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Abstract—Specialized image restoration methods have been
extensively explored, each targeting a specific type of degrada-
tion. However, real-world images often suffer from composite
degradations, prompting growing interest in unified restoration
approaches. While recent unified models have shown promis-
ing results, many are hindered by high computational com-
plexity, limiting their deployment in resource-constrained set-
tings. Motivated by the parameter-efficient design of Low-Rank
Adaptation (LoRA), we propose an efficient attention module
specifically designed for composite degradation image restora-
tion. The proposed method adopts a dual-branch architecture,
where one branch processes features at full resolution, and the
other operates with reduced spatial and channel dimensions
to improve efficiency. To better adapt to diverse degradation
patterns, the latter branch is further divided into two sub-
branches, each incorporating dynamic operations guided by
local and contextual priors. These context priors are iteratively
updated within each module, drawing inspiration from feedback
mechanisms in reinforcement learning, thereby enabling the
model to effectively perceive and handle multiple degradation
types within a unified structure. Additionally, we introduce
a multi-scale feed-forward network to further enhance both
performance and computational efficiency. Extensive experiments
on two composite degradation benchmarks demonstrate that our
proposed network, CDIR, achieves state-of-the-art performance
with significantly reduced complexity and fast inference speed.
In addition, CDIR shows strong adaptability to various task-
specific image restoration scenarios, such as dehazing, desnowing,
and deraining. It also performs robustly on domain-specific
applications such as ultra-high-definition (UHD), remote sensing,
and medical image restoration, highlighting its versatility and
practical applicability.

Index Terms—Image restoration, composite degradation, effi-
cient networks, ultra-high-definition, medical image processing,
remote sensing.

I. INTRODUCTION

MAGE restoration seeks to recover high-quality images
from their degraded observations. Adverse environmental
conditions (e.g., haze, rain, snow) and dynamic factors such
as motion blur pose significant challenges to image visibility
and compromise the reliability of downstream applications.
Over the past decade, numerous task-specific image restoration
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Fig. 1: Illustration of LoRA [17] and the proposed multi-
branch attention module.

methods have been developed to address individual degra-
dation types, such as dehazing [1]-[4], deraining [5]-[7],
desnowing [8]-[10]], and deblurring [11[|-[14]. However, these
approaches are typically designed to handle a single type
of degradation and often struggle in real-world scenarios,
where multiple distortions, also known as composite or mixed
degradations, frequently co-occur.

More recently, composite degradation approaches have at-
tracted increasing attention in image restoration. For exam-
ple, DarkIR [15] addresses both low-light enhancement and
deblurring within a single framework by employing a spe-
cially designed encoder for enhancement and a decoder for
deblurring. MoCE-IR [16] adopts a mixture-of-experts strategy
to selectively activate specialized experts based on the input
degradation characteristics. Despite their effectiveness, they
often incur substantial computational overhead, limiting their
practicality in resource-constrained environments.

To address this issue, we propose an efficient image restora-
tion network for composite degradations. LoRA [17] has
recently shown promising potential for parameter-efficient
fine-tuning through low-rank decomposition, as illustrated in
Figure [T[a). Inspired by LoRA’s rank reduction-based design,
we introduce an efficient attention module specifically tailored
to handle composite degradations. As depicted in Figure [T(b),
the proposed module adopts a two-branch strategy: one branch
operates on the full-resolution feature map, while the other
processes features at reduced spatial and channel dimensions
to improve efficiency.

To further enhance adaptability to diverse degradation pat-
terns, the second branch is subdivided into multiple sub-
branches, each potentially targeting different types of degra-
dation. These sub-branches incorporate dynamic operations
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(a) LOLBIur [18] (Table ) (b) CDD-11 [19] (Table IV)

Fig. 2: Computational comparison on two composite degradation datasets. The proposed CDIR achieves state-of-the-art
performance with signi cantly improved computational ef ciency.

guided by both local and contextual pribrPrawing inspi- fewer parameters, lower computational complexity, and
ration from feedback mechanisms in reinforcement learning, faster inference speed. In addition, it performs competi-
the context priors interact bi-directionally with the dynamic  tively on a range of single-degradation tasks, highlighting
operations and are iteratively updated within each module. its strong adaptability across diverse image restoration
This design enables the model to better perceive and adapt to scenarios. The model also transfers well to domain-
complex degradation patterns, thereby facilitating the recov- speci ¢ applications such as UHD, remote sensing, and
ery of high-quality images from inputs affected by multiple  medical image restoration, further showcasing its robust-

degradations. ness and versatility.
Furthermore, a multi-scale feed-forward network (MFFN)
is introduced to improve ef ciency and maintain competitive [l. RELATED WORK

performance. By integrating the proposed attention module |mage Restoration
and MFFN into a Transformer-style architecture, we develop a
uni ed network, dubbed CDIR, speci cally tailored for com-
posite degradation image restoration. As shown in Figure 2(
the compact variant CDIR-S signi cantly outperforms th
recent DarklR-I [15] by 0.56 dB in PSNR on the LOLBIur [18]
dataset for low-light image deblurring, while reducing th
number of parameters bi4% and FLOPs by21%. Further-

Image restoration, a highly ill-posed problem, aims to re-
construct the clean image from its degraded counterpart [20]—
5]. Compared to prior hand-crafted methods [26], [27],
fecent data-driven approaches have achieved superior re-
sults by learning powerful features from large-scale curated
Gata. These approaches are mostly built on convolutional

or Transformer-based architectures [1], [11], [28]-[31], ad-

more, on the. more challenging CDD-11 [19] dataset, Whe(r]‘?essing various single-degradation tasks, such as dehazing,
images are simultaneously affected by up to three degradatboer}aining desnowing, and deblurring. With advanced func-

types, our network achieves a substantial PSNR improvem%%al units, convolutional image restoration networks have
of 1.73 dB over the recent MoCE-IR [16], using ori®{@% ' g

of the parameters (see Figure 2(b)). The main contributions{%?hleved promising performance while offering ef cient and
. . ) ast processing. However, these frameworks suffer from lim-
this paper are summarized as follows:

) ] ) ited receptive elds, which hinders their ability to handle large-
We develop an ef cient image restoration network fOgcale degradations. In contrast, thanks to self-attention [29],
composite degradations by integrating a LORA"nSp'rE’EJO], [32], Transformer-based networks possess strong mod-
attention module and a mullt|-sc'ale feed—fqrward Networkjing capabilities for long-range dependencies. Although they
We propose a novel LoRA-msplred attention moqIUIe thﬁfave signi cantly improved performance across various im-
operates on reduced spatial and channel dimensions usigg restoration tasks, this comes at the cost of quadratic
a multi-branch architecture to address different degr@bmplexity with respect to input size, posing challenges for
dation types. It further incorporates dynamic operatiorﬁacticm deployment. Recently, Mamba-based models have
guided by both local and bidirectional context priors §rought renewed momentum and innovation to the eld of
more e_ffectlvely_handle composite degradations. image restoration [33][35]. For example, PH-Mamba [36]
Extensive experlr_nental results demonstrate that the p{ggroduces a position-guided hybrid Mamba module to adap-
posed model achieves state-of-the-art performance on tw@y encode spatial coordinates and discriminative patterns
composite degradation benchmarks, with signi cantlyor precise degradation representation. In addition, diffusion-

P . . . __based models have demonstrated remarkable advancements in
In this work, context priorsrefer to degradation-related information.

extracted from the input image and propagated across blocks, Veoiid Image reStorati(_)n [37] For instance, Yahal. [38] devglop_
priors are computed independently within each block. a frequency prior-guided network to leverage the diffusion
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models to produce frequency priors for generating authentic I1l. M ETHODOLOGY
details. A comprehensive survey of diffusion-based methodstpis section rst outlines the overall pipeline of the pro-

can be found in [39]. posed network, followed by detailed descriptions of its key

However, most of the aforementioned methods perforgymponents, including the Dual-LoRA Attention (DLA) mod-
well on a speci ¢ degradation type or require separate modgk and the MFEN.

instances for different types. This paper introduces an ef cient
network capable of handling composite degradations using a o
single model. A. Overall Pipeline
On the other hand, LoRA has been widely used in low-level Figure 3(a) illustrates the pipeline of our network, CDIR,
vision tasks as a parameter-ef cient ne-tuning method [40)which is built upon a widely adopted hierarchical architecture.
For example, PiSA-SR disentangles semantic-level and pix8hallow features are rst extracted by applying3a 3
level objectives by learning two LORA modules on top o€onvolution to the degraded input image. These features are
pre-trained models [41]. Our model is orthogonal to theshen passed through an encoder-decoder structure to remove
approaches, as it adopts theduction mechanism of LoRA degradation artifacts and recover texture details. During this
to guide the design of an ef cient architecture. process, the encoder progressively downsamples the spatial
resolution while increasing the channel capacity, transforming
the feature shape from W Cto % 4C. Conversely,
the decoder restores the feature maps to their original reso-
Most recently, multi-task image restoration methods havgtion, employing residual connections to facilitate effective
garnered increasing attention and can be broadly categeconstruction. Each stage in both the encoder and decoder
rized into all-in-one [42]-[45] and composite degradatioBonsists of multiple basic blocks, with the number of blocks
schemes [15], [16], [18], [19], [46], [47]. The former isper stage ranging fromh; to L4. Context priors, generated
trained on compound datasets assembled from several singhe-the Prior Generation (PG) unit, are injected into each
degradation tasks and evaluated on their respective test setshAsic block to guide the restoration process and are iteratively
one of the pioneering solutions, AirNet [48] learns degradatiaipdated to better capture degradation characteristics. The
priors from inputs via contrastive learning and leveragesmputation within a basic block is de ned as follows:
them to guide the restoration process. PromptIR [43] encodes 0
degradation information into learnable prompts, while Instruc- Xis1 = MFEN(Norm( x7)) + x7; @)
tIR [49] utilizes human-written instructions to tackle all-in-one x? =DLA(Norm( x;);Pi) + x;; (2)
image restoration. The recent AdalR [50] addresses this tas .
via frequency mining and modulation. Although these methoéﬂ%herexi gndxm denote t-he mput gnd OUtqu feature maps
can handle multiple degradation types within a uni ed mode?, .the bas.|c block., respectivell; indicates the input context
they assume that each input image is affected by only one t}ﬁéors’ whilePy. is produc.ed as one of thg outputs of D.LA'
of degradation. This assumption limits their practicality in real~o'm denotes the normalization layer. Finally, the residual

world applications, where images are often simultaneouéﬁ]a%ed Is gednedrgted Vi?a %con\t/ﬁlutior: antd a;ddfetckzl] to thg |
impacted by multiple degradations. input degraded image to produce the nal output of the model.

To meet this requirement, several composite degradation
image restoration methods have recently been proposed. BorDLA

instance, DarkIR [15] combines spatial and frequencyinforma-l) Motivation: LoRA [17] has emerged as a prominent
tion via frequency and large receptive eld attention to addregg, widely adopted method for parameter-ef cient ne-tuning,
low-light image deblurring. OneRestore [19] employs & Crosgused on the premise that the updated matrices in model
attention mechanism that integrates textual and visual desc%aptation have a low intrinsic rank. It introduces low-rank
tors to handle composite degradations. An extensive SUrvg¥composition matrices into pre-trained weights \ilg +

of multi-task image restoration methods is presented in [42].\y = W, + BA, whereW, represents pre-trained weight
Despite the promising performance of these methods, a k@Wtrix andB 2 RY " A 2 R k are low-rank matrices.
question remainsCan the ef ciency of composite degradationrne [ow-rank decompositiofr  min (d; k) greatly reduces
image restoration approaches be further improved to enhangg, rainable parameters for downstream tasks. Inspired by its
their practicality in real-world application8 To this end, we yeqyctionmechanism, we develop a DLA module that operates

propose an ef cient dynamic attention module for compositgyough two super-branch transformations, de ned as follows:
degradation restoration, drawing inspiration from the LoRA

design. In parallel, a variety of priors have been explored X =Ff W e H W Cx) 3)

in multi-task image restoration to encode degradation-speci c F ; W C! H® wl co%h H w C(X):

information that can guide the restoration process. However,

most of these priors are unidirectional, extracted from thehereX and X 2 RH € W denote the input and output
input image and passed into the network without furthdeature maps, respectively.S5:' S2() represents the network

re nement or interaction. In contrast, our method introducesm@ocessing that involves changing the shape of the feature map
bidirectional prior mechanism, in which priors are dynamicallfrom S; to S,. In our casereducing both the channel and
updated through feedback from intermediate network featuregatial dimensions in the second branelP& H , W< W ,

B. Multi-Task Image Restoration
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Fig. 3: (a) Overall pipeline of the proposed network for ef cient composite degradation image restoration, which adopts a U-
shaped architecture. Each stage comprises multiple basic blocks guided by bidirectional context priors. (b) Structure of the basic
block, which integrates the Multi-Scale Feedforward Network (MFFN) and the Dual-LoRA Attention (DLA) module. Within
DLA, context priors are utilized to guide restoration and are iteratively updated to better capture degradation characteristics.
(c) The DLA module reduces both spatid\(v ! HOW?9 and channel@ ! r) dimensions to enable the application of
Dynamic Filters (DF) for handling diverse degradation types. (d) The Prior Generation (PG) unit extracts context priors from
the high-frequency components of the degraded input image. (e) DF dynamically performs degradation removal based on
learned kernels. (f) MFFN enhances multi-scale representation learning within the gated feedforward network.

CY%< C) enables higher ef ciency and facilitates multi-scalevhereW; ; andW® ; denote thel 1 convolution and3
representation learning. We next describe the details of DLA,depthwise version, respectivelR'? and R9%“" represent
followed by the design of the prior-guided ow. upsampling and downsampling operations, respectively, while
2) Mesoscale Architecture DesigrEq. (3) illustrates that [ ; ] andSplitdenote channel-wise concatenation and splitting.
our attention mechanism adopts a multi-branch paradigf,denotes the operation of a sub-branch in the super-branch
where one branch operates on full-size features and theFor simplicity, the superscripts & and the context priors
other follows a LoRA-inspiredreduction strategy. Notably, are omitted. Furthermore, the input to the top sub-branch is
the LoRA-inspired super branch can be naturally extendggt modulated by the output of the bottom sub-branch (see
to incorporate multiple branches, allowing the model to beligure 3(c)), enabling high-order spatial interactions [51] and
ter handle composite degradations. An example of such fgilitating multi-scale feature learning [52]. We next detail
extension, using a two-branch con guration, is illustrated ifhe internal components of each sub-branch.
Figure 1(b), with architectural details provided in Figure 3(c). 3) Microscale Architecture DesignEach sub-branch of
In this case, the two super branches in Eq. (3) can Beiper-Branch 2 adopts a squeeze-expand strategy along the

reformulated to re ect our speci ¢ design as: channel dimension, promoting computational ef ciency and
enabling the use of dynamic lters for handling composite
Super-Branch 1: (4) degradations. Taking the bottom sub-branch as an example, let
H® w® C i ; i
F1(X)= WP 5(Wy 1(X)): (5) X12R denote the input feature map. The input is

rst processed using a combination ofla 1 convolution and
Super-Branch 2: (6) a3 3 depthwise convolution. The resulting features are then
Fo(X)= RY™ W; 1[B1(X1);Bs Bi(X1) X, ] ; (7) compressed along the channel dimension to a reduced shape
e down _ of HO W©? r, wherer CC These compressed features
X1; X2 = Split( R™ (X)); (8) are subsequently re ned by a Dynamic Filter (DF), guided
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by both local and contextual priors. Finally, the features aoé the DF in the bottom and top sub-branches of Figure 3(c),
projected back to the original channel dimension vih al respectively. These outputs are globally averaged across the
convolution. The overall computation of this sub-branch caspatial dimensions to produce 1-D channel descriptors. The
be formally expressed as: resulting vectors are then concatenated and used to modulate
. the input priors via element-wise multiplication. Finally, a
X1= Wi'“(OF(X]) P ©) pointwise convolution is applied to re ne the modulated priors.
X9 = W T(WD sWy 1(X1)); (10) The entire update process can be formally expressed as:

where WE'; " and W]' © denotel 1 convolutions used Pisr = Wy 2(Pi PY; (13)
for cha_nnel squeezing agd expansion, with reductlor_w and PO = [Pool( X 3); Pool(X 2)]; (14)
expansion ratios of- and =, respectively. These operations
form the basis of our channel-wiseductionmechanismP; Wwhere P; and Pi.; denote the input and updated context
represents the context prior, which guides the integration of thgors, respectively.
two sub-branches to address different types of degradations.

DF. The incorporation of local-prior-guided dynamic ltersc. MEEN
enables adaptive restoration and facilitates the handling of

X . : : To enhance the model's capacity for multi-scale repre-
multiple degradation types through a multi-branch design. As . . . .
illustrated in Figure 3(e), given an inpat? 2 RHO W° © sentation learning, we introduce an MFFN, extending the

DF rst applies global average pooling, followed byla 1 gated feedforward structure proposed in [29]. As illustrated

i . ) _in Figure 3(f), given an input feature map 2 RH W €,
convolution and aTanh nonlinearity to generate adaptive : ; .
kernels of sizek k. The input is then unfolded into theMFFN rst downsamples it to a lower spatial resolution of

JCRHT WY € followed by al 1 convolution and a3 3
0 0 ’
jeargg:t-wi\s/\é mlzlti Iﬁe dkb Sltjr?jeccl)l;fgly(’)s;?‘h Igaﬁr?;ijh ILsemdeffpthwise convolution for re nement. The upsampled features
P y P 9 are then modulated by a gating signal generated from a parallel
and aggregated to produce the output of DF. The adaptl[\)/e : : S .
kernels are shared across soatial and channel dimension ranch, which operates directly on the original-resolution fea-
. ) pati ! 1ONur8s using convolutional layers and GELU activation. Finally,
ensure high ef ciency.

4) Context Priors: Existing methods mostly adopt a uni-a 1 1 convolution produces the output feature mépof

- : .~ " MFFN. The entire process can be formulated as:
directional strategy to generate priors for enhancing image

restoration performance. For example, PromptIR [43] lever- X =W, (X1 X2) (15)
ages preset |n-S|tg parar_neters as prqmpts, which are inde- Xy = Rup(wsl? SWi L(REOW (X)) ; (16)
pendent and lack interactions across different blocks. MoCE- B b _

IR [16] employs a Sobel- ltered global feature vector to X2 = GELU( W3 Wy 1(X)): 17)

enhance the frequency awareness of the gating functions in
mixture-of-experts architectures. In contrast, inspired by the IV. EXPERIMENTS AND ANALYSIS
feedback mechanism in reinforcement learning, our model in-We evaluate the effectiveness of the proposed CDIR under
troduces bidirectional priors that are iteratively updated withimo-degradation and three-degradafisettings for composite
each block, thereby improving both degradation perceptigiegradation image restoration, using the LOLBIur [18] and
and the guidance provided to the DF. CDD-11 [19] datasets, respectively. Images in LOLBIur are si-
Generation. The PG unit produces context priors based omultaneously degraded lbgw-light conditions andlur, while
the high-frequency components of the degraded input ima@®D-11 contains images affected by a total of 11 degradation
(see Figure 3(d)). Given an input imade 2 RH W 3 types, includinghaze snow low light, rain, and their combina-
PG rst extracts high-frequency subbands by subtracting thiens: low+haze low+rain, low+snow hazerain, haze-snow
low-frequency component, obtained via global average podbw+haze-rain, and low+hazersnow In addition, we assess
ing [53]. This is followed by a7 7 convolution to adjust the adaptability of our model on standard real-world and
the number of channels and enlarge the receptive eld. Subynthetic single-degradation datasets across multiple image
sequently, channel-wise context priors are generated througbtoration tasks, including dehazing, desnowing, and derain-
pooling operations and & 1 convolution. The complete ing. Furthermore, our model is evaluated on domain-speci c
process of PG can be expressed as: tasks, such as UHD, remote sensing, and medical image
| restoration.
P = Wi 1(Pool(W7" 7 (1n))); (11) Implementation details. Our model is trained using the
Ih =1 Pool(l) (12)  Adam optimizer and dual-domain loss function [53], [54].
Regarding the network hyperparameters in Figure 3, we set
db2= 5, W= %, r =8, andk = 3. Our model is evaluated
gration of features enhanced by the DF. on multiple datasets. Owing to the varying qomplexny of
éhese datasets, we scale the model by adjusting the channel

Update. The priors derived from Eq. (11) are integrate dth and th ber of blocks t hi tational cost
into each DLA to guide the restoration process and argdth andhe number of biocks fo achieve computational costs

!teratlvel_y updatet_j to enhance the modeling of degradationy, o study, the three-degradation setting refers to scenarios in which
information. Speci cally, IetX(} and Xg denote the outputs images are simultaneously affected by up to three types of degradations.

where Pool denotes global average pooling Bng R? 1 2
represents the generated context priors, which guide the i
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TABLE |: Quantitative results on the LOLBIur [18] dataset for composite degradatiansig¢w light andblur). The proposed
lightweight model outperforms the specialized method DarkIR-I [15] by 0.56 dB in PSNR, while reducing the number of
parameters by 74% and computational cost by 21%.

Method NAFNet [55] LEDNet [18] RetinexFormer [56] Restormer [29] VQCNIR [46] DarklR-m [15] DarkIR-l [15] CDIR-S CDIR-B

PSNR 25.36 25.74 26.02 26.72 27.79 27.00 27.30 27.86 28.46
SSIM 0.882 0.850 0.887 0.902 0.875 0.883 0.898 0.919 0.926
Params 12.05M 7.4M 1.61M 26.13M 47.9M 3.31M 12.96M 3.35M 8.36M
FLOPs 12.3G 38.65G 15.57G 144.25G 165G 7.25G 27.19G 21.36G  52.38G

TABLE II: Three model variants of the proposed method. TABLE IV: Comparison on the CDD-11 [19] dataset under

composite degradations in terms of PSNR/SSIM. CDD-11

comprises 11 degradation combinations categorized into three

CDIR-T [1, 1,2 5] [32, 64,128, 32] 1.31M 11.92G gcenariossinglg double andtriple. Theaverageperformance

EB:EZS [[:f g’ ?” %] [[fg” 962” 11528" 282]] 833?’2,\",/" 5233865' is computed by averaging results across gll combinations. The
two super-row methods correspond to single-task and multi-
task image restoration approaches, respectively.

Variants  Blocks {1 La) Channels Params  FLOPs

Method Single Double Triple Average Params

TABLE IlI: Training con gurations for various image restora-

tion tasks, including dataset, model variant, learning rate (LR)//IRNetv2 [57] ~ 28.46/.911 24.11/.817 22.35/.719 25.37/.834 5.86M
estormer [29]  30.29/.931 25.60/.851 23.86/.767 26.99/.865 26.13M

patch size, batch size, and training iterations. SRUDC [58] ~ 31.18/.930 26.27/.845 23.98/.758 27.64/.860 6.80M
. ~ OKNet [10] 29.31/.926 25.16/.846 23.30/.765 26.33/.861 4.72M
ScenaridTask Dataset Model LR Patch Batch Iteration
, : AirNet [48] 25.59/.885 22.97/.796 22.02/.717 23.75/.814 8.93M
Composite degradation WeatherDiff [59] 23.81/.860 21.97/.786 21.13/.707 22.49/.799 82.96M
Two-degradation  LOLBIur CDIR-S/-B 1e-3 256 16 300K  promptiR [43] = 28.88/.920 24.46/.834 23.54/.750 25.90/.850 38.45M
Three-degradation CDD-11 CDIR-T/-S 1e-3 256 16 300K WGWSNet [60] 29.97/.923 25.77/.850 23.94/.772 26.96/.863 25.76M
Single-degradation OneRestore [19] 31.81/.939 27.65/.871 25.23/.796 28.72/.882 5.98M
Desnowing csp CDIR-B  1e-3 256 12 300K MOCE-IR-S [16] 32.54/.941 27.73/.869 25.40/.790 29.05/.881 11.47M
SRRS CDIR-B  1le-3 256 12 300K  cpRr-T 31.79/.942 28.93/.875 25.86/.800 29.67/.886 1.31M
, Snow100K CDIR-B  1e-3 256 12 300K  cpIR-s 34.50/.946 29.56/.881 26.39/.808 30.78/.892 3.35M
Dehazing Dense-Haze CDIR-S le-3 512 4 50K
NH-HAZE CDIR-S 1e-3 512 4 50K
Haze4K CDIR-T/-B 1e-3 256 12 300K
Deraining AGAN CDIR-B  le-4 256 12 50K A Composite Degradation Image Restoration
UHD image restoration _ ; i it
Deblurting UHD-BIur CDRT 13 768 6 100K Two qlegradatlon setting Table | presents qu_antlt_atlve
Enhancement UHD-LL CDIRT 1e-3 768 6 100k Ccomparisons on the LOLBIur _[18] dataset for low-light image
Deraining 4K-Rainl3k  CDIR-T 1le-3 768 6 100K deblurring. VQCNIR [46] achieves a PSNR of 27.79 dB but
Medical image restoration requires a large number of parameters and high computational
Super-resolution  IXI CDIR-T  2e-4 128 4 300K complexity. While the two variants of DarkIR [15] signi -
Image synthesis  PolarStar M660 CDIR-T  2e-4 128 4 300K ;
Image denoising  AAPM COIR-T 204 128 4 300K cantly reduce computational overhead compared to VQCNIR,

they do so at the cost of degraded performance. In contrast,
our model delivers superior accuracy while maintaining high
ef ciency. Notably, CDIR-S surpasses VQCNIR by 0.07 dB in
PSNR while reducing parameter count 8% and FLOPs by
87%. Compared to DarkIR-I, CDIR-S achieves a substantial
PSNR improvement of 0.56 dB with onB6% of the param-
comparable to representative methods for each task, therebsrs. The base version of our model further improves restora-
ensuring fair comparisons. In particular, CDIR-T (Tiny) igion quality while still maintaining a lightweight design. Visual
con gured with C = 32 and layer depth§L1;L,;L3;L4] = comparisons are provided in Figure 4. Compared to VQCNIR,
[1;1;2;5]; CDIR-S (Small) usesC = 32 with [2;3;6;6]; our model more effectively restores structural detadlg(the
while CDIR-B (Base) adopt€ =48 and[3;3;7;7]. Table Il text on the billboard in the rst example) and demonstrates
summarizes the con gurations and computational overheadsaperior brightness perception in the second example.
different variants. A summary of the training con gurations for Three-degradation setting We further evaluate the effec-
various image restoration scenarios is presented in Table tibeness of our model on the more challenging CDD-11 [19]
Notably, our training con gurations largely follow previousdataset. The 11 degradation types in CDD-11 are categorized
methods within each domain, without leveraging any taskito three scenariossingle double andtriple degradations,
speci ¢ tricks to improve performance. FLOPs are measurathere triple refers to images simultaneously affected by
using a patch of siz8 256 256. In the tables, the top- three types of degradations. We compare our model against
performing and second-best quality scores are highlightedhioth single-task and multi-task image restoration methods.
red and blue, respectively. As shown in Table IV, our CDIR-S consistently achieves

Remote sensing
Dehazing SateHazelk CDIR-T  1e-3 256 16 50K
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9.89 dB 22.74 dB 22.27 dB 28.62 dB PSNR
8.15 dB 19.36 dB 22.43 dB 33.38 dB PSNR
Degraded LEDNet VQCNIR Ours-B GT

Fig. 4: Qualitative comparison on the LOLBIur [18] dataset for composite degradatmmslight and blur). Compared to
competing methods, the proposed model better restores structural details in the rst example and demonstrates improved
brightness perception in the second example.

19.88 dB 28.24 dB 27.24 dB 32.07 dB PSNR
Degraded OneRestore MOCE-IR-S Ours-S GT
13.34 dB 30.55 dB 30.73 dB 33.23 dB PSNR
Degraded OneRestore MOCE-IR-S Ours-S GT

Fig. 5: Qualitative results on the CDD-11 [19] dataset with composite degradatiaae gnd snow. The proposed model
yields results visually closer to the ground truth than competing methods.

store [19], a method tailored for composite degradation image
restoration, achieves an average PSNR of 28.72 dB across
the three scenarios. The more recent MoCE-IR-S [16] offers
improved performance but incurs higher parameter complexity.
In contrast, our model not only surpasses both methods in
accuracy, outperforming MoCE-IR-S by a signi cant margin
of 1.73 dB, but also maintains fewer parameters. Notably,
our tiny model achieves the second-best performance on
most metrics. A more ne-grained comparison with leading
algorithms across individual degradation types is shown in
Figure 6. Our model consistently achieves higher PSNR and
SSIM scores than competitors, demonstrating its effectiveness
in addressing complex composite degradations. Qualitative

Fig. 6: Quantitative comparison across the 11 degradatiEﬁTc‘UItS in Figure 5 further conrm that our model produces

categories of CDD-11 [19]. “Ours” refers to our small model‘.mtpm,S signi cantly closer to _reference Images, effectively
removing challenging degradations from the input.

the best performance across all scenarios while using fewer
parameters than multi-task baselines. Speci cally, OneRe-
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34.17 dB PSNR
Ours-B GT

15.12 dB 33.16 dB

Degraded MBT-L V2
Fig. 7: A qualitative comparison on the SRRS [61] dataset for image desnowing demonstrates that our model more effectively
removes snow-related degradations, particularly in challenging regions.

32.81 dB
FocalNet

TABLE V: Image desnowing comparisons on three widely used datasets: CSD [8], SRRS [61], and Snow100K [9]. “~" indicates
that results are not available. Our model improves PSNR by 0.32 dB over the recent Transformer-based MBT-L V2 [54] on

Snow100K, while reducing FLOPs by 39%.

Metric DesnowNet [9] JSTASR [61] HDCW-Net [8] SMGARN [62] FocalNet [63] IRNeXt [6] ConvIR-B [53] MBT-L V2 [54] CDIR-B

Dataset

csD PSNR 20.13 27.96 29.06 31.93 37.18 37.29 39.10 39.94
SSIM 0.81 0.88 0.91 0.95 0.99 0.99 0.99 0.99

SRRS PSNR 20.38 25.82 27.78 29.14 31.34 31.91 32.39 32.55 32.86
SSIM 0.84 0.89 0.92 0.94 0.98 0.98 0.98 0.98 0.98

Snow100K PSNR 30.50 23.12 31.54 31.92 33.53 33.61 33.92 34.01 34.33
SSIM 0.94 0.86 0.95 0.93 0.95 0.95 0.96 0.96 0.96

Overhead Params 15.6M 65M 6.99M 6.83M 3.74M 5.46M 8.63M 7.29M 8.36M
FLOPs 1.7K - 9.8G 450.3G 30.6G 42.1G 71.2G 86.0G 52.38G

TABLE VI: Image dehazing comparisons on two widely used real-world datasets: Dense-Haze [64] and NH-HAZE [65]. The
proposed model outperforms the recent MBT-L V2 [54] on both benchmarks while using less than half the parameters and

only a quarter of the FLOPs.

Metric GDN [66] MSBDN [67] FFA-Net [68] DeHamer [1] 2ENet [69] MBT-L V1 [70] ConvIR-B [53] MBT-L V2 [54] CDIR-S

Dataset

Dense-Haze PSNR 13.31 15.13 15.70 16.62 16.88 16.44 16.86 16.90 17.10
SSIM 0.37 0.56 0.55 0.56 0.57 0.57 0.60 0.61 0.62

NH-HAZE PSNR 13.80 17.97 18.13 20.66 20.24 20.49 20.66 20.77 20.87
SSIM 0.54 0.66 0.65 0.68 0.69 0.69 0.69 0.71 0.71

Overhead Params 0.956M 31.35M 4.46M 132.5M 7.17M 7.43M 8.63M 7.29M 3.35M
FLOPs 215G 41.5G 287.8G 60.3G 461G 88.1G 71.2G 86G 21.36G

TABLE VII: Image dehazing results on the synthetic Haze4k [71] dataset. The proposed model achieves a signi cant PSNR
gain of 0.79 dB over MBT-L V2 [54], with lower computational complexity.

Method MSBDN FFA-Net PMNet FSNet ConvIR-S ComviR-B  ConviR-L MBT-LV1I MBTLV2 CDIR-T CDIR-B
[67] [68] [72] [73] [53] [53] (53] [70] [54] ours ours

PSNR 22.99 26.96 33.49 34.12 33.36 34.15 34.50 34.47 34.92 33.39 35.71

SSIM 0.85 0.95 0.98 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99

Params  31.35M  4.46M  18.90M 13.28M  5.53M 8.63M 14.83M 7.43M 7.29M 1.31M  8.36M

FLOPs 415G 287.8G 811G  110.5G 421G 71.2G 129.9G 88.1G 86G 11.92G  52.38G

computational complexity by 39%. As shown in Figure 7, our
model effectively addresses heavy snow degradation, achieving
We evaluate the adaptability of our model on severglsually superior results compared to existing methods.
Single-degradation image restoration tasks, including dehaZinglmage dehazing_We also assess our model on W|de|y
desnowing, and deraining. In this setting, the model is traingdopted real-world dehazing datasets (Dense-Haze [64], NH-
and evaluated independently for each task. HAZE [65]) and a synthetic dataset (Haze4k [71]), with results
Image desnowing. Table V presents desnowing resultshown in Tables VI and VII, respectively. In particular, our
on three widely used datasets: CSD [8], SRRS [61], amdodel achieves PSNR gains of 0.2 dB and 0.1 dB over
Snow100K [9]. Our model signi cantly outperforms the recenMBT-L V2 on Dense-Haze and NH-HAZE, respectively, while
Transformer-based MBT-L V2 [54] by 0.31 dB and 0.32 dB imequiring less than half the parameters and only a quarter of
PSNR on SRRS and Snow100K, respectively, while reducitige FLOPs. In addition, our base model outperforms MBT-

B. Single-Degradation Image Restoration
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