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Abstract

All-in-one image restoration aims to recover clean images
from heterogeneous degradations with a single model, but
Jjoint training on multiple degradations with a shared back-
bone often induces cross-task interference and unstable op-
timization, making it hard to maintain strong performance
across all tasks. To address this, we propose Retrieve-
to-Restore (R2R), a lightweight framework that decouples
degradation adaptation from backbone computation through
a retrieval-based degradation bank. Specifically, R2R ex-
ternalizes degradation knowledge as unified, degradation-
specific priors stored in a compact degradation bank. A
degradation amalgamator aggregates intra-class features
guided by ground truth into task-level clean priors during
training, while degradation matching retrieves the most rel-
evant prior at inference to modulate backbone features for
restoration. This retrieval-guided design explicitly separates
degradation cues from shared reconstruction capacity, en-
abling stable multi-degradation training and straightforward
scaling to additional degradation types. Extensive compar-
isons on benchmarks with one, three, and five degradations
show that R2R achieves PSNR on par with state-of-the-art
all-in-one methods while using about 91% fewer MACs.

1. Introduction

Image restoration (IR) [44, 65, 68] is a foundational low-
level vision task that reconstructs high-quality images from
degraded observations. Adverse conditions such as noise [23,

], haze [3, 39], and rain [5, 56] significantly impact the
practical utility of images in downstream applications across
various domains, including autonomous navigation [5, 47]
and augmented reality [12, 18].

Deep learning has delivered remarkable advances, espe-
cially in task-specific IR where dedicated architectures are
optimized for a single corruption type [4, 6, 19, 31, 50, 60].

*Corresponding author.
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Figure 1. Comparison of average PSNR and computational cost
(MAC:s) across different methods. Our method achieves a 0.47dB
PSNR improvement while reducing MACs by approximately 91%
compared to PromptIR [38].

More recently, all-in-one restoration has emerged, demon-
strating that a single model can address multiple degrada-
tions and thus mitigate the need for extensive re-training as
new corruption types appear [8, 14, 16, 26, 29, 38, 47, 63].
Representative approaches leverage visual [27, 38, 48] or
language-based prompting [I, 8, 33], contrastive learn-
ing [26, 63], and diffusion-based models [, 33].

Despite their success, we observe that the aforemen-
tioned models often suffer from inefficiencies: parame-
ters specialized for one degradation can conflict with those
required by others, leading to mutual interference during
multi-degradation training [46]. Accordingly, we seek a
single model that can stably handle multiple degradations
while preserving update consistency and computational ef-
ficiency. Yet, existing approaches pursue consistency via
internal modulation: some inject textual priors [46, 61, 67]
or conditioning signals into a shared backbone, whereas oth-
ers employ MoE routing [32, 55, 57, 58] to dispatch inputs
to degradation-specific experts. Although effective, these



strategies enlarge the parameter space, introduce additional
hyperparameters and routing dynamics, and can undermine
the consistency of parameter updates across tasks, thereby
destabilizing training. In contrast, we argue that heavy in-
ternal modulation is unnecessary, as degradations typically
exhibit pronounced intra-class similarity and inter-class sep-
arability (for example, streak-like structures in rain, scene-
wide low contrast and veiling in haze, and high-frequency
fluctuations in noise). Building on this observation, we advo-
cate an external prior view that summarizes each degradation
by a compact and task-level descriptor.

Formalizing this perspective, let 7 denote the set of
degradation families (e.g., noise, haze, rain). In the multi-
degradation setting, our objective is to employ a single model
that: 1) explicitly separates degradation from shared recon-
struction capacity to mitigate cross-task interference; 2) uni-
fies parameters and maintains stable optimization, avoiding
the instability that grows with |'71; and 3) preserves compu-
tational efficiency while remaining extensible to new degra-
dations. To this end, we represent each degradation as a
unified, task-level prior and retrieve the prior at inference
for on-demand adaptation. This separation, with adaptation
handled by external priors and computation confined to a
shared model, improves update consistency and scalability.

Therefore, we propose Retrieve-to-Restore (R2R), a
lightweight all-in-one restoration network that achieves ex-
plicit degradation disentanglement and efficient adaptation.
Specifically, we adopt a single NAF-style [4] U-shaped en-
coder—decoder as a task-agnostic backbone. To build a com-
pact global degradation bank, we introduce a degradation
amalgamator that aggregates clean priors from paired data
into unified, task-level prototypes. At inference, a degrada-
tion matching module forms a query from encoded features
and retrieves the corresponding prior from the bank; the
retrieved prior is fused with the encoded features to guide
reconstruction and produce a sharp restored image. The
emphasis is on efficiency rather than performance stacking,
achieving highly competitive results with minimal computa-
tion. Through extensive experiments across multiple image
restoration tasks, we demonstrate that our approach not only
preserves restoration quality but surpasses recent state-of-
the-art methods. These results validate both the effectiveness
of our network design and its robustness when scaling to
additional tasks.

Our contributions can be summarized as follows:

* We propose Retrieve-to-Restore (R2R), a lightweight all-
in-one restorer that externalizes degradation knowledge as
degradation-specific unified priors and follows an Encode-
Retrieve-Decode paradigm.

* A degradation amalgamator builds a compact degrada-
tion bank, and degradation matching retrieves the relevant
prior at inference, clearly separating degradation cues from
shared reconstruction.
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* R2R achieves PSNR comparable to state-of-the-art meth-
ods while using 91% fewer MACs, and it remains stable
as the number of tasks increases.

2. Related Work

Task Specific Image Restoration. Reconstructing a clean
image from its degraded observation is a highly ill-posed
problem, yet a large body of data-driven methods has signifi-
cantly advanced image restoration beyond traditional hand-
crafted priors [23, 28, 44, 50, 60, 65, 68]. Most approaches
adopt CNN-based [4, 44, 65, 68] or Transformer-based ar-
chitectures [6, 31, 50, 60] tailored to a single degradation
type, such as denoising [6, 65, 68], dehazing [42, 43, 53],
or deraining [21, 40]. While Transformer-based restorers
offer strong capacity for modeling global dependencies and
thus deliver impressive performance [3 1, 60, 69], their self-
attention mechanisms introduce quadratic or window-based
complexity with respect to image size, which is often pro-
hibitive in resource-constrained or latency-sensitive scenar-
ios. Conversely, convolutional architectures provide fast
and scalable processing with favorable computational and
memory costs, making them highly attractive for real-world
deployment, despite their more limited global receptive field.
Motivated by this trade-off, we build upon a lightweight
CNN-based architecture [4] and incorporate a task-level
degradation prior bank, enabling the model to efficiently
capture both shared and degradation-specific representations
while retaining practical efficiency.

All-in-One Image Restoration. Training a separate model
for each degradation is effective but quickly becomes im-
practical: real-world images often exhibit mixed or unknown
corruptions, while maintaining multiple task-specific net-
works inflates storage, scheduling complexity, and energy
consumption. All-in-one image restoration addresses this
by learning a single blind model that handles diverse degra-
dations within a unified framework. Early all-in-one ap-
proaches, such as AirNet [26], learn degradation-aware rep-
resentations via contrastive objectives and inject them into
a shared backbone for blind restoration. IDR [63] further
decomposes complex corruptions into physically meaningful
ingredients and optimizes a two-stage meta-learning scheme
to improve generalization across degradation types. More
recently, prompt-based methods [27, 38, 46, 48] introduce
learnable visual prompts to modulate a unified backbone for
degradation-aware restoration. DiffUIR [70] formulates uni-
versal restoration with a diffusion-based framework, while
InstructIR [8] performs high-quality restoration conditioned
on human-written instructions. However, such methods typi-
cally require iterative sampling or textual guidance, resulting
in higher latency and computational cost. Other extensions
further explore frequency-domain prompts [10], richer con-
text encoders [33, 61, 67], auxiliary datasets [15, 57], and
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Figure 2. (a) Overall framework of the proposed R2R. R2R mainly consists of NAFBlocks [4] based U-shaped encoder—decoder, a
degradation amalgamator, and a degradation matching module. (b) The degradation amalgamator identifies degradation types and encodes
the corresponding clean images into a unified prior space to construct the degradation bank. (c) The degradation matching module enables
the degraded input to query the bank and retrieve relevant clean priors to guide restoration.

MoE-based designs [32, ]. In contrast, we pursue
an explicitly disentangled framework that retains the sim-
plicity of a single lightweight backbone while leveraging
degradation-aware priors to guide adaptation. By decoupling
shared reconstruction capacity from degradation-specific
cues, our design enhances scalability without relying on
bulky prompt stacks or large expert ensembles.

i s

Degradation Disentanglement. A key challenge in all-in-
one restoration is to decouple degradation factors from the
backbone’s reconstruction capacity in order to limit cross-
task interference. Prior work typically injects conditioning
inside the backbone. DFPIR [46] uses CLIP-guided texts to
shuffle channels, MoCE-IR [58] employs gating and routing
to expert branches, and AdalR [10] introduces prompts in the
frequency domain. These choices modify parameters or en-
large the architecture. Conversely, we adopt an external-prior
perspective: rather than altering network parameters or ex-
panding the backbone with prompts or experts, we establish
a compact bank of task-level priors and retrieve the relevant
prior for each input. This preserves a single lightweight back-
bone while clearly separating shared reconstruction capacity
from degradation-specific cues.

3. Network Architecture

In this section, we outline the core principles of our all-in-one
image restoration method. As depicted in Fig. 2(a), we adopt
a U-shaped backbone with a symmetric encoder—decoder
structure. The degraded input is first mapped to shallow
features via a 3 x 3 convolution, followed by four hierarchi-
cal encoding and decoding stages based on NAFBlocks [4].
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Unlike conventional U-Net style architectures, our approach
injects the proposed degradation bank (Fig. 2(b)) and degra-
dation matching (Fig. 2(c)) solely at the final downsampling
stage of the encoder. Specifically, two additional 3 x 3
convolutions produce feature maps Dy € RE*HXWxCy
and Dy € RBXHXWXCy \where B, H, and W denote the
batch size, height, and width, respectively, and C%, C,, de-
note channel dimensions. These features are used to retrieve
degradation-aware information from the degradation bank,
enabling effective representation learning without increasing
architectural complexity.

3.1. Degradation Amalgamator

To mitigate interference among heterogeneous degradations
in all-in-one image restoration, we propose a degradation
amalgamator coupled with a compact degradation bank. The
amalgamator explicitly disentangles degradation-specific in-
formation and encodes it into the bank, from which the
restoration network adaptively retrieves clean priors condi-
tioned on the input degradation, thereby enabling stable and
unified restoration.

The degradation amalgamator learns degradation-specific
representations that act as clean priors during inference. To
achieve this, it is trained with access to paired images and
is explicitly encouraged to distinguish different degrada-
tion types. Technically, as shown in Fig. 2(b), we first
standardize all cases by computing the residual between
the degraded image I, and its ground-truth image I,
and concatenating this residual with Iz along the chan-
nel dimension. The concatenated tensor is processed by
a compact backbone of stacked NAFBlocks [4] with pro-



gressive downsampling to extract concise degradation-aware
features. Two terminal 3 x 3 convolutions produce em-
beddings G € REXHXWXCr and Gy, € REXHXWXCy
which are later merged into key—value pairs stored in the
degradation bank. Following [20], we insert a lightweight
degradation classification head after the third NAFBlock
stage to supervise degradation recognition and strengthen
feature separability; this auxiliary head is used only dur-
ing training and incurs no additional inference cost. In G i
and Gy, the batch dimension mixes samples from different
degradation types. Guided by degradation labels, features
are reorganized by task: for each i-th task, the correspond-
ing samples are gathered and concatenated along the batch
dimension, giving tensors of size b; x H x W x C, where
C denotes C'y;, or C,,, b; < B. Since b; varies, the sequences
are replicated to a fixed length M (M > Vb;, the effect of
this hyperparameter M is reported in Table 5), yielding a
unified shape M x H x W x C per task. Task-wise 3D
operations, including depthwise and pointwise 3D convolu-
tions, BatchNorm3D, and ReL U, are then applied along the
batch axis to aggregate information within each degradation
type, producing compact embeddings Uy € RM*HxWxCk
and Uy € RM>*HXxWxCu that are stored in the degradation
bank as task-level priors for retrieval.

3.2. Degradation Matching

For each degradation type, the corresponding clean im-
ages are explicitly encoded into its entry in the degrada-
tion bank, and a test sample is expected to retrieve a com-
patible degradation prior from this bank to guide restora-
tion. However, the embeddings Dy € REXHXWxCy gpd
Dy € RBXHXWXCy 3150 mix different degradations along
the batch dimension, making it impossible to pre-assign
which task-specific prior should be queried for each sample.
To resolve this, a global matching scheme is adopted to iden-
tify, for each input, the most similar task-level prior in the
bank, which is then used to condition the subsequent restora-
tion. Specifically, each task in the degradation bank is associ-
ated with a key—value pair. For n tasks, all keys and all values
are respectively concatenated along the task dimension and
flattened into global vectors Uy € RIPMHXWXCr] apd
Uy € RIPXMHXWXCu] - Ag shown in Fig. 2(c), the flat-
tened query feature Dy € RIZH*WxCil jg then matched
against Ux € RIPXMHXWXCh] yia matrix multiplication
to compute similarity .S:

S =Dx x U, M
where S € RIB»*M] denotes the global task-level similarity
matrix, with each row encoding the similarity between a
degraded sample and all task embeddings. Each contiguous
window of length M corresponds to one specific task.

To mitigate interference between tasks during matching,
a local averaging scheme is used to infer the task assignment
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of each degraded sample. For each row of S, local mean
similarities are computed over windows of length M, the
task with the highest averaged score is selected, and all
similarity entries associated with other tasks are masked out:

Smask = Mask(Argmax(Local-Mean(5))), )

where S, 1S the masked similarity matrix, and entries
for irrelevant tasks are set to a large negative value. Row-
wise Softmax is applied to .S, after masking out entries
for irrelevant tasks, so that only similarities associated with
candidate task priors remain active. These weights are then
used to multiply the bank features Uy, yielding for each
sample a retrieved degradation prior with the same shape
as Dy . The retrieved prior is fused with the query feature
Dy, via channel-interleaved concatenation along the channel
dimension and passed through a gated convolution module
to produce the final sharp prior Sy :

Sy = Gate-Conv(Uy x Softmax(S,..u), Dv ), 3)

where Gate-Conv is implemented as a 3 X 3 grouped convo-
lution with C, groups, ensuring that each degraded sample
interacts only with its corresponding retrieved prior. It is
worth noting that during degradation matching, the task as-
signment derived from the local mean operation is also fed
into an auxiliary classification head, which further regular-
izes the network to distinguish different degradation types.

3.3. Loss Function

Beyond the network designs, the loss function helps maxi-
mize the potential of our approach. We use a combination
of distortion losses and classification losses to optimize our
model. First, to ensure high-fidelity (low distortion), we use
Lyizer defined as: Ly;ze; = || — &||1, where  and x are the
restored and the ground-truth (clean) images, respectively.

To encourage effective disentanglement and degradation
recognition, we apply two cross-entropy classification losses:
Lgeq on the degradation amalgamator backbone and L., ¢,
on the matching stage to guide correct prior retrieval.

To facilitate high fidelity in both spatial and frequency
domains, we adopt dual-domain £; loss functions follow-
ing [7, 9]. For final restored/clean image pair with the same
resolution, the loss functions are given by

1 X
L= IF@) = F@)lh. )
where P indicates total elements for normalization, F repre-
sents the fast Fourier transform.
The complete loss function is then given by
L= Epirel +Aa- Edeg + A Lonaten + Af : Ejﬁa &)

where the constants Ag, A, and A are loss weights empiri-
cally setto 0.1, 0.1 and 0.125, respectively.



Table 1. Comparison to state-of-the-art on three degradations. PSNR (dB, 1) and SSIM (1) metrics are reported on the full RGB images.
Best and second best performances are highlighted. Our method sets a new state-of-the-art on average across all benchmarks while being
significantly more efficient than prior work. ‘-’ represents unreported results.

Dehazing

Deraining

Denoising

Method MAC:s. Average
SOTS Rain100L BSD68,-15 BSD68,-25 BSD68,-50

BRDNet [45] - 2323 895 2742 895 3226 .898 29.76 .836 2634 693 27.80 .843
LPNet [17] - 20.84 828 2488 784 2647 778 2477 748 21.26 552 23.64 738
FDGAN [13] - 2471 929 2989 933 3025 910 2881 .868 2643 776 28.02 .883
DL [16] - 2692 931 32,62 931 3305 914 3041 .861 2690 740 2998 .876
MPRNet [59] 149G 2528 955 33,57 954 3354 927 3089 .880 2756 .779 30.17 .899
AirNet [26] 238G 2794 962 3490 967 3392 933 3126 .888 28.00 .797 3120 910
PromptIR [38] 132G 30.58 974 3637 972 3398 933 3131 888 28.06 .799 3206 913
DA-CLIP [33] - 2946 963 36.28 968 30.02 .821 2486 585 2229 476 - -

Gridformer [49] 251G 3037 970 37.15 972 3393 931 31.37 .887 2811 .801 32.19 912
Up-Restorer [30] - 30.68 977 3674 978 3399 933 3133 .888 28.07 .799 32.16 915
R2R (ours) 12G 3140 977 3746 980 3410 936 3145 .895 2822 .806 32.53 918

Table 2. Comparison to state-of-the-art on five degradations. PSNR (dB, 1) and SSIM (1) metrics are reported on the full RGB images with
(*) denoting general image restorers, others are specialized all-in-one approaches. Best and second best performances are highlighted.

Method MACs. Dehazing Deraining Denoising Deblurring Low-Light Average
SOTS Rain100L BSD68,-,5 GoPro LOL-v1

NAFNet* [4] - 2523 939 3556 967 31.02 .883 2653 .808 2049 809 27.76 .88l
DGUNet* [36] - 2478 940 36.62 971 31.10 .883 2725 837 21.87 823 2832 .891
SwinIR* [28] - 21.50 .891 30.78 923 30.59 868 2452 773 17.81 723 25.04 835
Restormer™ [60] 141G 24.09 927 3481 962 3149 884 2722 829 2041 806 27.60 .881
MambalR* [19] - 2581 944 36,55 971 3141 884 28.61 .875 2249 832 2897 901
DL [16] - 20.54 826 2196 762 23.09 745 1986 .672 19.83 712 21.05 .743
Transweather [47] - 2132 885 2943 905 29.00 .841 2512 757 2121 792 2522 836
TAPE [29] - 22.16 .861 29.67 904 30.18 .855 2447 763 1897 .621 25.09 .80l
AirNet [26] 238G 21.04 .884 3298 951 3091 .882 2435 781 18.18 735 2549 847
IDR [63] 98G 2524 943 3563 965 31.60 .887 27.87 .846 2134 826 2834 893
PromptIR [38] 132G 26.54 949 3637 970 3147 886 2871 .881 22.68 .832 29.15 .904
Gridformer [49] 251G 26,79 951 36.61 971 3145 885 2922 884 2259 831 2933 904
Perceive-IR [67] - 28.19 964 3725 977 3144 887 2946 .886 22.88 .833 30.11 .905
R2R (ours) 12G 30.64 974 36.61 975 3135 .891 3093 911 22.88 .856 3048 921

4. Experiments and Comparisons

We conduct experiments adhering to the protocols of prior
general image restoration works [38, 63] under two different
settings: (i) All-in-One and (ii) Single-task. In the All-in-
One setting, a unified model is trained to handle multiple
degradation types, where we consider three and five distinct
degradations. In the Single-task setting, separate models are
trained for each specific restoration task.

Implementation Details. Our R2R framework is end-to-
end trainable, requiring no multi-stage optimization of any
components. The architecture features a symmetric, four-
level encoder-decoder design. The encoder consists of four
levels with varying numbers of NAFBlocks [4], arranged
as [1, 1,1, 28] from the top level to the lowest. The decoder
includes four levels, containing [1, 1, 1, 1] NAFBlocks. For
the degradation amalgamator backbone, we adopt a four-
level NAF-style encoder with [2, 2, 4, 8] NAFBlocks, which

is used only during training to construct the degradation bank
and is removed at inference. C}, and C,, are set to 64 and 512,
respectively. We conduct our experiments using PyTorch on
a single NVIDIA GeForce RTX 5090 GPU, requiring less
than 40 hours. For training, we run for 240 epochs with an
initial learning rate of 2 x 10~4, followed by fine-tuning
for 30 epochs at a learning rate of 1 x 1076, Initially, we
set the patch size to 1282 with the batch size of 64, and for
fine-tuning, the patch size is adjusted to 2242. The network
is optimized using Adam [22] (with parameters 5; = 0.9
and 2 = 0.999). We train on cropped patches and augment
the dataset with random horizontal and vertical flips.

Datasets. For all-in-one, we follow existing work [26, 38]
and include the following datasets. For image denoising, we
combine the BSD400 [2] and WED [34] datasets, adding
Gaussian noise at levels o € [15, 25, 50] to create noisy im-
ages. Testing is conducted on the BSD68 [35]. For deraining,
we use Rainl00L [54]. The dehazing task utilizes the SOTS
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Table 3. Comparison to state-of-the-art for single degradations. PSNR (dB, 1)) and SSIM (1) metrics are reported on the full RGB images.
Best and second best performances are highlighted. Our method excels prior work on dehazing and deraining.

(a) Dehazing (b) Deraining

(c) Denoising on CBSD68

Method MAGCs. SOTS Method MACs. Rainl00L Method MACs. o=15 o=25 =50
DehazeNet [3] - 22.46 .851 DIDMDN [62] - 23.79 .773 CBM3D [11] - 33.50 .922 30.69 .868 27.36 .763
MSCNN [41] - 22.06 .908 UMR [56] - 32.39 921 DnCNN [64] - 33.89 930 31.23 .883 27.92 .789
AODNet [24] - 20.29 .877 SIRR [52] - 32.37 926 IRCNN [65] - 33.87 929 31.18 .882 27.88 .790
EPDN [39] - 22.57 .863 MSPEN [21] - 33.50 .948 FFDNet [66] - 33.87 .929 31.21 .882 27.96 .789
FDGAN [13] - 23.15 921 LPNet [17] - 23.15 921 BRDNet [45] - 34.10 .929 31.43 .885 28.16 .794
AirNet [26] 238G 23.18 .900 AirNet [26] 238G 34.90 .977 AirNet [26] 238G 34.14 936 31.48 .893 28.23 .806
PromptIR [38] 132G 31.31 .973  PromptIR [38] 132G 37.04 979  PromptIR [38] 132G 34.34 .938 31.71 .897 28.49 .813
R2R (ours) 12G  31.50 978  R2R (ours) 12G  37.45 980  R2R (ours) 12G  34.27 938 31.64 .897 28.42 .813
[25] dataset. For deblurring and low-light enhancement, we » rereo k. % Perceve IR porserio R
employ the GoPro [37] and the LOL-v1 [51] datasets, respec- PrompliR Ours Ours
. . for] rompi fer]
tively. To develop a unified model for all tasks, we merge 3 | oms | 2 PrompilR | Ours

. -4 -4
these datasets in a three (AIO-3, n = 3) or five (AIO-5, z" poeeiverr | B
n = 5) degradation setting. For single-task experiments, our PrompiiR PrompilR
method is trained on the respective training set. 30 36

973 975 977 974 979 984
4.1. Comparison to State-of-the-Art Methods S(S;;“ S(SS‘
All-in-One: three degljadations. We .evgluate our All-?n- 317 PromptIR 33 [ Gridformer s
One restorer, R2R, against other specialized methods, in- _ A el = PromptlR "
. ul
cluding BRDNet [45], LPNet [17], FDGAN [13], DL [16], 3 . 2 |Grid-
. . 315 AirNet G & 32 |formér
MPRNet [59], AirNet [26], PromptIR [38], Gridformer [49] Z Z
and Up-Restorer [30]. All methods were trained simultane- PrompR PromptIR
ously on three types of degradation: haze, rain, and Gaussian 303| FAimet i
. . 891 .894 .897 940 945 950

noise. The results in Table 1 show that our proposed model, SSIM SSIM
R2R, consistently outperforms previous works in both per- (c) (d)

formance and efficiency. It achieves the highest scores across
all benchmarks, with an average PSNR gain of 1.33dB over
AirNet [26] while using 95% fewer MACs, and 0.47dB over
PromptIR [38] with 90.9% fewer MACs, validating the effi-
ciency and effectiveness of our approach.

All-in-One: five degradations. Extending the three degra-
dation tasks to include deblurring and low-light enhance-
ment [26, 63], we validate our method’s comprehensive per-
formance in an All-in-One setting. As shown in Table 2,
R2R effectively leverages degradation-specific features, sur-
passing AirNet [26], IDR [63] and Gridformer [49] by an
average of 4.99dB, 2.14dB, and 1.15dB, respectively, with
95%, 88% and 95% fewer MACs. Against general image re-
storers, R2R outperforms Restormer [60] and MambalR [19]
on the GoPro dataset by 3.71dB and 2.32dB, while being
12x more efficient than Restormer.

Single degradation. We present results in Table 3 with R2R
trained on individual degradation tasks: dehazing, deraining,
and denoising. For dehazing, R2R achieves the best PSNR
and the highest SSIM. In deraining, our model surpasses the
previous state-of-the-art, PromptIR [38], by 0.41dB in PSNR.
For denoising, it ranks second overall, but with substantial
efficiency gains compared to PromptIR [38] and AirNet [26].
Resilience to task interference. By explicitly disentan-

1282

Figure 3. Task robustness of R2R and state-of-the-art methods
as the number of degradation types increases. (a)—(c) denote the
performance change from single-task dehazing, deraining, and
denoising to the three-task setting; (d) denotes the extension from
three-task to five-task restoration.

gling different degradation types, R2R endows the all-in-one
model with strong robustness as the number of tasks in-
creases. We analyze the behavior of different methods when
scaling a unified model from single to multi-task restora-
tion. Fig. 3(a)—(c) show the results of extending single-task
dehazing, deraining, and denoising to a three-task setting.
Although AirNet [26], PromptIR [38], Gridformer [49] and
Perceive-IR [67] use more MACs than R2R, they suffer
clear performance drops, while our method shows the small-
est degradation. This stability comes from explicitly dis-
entangling degradation and using task-level priors in the
degradation bank to reduce cross-degradation interference.
Fig. 3(d) further evaluates the extension from three to five
tasks (o = 25) and shows a consistent trend, confirming the
robustness of R2R as the number of tasks increases.

Visual results. Fig. 4 shows visual comparisons under the
three degradation settings with different methods, including
AirNet [26], PromptIR [38], InstructIR [26], VLU-Net [61]
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Figure 4. Visual comparison of R2R with state-of-the-art methods considering three degradations. Zoom in for a better view.

Table 4. Complexity Analysis. MACs are computed on an input
image of size 224 x 224 using a NVIDIA RTX 5090 (32G) GPU.
* denotes patch size of 512 x 512.

Method PSNR (dB, 1) Memory (}) Params. () MACs ({)
AirNet [26] 31.20 4829M 8.93M 238G
PromptIR [38] 32.06 9830M 35.59M 132G
IDR [63] - 4905M 15.34M 98G
Restormer™ [60] - 30032M 26.11M 141G
InstructIR [8] 3243 - 15.8M 100G
Gridformer* [49] 32.19 28462M 30.1IM 251G
R2R (ours) 32.53 846M 19.7M 12G

and our R2R. In certain demanding hazy scenarios, both Air-
Net [26] and PromptIR [38] reveal constraints in completely
eradicating haziness, resulting in noticeable color intensity
discrepancies, whereas our approach ensures precise color re-
construction. Furthermore, in challenging rainy scenes, these
popular approaches continue to exhibit notable remnants of
rain, which our method adeptly eliminates, distinguishing
itself from other approaches. Additionally, our method also
generates clear and sharp denoised outputs. Note that Promp-
tIR is approximately 10x more computationally complex
than ours. Despite this, our method consistently produces vi-
sually superior results, demonstrating its effectiveness. Cou-
pled with the quantitative comparisons, these findings under-
score the overall superiority of our method. Please refer to
the supplementary for more visual results.

Model efficiency. Table 4 compares memory usage, MACs,
and parameters, highlighting our framework’s efficiency over
state-of-the-art all-in-one restorers. With an explicitly dis-
entangled architecture and the proposed degradation bank
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module, R2R achieves a 0.47dB PSNR improvement over
PromptIR [38] while using 91.4% less memory, 44.6% fewer
parameters, and only 12G MACs, making it 90.9% more
computationally efficient. This efficiency stems from our
lightweight network design and the ability of degraded im-
ages to adaptively retrieve clean priors from the degradation
bank. This adaptive design, along with lower memory usage
and fewer parameters, gives R2R a clear advantage over
existing methods.

4.2. Ablation Studies

We conduct detailed studies on the proposed components
within our R2R framework. All experiments are conducted
in the All-in-One setting with three degradations. Please
refer to the supplementary for additional ablations.
Hyperparameter /. We first examine the effect of the
hyperparameter M, which controls the capacity of the degra-
dation bank, i.e., the number of clean priors stored per
degradation type. As shown in Table 5, we set M €
{24,32,64,128} and train R2R under each configuration.
The best performance is obtained at M = 64, indicating
a trade-off between bank capacity and restoration quality:
simply enlarging M does not guarantee more useful pri-
ors and may introduce redundancy. We attribute this to the
replication operation in the degradation amalgamator, which
helps capture shared degradation patterns but can lead to
overfitting when the bank becomes excessively large. More
detailed analysis is provided in the supplementary material.
Visualization of degradation types. Fig. 5 presents the
visual results of the degradation maps generated by R2R for
rain and haze. The results indicate that the proposed method



Table 5. Ablation study of the Hyperparameter M under the 3-
degradation task. The average PSNR and SSIM are reported.

Method SOTS Rain100L BSD68;5.59 Avg.

M =24 30.44 974 37.33 980 31.25 .878 32.30 914
M =32 30.97 976 37.32 980 31.26 .879 32.41 918
M = 64 31.40 .977 37.46 .980 31.26 .879 32.53 .918
M =128 30.81 .976 37.23 978 31.22 .877 32.34 917

Table 6. Effectiveness of the different loss functions under the 3-
degradation task. (a), (b), (), (d) denote Lpizet, Lgis Ldeg, Lmatch,
respectively. The average PSNR and SSIM are reported.

Method SOTS  Rainl00L BSD68;ss9  Avg.

(a) 30.20 974 36.09 973 31.04 .873 31.88 913
(a)+(b) 30.30 .974 37.12 978 31.24 .878 32.23 .917
(a)+(b)+(c) 30.70 .976 37.02 977 31.25 .878 32.29 917
(a)+(b)+(c)+(d) 31.40 .977 37.46 980 31.26 .879 32.53 .918

Table 7. Results on HQ dependence in the Degradation Bank (DB).

Inputs Supervision  SOTS  Rainl00L BSD68i5.50  Avg.
{HQ*, HQ*- LQ} HQ*  29.90.973 36.71 .976 31.12 .877 31.99 916
{LQ} HQ 30.57 .977 37.33 .979 31.25 .878 32.33 918
{HQ, HQ - LQ} (ours) HQ 31.40 .977 37.46 980 31.26 .879 32.53 918
i (‘} j /1' i ’l"'-""""“" —
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Figure 5. Visual degradation of our method R2R for rain and haze

captures distinct degradation distributions across different
input types, confirming its ability to accurately characterize
degradation patterns.

Effects of different loss functions. As shown in Table 6,
we evaluate the effectiveness of R2R under different loss
functions. The base model uses only pixel-level reconstruc-
tion loss Lpize;. Specifically, compared to the base, R2R
incorporating L, Lgeq and L,y q¢cx Simultaneously achieves
a PSNR improvement of 0.65dB. By emphasizing fidelity
in both spatial and frequency domains, the utilization of
Ly results in a PSNR improvement of 0.35dB, over the
use of L,z alone. More importantly, the classification
loss L4 brings a PSNR gain of about 0.40dB on dehazing
(SOTS), while L,,,4¢cn for supervising correct prior retrieval,
yields a further average improvement of 0.24dB. We plot
the t-SNE in Fig. 6 to demonstrate the effect of L,,,4¢cr On
the degradation bank. It is evident that £, .., leads to a
tighter clustering of Ug and Uy, which helps the model
more accurately and discriminatively retrieve effective pri-
ors. Fig. 7 illustrates the visual results of various schemes
using individual loss modules. As the proposed loss mod-
ules are successively added, the restored image more closely
resembles the ground truth.

Flexible DB construction without clean HQ. The proposed
DB can be constructed without strict dependence on clean
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Figure 6. t-SNE visualization of Ux and Uy under the three-task
setting. Lqtcn enables each task to exhibit tighter clustering.
Please refer to the supplementary for more visuals.
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Figure 7. Visual comparison of the restored images obtained using
the individual loss schemes and the proposed scheme.

HQ data. Specifically, Table 7 shows that replacing clean
HQ with Gaussian-noised HQ* (¢ = 15) and its residual
causes only a 0.54dB PSNR drop. Moreover, constructing
the DB directly from LQ also delivers performance compa-
rable to that of using clean HQ. These results demonstrate
the flexibility of the proposed DB construction strategy and
highlight its potential for practical deployment under limited
clean data conditions.

5. Conclusion

This paper presented R2R, an efficient all-in-one image
restoration framework that unifies diverse degradations
within a single lightweight backbone through explicit degra-
dation disentanglement and retrieval-based priors. R2R intro-
duces a degradation amalgamator to encode task-level clean
priors into a compact degradation bank, and a degradation
matching module to adaptively retrieve the most relevant
prior for each input. This design enables degradation-aware
restoration without relying on heavy prompt engineering
or mixture-of-experts routing, and substantially reduces in-
terference among heterogeneous degradations during joint
training. Extensive experiments showed that R2R achieves
competitive performance with significantly fewer MACs and
maintains the smallest performance drop when scaling from
single to multiple degradations and increasing the number
of tasks, confirming it as an effective and computationally
efficient solution for unified image restoration.
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