The Thirty-Ninth AAAI Conference on Artificial Intelligence (AAAI-25)

Debiased All-in-one Image Restoration with Task Uncertainty Regularization

Gang Wu, Junjun Jiang, Yijun Wang, Kui Jiang*, Xianming Liu

Faculty of Computing, Harbin Institute of Technology, Harbin 150001, China
{gwu, jiangjunjun, jiangkui, csxm } @hit.edu.cn, 2021112933 @stu.hit.edu.cn

Abstract

All-in-one image restoration is a fundamental low-level vi-
sion task with significant real-world applications. The pri-
mary challenge lies in addressing diverse degradations within
a single model. While current methods primarily exploit task
prior information to guide the restoration models, they typ-
ically employ uniform multi-task learning, overlooking the
heterogeneity in model optimization across different degrada-
tion tasks. To eliminate the bias, we propose a task-aware op-
timization strategy, that introduces adaptive task-specific reg-
ularization for multi-task image restoration learning. Specif-
ically, our method dynamically weights and balances losses
for different restoration tasks during training, encouraging the
implementation of the most reasonable optimization route. In
this way, we can achieve more robust and effective model
training. Notably, our approach can serve as a plug-and-
play strategy to enhance existing models without requiring
modifications during inference. Extensive experiments in di-
verse all-in-one restoration settings demonstrate the superior-
ity and generalization of our approach. For example, AirNet
retrained with TUR achieves average improvements of 1.16
dB on three distinct tasks and 1.81 dB on five distinct all-
in-one tasks. These results underscore TUR’s effectiveness in
advancing the SOTAs in all-in-one image restoration, paving
the way for more robust and versatile image restoration.

Introduction

Image restoration, a fundamental challenge in computer vi-
sion and image processing, seeks to recover high-quality
images from their degraded counterparts. Classical image
restoration relied on hand-crafted priors or domain-specific
assumptions about the degradation process (Banham and
Katsaggelos 1997).The advent of deep learning has ushered
in a paradigm shift in this field (Su, Xu, and Yin 2022). Mod-
ern data-driven methods can now learn powerful priors di-
rectly from large-scale datasets, resulting in more robust so-
lutions for specific image restoration tasks. These tasks in-
clude, but are not limited to, denoising (Zhang et al. 2023b),
deraining (Jiang et al. 2020; Zamir et al. 2022; Chen et al.
2023), deblurring (Chen et al. 2022a; Cui et al. 2024a), and
dehazing (Qin et al. 2020; Cui et al. 2022, 2023). While
single-task models often struggle in real-world scenarios
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Figure 1: Performance improvements of our proposed ap-
proach across multiple all-in-one image restoration settings,
demonstrating consistent and significant gains over existing
methods for various tasks and models.

where multiple degradation types emerge. This limitation
has given rise to the emerging field of all-in-one image
restoration, which aims to develop unified model capable of
handling multiple degradation types (Liu et al. 2022; Li et al.
2022; Potlapalli et al. 2023; Valanarasu, Yasarla, and Patel
2022; Zhang et al. 2023a; Kong, Dong, and Zhang 2024; Wu
et al. 2024). For more recent achievements in the field of all-
in-one image restoration, please refer to our survey paper
(Jiang et al. 2024a) and continuously updated project’.
Existing approaches to all-in-one image restoration have
primarily focused on incorporating task priors to guide
model learning. These methods can be broadly categorized
into two types: two-stage approaches (Li et al. 2022; Zhang
et al. 2023a; Kong, Dong, and Zhang 2024) that pre-train
task-specific representations, and prompt-based methods
(Valanarasu, Yasarla, and Patel 2022; Potlapalli et al. 2023)
that directly embed task priors into the restoration model
using learnable prompts. While these approaches have im-
proved model performance, they often overlook a critical
aspect: the optimization process in multi-task learning. Cur-

"https://github.com/Harbinzzy/All-in-One-Image- Restoration-
Survey



rent methods typically employ uniform multi-task learning,
where multiple tasks are mixed and joint trained without
considering their interrelationships. However, in multi-task
learning, the construction of appropriate multi-task objec-
tives is crucial for optimal performance (Vandenhende et al.
2022). Recent work MiolR (Kong, Dong, and Zhang 2024)
has made progress in this direction by proposing a sequential
training strategy that groups degradation tasks based on their
observed characteristics. However, it lacks the flexibility to
address new degradation tasks. The key challenge remains:
How can we develop a flexible and effective approach to en-
hance the interpretation of task priors during the multi-task
optimization process for all-in-one image restoration?

To address this challenge, we revisit all-in-one image
restoration from a Bayesian perspective. We propose a task-
grouped regularization for multiple degradation tasks. It in-
corporates a task-related regularization that captures the dis-
tinct characteristics of multiple degradation tasks, moving
beyond the uniform priors used in existing mixed multi-task
training methods. More importantly, this task-dependent
regularization offers a flexible and dynamic mechanism
for combining objective losses across multiple degrada-
tion tasks. Drawing inspiration from Bayesian modeling of
neural network uncertainty (Abdar et al. 2021), we intro-
duce Task Uncertainty Regularization (TUR). This practi-
cal implementation of task-grouped regularization provides
a principled way to balance and optimize multiple restora-
tion tasks simultaneously, adapting to the unique charac-
teristics of each degradation type. Furthermore, TUR of-
fers a plug-and-play solution to enhance existing all-in-one
models through retraining. As illustrated in Figure 1, we
validate our approach across five distinct all-in-one image
restoration settings and multiple models, demonstrating con-
sistently superior performance. Notably, AirNet retrained
with TUR achieves average improvements of 1.16 dB on
three distinct tasks and 1.81 dB on five distinct all-in-one
tasks. Furthermore, TransWeather shows remarkable gains
when enhanced with TUR, with improvements of 1.22 dB
on synthetic deweathering tasks and an impressive 3.41 dB
on real-world deweathering datasets. These substantial im-
provements underscore the effectiveness and versatility of
our TUR approach in advancing the state-of-the-art in all-
in-one image restoration.

The key contributions of our work are as follows:

* We introduce a principled task uncertainty estimation
for all-in-one image restoration that effectively captures
the homoscedastic uncertainties associated with different
degradation types.

* We derive a novel loss function that adaptively combines
multi-task losses for all-in-one image restoration. This
allows for automatic learning of the optimal trade-off be-
tween tasks.

* We provide detailed evaluation results across diverse all-
in-one image restoration settings, demonstrating the su-
perior performance obtained by our approach.
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Related Work
Image Restoration

Image restoration aims to recover high-quality images from
degraded input. Early approaches primarily relied on hand-
crafted priors and assumptions about the underlying degra-
dation process (Banham and Katsaggelos 1997). With the
advent of deep learning, however, researchers have shifted
towards data-driven priors learned directly from large-scale
datasets (Su, Xu, and Yin 2022), thereby significantly ad-
vancing performance in task-specific scenarios, including
image deraining (Jiang et al. 2021; Zamir et al. 2022; Chen
et al. 2023), dehazing (Qin et al. 2020; Cui et al. 2023), de-
blurring (Wang et al. 2022; Chen et al. 2022a; Cui et al.
2024a), and denoising (Zhang et al. 2023b).

In practice, real-world images commonly suffer from
multiple degradations simultaneously (Jiang et al. 2024a).
To address this complexity, “all-in-one” image restoration
methods have emerged (Liu et al. 2022; Li et al. 2022;
Potlapalli et al. 2023; Zhang et al. 2023a; Kong, Dong,
and Zhang 2024; Wu et al. 2024). These methods present
unique challenges, particularly in effectively capturing and
leveraging task-specific priors to handle a variety of degra-
dation types. For example, Li er al. (Li et al. 2022) ap-
ply self-supervised learning (He et al. 2020) to obtain a
degradation-aware feature encoder, while Kong et al. (Kong,
Dong, and Zhang 2024) rely on supervised classification to
extract degradation-specific features. Zhang et al. (Zhang
et al. 2023a) introduce learnable principal component anal-
ysis to generate task-oriented representations, and Cui et
al. (Cui et al. 2024b) analyze task prompts from a spec-
tral perspective. Potlapalli et al. (Potlapalli et al. 2023) pro-
pose PromptIR, which employs learnable weights as adap-
tive task prompts. Moreover, integrating powerful pretrained
models, including multimodal priors, into all-in-one restora-
tion frameworks is gaining traction (Conde, Geigle, and
Timofte 2024; Ai et al. 2024; Luo et al. 2024; Jiang et al.
2024b). Furthermore, Wu et al. (Wu et al. 2024) investigate
the underlying conflicts among multiple degradation tasks
and introduce a robust multi-task learning strategy to en-
hance existing all-in-one restoration models. Guo et al. (Guo
et al. 2024) introduce a composite-degradation all-in-one
restoration setting, inspiring follow-up works (Cao, Meng,
and Cao 2024; Li et al. 2024) that further push the bound-
aries of general-purpose restoration. A notable application
domain for all-in-one restoration is adverse weather condi-
tions, where complex and concurrent degradations such as
rain streaks, haze, and snow coexist. Several studies have
presented unified backbones to tackle these scenarios (Vala-
narasu, Yasarla, and Patel 2022; Zhu et al. 2023; Chen et al.
2022b; Sun et al. 2024). Recently, diffusion-based methods
have also been explored for weather-related degradations,
demonstrating strong generative capabilities (Ozdenizci and
Legenstein 2023; Zheng et al. 2024; Chen et al. 2024).

Uncertainty Estimation

The idea of representing uncertainties or confidence scores
alongside predictions has been explored in various machine
learning and computer vision problems (Abdar et al. 2021).
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Figure 2: Evolution of image restoration frameworks. (a) Single-task models, each dedicated to a specific degradation type. (b)
All-in-one models capable of handling multiple degradations by incorporating task priors. (c) Our proposed Task Uncertainty
Regularization (TUR), integrated as a plug-and-play way within existing all-in-one models. By introducing an Uncertainty
Estimation Module (UEM), our approach adaptively refines tasks during training.

A common categorization distinguishes between two types
of uncertainties - epistemic (or model) uncertainty that ac-
counts for uncertainties in the model itself due to limited
training data; and aleatoric (or data) uncertainty that cap-
tures noise inherent in the input data (Kendall and Gal
2017). Within the context of deep learning, several works
have investigated modeling epistemic uncertainties through
techniques like Monte Carlo dropout(Gal and Ghahramani
2016), ensemble methods(Lakshminarayanan, Pritzel, and
Blundell 2017) etc. On the other hand, aleatoric uncertainty
modeling has proven beneficial to target tasks. For low-level
image restoration tasks, several researches have been made
(Hong et al. 2022; Fang et al. 2022; Yang et al. 2022; Ning
et al. 2021, 2022; Huang, Luo, and He 2023). Ning et al.
exploits the uncertainty map of the high-frequency regions
and utilizes this to refine the super-resolution results.

Method
Preliminaries

Problem Formulation Let X and ) denote the spaces of
high-quality and degraded images, respectively. All-in-one
image restoration aims to learn a unified mapping M : Y —
X that restores a clean image = € & from its degraded coun-
terpart y € ), where y = D(x) and D represents multiple
degradation processes. Formally, we seek to learn a neural
network model My : Y — X parameterized by 6, such that
Mo(y) =

Conventional image restoration methods typically opti-
mize 6 using maximum likelihood estimation. The likeli-
hood of observing the clean image = given the degraded in-
put y is modeled as:
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p(zly,0) = N(2|My(y),0*I), (1)

where N (+|u, X) denotes a Gaussian distribution with mean
i and covariance ¥, and o2 is a fixed scalar representing
observation noise.

The corresponding negative log-likelihood loss function

is:
> llz = Me(w)ll3.

z,yeX,Y

Lree(X,Y) = )

It’s worth noting that the prior o does not affect the op-
timization result, leading to the commonly used MSE loss.
Similarly, a Laplacian prior would result in the frequently
used MAE loss.

Challenges of Multiple Degradation Types For all-in-
one image restoration encompassing K degradation tasks,
we combine multiple single degradations. Let 7T
{t1,...,tx} denote the set of K restoration tasks. The over-
all loss function becomes:

K
Lall in- one X Y = Zﬁrec kayk
k=1

3)

where X, and Y} represent the clean and degraded subsets
for degradation task k, respectively. While existing methods
have focused on improving task priors in restoration models,
they often overlook the optimization objective. The uniform
combination of multiple task losses in current approaches
fails to capture the unique distribution of each task, which
is a key consideration in multi-task learning (Vandenhende
et al. 2022).



Task Uncertainty Regularization

To address this challenge, we incorporate uncertainty es-
timation into the all-in-one image restoration framework.
From a Bayesian perspective, we model the restoration pro-
cess as:

1 1
Loo(X,Y) = Z T‘g||$*/\49(y)\|§+§10g02, C))

z,yeX,)Y

where o2 represents model uncertainty estimated by a learn-
able module. In contrast to Eq. (1), this estimates the poste-
rior data distribution p(z|y, 0, 0) = N (z|My(y),o%I).

Building on this, we introduce Task Uncertainty
Regularization to capture task-dependent uncertainty,
p(zly,0,01) = N(z|Mg(y),o2I) for multi-task learning,
where o}, represents the task uncertainty. For task k, our loss
function is formulated as:

1
(Xka Yk) = ﬁﬁrec(ka Yk) +

1
Zloga. (5
252 51080k )

L6,04)

To jointly optimize across all tasks, we propose the follow-
ing multi-task loss function:

K

Lrur = Z L9,0) (X Yi)
k=1

(©)

Remarks
Adaptive Multi-Task Combining For clarity, we refor-

mulate Eq. (6) as follows:

1 1
Lrur = T‘_Q»Crec(Xlayl) +-+ ﬁﬁrec(Xka Yi)

1 k

Adaptive Combining Multi-Task Loss

1 1
+§logaf+---+§logaz @)

Task Uncertainty Estimation

k

where wy, = 1/20%, providing flexible and dynamic multi-
task reweighting, and R = ), logoy, represents the es-
timated task uncertainty. This formulation automatically
learns to balance the contributions of different tasks based
on their estimated uncertainties and provides an adaptive,
debiased optimization objective.

Implementation Details Our TUR approach offers a flex-
ible enhancement for all-in-one image restoration models.
During training, as illustrated in Figure 2, we introduce an
auxiliary projection head consisting of three stacked convo-
lutional layers and activation layers as the uncertainty es-
timation module. This can be easily integrated into exist-
ing models without significant modifications. Importantly,
the UEM is not required during inference, maintaining the
original model structure. Thus, TUR functions as a plug-
and-play module that optimizes training outcomes without
altering existing restoration models.

8389

Experiments
Experimental Settings

Here we provide comprehensive experimental settings from
the literature, encompassing a wide range of degradation
types and task combinations.

» Setting 1: Seven Degradation Tasks: Following the
setup proposed in (Kong, Dong, and Zhang 2024), we
take the DIV2K and Flickr2K as the training dataset, and
evaluate our method on seven distinct degradation tasks,
including super-resolution, blur, noise, JPEG compres-
sion, rain, haze, and low-light enhancement.

* Setting 2: Rain-Haze-Noise: Following (Li et al. 2022),
we focus on three common degradation tasks: derain-
ing, dehazing, and denoising. For denoising, we com-
bine the BSD400 (Arbeléez et al. 2011) and WED (Ma
et al. 2017) datasets for training. Noisy images are gener-
ated with Gaussian noise at three levels: o = 15, 25, 50,
and testing is performed on the BSD68 dataset. The
Rain100L (Yang et al. 2017) dataset is used for the de-
raining task, and the SOTS (Li et al. 2019) dataset is em-
ployed for dehazing.

* Setting 3: Rain-Haze-Noise-Blur-Dark: Following the
experimental setup in (Zhang et al. 2023a), we evaluate
our method on five degradation tasks, which introduces
GoPro (Nah, Kim, and Lee 2017) for deblurring, and
LOL (Wei et al. 2018) for low-light enhancement beyond
the 3 tasks in Setting?2.

» Setting 4: Synthetic and Real-World Deweathering:
Aligning with the setup in (Valanarasu, Yasarla, and Pa-
tel 2022), we investigate the performance of our ap-
proach on three deweather tasks: snow removal, rain
streak and fog removal, and raindrop removal. The train-
ing data, termed ”All-Weather,” includes images from
Snow100K (Liu et al. 2018), Raindrop (Qian et al.
2018), and Outdoor-Rain (Li, Cheong, and Tan 2019)
datasets. Moreover, we evaluate the proposed approach
on a large-scale and real-world deweathering settings
following (Zhu et al. 2023), combing the multiple real-
world datasets such as SPA dataset for deraining, Real-
Snow for desnowing, and REVIDE for dehazing.

Results and Analysis

We present and analyse the experiment results obtained by
incorporating our proposed TUR into the baseline models
across the four diverse all-in-one restoration settings.

Setting 1 Table 1 presents the results for the seven degra-
dation tasks proposed in (Kong, Dong, and Zhang 2024).
We evaluate our approach on two baseline models: SRRes-
Net (Ledig et al. 2017) and Uformer (Wang et al. 2022). The
results demonstrate the efficacy of our uncertainty-guided
multi-task learning strategy in enhancing the performance
of these baseline models across all degradation tasks. When
applied to the Uformer, our method attains an average PSNR
of 32.79 dB, surpassing the baseline Uformer by 2.09 dB
and Uformer-S by 1.58 dB. Significant improvements are
observed in multiple single tasks like Rain, Low-Light, and



| Methods | SR Blur Noise  JPEG Rain Haze Dark Avg.
SRResNet 25.52  30.01 30.49 32.46 3238 2557 3020  29.52
SRResNet-S (Kong, Dong, and Zhang 2024) | 25.72  30.49 30.67 32.73 32.81 25.78 30.45 29.84
SRResNet (Ours) 25.55  30.65 30.65 3292 3520 26.16 32.04 3045
Uformer 25.80  30.53 30.84 33.13 33.39 27.93 33.27 30.70
Uformer-S (Kong, Dong, and Zhang 2024) 26.07 31.11 30.96 33.27 35.96 28.29 32.80 31.21
Uformer (Ours) 26.11  31.51 31.20 3346 3813 3091 3824 3279

Table 1: Comparison on 7 distinct degradation tasks introduced in (Kong, Dong, and Zhang 2024).
Methods Dehazing Derallmng Denoising on BSD68
on SOTS on Rain100L oc=15 =25 o =250 Average

BRDNet (Tian, Xu, and Zuo 2020) | 23.23/0.895 27.42/0.895 32.26/0.898  29.76/0.836  26.34/0.693 | 27.80/0.843
LPNet (Gao et al. 2019) 20.84/0.828 24.88/0.784 26.47/0.778  24.77/0.748  21.26/0.552 | 23.64/0.738
FDGAN (Dong et al. 2020) 24.71/0.929 29.89/0.933 30.25/0.910  28.81/0.868  26.43/0.776 | 28.02/0.883
MPRNet (Zamir et al. 2021) 25.28/0.955 33.57/0.954 33.54/0.927  30.89/0.880  27.56/0.779 | 30.17/0.899
DL (Fan et al. 2019) 26.92/0.931 32.62/0.931 33.05/0.914  30.41/0.861  26.90/0.740 | 29.98/0.876
AirNet (Li et al. 2022) 27.94/0.962 34.90/0.968 33.92/0.933  31.26/0.888  28.00/0.797 | 31.20/0.910
AirNet (Ours) 30.41/0.976 38.04/0.983 33.97/0.931  31.32/0.886  28.05/0.795 | 32.36/0.914
PromptIR (Potlapalli et al. 2023) 30.58/0.974 36.37/0.972 33.98/0.933  31.31/0.888  28.06/0.799 | 32.06/0.913
PromptIR (Ours) 31.17/0.978 38.57/0.984 34.06/0.932  31.40/0.887  28.13/0.797 | 32.67/0.916

Table 2: Comparisons under the three-degradation all-in-one setting: a unified model is trained on a combined set of images

obtained from all degradation types and levels.

— b
P i LS IEL =29

Figure 3: Visual results of setting 1. More visual results are
available at supplementary material. Zoom in for details.

Haze compared to both original and improved ones pro-
posed in (Kong, Dong, and Zhang 2024), highlighting the
effectiveness of our uncertainty-guided multi-task learning
in capturing task-specific information.

Figure 3 provides visual results for the seven distinct
degradation tasks, illustrating the superior restoration qual-
ity achieved by our method across various degradation types.
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Setting 2 Table 2 presents the results of our uncertainty-
guided multi-task learning approach applied to AirNet (Li
et al. 2022) and PromptIR (Potlapalli et al. 2023) for de-
raining, dehazing, and denoising tasks. Our method demon-
strates significant enhancements to both models’ perfor-
mance across all tasks. For AirNet, we observe substantial
improvements across all tasks. The average PSNR increased
from 31.20 dB to 32.36 dB, a gain of 1.16 dB. Particularly
notable are the improvements in dehazing and deraining.
Even for the challenging denoising task, our method shows
consistent gains across different noise levels, with improve-
ments around 0.05 dB. Interestingly, our retrained AirNet
now outperforms the PromptIR. This significant improve-
ment provides strong evidence that the vanilla mixed train-
ing paradigm adopted in previous methods often leads to
biased suboptimal results. Our method’s ability to surpass
a newer, more advanced model by retraining an older one
underscores the effectiveness of our adaptive task-specific
regularization approach. When applied to PromptIR, our ap-
proach yields further enhancements, pushing the boundaries
of all-in-one image restoration performance.

Figure 4 provides visual results for the three distinct
degradation tasks, demonstrating the superior restoration
quality achieved by our retrained models. The images show
clearer and more detailed results across multiple tasks, high-
lighting the effectiveness of our approach in handling di-
verse degradation types.

Setting 3 Table 3 presents the results of our approach ap-
plied to Transweather (Valanarasu, Yasarla, and Patel 2022)



Methods Dehazing Dera.lmng Denoising Deblurring Low-Light Average
on SOTS on Rain100L on BSD68 on GoPro on LOL
NAFNet (Chen et al. 2022a) 25.23/0.939 35.56/0.967 31.02/0.883 26.53/0.808 20.49/0.809 | 27.76/0.881
MPRNet (Zamir et al. 2021) 24.27/0.937 38.16/0.981 31.35/0.889 26.87/0.823 20.84/0.824 28.27/0.890
SwinIR (Liang et al. 2021) 21.50/0.891 30.78/0.923 30.59/0.868 | 24.52/0.773 17.81/0.723 25.04/0.835
DL (Fan et al. 2019) 20.54/0.826 21.96/0.762 23.09/0.745 19.86/0.672 19.83/0.712 21.05/0.743
TAPE (Liu et al. 2022) 22.16/0.861 29.67/0.904 30.18/0.855 24.47/0.763 18.97/0.621 25.09/0.801
IDR (Zhang et al. 2023a) 25.24/0.943 35.63/0.965 31.60/0.887 27.87/0.846 21.34/0.826 28.34/0.893
Transweather (Valanarasu, Yasarla, and Patel 2022) 21.32/0.885 29.43/0.905 29.00/0.841 25.12/0.757 21.21/0.792 25.22/0.836
Transweather (Ours) 29.68/0.966 33.09/0.952 30.40/0.869 | 26.63/0.815 | 23.02/0.838 | 28.56/0.888
AirNet (Li et al. 2022) 21.04/0.884 32.98/0.951 30.91/0.882 | 24.35/0.781 18.18/0.735 25.49/0.846
AirNet (Ours) 27.59/0.954 33.95/0.962 30.93/0.875 26.13/0.801 17.88/0.772 27.30/0.873
Table 3: Comparative results on five distinct tasks in all-in-one image restoration.
Datasets Methods PSNR 1 SSIM 1
sa:lJ All-in-One (Li, Tan, and Cheong 2020) 24.71 0.8980
‘R WeatherDiff) 25(Ozdenizci and Legenstein 2023) 29.72 0.9216
% Outdoor-Rain TransWeather (Valanarasu, Yasarla, and Patel 2022) 28.83 0.9000
(=) TransWeather (Ours) 29.75 0.9073
0 DDMSNet (Zhang et al. 2021) 28.85 0.8772
=) O o O O = All-in-One (Li, Tan, and Cheong 2020) 28.33 0.8820
.g Snow 100K WeatherDiff 25 (Ozdenizci and Legenstein 2023) 29.58 0.8941
o) TransWeather (Valanarasu, Yasarla, and Patel 2022) 29.31 0.8879
A 2 j L 4 4 4 % TransWeather (Ours) 30.62 0.9086
o 4 * =7 =2 y 2 K 2 All-in-One (Li, Tan, and Cheong 2020) 3112 0.9268
% WeatherDiff 25 (Ozdenizci and Legenstein 2023) 29.66 0.9225
2 RainDrop TransWeather (Valanarasu, Yasarla, and Patel 2022) 30.17 0.9157
g TransWeather (Ours) 31.61 0.9330
¥ All-in-One (Li, Tan, and Cheong 2020) 27.12 0.8933
d D Average WeatherDiff 25(Ozdenizci and Legenstein 2023) 29.65 0.9127
Input AirNet  AirNet (Ours) PromptIR PromptIR (Ours) GT € TransWeather (Valanarasu, Yasarla, and Patel 2022) 29.44 0.9012
TransWeather (Ours) 30.66 0.9163

Figure 4: Visual results of 3 distinct degradation tasks. Our
retrained models obtain more clear visual results across mul-
tiple tasks.

and AirNet (Li et al. 2022) for five distinct tasks: dehazing,
deraining, denoising, deblurring, and low-light enhance-
ment. Our method demonstrates significant improvements
for both models. For Transweather, we observe substantial
enhancements across all tasks. The average PSNR increased
from 25.22 dB to 28.56 dB, a remarkable gain of 3.34 dB.
Particularly notable are the improvements in dehazing and
deraining. It’s worth noting that our method’s ability to sig-
nificantly improve the performance of Transweather, trans-
forming it from one of the lower-performing models to a
top performer, underscores the effectiveness of our adap-
tive task-specific regularization. When applied to AirNet,
our approach also yields consistent improvements. The av-
erage PSNR improved from 25.49 dB to 27.30 dB, an in-
crease of 1.81 dB. Interestingly, while the PSNR for low-
light enhancement on the LoL dataset decreased slightly, we
observed a significant improvement in SSIM. This suggests
that our retrained AirNet achieves notable enhancements in
content structure, albeit with some potential overexposure
affecting overall brightness.

Setting 4 1In Table 4, we apply our method to TransWeather
(Valanarasu, Yasarla, and Patel 2022) on three synthetic
tasks. Our approach consistently improves PSNR and SSIM
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Table 4: Comparison on deweathering tasks with Allweather
dataset (Valanarasu, Yasarla, and Patel 2022).

across all tasks, indicating a stronger ability to handle vari-
ous synthetic weather degradations and produce more faith-
ful reconstructions.

Table 5 further demonstrates the effectiveness of our
approach on real-world scenarios. Notably, on the SPA+
dataset for deraining, our method not only surpasses the
original TransWeather by a substantial margin but also out-
performs the previous best method, WGWSNet (Zhu et al.
2023). These results highlight our model’s enhanced gener-
alization capabilities and its capacity to handle the increased
complexity and variability of real-world weather conditions.
These results underscore the effectiveness and versatility of
our approach in handling diverse deweathering tasks across
both synthetic and real-world scenarios, consistently outper-
forming state-of-the-art methods.

Ablation Studies

Task Uncertainty Estimation To evaluate the effective-
ness of our proposed Task Uncertainty Regularization
(TUR), we conduct an ablation study on the seven distinct
degradation tasks introduced in (Kong, Dong, and Zhang
2024). Table 6 presents the results of SRResNet with TUR
or without it (vanilla Uncertainty Estimation). By dynami-
cally adjusting the regularization for each degradation task,
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Figure 5: Illustration of task uncertainty. (a) Distribution of
task uncertainty across multiple degradation types, demon-
strating clear distinctions between different degradations.
(b) Visualization of the sample-wise uncertainty maps,
where higher uncertainty values align with more severely
degraded regions.
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Figure 6: Dynamic multi-task balancing achieved by the pro-
posed TUR for AirNet. Normalized mean values of task un-
certainty for noise, rain, and haze degradations over 250
training epochs are presented, illustrating the adaptive bal-
ancing multiple restoration tasks.

TUR enables more adaptive and robust multi-task learning,
leading to superior overall performance in all-in-one image
restoration.

Distinct Task Uncertainty Distribution We analyzed the
distribution of estimated uncertainties for each degradation
task using AirNet in Setting 2. Figure 5(a) reveals distinct
uncertainty distributions across multiple degradation tasks,
highlighting a key limitation of vanilla mixed training in ex-
isting approaches and reinforcing the efficacy of our pro-
posed TUR method. Moreover, Figure 5(b) provides a visu-
alization of task uncertainty for individual samples. Notably,
the uncertainty maps effectively highlight critical image fea-
tures such as rain streaks, remote haze, and textured regions.

Dynamic Multi-Task Reweighting Figure 6 illustrates
the adaptive task weighting for multiple degradation tasks
during training. In contrast to the mix training strategy
adopted in most existing methods, our proposed TUR
demonstrates dynamic task weight adjustments through-
out the training process, eventually converging to model-
specific adaptive weights.

Datasets Methods [ PSNRT | SSIM1 |
Chen et al. (Chen et al. 2022b) 37.32 0.97
SPA+ ‘WGWSNet (Zhu et al. 2023) 38.94 0.98
TransWeather (Valanarasu, Yasarla, and Patel 2022) 33.64 0.93
TransWeather (Ours) 39.78 0.98
Chen et al. (Chen et al. 2022b) 29.37 0.88
WGWSNet (Zhu et al. 2023) 29.46 0.85
RealSnow
TransWeather (Valanarasu, Yasarla, and Patel 2022) 29.16 0.82
TransWeather (Ours) 29.72 0.91
Chen et al. (Chen et al. 2022b) 20.10 0.85
REVIDE WGWSNet (Zhu et al. 2023) 20.44 0.87
TransWeather (Valanarasu, Yasarla, and Patel 2022) 17.33 0.82
TransWeather (Ours) 20.38 0.88
Chen et al. (Chen et al. 2022b) 28.93 0.90
WGWSNet (Zhu et al. 2023) 29.61 0.90
Average
TransWeather (Valanarasu, Yasarla, and Patel 2022) 26.71 0.86
TransWeather (Ours) 29.96 0.92

Table 5: Comparison on de-weathering tasks on real-world
datasets following (Zhu et al. 2023)

Methods SR Blur Noise  JPEG Rain Haze Dark Avg.
SRResNet | 2552  30.01 3049 3246 3238 2557 3020 29.52
UE 25.54 3030 3059 32,69 3345 2615 31.89  30.09
TUE 25.55 30.65 30.65 3292 3520 26.16 32.04 3045

Table 6: Ablation study about with or without the proposed
task grouped regularization on 7 distinct degradation tasks.

Discussion and Limitation

Our task uncertainty regularization approach demonstrates
significant improvements across diverse all-in-one image
restoration settings. It provides more stable convergence,
improved generalization, and ultimately higher-quality re-
stored images, underscoring the importance of addressing
task-aware characteristics in multi-task learning process.
However, the current approach is constrained by its focus
on intra-task distributions, potentially overlooking valuable
inter-task relationships that could further enhance perfor-
mance. Typically, even distinct degradation types often share
underlying patterns and interactions that, if properly lever-
aged, can improve the overall restoration process. Future re-
search should therefore explore methods to capture these
cross-task connections, integrating both task-specific and
shared representations.

Conclusion

In this paper, we propose a novel approach for all-in-one
image restoration named Task Uncertainty Regularization
(TUR).By adaptively balancing multiple tasks during end-
to-end training, TUR consistently achieves superior results
across diverse restoration scenarios. Comprehensive exper-
iments across various settings demonstrate significant im-
provements, underscoring both the importance of task-aware
balancing in all-in-one image restoration and the efficacy
of our proposed TUR approach. While our current formu-
lation focuses on intra-task distribution, future work could
explore inter-task relationships and more sophisticated reg-
ularization techniques to further enhance restoration tasks.
We hope this work provides valuable insights and fosters
continued innovation in all-in-one image restoration.
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