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Abstract. All-in-one image restoration aims to handle multiple degra-
dation types using one model. This paper proposes a simple pipeline
for all-in-one blind image restoration to Restore Anything with Masks
(RAM). We focus on the image content by utilizing Mask Image Mod-
eling to extract intrinsic image information rather than distinguishing
degradation types like other methods. Our pipeline consists of two stages:
masked image pre-training and fine-tuning with mask attribute conduc-
tance. We design a straightforward masking pre-training approach specif-
ically tailored for all-in-one image restoration. This approach enhances
networks to prioritize the extraction of image content priors from various
degradations, resulting in a more balanced performance across different
restoration tasks and achieving stronger overall results. To bridge the
gap of input integrity while preserving learned image priors as much as
possible, we selectively fine-tuned a small portion of the layers. Specifi-
cally, the importance of each layer is ranked by the proposed Mask At-
tribute Conductance (MLAC), and the layers with higher contributions
are selected for finetuning. Extensive experiments demonstrate that our
method achieves state-of-the-art performance. Our code and model will
be released at |https://github.com/Dragonisss/RAM.
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1 Introduction

Image restoration involves the restoration of low-quality images affected by var-
ious degradation, typically arising from adverse environmental conditions (e.g.,
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rain, haze, low-light), hardware-related issues (e.g., noise and blur), and post-
processing artifacts (e.g., JPEG compression). Image restoration serves not only
to enhance the visual appeal of images but also contributes to practical applica-
tion scenarios such as autonomous driving and surveillance.

Modern techniques in this field
mainly focus on learning fixed patterns

formed during the degradation process, AirNet WTAPE = PromptlR ® RAM-PromptIR
Dehaze

i.e., degradation priors. Some works 29|
30L60] utilize task-specific priors to solve
a certain degradation problem, while an- Derain Dejpeg
other research line [3}28[39,/48| 55| tries
to design a general network architecture
that can effectively learn each degra-
dation pattern. Nevertheless, the above
methods only enable the network to learn
a single degradation, resulting in an im-
balanced situation when dealing with
multiple types of degradation.
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To tackle the problem stated above,
all-in-one methods have emerged, aim- Fig.1: Our RAM achieves more bal-
ing to handle multiple degradations us- anced and more powerful performance
ing one model. Most of these approaches than the state-of-the-art methods (Air-
tend to utilize explicit priors (e.g., Air- Net 21, TAPE !31]’ PromptIR 42]) for
Net [21]) or introduce an extra module all-in-one blind image restoration.
(e.g., PromptIR [42]) to discern image
degradation patterns, thereby assisting
the model in performing the restoration. However, these methods place their
emphasis on distinguishing degradation types in images rather than the image
content, leading to lower scalability and fuzzy decision boundaries when more
degradation types are involved. We argue that the essence of image restoration is
to extract intrinsic image information from corrupted images rather than elim-
inate degradation patterns, i.e., learning image prior rather than degradation
prior. It is worth noting that TAPE [31] similarly suggests that understand-
ing normal image nature aids restoration by introducing a natural image prior.
Nevertheless, TAPE utilizes the model output as the optimization target, which
causes the model to amplify its own errors and learn the image prior with bias.

In this paper, we focus on tackling how to extract intrinsic image in-
formation from diverse corrupted images. Some attempts [2,/7] by Mask
Image Modeling (MIM) in low-level vision have caught our attention. As a pre-
training strategy, MIM has been widely validated for its effectiveness in high-level
tasks, thanks to its generic representation of images. Simultaneously, the model
also learns the distribution of natural images, which encompasses the intrinsic
information we aim to extract from the images. Built on MIM, we propose a sim-
ple pipeline for all-in-one blind image restoration that Restores Anything with
Masks (RAM), which includes two stages: the mask pre-training stage and the
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fine-tuning stage with Mask Attribute Conductance (MAC). In the pre-training
stage, we randomly mask corrupted images at the pixel-wise level and force the
network to predict the clear one corresponding to the masked pixels, extract-
ing inherent image information from corrupted images. In the fine-tuning stage,
we focus on overcoming the input integrity gap caused by changing masked in-
put during pre-training into the whole image during inference while preserving
learned prior as much as possible.

Specifically, we first evaluated the importance of each network layer in ad-
dressing this gap by the proposed MAC. Following that, we chose the top k%
most critical layers for fine-tuning while keeping the rest of the network lay-
ers frozen. We demonstrate that after a brief fine-tuning period (even if only
10% layers are tuned), the model can achieve a highly satisfactory performance
level, surpassing models trained using traditional pair-wise training. Addition-
ally, our pipeline can be plug-and-play used in any network without introducing
additional computational overhead.

The contributions of this work are as follows:

— We discuss the challenge of adopting MIM in low-level vision and propose a
MIM-based pre-training strategy tailored to all-in-one blind image restora-
tion, which allows the restoration networks to effectively learn inherent image
information while guaranteeing reconstruction results.

— We proposed Mask Attribute Conductance to evaluate the importance of
each layer in addressing the input integrity gap so that a very small portion
(e.g. 10%) of critical layers are tuned to bridge this gap while preserving the
image prior learned by MIM.

— Our proposed RAM provides a fresh perspective to achieve more balanced
and powerful all-in-one blind image restoration, which focuses on extract-
ing inherent image information from corrupted images. Our pipeline can
be applied to any image restoration network without introducing additional
computational overhead.

2 Related Work

2.1 Image Restoration for Multi Degradations

While neural networks have demonstrated impressive performance in single degra-
dation image restoration [9}|13}|14},17,122,23,/29,/30L|49}|60], recent works have
shifted their focus towards addressing the more challenging domain of multi-
degradation image restoration. A group of methods [3,/28,/39,48,/55] aims at de-
signing a general architecture that can effectively learn each degradation pattern.
SwinIR [28] employs a window attention mechanism to convert global attention
into a localized approach, effectively reducing computational overhead. In addi-
tion, the U-shaped transformer-based methods [48}/55| are employed to extract
multi-scale features and reduce computational overhead. However, these meth-
ods have to train individually on each restoration task. Several methods |1}24]
leverage multiple input and output heads to empower the network to restore
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Fig. 2: The illumination of our overall pipeline. 1) Pre-training the model with mask
image pre-training method tailored to low-level vision. We randomly mask degraded
images at the pixel level with a 50% masking ratio and reconstruct the clean images.
2) The Fine-tuning stage is followed to overcome the input integrity gap caused by
changing masked input during pre-training into the whole image during inference. We
analyze the importance of each network layer for resolving the input integrity gap
according to the proposed MAC and rank them in descending order. The top k% of
network layers are selected for ne-tuning on the complete image.

various types of degraded images. Nonetheless, this kind of approach may lead
to the diminished scalability of the model. Recently, several subsequent meth-
ods [4, 21, 36,41, 42,56, 61] have been proposed to employ a uni ed network
to address multiple restoration issues. Most of these methods put emphasis on
learning how to distinguish di erent types of degradations and restore corrupted
images. Typically, AirNet [21] rst proposed an all-in-one image restoration task.
The method initially pretrains a degradation classi er based on contrastive learn-
ing and subsequently utilizes it to assist in all-in-one image restoration. Promp-
tIR [42] has introduced a learnable prompt-based module. Instead of constraining
the degradation category, it enables the model to autonomously learn features
that are advantageous to its performance by using an adaptive prompt. Our
RAM takes a fresh perspective that focuses on extracting common content in-
formation from corrupted images, without any extra design to distinguish degra-
dations, which helps us achieve balance and powerful performance when more
degradation types are taken into consideration.

2.2 Mask Image Modeling

Inspired by Mask Language Modeling [18,43], Mask Image Modeling (MIM) [15,
51] is introduced as a pretraining approach to learn general representations in
high-level vision. MAE [15] e ectively utilizes MIM for predicting hidden tokens,
demonstrating strong performance and generalization across various downstream
tasks. SImMMIM [51] proposed a general masked image modeling method based
on Swin-ViT [34]. Painter [47] uni es multiple tasks under image-to-image trans-
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lation and leverages MIM pretraining. In recent years, there have been e orts to
incorporate MIM into the realm of low-level vision to enhance model generaliza-
tion. Among them, [2] and [7] are the most closely aligned with our focus. [2] em-
ploys the MIM model to enhance the model's generalization for denoising tasks
but has not explored its potential in multi-task scenarios. [7] utilizes MIM for
pre-training the model encoder to introduce generative prior and subsequently
employs the decoder for restoration. However, it does not fully harness the po-
tential of MIM. Our proposed RAM utilizes MIM to unify the optimization
objective for various image restoration tasks into reconstructing intrinsic image
information. This allows the network to learn restoration functions more bal-
anced and e ectively. Moreover, to preserve the image priors learned by MIM,
we designed a ne-tuning strategy based on MAC analysis (in Sec. 3.3). This en-
ables us to achieve comparable performance by ne-tuning only a small portion
(e.g. 10%) of layers, fully tapping into the potential of MIM.

2.3 Gradient-based Attribution

Gradient-based attribution methods [6,12,44 46,50] are often used to clarify how
hidden units (or inputs) impact the output of networks. One commonly used ap-
proach is Integrated Gradients (IG) [45,46], which accumulates gradients along a
linear path from the baseline input to the target input in the pixel/feature space.
After that, Intinf [19] and layer conductance [6] alter IG to attribute neuron im-
portance along the same path. In our work, we expect to nd the key layers that
can e ectively overcome the distribution shift between training data and infer-
ence data. We propose Mask Attribute Conductance (MAC) based on the layer
conductance and accumulated MAC of each layer along the Mask Attribute Path
(MAP). MAC can represent the layer's importance along the MAP. In this way,
we can ne-tune the top k% critical layers of the pre-trained network, preserving
to a great extent the image priors learned during pretraining.

3 Methodology

In this section, we start with discussing the challenges of using MIM in low-level
vision tasks (Sec. 3.1). Following that, we present our pipeline for all-in-one blind
image restoration, which contains two parts: pre-training with MIM (Sec. 3.2)
and ne-tuning with Mask Attribute Conductance (MAC) Analysis (Sec. 3.3).

3.1 Rethinking MIM in Low-Level Vision

MIM is a process that randomly masks certain parts of an image and extracts
features from the remaining visible parts to reconstruct the entire image. It al-
lows models to acquire a generic representation of images and thus achieve good
pre-training, which is veri ed in many high-level tasks [15, 51]. Moreover, the
models also learn the distribution of natural images during the image recon-
struction, i.e. MIM pre-training. This incidental acquisition of prior knowledge
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patch size=1 patch size=4 patch size=8

Fig. 3: Mask Image Modeling reconstruction with di erent patch sizes. We pre-trained
with di erent patch sizes and visualized the mask inputs (left), and the corresponding
MIM reconstructions (right).

is instrumental in tasks like image restoration. Despite these advantages, apply-
ing MIM in pretraining a model for low-level vision tasks is still under-explored,
primarily due to the challenges that must be addressed in the process.

Firstly, the main purpose of vanilla MIM is not high-quality reconstruction
but good feature extraction for high-level tasks. Therefore, it masks a wider range
of images to gather semantic information but not pixel-level content, re ected
in token-level masking and a high mask ratio. CSFormer [7] directly adopts
this strategy on low-level vision pre-training. However, some studies verify that
semantic information is not as important for image restoration as it is in pattern
recognition tasks [33, 37]. Moreover, high-degree masking leads to producing
detail-de cient results, as shown in Fig. 3, which is harmful to low-level tasks.

Secondly, the training objective of MIM is to reconstruct the masked input
images, so it can only produce results with the same domain as the input image.
However, we hope the model gains the ability to bridge low-quality domain to
high-quality domain, i.e. recover clean content from degraded input. Therefore, it
is necessary to introduce paired data when pre-training image restoration models
by MIM (see the experiment in Sec. 4.3 for details). Cheret al. [2] demonstrate
that pair-wise MIM training enhances the generalization performance over dif-
ferent types of noisy images. In this paper, we take a step forward to explore the
e ectiveness of MIM on multiple degradations with larger variance.

3.2 Pretraining with MIM

Based on the above analysis, we design a MIM pre-training paradigm tailored
for low-level vision.
Masking. During the pre-training stage, we randomly mask the pixels of de-
graded images (mask images in & 1 patch size) with a 50% mask ratio. We
found that ne-grained masked patches and balanced mask ratio are bene cial
to image restoration, which can be demonstrated in Sec. 4.3.

Besides, since our MIM pre-training has a similar target to subsequent low-
level tasks, we do not need to change the decoder like MAE [15] does but just
ne-tune it.
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Fig. 4. The e ect of MIM reconstruction with di erent input integrity on kernel de-
blurring (orange border) and denoising (blue border). We also visualize the color dis-
tributions of reconstructions in various tasks above. It shows that the distribution of
the reconstruction results obtained using the twin-masks method as input is closer to
the real images (ground truth) compared to the results obtained using the whole input.

Reconstruction target. Following the Bert [18] and MAE [15], we choose L1
loss to supervise the masked part. The training objective can be written as:

argminEfiM (I £(M (la); Diil; 1)

wheref ;| yg represents a pair of clean image and degraded imagk( ; ) denotes
a network with parameters , M () is a random binary masking operation and
M()=1 M ().

3.3 Finetuning with Mask Attribute Conductance Analysis

Observation. During pre-training, the network learns rich content priors. How-
ever, the incompleteness of the masked input prevents the direct use of the
pre-trained model for inference, as it would result in a distribution shift in the
outputs. As shown in Fig. 4, We start by feeding the entire image into a pre-
trained model, leading to a color-distorted result. Next, we use a pair of com-
plementary masks, referred to as twin-masks, to individually mask the image.
Subsequently, we input both of these complementarily masked images into the
network. By combining the pixel values predicted by each image, we generate
a higher-quality image. This observation indicates that the hindrance to using
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mask pre-trained model directly for inference lies in input incompleteness rather
than the model's inability to learn the restoration function.

Building upon this insight, we explore the possibility of minimizing the in-
uence of disparities in data input formats via model ne-tuning. To maintain
the learned priors, it is essential to retain pre-trained parameters as extensively
as possible while employing the fewest but most e ective layers for ne-tuning.
To tackle this, we introduce the concept of mask attribution conductance, which
quanti es the importance of each layer concerning the ne-tuning objective. We
then identify the top-k% most critical layers for ne-tuning.
Preliminary. Before giving the de nition of Mask Attribute Conductance (MAC),
we brie y recall the de nition of integrate gradient [45] (IG) and neuron con-
ductance [6] (Cond). Considering a linear path ( )= x%+ (x x9 from base
input x°to target input x, we can attribute output change F(x) F(x9 to i-th
dimension of input/feature x; (e.g. a pixel) by calculating its integrate gradient,
which formally as below:

fr@Rx+ (x x9) .
0 @x .
We can also attribute output change to a specic neurony by improving IG,

which involves calculating the conductance. The conductance [6] of the hidden
neurony along the () is:

IGi(x):=(x; xP)

)

X L@R%+ (x x9) @y
Y = ) ( =
Cond” (x) : i (xi  x9 ) By ax
Z
X “1@Rr () @y,.
0 @y @ '

d
©)

Note that (x; x9) = w. Certainly, we can broaden Eq. (3) to com-
pute conductance when integrating along any given path :[s;t]! P:

£ @Rxi() @y,
P @y @

where X : R'! R" is the function of the path from x°to x, which satis es
X (s) = x% X (t) = x. [s;t] represent the domain of the path function X."
Finetuning with MAC. To nd e ective layers to netune, we propose M ask
Attribute Conductance MAC ) to evaluate how e ective each layer is in over-
coming the gap of input integrity. Considering such a nonlinear path : [0; 1] !
P from zero input x°to whole input x, which path function X ™ satis es:

GeneralCond (x) :=
i

(4)

Xhoo<

X = Xi; else
Iy

; 5)
where i refers to the index of pixels, ; 2 (0;1] is a set of parameters that

indicate when each pixel gets masked. We de ne this path as a Mask Attribute
Path (MAP). Apparently, X™(0) = x%and X ™ (1) = x.
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Fig.5: lllumination of (a) X" in Eg. (5) and (b) X" in Eq. (6).

However, X ™ is not di erentiable, making it an invalid attribute path func-
tion. To solve this problem, we use a group of sigmoid-like functionsX™ to
approximate X M:

(P xi)
1+e & 07

We can see thatX™ is very close toX™ when is suciently large (as
depicted in Fig. 5). And for each X", it will change sharply from x? to x; when

is in the neighborhood of ;.

Here, we can give a de nition of MAC as below:

X £ @rxi() @y,

(5 i)= (6)

MACY (x) := . @y @
)(I z lrn m . (7)
0 @y @

i
In fact, a partial path is also available to attribute from a masked input xn,
with any mask ratio r to whole input x:

Z
X Z1 @RX™M( ; 1)) @yd'
1r @y @

In practice, we use N-steps discretization to approximate the integral form
of Eq. (8), which follows [44]:

MACY (x) (8)

X X @Rx (i 1)

e @y 9)

g+nr
N

MACY (x)

DIV CONE

We compute the MAC of each layer of pre-trained networks, rank them in
descending order based on their MAC values, and pick tog<% layers for ne-
tuning. The networks are initialized by pre-trained weight and only top- k% layers

(Fy (X7 (
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Table 1:

Qin et al.

Quantitative comparison on seven challenging image restoration tasks, in-

cluding dehazing, deraining, denoising, motion deblurring, low-light image enhance-
ment (LLIE), kernel deblurring, and JPEG artifact removal.
indicate the best and second-best results, respectively.

boldface and underlined

Method SOTS [20] Rain13k-Test [32] BSD68 [38] GoPro [40] LOL [5] LSDIR-Blur [26] LSDIR-Jpeg [26] Average
PSNR"/SSIM" PSNR"/SSIM" PSNR"/SSIM" PSNR"/SSIM" PSNR"/SSIM" PSNR"/SSIM" PSNR"/SSIM" |PSNR"/SSIM "
Restormer [55] 22.89/0.9172 27.05/0.8469 30.95/0.8657 27.46/0.8497 23.650.8458  19.60/0.3658  30.46/0.9141 | 26.01/0.8007
MPRNet [39] 25.23/0.9463 25.36/0.8068 29.83/0.8317 25.90/0.7949  22.29/0.8170  25.68/0.8281 28.96/0.8865| 26.18/0.8445
NAFNet [3] 25.74/0.9445 24.65/0.7877 30.37/0.8540 25.53/0.7909  21.50/0.8104  29.08/0.9130 29.09/0.8955| 26.57/0.8566
DL [8] 21.16/0.9042 19.56/0.6508 16.15/0.5861 17.63/0.5862 19.26/0.7777  17.98/0.6121 19.55/0.6965| 18.75/0.6877
TAPE [31] 25.14/0.9319 23.66/0.7818 30.11/0.8354  25.97/0.7962 18.95/0.7632  24.26/0.7654 29.28/0.8965| 25.34/0.8243
AirNet [21] 21.66/0.8366 20.21/0.6402 27.99/0.7250 23.36/0.7503 16.65/0.6708  23.84/0.7358 24.36/0.8020| 22.58/0.7372
SwinIR [28] 27.29/0.9622 25.32/0.8258 30.65/0.8540 26.61/0.8125 18.66/0.8048  27.82/0.8839 30.13/0.9071| 26.64/0.8643
RAM-SwinlR 28.47/0.9689 26.31/0.8486 30.83/0.8611 26.89/0.8200 21.62/0.8291  26.66/0.8514 30.22/0.9096 | 27.28/0.8698
PromptiR [42] 28.70/0.9659 27.46/0.8585 30.84/0.8625 27.71/0.8565 21.19/0.8356 31.01/0.9385 30.30/0.9117 | 28.17/0.8899

RAM-PromptiR

29.64/0.9695

28.47 /10.8751

30.860.8624

28.02/0.8592 24.46 /0.8581

29.57/0.9179

30.330.9119

28.76/0.8935

Fig.6: Dehaze visual comparison on SOTS dataset. Zoom in for details.

will be ne-tuned. More implementation details can be found in the supplemen-
tary material.

4 Experiment

4.1 Experiments Settings

Datasets and Metrics. = We combine datasets from various restoration tasks
to form the training set, following [59]. For high-cost tasks that degradations
are dicult to synthesize, we leverage existing paired datasets, including RE-
SIDE [20] for dehazing, Rain13k [10, 25,27, 35, 53] for deraining, GoPro [40] for
motion deblurring, and LOL-v2 [54] for low-light image enhancement (LLIE). For
low-cost tasks that degradations are easy to synthesizee(g. noise, kernel blur,
and JPEG artifact), we generate corrupted images on the LSDIR dataset [26]
during the training process, which involves generating Gaussian noise with ran-
dom variation 2 (0;50], creating gaussian blurred images with a blur kernel
of sizek = 15 and random 2 [0:1; 3:1], and introducing JPEG artifacts with a
random quality parameter g 2 [20; 90].

For evaluation, we use SOTS-outdoor [20] for dehazing, Rain13k-Test (the
combination of Rain100L [52], Rain100H [52], Test100 [58], Test1200 [57] and
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