with state-of-the-art AiOIR methods on three tasks. Please zoom in for a better view.

image degradation to some extent, the enlarged regions high-
light their deficiencies in detail restoration. For instance, in
the denoising task, while various methods successfully re-
move noise, the resulting images are overly smooth and lack
detail, negatively impacting visual quality. In contrast, our
method not only effectively removes noise but also better
preserves fine details such as facial textures. This demon-
strates the superior stability and performance of our method
across multiple image restoration tasks. Additional visual
comparisons can be found in the supplementary material.

Inference speed comparison. We compare four represen-
tative diffusion-based restoration methods in terms of in-
ference steps and time. In Table 3, our method achieves
the fastest inference with just one step. Although Weath-
erDiff uses only 25 steps, its patch-based overlapping strat-
egy makes it much slower. Compared to DA-CLIP, which

offers similar visual quality, our method is about 84× faster,
demonstrating clear efficiency advantages.

Ablation Study
Effectiveness of CLoRA and DEM. The results in Ta-
ble 4 demonstrate that CLoRA and DEM play comple-
mentary roles in image restoration. Introducing conditional
LoRA improves MUSIQ by 2.19 and reduces DISTS by
22%, indicating a positive impact on structural consistency
and perceptual quality. DEM, on the other hand, focuses on
enhancing fine details. When applied independently, it in-
creases PSNR by 8.78 dB and MUSIQ by 3.49, highlighting
its effectiveness in reconstructing low-level features. This
is further illustrated in the visual comparisons shown in
Fig. 5, where DEM successfully restores fine-grained tex-
tures of the original image. When combined, the two mod-
ules achieve the best performance across PSNR, DISTS, and
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Method Dehazing Deraining Denoising Deblurring Low-light
MUSIQ↑ MANIQA↑ MUSIQ↑ MANIQA↑ MUSIQ↑ MANIQA↑ MUSIQ↑ MANIQA↑ MUSIQ↑ MANIQA↑

N
on

-D
iff PromptIR 65.43 0.6829 68.00 0.6679 67.29 0.6295 36.60 0.4250 64.76 0.5922

AdaIR 65.83 0.6923 68.31 0.6720 67.65 0.6593 33.41 0.3763 69.43 0.6309
VLU-Net 65.81 0.6920 68.45 0.6740 68.38 0.6669 32.48 0.3568 65.21 0.5948
DFPIR 65.61 0.6898 68.29 0.6700 68.06 0.6563 36.93 0.3978 69.19 0.6234

D
iff

DA-CLIP 67.88 0.6524 68.60 0.6695 67.88 0.6524 36.89 0.4298 72.59 0.6619
DiffUIR 64.84 0.6864 68.40 0.6682 68.19 0.6383 33.63 0.3529 71.13 0.6246
Ours 67.99 0.7115 70.49 0.7104 69.50 0.7219 37.77 0.4286 73.75 0.6657

Table 2: Quantitative comparison of no-reference metrics MUSIQ and MANIQA across five restoration tasks: dehazing, de-
raining, denoising (σ = 25), deblurring, and low-light enhancement. The best results are marked in boldface.

Method WeatherDiff AutoDIR DA-CLIP DiffUIR Ours

Step ↓ 25 200 100 3 1
Time(s) ↓ 212.534 26.602 17.664 0.303 0.211

Table 3: Comparison of inference steps and time. All meth-
ods are tested with an input image of size 512× 512.

MUSIQ, suggesting a strong synergistic effect. These find-
ings confirm that the proposed design effectively balances
fidelity and perceptual quality, and validate its applicability
to multi-task image restoration.

Figure 5: With DEM, fine structures are well preserved;
without it, degradation is removed but key details are lost.

CLoRA DEM PSNR↑ DISTS↓ NIQE↓ MUSIQ↑
✗ ✗ 23.05 0.1121 4.4220 64.81
✓ ✗ 24.60 0.0873 3.7072 67.00
✗ ✓ 31.83 0.0666 3.5118 68.30
✓ ✓ 31.87 0.0626 3.5212 68.85

Table 4: Ablation study of CLoRA and DEM.

Effect of CLoRA placement. As shown in Table 5, ap-
plying it solely to the UNet leads to the best performance,
achieving a PSNR of 31.87 dB with corresponding improve-
ments in DISTS and MUSIQ. This suggests that CLoRA is
more effective when used to modulate the generation pro-
cess closely related to degradation. In contrast, introducing
conditional modulation into the VAE encoder may disrupt its

Method PSNR↑ DISTS↓ NIQE↓ MUSIQ↑
VAE Encoder + UNet 30.68 0.0666 3.4106 68.58

UNet only 31.87 0.0626 3.5212 68.85

Table 5: Performance comparison of CLoRA placement.

representation ability and negatively impact overall restora-
tion quality.
The number of LoRA rank. As shown in Table 6, we eval-
uate the impact of different LoRA ranks across three tasks
when jointly fine-tuning the VAE encoder and UNet. A small
rank r = 4 leads to the model collapse directly, while a large
rank r = 16 brings a certain degree of performance drop. In
contrast, a rank of 8 achieves the best balance between sta-
bility and performance. Thus, we set the LoRA rank to 8 for
both the fine-tuning of VAE encoder and UNet.

Rank PSNR↑ DISTS↓ NIQE↓ MUSIQ↑
4 – – – –
8 31.87 0.0620 3.5212 68.85

16 31.68 0.0626 3.5409 68.13

Table 6: Comparison of different LoRA ranks.

Conclusion
This paper presents an efficient all-in-one image restoration
method, dubbed Diffusion Once and Done (DOD). By incor-
porating a degradation-aware LoRA fine-tuning strategy and
a two-stage structural optimization mechanism, the method
enables image restoration with various degradation types.
Combined with distribution matching distillation, it pro-
duces high-quality restored images using one-step sampling
while significantly reducing fine-tuning costs. Experimen-
tal results demonstrate that the proposed method achieves
strong performance in subjective quality and objective fi-
delity across multiple restoration tasks. Despite the promis-
ing performance of one-step diffusion in image restoration
tasks, the computational cost remains a limiting factor for
deployment on resource-constrained devices. In future work,
we plan to explore model compression techniques such as
quantization to further reduce inference overhead.
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Özdenizci, O.; and Legenstein, R. 2023. Restoring vision
in adverse weather conditions with patch-based denoising
diffusion models. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 45(8): 10346–10357.
Potlapalli, V.; Zamir, S. W.; Khan, S. H.; and Shahbaz Khan,
F. 2023. Promptir: Prompting for all-in-one image restora-
tion. Advances in Neural Information Processing Systems,
36: 71275–71293.
Rombach, R.; Blattmann, A.; Lorenz, D.; Esser, P.; and Om-
mer, B. 2022. High-resolution image synthesis with latent
diffusion models. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition, 10684–
10695.
Simonyan, K.; and Zisserman, A. 2014. Very deep convo-
lutional networks for large-scale image recognition. arXiv
preprint arXiv:1409.1556.
Tian, X.; Liao, X.; Liu, X.; Li, M.; and Ren, C. 2025.
Degradation-Aware Feature Perturbation for All-in-One Im-
age Restoration. In Proceedings of the Computer Vision and
Pattern Recognition Conference, 28165–28175.

9455



Valanarasu, J. M. J.; Yasarla, R.; and Patel, V. M. 2022.
Transweather: Transformer-based restoration of images de-
graded by adverse weather conditions. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, 2353–2363.
Wang, H.-H.; Tsai, F.-J.; Lin, Y.-Y.; and Lin, C.-W. 2024.
TANet: Triplet Attention Network for All-In-One Adverse
Weather Image Restoration. In Proceedings of the Asian
Conference on Computer Vision, 835–851.
Wang, J.; Chan, K. C.; and Loy, C. C. 2023. Exploring clip
for assessing the look and feel of images. In Proceedings of
the AAAI conference on artificial intelligence, 2, 2555–2563.
Wang, X.; Yu, K.; Wu, S.; Gu, J.; Liu, Y.; Dong, C.; Qiao,
Y.; and Change Loy, C. 2018. Esrgan: Enhanced super-
resolution generative adversarial networks. In Proceedings
of the European conference on computer vision (ECCV)
workshops, 0–0.
Wang, Z.; Bovik, A. C.; Sheikh, H. R.; and Simoncelli, E. P.
2004. Image quality assessment: from error visibility to
structural similarity. IEEE transactions on image process-
ing, 13(4): 600–612.
Wei, C.; Wang, W.; Yang, W.; and Liu, J. 2018. Deep retinex
decomposition for low-light enhancement. arXiv preprint
arXiv:1808.04560.
Wu, G.; Jiang, J.; Jiang, K.; and Liu, X. 2024. Harmony in
diversity: Improving all-in-one image restoration via multi-
task collaboration. In Proceedings of the 32nd ACM Inter-
national Conference on Multimedia, 6015–6023.
Xiong, J.; Yan, X.; Wang, Y.; Zhao, W.; Zhang, X.-P.; and
Wei, M. 2025. DA2Diff: Exploring Degradation-aware
Adaptive Diffusion Priors for All-in-One Weather Restora-
tion. arXiv preprint arXiv:2504.05135.
Yan, Q.; Jiang, A.; Chen, K.; Peng, L.; Yi, Q.; and Zhang, C.
2025. Textual prompt guided image restoration. Engineer-
ing Applications of Artificial Intelligence, 155: 110981.
Yang, S.; Wu, T.; Shi, S.; Lao, S.; Gong, Y.; Cao, M.; Wang,
J.; and Yang, Y. 2022. Maniqa: Multi-dimension attention
network for no-reference image quality assessment. In Pro-
ceedings of the IEEE/CVF conference on computer vision
and pattern recognition, 1191–1200.
Yang, W.; Tan, R. T.; Feng, J.; Liu, J.; Guo, Z.; and Yan, S.
2017. Deep joint rain detection and removal from a single
image. In Proceedings of the IEEE conference on computer
vision and pattern recognition, 1357–1366.
Yang, Z.; Yu, H.; Li, B.; Zhang, J.; Huang, J.; and Zhao, F.
2024. Unleashing the Potential of the Semantic Latent Space
in Diffusion Models for Image Dehazing. In European Con-
ference on Computer Vision, 371–389. Springer.
Yin, T.; Gharbi, M.; Zhang, R.; Shechtman, E.; Durand,
F.; Freeman, W. T.; and Park, T. 2024. One-step diffusion
with distribution matching distillation. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, 6613–6623.
Yue, Y.; Yu, M.; Yang, L.; and Liu, T. 2025. Joint Con-
ditional Diffusion Model for image restoration with mixed
degradations. Neurocomputing, 129512.

Zeng, H.; Wang, X.; Chen, Y.; Su, J.; and Liu, J. 2025.
Vision-Language Gradient Descent-driven All-in-One Deep
Unfolding Networks. In Proceedings of the Computer Vision
and Pattern Recognition Conference, 7524–7533.
Zhang, C.; Gong, D.; He, J.; Zhu, Y.; Sun, J.; and Zhang,
Y. 2024a. UIR-LoRA: Achieving Universal Image Restora-
tion through Multiple Low-Rank Adaptation. arXiv preprint
arXiv:2409.20197.
Zhang, L.; Rao, A.; and Agrawala, M. 2023. Adding condi-
tional control to text-to-image diffusion models. In Proceed-
ings of the IEEE/CVF international conference on computer
vision, 3836–3847.
Zhang, L.; Zhang, L.; and Bovik, A. C. 2015. A feature-
enriched completely blind image quality evaluator. IEEE
Transactions on Image Processing, 24(8): 2579–2591.
Zhang, R.; Isola, P.; Efros, A. A.; Shechtman, E.; and Wang,
O. 2018. The unreasonable effectiveness of deep features as
a perceptual metric. In Proceedings of the IEEE conference
on computer vision and pattern recognition, 586–595.
Zhang, Y.; Zhang, H.; Chai, X.; Cheng, Z.; Xie, R.; Song,
L.; and Zhang, W. 2024b. Diff-restorer: Unleashing vi-
sual prompts for diffusion-based universal image restora-
tion. arXiv preprint arXiv:2407.03636.
Zheng, D.; Wu, X.-M.; Yang, S.; Zhang, J.; Hu, J.-F.; and
Zheng, W.-S. 2024. Selective hourglass mapping for univer-
sal image restoration based on diffusion model. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 25445–25455.

9456


