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Abstract. Existing image restoration approaches typically employ ex-
tensive networks specifically trained for designated degradations. Despite
being effective, such methods inevitably entail considerable storage costs
and computational overheads due to the reliance on task-specific net-
works. In this work, we go beyond this well-established framework and
exploit the inherent commonalities among image restoration tasks. The
primary objective is to identify components that are shareable across
restoration tasks and augment the shared components with modules
specifically trained for individual tasks. Towards this goal, we propose
AdaIR, a novel framework that enables low storage cost and efficient
training without sacrificing performance. Specifically, a generic restora-
tion network is first constructed through self-supervised pre-training us-
ing synthetic degradations. Subsequent to the pre-training phase, adapters
are trained to adapt the pre-trained network to specific degradations.
AdaIR requires solely the training of lightweight, task-specific modules,
ensuring a more efficient storage and training regimen. We have con-
ducted extensive experiments to validate the effectiveness of AdaIR and
analyze the influence of the pre-training strategy on discovering shareable
components. Extensive experimental results show that AdaIR achieve
outstanding results on multi-task restoration while utilizing significantly
fewer parameters (1.9 MB) and less training time (7 hours) for each
restoration task. The source codes and trained models will be released.

1 Introduction

Image restoration is a long-standing problem in low-level vision, with the objec-
tive of reconstructing high-quality (HQ) images from degraded low-quality (LQ)
counterparts. This field has witnessed substantial progress with the emergence
of deep learning approaches. Current methods achieve considerable success by
training models tailored for a specific degradation, as presented in Fig. 1(a).
Although the single-task approaches have achieved significant success in a wide
range of tasks, they are well-known to be confined to the degradations present
during the training phase, resulting in limited generalizability.

While image restoration covers a spectrum of degradation types, the pri-
mary objective remains to eliminate artifacts caused by degradations and re-
cover a high-quality image. By understanding learned latent representations of
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Fig. 1: Comparison of different approaches. An illustration of different strategies to deal with
multiple image restoration tasks. (a) Training separate models for each specific task, e.g., denoising,
deraining, and supre-resolution. (b) Appending multiple heads and tails, which are respectively
tailored to different tasks, on a shared backbone model. (c) Designing special blocks within the all-
in-one model to encode and utilize degradation information without specifying the task explicitly.
(d) Our proposed AdaIR exploiting task-specific adapters to address different restoration tasks.

different degradations, it is discovered that there are intersecting latent repre-
sentations across different tasks [43, 90]. Therefore, a flexible and cost-efficient
approach to image restoration can be realized through a common foundation
complemented by compact, task-specific modules. Straightforward strategies for
multi-task image restoration involve directly training a shared backbone Fig. 1(b)
or a all-in-one model Fig. 1(c) on multiple degradations. These methods enhance
the versatility of the trained network and reduces the storage costs of multiple
single-task models. However, they still exhibit limited generalizability to degra-
dations beyond those included in the training set, ultimately constraining the
scalability of existing methods.

In this work, we explore and exploit the shareable components among dif-
ferent restoration tasks with parameter-efficient tuning. This approach divides
the training process into pre-training and fine-tuning phases. The pre-training
phase aims to uncover shareable components, while the fine-tuning phase fa-
cilitates easy adaptation to different tasks. Although parameter-efficient tuning
has been extensively studied in natural language processing (NLP) [4, 6, 13, 25,
27, 29, 41, 47, 56, 61, 65, 84] and high-level vision tasks [8, 11, 32, 34–36, 97], its
application in the low-level vision domain remains under explored. The bene-
fits of parameter-efficient tuning are twofold. Firstly, the relationship between
various restoration tasks is difficult to discern when training a single multi-
task model from scratch. The two-phase transfer learning mechanism allows for
learning shareable components during the pre-training phase. This allows us to
analyze pre-training schemes instead of training restoration models from scratch,
further investigating generalizability. Secondly, efficient fine-tuning enables the
lightweight task-specific extensions of the model to address unseen degradations
not covered in the pre-training phase, thereby reducing memory and computa-
tional time. Combining the above insights and the merits of parameter-efficient
tuning, we aim to advance research this approach for multi-task image restora-
tion. To achieve this, we design a novel adapter module as our parameter-efficient
tuning method.

We introduce AdaIR, a framework that leverages adapters for efficient adap-
tation to previously unseen degradations through pre-training and fine-tuning
phases. Our framework initiates a self-supervised pre-training phase that em-
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ploys synthetic degradations. To integrate new tasks, lightweight adapters are
inserted into the foundation model. During the fine-tuning phase, the pre-trained
model remains unchanged, and only the adapters undergo training. Our approach
enables the utilization of a shared foundation model across various tasks, result-
ing in reduced training time compared to training from scratch. Additionally,
we only need to store adapters for different tasks rather than multiple models,
thereby reducing storage costs.

As our objective is to investigate the how to explore shareable components
across diverse restoration tasks, our focus is on the effect of various pre-training
schemes employed during the pre-training phase on the performance of down-
stream tasks in the fine-tuning phase. We perform multiple experiments with
various pre-training schemes tailored to the downstream tasks. The extensive
studies on pre-training schemes not only assist us in training a generic model
but also provide valuable insights for future advancements.

Moreover, we provide comparisons with existing multi-task restoration meth-
ods, which reveals that AdaIR could achieve comparable performance against
existing works with lightweight parameters and corresponding training strategy,
thereby confirming the efficacy of our approach.

The main contributions of our work are:

– We propose AdaIR, a framework that integrates adapter modules into a
shareable foundation model for efficient adaptation to novel restoration tasks.

– Our detailed analysis studies the influence of the pre-training strategy and
adapter modules on the performance, offering guidance for future research.

– Extensive experiments demonstrate that AdaIR achieves favorable perfor-
mance with efficiency on various restoration tasks.

2 Related Work

Single-Task Restoration. Existing image restoration methods mainly focus
on the setting of a single task to recover high-quality images from low-quality
images that endured specific degradation. Numerous restoration tasks benefit
from the emergence of a deep learning-based model and achieve huge improve-
ment. These tasks involve super-resolution (SR) [12,16,17,37,40,49,53,77,95,96],
denoising [15,74,91–93], deraining [22,23,33,46,66,79,83,88], dehazing [7,18,19,
26,42,50,63,64,67,80], and deblurring [24,38,39,44,59,60,68,69,73,89,94].

Multi-Task Restoration. Recently, image restoration has developed toward
extending the restoration model to multiple-task restoration. Some approaches
introduce unified model architecture to address various types of degradation,
such as HINet [10], MPRNet [86], SwinIR [48], Uformer [78], and Restormer [85].
Despite significant success, these methods are still limited to applying a single
model to multiple degradations. Each restoration model is typically trained for
each specific degeneration with the same architecture. However, the requirement
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of training and storing several copies of the restoration model incurs extra mem-
ory and time consumption. Alternatively, several approaches [9,21,43,45,54,62,
75, 82] propose to remove different degradations with a single model. IPT [9]
introduces several head and tail modules into a shared backbone as demon-
strated in Fig. 1(b), where each pair of head and tail is responsible for one task.
AirNet [43] projects degenerated input images into latent space and utilizes con-
trastive learning to separate different degradations. Then, these features guide
the restoration toward the specific tasks. PromptIR [62] proposes a prompt block
to encode degradation-specific knowledge to lead the restoration model to mul-
tiple tasks. Despite these advancements, numerous challenges remain as these
methods require retraining when encountering new types of image degradation.
To tackle this issue, our approach involves pre-training a compact model designed
to adapt to any image degradation via parameter-efficient tuning.

Parameter-Efficient Tuning. In the Natural Language Process (NLP) do-
main, transferring a large-scale pre-trained model, such as the Transformer-
based [76] model, to multiple downstream tasks is now prevailing. The most
intuitive manner is to fine-tune all the parameters in the pre-trained model
to the specific task. However, this kind of approach inevitably entails the de-
mands for additional memory and training costs. Thus, methods that efficiently
adapt the pre-trained model to various tasks are proposed to mitigate the prob-
lem. These efficient tuning methods could be roughly categorized into three
groups: (1) Prompt-Tuning [6,41,47], (2) Adapter [4,13,25,27,56,61,65], and (3)
Low-Rank Adaptation (LoRA) [29]. Furthermore, some works attempt to apply
parameter-efficient tuning techniques on the vision tasks [8,11,32,34–36,97]. In
this work, we develop a novel adapter optimized for image restoration to deal
with multi-task restoration effectively.

3 Methodology

This section provides an overview of our proposed AdaIR framework, followed
by the details of adapter modules within the framework. We then further discuss
our training scheme, including pre-training and fine-tuning phases.

3.1 AdaIR

AdaIR is a framework designed to integrate adapter modules AR into a foun-
dation model, thereby enabling the generalization of the foundation model to
multiple specific image restoration tasks. Fig. 2 presents an overview of the
proposed AdaIR framework, which focuses on recovering high-quality (HQ) im-
ages IrHQ ∈ RH×W×3 from the low-quality images (LQ) IrLQ ∈ RH×W×3, where
r ∈ {1, 2, 3, . . . , R} denotes the index of the restoration task and R represents
the total number of restoration tasks, with H and W referring to the height and
width of the images, respectively. AdaIR tunes lightweight adapter modules Ar

to learn task-specific knowledge for restoring IrHQ by eliminating the artifacts
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Fig. 2: Overview. The proposed AdaIR framework. Our foundation model comprises feature ex-
traction, pre-trained, and image restoration modules. The adapter modules interact with pre-trained
modules to form adapter layers. When fine-tuning, the parameters of the foundation model are frozen;
only the parameters in the adapter module are tunable.

present in the IrLQ. While keeping most of the foundation model’s parameters
frozen, we can efficiently address several restoration tasks without needing mul-
tiple separate restoration models.

3.2 Instantiations

Backbone. In AdaIR, the foundation model is designed to be flexible, which al-
lows for the substitution of different underlying architectures. We have selected
the architecture proposed in Restormer [85] as our foundation model for this
study. Restormer is a unified architecture suitable for various image restoration
tasks, which effectively demonstrate the capabilities of our proposed framework.
It features a multi-level hierarchical encoder-decoder structure. The input image
is initially projected into a latent embedding space through a feature extraction
module, such as a 3x3 convolutional layer. Each level of the hierarchical archi-
tecture comprises several transformer blocks that serve as pre-trained modules.
The Restormer progressively reduces the spatial resolution in the encoder. Con-
versely, the decoder incrementally upscales the spatial resolution until it matches
the input image’s. Ultimately, a convolutional layer processes the refined features
to generate the residual image within the image restoration module. This residual
image is then added to the input to produce the final restored image.

Adapter Module. To facilitate the learning of task-specific knowledge while
leveraging a shareable foundation model, adapter modules are introduced, which
play a crucial role in generalizing the foundation model to multiple restoration
tasks. Our approach incorporates adapters into a sequence of layers as [11,25,27].
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We design an adapter architecture tailored for image restoration, as illustrated in
Fig. 2(d). Considering the characteristics of image restoration tasks in the low-
level vision domain, it is essential to effectively harness nearby information for
reconstructing LQ images. To this end, our adapter design utilizes convolutional
layers to integrate nearby pixel information for restoration effectively. However,
the direct implementation of traditional convolutional layers with a kernel size of
g would substantially increase parameters, growing quadratically with g2 com-
pared to the original fully connected (FC) layers. To mitigate this increase in pa-
rameters without significantly altering the architecture, we adopt a multi-branch
structure featuring depthwise separable convolutional layers [28] and residual
connections, which draw inspiration from networks with an inception-like struc-
ture [14,31,70–72]. Furthermore, empirical evidence suggests that layer normal-
ization [3] and non-linear functions marginally diminish performance. Therefore,
we exclude them from our adapter modules.

3.3 Adapter Layer

The adapter layer is developed for adapting the original pre-trained module to
a specific image restoration task. As demonstrated in Fig. 2(b), each adapter
layer mainly consists of two types of sub-modules: a pre-trained module and
an adapter module. Since we utilize Restormer as our foundation model, the
pre-trained module is the Transformer block introduced in [85], which involves
multi-DConv head transposed attention (MDTA), gated-DConv feed-forward
network (GDFN), and two layers of layer normalization (LN). An input hr

b,l is
processed through LN and MDTA, then combined with the original input to form
the feature xr

b,l. This feature then passes through another LN and GDFN with
a residual connection to create h′r

b,l. In specific, the process in the pre-trained
module is described as follows:

xr
b,l = hr

b,l + MDTA(LN(hr
b,l)), (1)

h′r
b,l = xr

b,l + GDFN(LN(xr
b,l)), (2)

where b = {1, 2, ...n, ..., N} denotes the index of the adapter block, l = {1, 2, ..., Lb}
represents the index of adapter layers in each adapter block. Since each restora-
tion task has its corresponding adapter module, in Fig. 2(b), we illustrate the
process with r = 1 to make it clear.

On the other hand, the adapter module is integrated into the pre-trained
module in parallel. In adapter module Ar

b,l, inception structure with 3x3 depth-
wise separable convolutional layer (DConv) [28] and 1x1 pointwise convolutional
layer (PConv) are employed. Finally, h′r

b,l and ∆hr
b,l are added together to pro-

duce the adapted output zrb,l. The overall procedure of adapter layers is formu-
lated as follows:

∆hr
b,l = Ar

b,l(h
r
b,l) = PConv(DConv(hr

b,l) + PConv(hr
b,l)), (3)

zrb,l = h′r
b,l +∆hr

b,l, (4)
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Integrating the adapter module into the transformer block provides the flexi-
bility needed for the framework to adapt to different tasks, improving its overall
performance and versatility.

3.4 Training Scheme

To extend the foundation model further to multiple degradations, a two-phase
training strategy with a pre-training phase and a fine-tuning phase is employed.

Pre-Training Phase. In the pre-training phase, we adopt a self-supervised
training strategy to enhance the model’s generalizability to low-quality (LQ) in-
put images. This strategy involves the generation of training pairs by augmenting
ground truth images with various synthetic distortions, thereby creating a self-
supervised learning environment. In this work, we concentrate on the influence
of different pre-training schemes on the performance of downstream tasks. Our
goal is to explore the shareable components across various restoration tasks. We
observed that effective pre-training markedly benefits the fine-tuning process.
A detailed analysis of the pre-training schemes and their effects is presented in
Section 5.

Fine-Tuning Phase. During the pre-training phase, the foundation model is
trained to extract features from a diverse array of images, effectively reducing
artifacts in degraded input images. However, the foundation model may not de-
liver optimal performance for specific types of degradation, as its training in
the pre-training phase may not be focused on those particular degradations. We
incorporate adapter modules Ar into the model to address this limitation and
bolster the foundation model’s capabilities for specialized tasks. These adapter
modules add task-specific parameters that are fine-tuned to meet the unique
challenges of each task. In the fine-tuning phase, only the parameters within
the adapter modules are trained, while most of the foundation model remains
unchanged. This approach allows for efficient training of the AdaIR framework.
After fine-tuning, a single copy of the foundation model can be stored alongside
multiple lightweight adapter modules. This setup facilitates the restoration of
images affected by various types of degradation without necessitating multiple
large-scale models, thereby reducing both storage requirements and computa-
tional complexity.

4 Experiments

In this section, we present experimental results and discuss their implications.
We start with an introduction to our experimental setup in Section 4.1. Then,
we evaluate our AdaIR with different restoration tasks in Section 4.2. Finally,
we compare different parameter-efficient tuning methods in Section 4.3.
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4.1 Experimental Setups

Restoration Tasks. We conduct experiments on four different restoration
tasks, including denoising, Gaussian deblurring (GD), deraining, and super-
resolution (SR). We divide LQ images of each restoration task into easy subset
E and hard subset H to evaluate the generalizability. The datasets we use are
summarized as follows:

– Denoising In alignment with previous studies [43, 62], we conduct our ex-
periments using a combined dataset consisting of BSD400 [2] and WED [55],
totaling 4,744 images for training the model. To evaluate the denoising ef-
fectiveness of our model, we perform assessments on the BSD68 [57] and
Urban100 [30] datasets. Specifically, we generate noisy images through a
synthetic process that adds Gaussian noise to clean images. We respec-
tively set the noise levels σ ∈ {15, 25, 50} to generate the easy subset, and
σ ∈ {70, 100} to generate the hard subset.

– Deblurring We have devised our experimental environment due to the
limited number of studies focusing on Gaussian deblurring. We utilize the
DIV2K [1] dataset for training, comprising 1,000 high-resolution 2K images.
Out of these, 800 images are designated for the training set. The model’s per-
formance is then evaluated on the BSD68 [57] and Urban100 [30] datasets.
The LQ images are synthetically generated by applying blur degradations.
Specifically, we use convolution with isotropic Gaussian filters to create the
input images. For the Gaussian blur kernel, the kernel size k and the stan-
dard deviation σ along the two principal axes are sampled from a proba-
bility distribution to produce paired training data. We create the easy LQ
images with kernel sizes k ∈ {7, 9, 11, 13, 15} and standard deviations sam-
pled from a uniform distribution s ∼ U(0.2, 3.0). As for hard LQ images, we
use kernels of sizes k ∈ {17, 19, 21} and standard deviations sampled from
s ∼ U(3.0, 5.0).

– Deraining For the deraining task, our model is trained using 200 train-
ing pairs from the Rain100L [81] dataset and 1,800 training pairs from the
Rain100H [81] dataset, corresponding to light and heavy rain streaks. To as-
sess the effectiveness of our proposed method, evaluations are conducted on
100 testing pairs from both Rain100L [81] and Rain100H [81]. We categorize
light and heavy rain streaks as easy subsets and hard subsets, respectively.

– Super-Resolution We use 800 images in DIV2K [1] to train our model
to be similar to the Gaussian deblurring task. In contrast, we assess the
model’s performance on the Set5 [5], Set14 [87], B100 [58], and Urban100 [30]
datasets. To align the image resolution with other restoration tasks and
maintain a unified architecture, we initially downsample the high-resolution
(HR) images to low-resolution (LR) images using bicubic interpolation. These
LR images are then upscaled back to their original resolution, employing
bicubic interpolation. The final outputs are merged with the input images
to create the dataset for training and evaluation. We form the easy subset
by sampling its scaling factor from a uniform distribution U(1, 4). Simulta-
neously, larger scaling factors of ×6 and ×8 are used for the hard subset.
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Method
Gaussian Denoising Gaussian Deblurring Deraining

BSD68 [57] Urban100 [30] BSD68 [57] Urban100 [30] Rain100H [81]
σ = 70 σ = 100 σ = 70 σ = 100 k19s4 k21s5 k19s4 k21s5 heavy

RestormerE 24.22 18.85 24.44 18.72 23.33 22.26 20.02 19.19 14.48
RestormerE+H 26.96 25.53 27.51 25.87 27.25 26.21 25.68 24.12 31.79
PromptIRE+H 26.94 25.51 27.50 25.86 27.26 26.20 25.72 24.11 31.91
AdaIR (Ours) 26.98 25.54 27.54 25.86 27.29 26.11 25.73 23.91 30.93

Table 1: The average PSNR (dB) over the hard subsets of the restoration tasks including Gaussian
denoising, Gaussian deblurring, and deraining. The best and second-best performing results are
highlighted by the red and blue colors, respectively.

Method Trainable
Param.

Training
Time

Set5 [5] Set14 [87] B100 [58] Urban100 [30]
×6 ×8 ×6 ×8 ×6 ×8 ×6 ×8

Bicubic - - 24.75 23.09 22.87 21.64 22.88 22.05 19.40 18.48
RestormerE 26.1M 43hr 24.20 23.85 23.11 22.76 22.67 23.21 20.95 20.49
RestormerE+H 26.1M 61hr 29.22 26.99 26.61 25.00 25.97 24.94 24.13 22.49
PromptIRE+H 35.6M 67hr 29.03 26.76 26.58 24.86 25.93 24.93 24.07 22.23
AdaIR (Ours) 1.9M 7hr 29.15 26.85 26.51 24.83 25.92 24.87 24.02 22.31

Table 2: The average PSNR (dB) on Set5 [5], Set14 [87], B100 [58], and Urban100 [30] of super-
resolution with scaling factor ×6 and ×8. Additionally, an analysis of the training time and the
number of trainable parameters during training. The best and second-best performing results are
highlighted by the red and blue colors, respectively.

Implemantation. In this work, the training process is divided into two distinct
phases: the pre-training phase and the fine-tuning phase. During the pre-training
phase, we pre-train the foundation model using a collective dataset of the easier
subsets, denoted as E, from all four restoration tasks to train the shareable pa-
rameters. This approach allows us to seamlessly employ any pre-trained compact
foundation model, potentially eliminating the need for a dedicated pre-training
phase. Subsequently, in the fine-tuning phase, we fine-tune the parameters of the
task-specific adapter modules Ar using the more challenging subset Hr for each
restoration task.
During the training, the inputs are size 128 × 128 images, which are randomly
cropped from the training set images. These images are further augmented with
random horizontal and vertical flips. The batch size is set to 8, and the AdamW
optimizer [52] is used with the L1 loss function for training. The model undergoes
training for 200 epochs, with an initial learning rate of 2e−4. The learning rate
is also adjusted according to a cosine annealing schedule [51].
Please note that the performance is evaluated in terms of peak signal-to-noise
ratio (PSNR) and structural similarity index measure (SSIM). For the super-
resolution (SR) task, the PSNR and SSIM evaluations are computed on the Y
channel from the YCbCr color space. Conversely, for the Gaussian denoising,
Gaussian deblurring, and deraining tasks, all three channels of the RGB color
space are used to calculate PSNR and SSIM. The forthcoming experimental
results will be presented in terms of PSNR; the SSIM results will be included in
the supplementary materials.

4.2 Validation of AdaIR

Quantitative results. We compare our proposed AdaIR to existing methods
for image restoration, including Restormer [85] and PromptIR [62]. Specifically,
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Fig. 3: The qualitative results of RestormerE+H [85], PromptIRE+H [62], and our AdaIR in the
denoising task with two noisy levels.

we retrain Restormer and PromptIR using LQ images from four restoration tasks
simultaneously. We exploit RestormerE , trained exclusively on easy LQ images
E, as the baseline and the foundation model of AdaIR . Furthermore, we train
RestormerE+H and PromptIRE+H on a combined dataset of easy and hard LQ
images.

Table 1 and Table 2 summarize the quantitative results in terms of PSNR(dB)
on Gaussian denoising, Gaussian deblurring, deraining, and super-resolution.
Overall, RestormerE performs poorly on the hard subsets containing degrada-
tions not seen during its training. Notably, AdaIR fine-tunes RestormerE to
handle the hard subsets better, significantly enhancing performance by 15.8dB
PSNR on deraining task. Moreover, AdaIR achieves comparable performance
with RestormerE+H and PromptIRE+H . It is important to note that AdaIR can
adapt to unseen degradations, unlike Restormer and PromptIR, which are lim-
ited to predefined degradations. This comparison substantiates AdaIR ’s adapt-
ability and ability to generalize well across different types of image degradations.

As shown in Table 2, the adaptation training time for AdaIR is merely 7
hours, which is relatively short compared to training Restormer and PromptIR
from scratch. Meanwhile, AdaIR requires only 1.9 MB of tunable parameters,
which is less than 8% of the parameters of Restormer. This demonstrates the
effectiveness and efficiency of our AdaIR framework.

Qualitative results. Fig. 3 compares the qualitative results of our proposed
AdaIR with the baseline method RestormerE+H [85] and PromptIRE+H [62], on
datasets BSD68 [57] and Urban100 [30] with variant noisy level, such as σ = 70
and σ = 100. The visualization result of reconstructing a noisy image with σ = 70
is displayed in the first row. The legs of the zebra are transparent or even dis-
appear in the baseline methods. However, our proposed AdaIR restore the legs
and the stripes on it. In the second row, RestormerE+H and PromptIRE+H [62]
struggle to reconstruct the mesh pattern on the image, whereas the AdaIR result
demonstrate the pattern. These visualization results demonstrate the effective-
ness of our method.
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Fig. 4: The qualitative results of our AdaIR in the SR task with two upscaling factors.

Fig. 5: The qualitative results of our AdaIR in the Gaussian deblurring and deraining tasks.

Fig. 4 demonstrates the restoration results of AdaIR on the SR task with two
upscaling factors. The results of reconstructing the LQ images in the upscaling
factor ×6 are illustrated in the first row. When the lines on the LQ image are
blurry or even exhibit the wrong patterns, i.e., the horizontal lines are turned
into diagonal lines. However, our method can still restore the correct pattern.
On the other hand, the result of ×8 is shown in the second row. Note that the
rectangle windows are reconstructed by our proposed method.
Fig. 5 demonstrates the restoration results of AdaIR on the Gaussian deblurring
and deraining task on the Urban100 [30] and Rain100H [81] datasets. As shown
in the first row, rain streaks are removed even when most scenes are the same
color as rain streaks. In the second row, the numbers are distorted in the LQ
images, but our method can still correctly restore the numbers, such as ’44’ and
’45’.
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Method
Gaussian Denoising Super-Resolution

BSD68 [57] Urban100 [30] B100 [58] Urban100 [30]
σ = 70 σ = 100 σ = 70 σ = 100 ×6 ×8 ×6 ×8

VPT-add [32] 27.03 25.55 27.83 26.07 25.76 24.56 23.64 21.88
AdaptFormer [11] 27.04 25.59 27.87 26.21 25.88 24.80 24.01 22.20
AdaIR (Ours) 27.04 25.60 27.88 26.23 25.92 24.85 24.10 22.32

Table 3: The average PSNR (dB) over the hard subsets of the restoration tasks including Gaussian
denoising and super-resolution. The best and second-best performing results are highlighted by the
red and blue colors, respectively.

4.3 Comparison of Transfer Learning Approaches

We compare the proposed adapter module and other parameter-efficient tun-
ing methods, including VPT [32] and AdaptFormer [11]. It is important to note
that ViT [20] and AdaptFormer [11] were originally designed for high-level vi-
sion tasks, but we have re-implemented them for image restoration and evaluated
their effectiveness. Specifically, we adopted the prepend setting of VPT, modify-
ing it to the add setting as VPT-add, where 8× 8 learnable prompts of length 4
are added to each hidden feature in every layer. Table 3 presents the quantitative
results in terms of PSNR(dB) on Gaussian denoising and super-resolution. As
shown in Table 3, our adapter-based approach outperforms the prompt-based
VPT-add, indicating that adapter-based methods may be more suitable for the
image restoration domain. Compared to AdaptFormer, while our method does
not exhibit a significant enhancement in the denoising task, it outperforms the
super-resolution task. The discrepancy can be attributed to the differences in the
degradation processes. Noisy images are created by adding independent Gaus-
sian noise to each pixel, whereas LR images are produced through window-based
operations, such as bicubic interpolation, which incorporate nearby pixel infor-
mation. As convolutional layers excel at processing local information, our method
demonstrates superior performance in the super-resolution task compared to the
fully connected layers used in AdaptFormer.

5 Analysis

Shareable components play a crucial role in solving multi-task image restoration.
In this study, we analyze pre-training strategies to train shareable parameters in
two directions. Firstly, we investigate an inter-task scheme, which involves using
different types of degradations between the pre-training and fine-tuning phases.
For example, Gaussian noise may be used during pre-training, while Gaussian
blur is applied during fine-tuning. Secondly, we explore an intra-task scheme,
where the same type of degradation is present in both the pre-training and fine-
tuning phases, but with varying levels of severity. An instance of this would be
employing Gaussian noise with a small standard deviation during pre-training
and a larger standard deviation during fine-tuning.

5.1 Inter-Tasks Pre-Training Schemes

Table 4 presents the quantitative results of the inter-task scheme, where the
pre-training scheme and the restoration tasks consider their respective types
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Schemes
Tasks Denoise SR GD Derain

σ = 70 σ = 100 ×6 ×8 k19s4 k21s5 heavy
None 25.83 24.54 23.03 21.76 26.05 24.73 25.81
Denoise 27.04 25.60 23.76 22.19 26.79 25.37 29.13
SR 26.62 25.15 24.10 22.32 26.90 25.47 27.95
GD 26.46 25.00 23.47 21.99 27.09 25.68 26.77
Derain 26.47 25.04 23.33 21.93 26.53 25.13 29.40
All 26.98 25.54 24.02 22.31 27.29 26.11 30.93

Table 4: The average PSNR (dB) over the hard subsets
of the restoration tasks including Gaussian denoising,
super-resolution, Gaussian deblurring, and deraining.
The best and second-best performing results are high-
lighted by the red and blue colors, respectively.
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Fig. 6: Heatmap visualization of Ta-
ble 4. Please note that the brighter the
grid is, the larger the PSNR (dB) value.

of degradation. The types of degradation in the pre-training scheme and the
restoration tasks may be either the same or different. From the data in Table 4,
it is evident that models pre-trained with any type of degradation consistently
outperform those without pre-training. This observation suggests the existence of
shareable components among these restoration tasks that facilitate performance
in the fine-tuning phase. For the denoising and SR tasks, the best performance is
achieved when the degradation types in the pre-training scheme and the restora-
tion tasks are the same. Conversely, for the Gaussian deblurring and deraining
tasks, the best results are obtained when all types of degradations are included
in the pre-training scheme. In summary, a greater correlation between the types
of degradation in the pre-training scheme and the restoration tasks tends to
yield better results. Figure 6 visualizes the data from Table 4 in heatmap form,
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Fig. 7: Performance comparison by using different pre-training schemes within the inter-tasks scope.
The y-axis represents the PSNR (dB) values and the x-axis denotes the training iterations.

clearly illustrating that pre-training is indeed beneficial for any restoration task.
To further investigate the impact of pre-training schemes on restoration tasks,
we evaluate the proposed method at every 8K iteration interval during fine-
tuning. As illustrated in Fig.7, we observe that when pre-training schemes more
closely related to the restoration tasks are employed, the convergence speed in-
creases. For instance, in Fig.7(c), the ’SR’ and ’All’ pre-training schemes, which
are closely aligned with the restoration task SR ×6, provide the pre-trained
foundation model with an adequate initial performance at 0 iteration. As fine-
tuning progresses, these schemes exhibit a substantial performance improvement
compared to other pre-training schemes. Notably, our proposed method requires
only 8K iterations to converge to satisfactory results.
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Schemes
Tasks Denoise on BSD68 [57] SR on Urban100 [30]

σ = 55 σ = 60 σ = 70 σ = 100 ×4.5 ×5 ×6 ×8

None 26.87(-1.20) 26.55(-1.14) 25.83(-1.21) 24.54(-1.06) 24.33(-1.59) 23.81(-0.89) 23.03(-0.73) 21.76(-0.43)
Denoise 28.07 27.69 27.04 25.60 25.29(-0.63) 24.70(-0.52) 23.76(-0.34) 22.19(-0.13)
SR 27.65(-0.42) 27.27(-0.42) 26.62(-0.42) 25.15(-0.45) 25.92 25.22 24.10 22.32
GD 27.50(-0.57) 27.12(-0.57) 26.46(-0.58) 25.00(-0.60) 25.04(-0.88) 24.41(-0.81) 23.47(-0.63) 21.99(-0.33)
Derain 27.49(-0.58) 27.12(-0.57) 26.47(-0.57) 25.04(-0.56) 24.80(-1.12) 24.20(-1.02) 23.33(-0.77) 21.93(-0.39)

Table 5: The average PSNR (dB) of the restoration tasks including Gaussian denoising and SR. The
best and second-best performing results are highlighted by the red and blue colors, respectively.

5.2 Intra-Tasks Pre-Training Schemes

In Table 4, we observe that the best result for the SR ×8 task does not signifi-
cantly outperform the results obtained when other pre-training schemes are em-
ployed. To investigate the underlying cause, we introduce the intra-task scheme.
Table 5 presents the quantitative results of this scheme. Various pre-training
schemes are utilized to train the foundation model, which is then fine-tuned with
a lightweight adapter module for different levels of severity within the restoration
tasks. For the denoising task, regardless of the values of σ used in the restoration
tasks, the disparity in results between the best setting and other settings remains
similar. However, in the SR task, as the severity level increases from ×4.5 to
×8, the performance gaps between the best setting and other settings diminish.
These observations suggest that a closer relationship between the degradation
type in the pre-training scheme and the restoration tasks can lead to improved
performance on the restoration tasks. The consistent performance gaps in the
denoising task may be attributed to the task’s inherent simplicity, resulting in a
smaller distribution range across different levels of σ. Conversely, the decreasing
performance gaps in the SR task as the restoration tasks become more challeng-
ing suggest that even within the same type of degradation, different levels of
severity can introduce a significant domain shift.

6 Conclusion

In this study, we address the limitations of current methods by exploring the per-
spective of shareable components across multiple restoration tasks. To reach the
goal, we propose the AdaIR framework, which integrates adapter modules into a
common foundation model for image restoration. To enhance the generalizability
of a foundation model, we employ a self-supervised strategy and diverse training
data during the pre-training phase. We integrate lightweight adapter modules
into the foundation model in the fine-tuning phase. These adapter modules are
designed to adapt the foundation model to individual tasks. During fine-tuning,
the foundation model’s parameters are frozen, which allows the adapter modules
to learn task-specific knowledge while preserving the general knowledge captured
by the foundation model. Based on the experimental results, both quantitative
and qualitative assessments demonstrate that AdaIR achieves comparable per-
formance to current methods with fewer parameters and reduced training time.
Furthermore, our comprehensive analyses of pre-training strategy assist in ad-
dressing multi-task image restoration more directly and decisively.
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