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Abstract

Recent advancements in all-in-one image restoration models
have revolutionized the ability to address diverse degrada-
tions through a unified framework. However, parameters
tied to specific tasks often remain inactive for other tasks,
making mixture-of-experts (MoE) architectures a natural
extension. Despite this, MoEs often show inconsistent be-
havior, with some experts unexpectedly generalizing across
tasks while others struggle within their intended scope. This
hinders leveraging MoEs’ computational benefits by bypass-
ing irrelevant experts during inference. We attribute this
undesired behavior to the uniform and rigid architecture of
traditional MoEs. To address this, we introduce “complexity
experts” — flexible expert blocks with varying computational
complexity and receptive fields. A key challenge is assigning
tasks to each expert, as degradation complexity is unknown
in advance. Thus, we execute tasks with a simple bias to-
ward lower complexity. To our surprise, this preference
effectively drives task-specific allocation, assigning tasks to
experts with the appropriate complexity. Extensive experi-
ments validate our approach, demonstrating the ability to
bypass irrelevant experts during inference while maintain-
ing superior performance. The proposed MoCE-IR model
outperforms state-of-the-art methods, affirming its efficiency
and practical applicability. The source will be publicly made
available at eduardzamfir.github.io/MoCE-IR/

1. Introduction

Image restoration [47, 66, 67] is a fundamental problem in
computer vision, dealing with reconstructing high-quality
images from deteriorated observations. Adverse conditions
such as noise [22, 66], haze [5, 38], or rain [7, 58] signifi-
cantly impact the practical utility of images in downstream
applications across various domains, including autonomous
navigation [7, 49] or augmented reality [10, 15, 45]. Deep
learning-based approaches have remarkably advanced this
field, particularly for task-specific image restoration prob-
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Figure 1. Motivation. (a) Dense all-in-one restoration meth-
ods [24, 57] often inefficiently allocate parameters when handling
multiple degradation types. (b) While recent Mixture-of-Experts
(MoE) approaches [60, 61] address this through sparse computa-
tion, their rigid routing mechanisms uniformly distribute inputs
across experts without considering the natural relationships be-
tween degradations. (c) To overcome these limitations, we intro-
duce Complexity Experts - adaptive processing blocks with size-
varying computational units. Our framework dynamically allocates
model capacity using a spring-inspired force mechanism that con-
tinuously guides routing decisions toward simpler experts when
possible, with the force proportional to the complexity of the input
degradation. While initially designed for computational efficiency,
this approach naturally emerges as a task-discriminative learning
framework, assigning degradations to the most suitable experts.
This makes it particularly effective for all-in-one restoration meth-
ods, where both task-specific processing and cross-degradation
knowledge sharing are crucial.

lems [6, 8, 16, 28, 52, 64]. Recent all-in-onerestoration
models [9, 12, 13, 24, 27, 36, 49, 65], however, demonstrate
the possibility of handling multiple degradation types within
a single model, offering more practical solutions compared
to traditional task-specific approaches without the extensive
re-training need for each new degradation type. Noteable
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works employ visual [25, 36, 50] or language-based prompt-
ing [1, 9, 30], contrastive learning [24, 65], and diffusion-
based models [1, 30].

Despite their success, we observe that the aforementioned
models often suffer from inefficiencies, as parameters tied
to specific degradations often remain inactive or underuti-
lized when addressing unrelated tasks [57]. This naturally
suggests the use of mixture-of-experts (MoE) architectures
for task-specific processing. Yet, current MoE-based ap-
proaches [29, 57, 61] typically incorporate routing mecha-
nisms based on language [57] or degradation priors [29, 61],
leading to imbalanced optimization, where some experts gen-
eralize well, while others struggle with their intended tasks.
This inconsistency limits the potential computational bene-
fits of bypassing task-irrelevant experts during inference.

We attribute this undesired behavior to two limitations
in current approaches. First, the uniform and rigid architec-
ture of existing MoE models fails to account for the varying
complexity requirements across different restoration tasks.
For instance, motion blur demands localized processing
with strong spatial awareness, while haze removal requires
broader contextual understanding [4, 35], necessitating adap-
tive processing aligned to the task requirements. Second,
the challenge of appropriately routing tasks to experts is
complicated by the unknown complexity of each degrada-
tion type a priori. Typically, MoE models [37, 39, 43, 69]
aim to balance expert utilization, preventing the model from
collapsing into a single-expert dependency.

In this work, we introduce a novel mixture-of-complexity-
experts (MoCE) framework for all-in-one image restoration
that directly addresses these limitations. Our key innovation
lies in designing expert blocks with increasing computational
complexity and receptive fields, allowing the model to adap-
tively match processing capacity with task requirements.

To address the routing challenge, we introduce a
complexity-aware allocation mechanism that preferentially
directs tasks to lower-complexity experts. This approach
implements a complexity-proportional bias term, analogous
to a mechanical spring force, to guide expert selection. Sur-
prisingly, this straightforward approach results in effective
task-specific allocation, naturally directing inputs to experts
with appropriate complexity levels. Our MoCE framework
offers two significant advantages: it ensures efficient infer-
ence by selectively bypassing irrelevant experts, thereby re-
ducing computational overhead, while simultaneously main-
taining high-quality restoration performance across diverse
tasks. 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 complexity-based expert design and the practicality
of our routing strategy for real-world applications. Our ap-
proach establishes a new benchmark for all-in-one image

restoration, enhancing both efficiency and fidelity.

The principal contributions of this work are threefold:

* We propose MoCE-IR, achieving SoTA all-in-one image
restoration performance with improved efficiency com-
pared to prior works.

* Our novel MoE layer selectively activates complexity ex-
perts based on input requirements, unifying task-specific
and holistic learning in a single architecture.

* We develop a complexity-aware routing mechanism that
balances restoration quality with computational efficiency
by adaptive expert allocation.

2. Related Works

Task Specific Image Restoration. Reconstructing the
clean image from its degraded counterpart is a highly ill-
posed problem, however, a great body of work have ad-
dressed image restoration from a data-driven learning per-
spective, achieving tremendous results compared to prior
hand-crafted methods [22, 26, 47, 52, 64, 66, 67]. Most
proposed solutions build on convolutional [6, 47, 66, 67] or
Transformer-based architectures [8, 28, 52, 64] addressing
single degradation tasks, such as denoising [8, 66, 67], de-
hazing [41, 42, 55] or deraining [18, 40]. Contrary to CNN-
based networks, Transformer offer strong modeling capabili-
ties for capturing global dependencies, which makes them
outstanding image restorers [28, 64, 68]. Self-attention’s
quadratic complexity w.r.t the image size poses a challenge
for resource-constrained applications. Conversely, convolu-
tions offer fast and efficient processing with limited global
context, but they scale more effectively with increasing in-
put size. Recently, FFTformer [21] introduced an efficient
approximation of query and key interactions in the Fourier
domain, significantly reducing computational demands com-
pared to window-based attention methods for image deblur-
ring. Building on this, we incorporate specialized experts
into a Transformer-based architecture [64] to efficiently cap-
ture both shared and distinct contextual information, address-
ing the diverse demands of image restoration tasks.

All-in-One Image Restoration. Restoring degraded im-
ages often requires multiple models, complicating prac-
tical implementation, especially when images exhibit a
combination of various degradations. An emerging field
known as all-in-one image restoration is advancing in low-
level computer vision, utilizing a single deep blind restora-
tion model to tackle multiple degradation types simultane-
ously [7, 19, 36, 49, 63, 65]. The seminal work, AirNet [24]
achieves blind all-in-one image restoration using contrastive
learning to extract degradation representations, which guide
the restoration process. Similarly, IDR [65] employs a meta-
learning-based two-stage approach to model degradation
through underlying physical principles. Prompt-based learn-
ing [25, 36, 50] has also gained traction, with [36] intro-
ducing tunable prompts to encode degradation-specific in-
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Figure 2. Proposed MoCE-IR framework. Despite recent advances in MoE-based image restoration [57, 61, 62], inconsistent expert
behavior—where some experts over-generalize while others underperform—Ilimits their computational efficiency. We address this through
complexity experts: flexible blocks with varying computational capacity and receptive fields. Our MoCE-IR employs an asymmetric
encoder-decoder architecture where each decoder block contains a mixture-of-complexity-experts layer for adaptive capacity routing.

formation, albeit with a high parameter count. With recent
advancements in multimodal integration, such as combining
images and language, there has been growing interest in
language-guided image restoration. Notable approaches in-
clude DA-CLIP [30], InstructIR [9], and UniProcessor [12].
However, these methods often depend on high-quality text
prompts and typically require large language models, limit-
ing their applicability on resource-constrained devices. In
contrast, our contribution lies in a novel, parameter-efficient
approach that focuses on selective activation, effectively ad-
dressing diverse degradations while remaining lightweight
and adaptable.

Dynamic Networks. Dynamic networks have evolved
from basic conditional computation [3] to sophisticated
Mixture-of-Experts (MoE) architectures that expand model
capacity while maintaining efficient inference costs [37,
43, 46]. This approach has proven particularly effective
in transformer-based NLP and high-level vision tasks. In im-
age restoration, Path-Restore [59] introduced content-aware
patch routing with difficulty-regulated rewards, while recent
all-in-one models [29, 57, 61] leverage various priors for ex-
pert routing. Our work addresses the challenge of adaptively
routing corrupted images to appropriate computational units
within a generalist restoration framework. By dynamically
aligning image characteristics with computational require-
ments, we achieve a unified model in both parameter and
architectural space, advancing beyond previous limitations.

3. Method

In this section, we outline the core principles of our All-in-
One image restoration method. As shown in Fig. 2a, our
pipeline features a U-shaped architecture [44, 64] with an
asymmetric encoder-decoder design. A 3 x 3 convolution

first extracts shallow features from the degraded input, which
then pass through 4 levels of encoding and decoding stages.
While both stages utilize Transformer blocks [36, 64], our
novel MoCE layers are exclusively integrated into the de-
coder blocks (Fig. 2b). To further enhance the decoder’s
feature enrichment capabilities, we introduce high-frequency
guidance via Sobel-filtered global feature vector to promote
the frequency awareness of the gating functions. Finally,
a global residual connection links the shallow features to
the output of the refinement stage, refining the crucial high-
frequency details before producing the restored image.

3.1. Mixture-of-Complexity-Experts

To address the limitations of uniform MoE architectures
in image restoration, we design an efficient input-adaptive
model for All-in-One image restoration, dynamically adjust-
ing the necessary processing capacity to the current task
requirements. Technically, at the core of our framework is
a specialized MoCE layer comprising n complexity experts
E with progressively increasing computational complex-
ity and receptive fields, departing from the uniform archi-
tecture of traditional MoE designs [37, 43, 46] shown in
Fig. 2b. This is complemented by a shared expert S that
learns task-invariant features. The interaction between these
components is orchestrated through a two-level gating mech-
anism: first projecting routed tokens into expert-specific
embeddings, then combining specialized and agnostic fea-
tures through element-wise multiplication, and finally merg-
ing the outputs via cross-attention. This design enables our
model to capture both degradation-specific features and inter-
degradation relationships, while maintaining a natural bias
toward computationally efficient processing paths.

Expert Design. Each complexity expert block as shown



in Fig. 2c is designed based on two fundamental principles:
ensuring computational efficiency and capturing hierarchi-
cal spatial features, which are critical for restoring fine de-
tails and addressing diverse degradation patterns. Given the
growing computational demands associated with increasing
expert numbers and capacities, it is crucial to prioritize an
overall efficient expert design. To this end, we implement
a nested expert structure, progressively reducing channel
dimensionality r within each subsequent expert to control
the computational overhead. Simultaneously, we increase
the receptive field, i.e. window partition size w, within each
expert to adaptively balance the localized and global pro-
cessing, tailored to the specific requirements of the input
degradation. Thus, our complexity experts are constructed
by scaling the design along two key axes: window partition
size and channel dimension.

More specifically, each expert E projects its input tokens
to the embedding xgp € REXWXr where r = C/2' fori €
{i, ...,n}, to highlight the most relevant information along
the channel dimension. Following this, a window-based
self-attention (WSA) mechanism captures spatial informa-
tion effectively. To optimize performance, we employ an
FFT-based approximation [21] for efficient matrix multipli-
cation between queries () and keys K in the Fourier do-
main. The refined features are then transformed back into
the spatial domain and re-projected to their original dimen-
sionality. Lastly, the output of the expert block %%, is modu-
lated through element-wise multiplication with the holistic
features from the shared expert, S. As shared expert, we
employ the transposed self-attention (T-SA) module [64] in
the channel dimension, while the complexity experts operate
spatially. More concretely, the modulated expert features yi;
are obtained as following:

Vi = Xpp ©S(x) M
with %%, = E*(x}) = FFT-WSA,,,(W(_,,. x%) ()
and S(x) = T-SA(x) 3)

where linear layers for projection are denoted as W, ©
denotes element-wise multiplication and ¢ is the index of
the current complexity expert E! with window size w;
and embedding dimensionality r;. For example, the most
lightweight expert is characterized by the smallest embed-
ding dimension r; and window size w;, while the dimen-
sions and window partitions for the other experts can in-
crease linearly. Throughout our network, the capacity of the
shared expert remains constant, with r = C.

3.2. Complexity-aware Routing

Drawing inspiration from sparse MoE [43, 46], we integrate
linear layers within each decoder block to enable a routing
mechanism, associating input features x € R7*W*C with
their corresponding specialized complexity experts E. How-
ever, in the context of image restoration, a key challenge

arises in achieving a scale-invariant tokenization of input
images, ensuring consistency across varying resolutions and
scales. While previous MoE approaches [37, 43, 46] employ
a token-based routing, we opt for an image-level routing
strategy instead, where we select experts for entire input im-
age. The routing function g(x) orchestrates the allocation of
input samples based on the required compute to correspond-
ing complexity experts E?, indexed by i € 1,...,n with n
representing the total number of experts. Within g(x), we
select the top-k elements of the softmax distribution associat-
ing input tokens to experts, setting all other elements to zero.
In practice, we use k = 1 while € is sampled independently
e ~ N (0,1/n?) entry-wise enabling noisy top-1 routing:

g(x) = top (Softmax(Wx + ¢)) 4)

During training, we incorporate an auxiliary loss L, in-
spired by the load balancing loss proposed by Riquelme e?
al. [43]. We complement the importance term to favor ex-
perts based on their computational complexity, allowing for
more effective balancing aligned with expert capacity. As in
[43], the balanced expert utilization is encouraged through
an importance loss, where the importance of each expert
E! for a batch of images is defined as the sum of the rout-
ing weights associated with the i-th expert across the entire
batch. Additionally, we introduce a complexity bias b by
calculating the number of learnable parameters p; in each
expert E? and normalizing these values with respect to the
largest parameter count of the experts, Pmax:

Imp, (x) = (Z Softmax(Wa:)i> * b, %)

rEX

with b = [P1/puac, P2/Duas - - - 5 P2/ Panar] (6)
where W is the layer-specific weight for the router g(x).
This approach assigns progressively lower weights to experts
with lower complexity. For intuitive understanding, this
mechanism parallels a mechanical spring system, where
the restoring force is proportional to both displacement and
the spring constant. In our context, the expert’s parameter
count corresponds to displacement, while the normalization
factor serves as the material-specific constant, collectively
determining the magnitude of complexity bias. Without this,
the routers lack a basis for selecting specific experts, leading
to randomized routing and thus suboptimal model capacity
utilization. Lastly, the complexity-aware importance Imp*
is used to compute the total auxiliary loss L,,x defined as:

Lo (x) = 1/2 CV(Imp*(x))? + 1/2 CV(Load(x))?, (7)

where CV denotes the coefficient of variation [43]. The
impact of the auxiliary loss on the routing is illustrated in
Fig. 5 and Tab. 5a.
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Table 1. Comparison to state-of-the-art on three degradations. PSNR (dB, 1) and SSIM (1) are reported on the full RGB images. Our
method sets a new state-of-the-art on average across all benchmarks on two model scales, showcasing its scalability while being more
efficient than prior work. ‘-’ represents unreported results and ‘x’ indicates VLM-based approaches. The best performances are highlighted.

Dehazing

Deraining

Denoising

Method Params. Average
SOTS Rain100L BSD68,-15 BSD68,-25 BSD68,-50
BRDNet [48] - 2323 895 2742 895 3226 .898 29.76 .836 2634 693 27.80 .843
LPNet [14] - 20.84 828 24.88 784 2647 7718 2477 748 2126 552 23.64 738
%n FDGAN [11] - 2471 929 29.89 933 3025 910 2881 .868 2643 776 28.02 .883
= DL[I3] 2M 2692 931 32,62 931 3305 914 3041 .861 2690 740 2998 876
AirNet [24] oM 2794 962 3490 967 3392 933 3126 .888 28.00 .797 3120 910
MOoCE-IR-S (ours) 11IM 3094 979 3822 983 34.08 933 3142 .888 28.16 .798 32.57 916
MPRNet [63] 16M 2528 955 3357 954 3354 927 3089 880 27.56 .779 30.17 .899
PromptIR [36] 36M 30.58 974 3637 972 3398 933 3131 .888 28.06 .799 32.06 913
»  Gridformer [51] 34M 3037 970 37.15 972 3393 931 3137 .887 2811 .801 32.19 912
S Art-PromptIR [54] 33M 30.83 979 3794 982 3406 934 3142 891 28.14 .80l 3249 917
T DA-CLIP* [30] 125M 2946 963 36.28 968 30.02 .821 2486 .585 2229 476 - -
UniProcessor™ [12] 1002M  31.66 979 38.17 982 34.08 935 3142 .891 2817 .803 3270 918
MOoCE-IR (ours) 25M 31,12 979 3872 984 3413 932 3147 888 2820 800 32.73 917

Table 2. Comparison to state-of-the-art on five degradations. PSNR (dB, 1) and SSIM (1) are reported on the full RGB images with
(*) denoting general image restorers, others are specialized all-in-one approaches. Under more challenging degradations, our MoCE-IR
framework outperforms prior work across two model scales. The best performances are highlighted.

Dehazing

Deraining

Denoising Deblurring Low-Light

Method Params. Average
SOTS Rain100L BSD68,-25 GoPro LOLv1
SwinIR* [26] IM 21.50  .891 30.78 923 3059 .868 2452 773 1781 723 25.04 835
= DLI[I3] 2M 20.54 826 2196 762 23.09 745 19.86 .672 19.83 712 21.05 .743
5‘3 TAPE [27] IM 2216  .861 29.67 904 30.18 .855 2447 763 1897 621 25.09 .801
AirNet [24] oM 21.04 .884 3298 951 3091 .882 2435 781 18.18 735 2549 847
MOoCE-IR-S (ours) 11IM 3033 974 3721 978 31.25 884 2890 877 21.68 .851 29.88 .913
NAFNet* [6] 17M 2523 939 3556 967 31.02 .883 2653 .808 2049 809 27.76 .88l
DGUNet* [33] 17 24778 940 36.62 971 31.10 .883 27.25 837 21.87 .823 2832 891
o Restormer™ [64] 26M 24.09 927 3481 962 3149 884 2722 829 2041 806 27.60 .881
%z  MambalR [16] 27M 2581 944 36,55 971 3141 884 28,61 875 2249 832 2897 901
&  Transweather [49] 38M 2132 885 2943 905 29.00 .841 2512 757 2121 792 2522 836
IDR [65] 15SM 2524 943 3563 965 31.60 887 27.87 846 2134 .826 2834 .893
Gridformer [51] 34M 2679 951 36.61 971 3145 885 2922 884 2259 831 2933 904
InstructIR-5D [9] 17M 27.10 956 36.84 973 3140 .873 29.40 .886 23.00 .836 29.55 .908
MOoCE-IR (ours) 25M 3048 974 38.04 982 3134 887 30.05 .899 23.00 .852 30.58 .919

4. Experiments

We conduct experiments by strictly following previous works
in general image restoration [36, 65] under two different
settings: (i) All-in-One and (ii) Composited degradations.
In the all-in-one setting, a unified model is trained across
multiple degradation types, where we consider three and
five distinct degradations. In the Composited degradations
setting, a single model is trained to handle both isolated
degradation occurrences as well as combinations of up to
three different types of degradations.

Implementation Details. Our MoCE-IR framework is end-
to-end trainable requiring no multi-stage optimization of any
components. The architecture features an asymmetrical, four-
level encoder-decoder design. The encoder consists of four
levels with varying numbers of transformer blocks, arranged
as [4, 6, 6, 8] from the top level to the lowest. The decoder
includes three levels, containing [2, 4, 4] transformer blocks,

respectively. In each MoCE layer, we use n = 4 nested
experts, where the dimensionality of the expert embedding
is given by R = C/2 for i € {i, ..., n}. The network’s initial
embedding dimension is set to C' = 32, doubling at each
subsequent level while the spatial resolution is halved. We
follow the training configuration of prior work [36], and
train our models for 120 epochs with a batch size of 32. We
optimize the L; loss in the RGB and Fourier domain using
the Adam [20] optimizer (81 = 0.9, 82 = 0.999) with an
initial learning rate of 2 x 10~* and cosine decay. During
training, we utilize crops of size 1282 with horizontal and
vertical flips as augmentations.

Datasets. For all-in-one, we follow existing work [24, 36]
and include following datasets: For image denoising, we
combine the BSD400 [2] and WED [31] datasets, adding
Gaussian noise at levels o € [15, 25, 50] to create noisy im-
ages. Testing is conducted on the BSD68 [32]. For deraining,
we use Rainl00L [56]. The dehazing task utilises the SOTS



Table 3. Comparison to state-of-the-art on composited degradations. PSNR (dB, 1) and SSIM (7) are reported on the full RGB images with
(*) denoting general image restorers, others are specialized all-in-one approaches. Our MoCE-IR method consistently outperforms even
larger models, with favorable results in composited degradation scenarios.

CDD]1-Single CDDI11-Double CDDI1-Triple

Method Params. Avg.
Low (L) Haze (H) Rain(R) Snow (S) L+H L+R L+S H+R H+S L+H+R  L+H+S

AirNet [24] OM  24.83 .778 24.21 951 26.55 .891 26.79 .919 23.23 .779 22.82 .710 23.29 .723 22.21 .868 23.29 .901 21.80 .708 22.24 .725 23.75 .814

PromptIR [36] 36M  26.32 .805 26.10 .969 31.56 .946 31.53 .960 24.49 .789 25.05 .771 24.51 .761 24.54 924 23.70 .925 23.74 .752 23.33 .747 25.90 .850

WGWSNet [70] 26M 2439 .774 27.90 .982 33.15 .964 34.43 .973 24.27 .800 25.06 .772 24.60 .765 27.23 .955 27.65 .960 23.90 .772 23.97 .771 26.96 .863

WeatherDiff [71] 83M 23.58 .763 21.99 .904 24.85 .885 24.80 .888 21.83 .756 22.69 .730 22.12 .707 21.25 .868 21.99 .868 21.23 .716 21.04 .698 22.49 .799

OneRestore [17] 6M  26.48 .826 32.52 .990 33.40 .964 34.31 .973 25.79 .822 25.58 .799 25.19 .789 29.99 .957 30.21 .964 24.78 .788 24.90 .791 28.47 878

MOoCE-IR-S (ours) 1IM  27.30 .822 32.77 .989 34.35 .969 35.58 .978 26.29 .821 26.74 .808 25.90 .789 29.88 .964 30.26 .968 25.42 .785 24.98 .791 29.11 .880
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Figure 3. Comparing MoCE-IR-S with AirNet [24] and PromptIR [36] for the all-in-one setting with three degradations. Our method
effectively eliminates both haze and rain streaks while preserving image sharpness, delivering pristine restoration quality. We include the
error heatmap with color transition from black to white denotes increasing pixel-wise erroneous.

[23] dataset. For deblurring and low-light enhancement, we
employ the GoPro [34] and the LOL-v1 [53] dataset, respec-
tively. To develop a unified model for all tasks, we merge
these datasets in a three (AIO-3) or five (AIO-5) degradation
setting, and train for 120 epochs and directly evaluate them
across different tasks. For the composite degradation setting,
we use the CDD11 dataset [17] and train our method for 200
epochs, keeping all other settings unchanged.

4.1. Comparison to State-of-the-Art Methods

All-in-One: Three Degradations. We compare our all-
in-one restoration approach with specialized restoration
methods, including both image-only models, such as MPR-

Net [63], AirNet [24], PromptIR [36], and Gridformer [51],
and vision-language models like DA-CLIP [30], Instruc-
tIR [9], and UniProcessor [12]. All methods were trained
simultaneously on three types of degradation: haze, rain,
and Gaussian noise. The results in Tab. | show that our
proposed model, MoCE-IR, consistently outperforms pre-
vious works, both in light and heavy model scales. In the
light category, MoCE-IR achieves the highest scores across
all benchmarks with an average improvement in PSNR of
1.37 dB, surpassing other models like AirNet [24]. In the
heavy scale, MoCE-IR competes closely with UniProces-
sor [12], achieving an average PSNR of 32.73 dB with 98%
fewer parameters, validating our efficiency and effectiveness.



All-in-One: Five Degradations. Building on recent stud-
ies [24, 65], we expand the three-degradation setting to in-
clude deblurring and low-light image enhancement, further
validating our method’s effectiveness. As shown in Tab. 2,
our approach excels by learning specialized experts with
input-adaptive complexity and maximizing synergies across
degradations. Our framework outperforms previous methods
on the lightest model scale, with an average PSNR improve-
ment of 4.31 dB over AirNet [24]. Even compared to larger
networks, our lightest model surpasses the VLM-based In-
structIR [9] by 0.33 dB on average, and on a comparable
model scale, our framework extends this advantage by an
additional 0.50 dB.

All-in-One: Composited Degradations. To simulate more
realistic degradation scenarios, recent work [17] has trained
all-in-one restorers not only on a mix of different degrada-
tions but also on more challenging cases where multiple
degradation types are combined within a single image. We
extend the previous AIO settings by including rain, haze,
snow, and low illumination as individual degradation types,
along with various composite degradation scenarios, result-
ing in a total of eleven distinct restoration settings. As shown
in Tab. 3, our method outperforms previous all-in-one re-
storers by an average improvement of 0.64 dB over OneRe-
store [17], while being among the smallest models in size.
This further validates our effectiveness with adaptive model-
ing capacity based on input complexity.

Visual Results. We show visual results obtained under
the three degradation settings in Fig. 3. In certain demand-
ing hazy scenarios, both AirNet [24] and PromptIR [36]
reveal constraints in completely eradicating haziness, re-
sulting in noticeable color intensity discrepancies, whereas
our approach ensures precise color reconstruction. Further-
more, 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. We further provide the error
maps for visual differences where our method contains less
noticeable errors. Coupled with the quantitative compar-
isons, these findings underscore the effectiveness of our
method. Please refer to the supplemental for more visuals.

4.2. Ablation Studies

We conduct detailed studies on the components within our
method, highlighting the emergence of task-discriminative
learners. All experiments are conducted in the all-in-one
setting with three degradations. Please refer to the supple-
mental for additional architectural ablations.

Complexity-Efficiency Trade-off. Our MoCE-IR frame-
work addresses the critical challenge of scalability in vision
tasks by optimizing both reconstruction quality and compu-
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Figure 4. Complexity-efficiency tradeoff. Visualization of PSNR
and parameter counts of proposed method compared to prior work.
Proposed MoCE-IR surpasses prior methods, achieving SoTA re-
sults in all-in-one image restoration with enhanced efficiency.

Table 4. Computational demands. GFLOPS are computed on an
input image of size 224 x 224 using a NVIDIA RTX 4090 GPU.

Method Params. Memory FLOPS
AirNet [24] 8.93M 4829M 238G
PromptIR [36] 35.59M 9830M 132G
IDR [65] 15.34M 4905M 98G
MOoCE-IR (ours) 25.35M 5887M 80.59G
MoCE-IR (ours) 11.47M 4228M 36.93G

tational efficiency. We visualize in Fig. 4 the progressive
improvements in reconstruction fidelity of our framework
on two complexity scales. Furthermore, Tab. 4 validates
that our approach significantly outperforms SoTA methods
in terms of memory utilization. Different from prior MoE
architectures that maintain fixed computational demands
during inference, our complexity experts enable dynamic
FLOPS allocation. For example, our lightweight model op-
erates at an average of 36.9 FLOPS, and the heavyweight
operates at an average 80.59 FLOPS. This adaptive com-
putation, combined with lower memory consumption and
parameter counts, gives MoCE-IR a substantial advantage
over contemporary methods.

Expert Scaling. As shown in Tab. 5a, we systematically
evaluate different scaling strategies regarding the embedding
dimensionality r of each complexity expert. Our investi-
gation compares exponential and nested parameter scaling,
where the window partition is always fixed and follows a
2(2+%) progression. Further, we investigate the bias normal-
ization, whether normalizing to the lowest or highest expert
capacity. Overall, the nested parameter scaling emerges as
the optimal choice, providing sufficient expert channel di-
versity while maintaining reasonable computational costs.
Normalizing router weights by the highest expert capacity,
rather than the minimum, proves crucial for performance
as minimum capacity normalization forces router weights
of higher capacity experts to escalate uncontrollably, thus
excluding them from the gating mechanism.

Impact of Complexity-aware Routing. Based on the find-
ings from Tab. 5a, we opt for nested expert scaling. Further,
we evaluate our complexity-aware routing strategy against
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Figure 5. Routing visualization for the AIO-3 setting. (a) While standard load balancing [43] achieves uniform utilization across experts,
it fails to exploit shared dependencies between tasks and overlooks task-specific characteristics, resulting in reduced restoration quality.
(b)-(d) Complexity-aware routing promotes task-discriminative learning by assigning more complex degradations to experts with stronger
contextual understanding capabilities and vice versa. This approach allows some experts to generalize across multiple degradation types
while others specialize in specific tasks, enhancing the system’s adaptivity to diverse degradations. We visualize the average decisions made
by each router for dehazing, deraining and denoising. The y-axis indicates increasing expert complexity.

Table 5. Architecture analysis. (a) We investigate scaling the
expert embedding r and the bias normalization for MoCE-IR-S.
(b) We compare our routing against [43]. Additionally, we provide
performance results for AirNet [24] as reference. Our proposed
loss not only enhances overall performance in the AIO-3 setting,
but also improves zero-shot generalization on unseen degradations.
PSNR (dB, 1) and SSIM (1) are reported on full RGB images.

(a) Ablation on the expert scaling.

Embedding 7 scaling Bias normalization Avg. AIO-3
Nested PMin 32.44 913
Exponential PMax 32.47 914
Nested PMax 32.57 916

(b) Ablation on the complexity-aware routing.

Method In-Domain Out-of-Domain

Avg. AIO-3 Snow100K DPDD GoPro
AirNet [24] 31.20 910 22.31 .762 20.17 .654 21.95 .748
MOoCE-IR-S

w/ Load balance [43] 3230 913 2279 765 21.42 .659 21.87 .747
w/ Complexity bias (ours) 32.57 916 22.95 .772 21.74 .669 22.45 .756
Improvement +27 +.003 +.16 +.007 +32 +.010 +.58 +.009

the conventional load balancing approach [43], which en-
forces uniform expert utilization. As shown in Tab. 5b, our
MoCE-IR framework demonstrates superior performance by
preferentially routing to lower-complexity experts, activating
higher-complexity experts only when their additional com-
putational capacity provides clear advantages, emerging to a
better model utilization in the context of image restoration.
Besides, this allocation of processing resources not only
improves efficiency but also enhances out-of-distribution
generalization, particularly for degradations that diverge sig-
nificantly from the training distribution.

Routing Analysis. Fig. 5 shows the average experts chosen
in each layer for different degradation types - haze, rain, and
noise. Experts with higher complexity are predominantly
chosen for degradations requiring broader contextual under-
standing, such as haze and noise. In contrast, predominantly
lightweight experts are selected when the network is tasked
with rain streak removal. We observe that some experts han-
dle multiple tasks, while others specialize in specific ones.

Our complexity-conditioned routing enables task-specific
learning by directing inputs to the most relevant experts,
bypassing irrelevant components. This input adaptivity pre-
vents the MoCE layers from collapsing into a single-expert
dependency, ensuring efficient and diverse operation.

In contrast, the baseline MoE approach, lacking
complexity-awareness and scaled experts, uniformly dis-
tributes the degraded test samples across all the experts, ad-
hering strictly to the original load-balancing strategy. How-
ever, our results demonstrate that this uniform allocation is
suboptimal for all-in-one restoration, as it fails to leverage
task-specific commonalities and distinctions effectively.

5. Conclusion, Limitations and Discussion

This paper introduces MoCE-IR, an efficient all-in-one im-
age restoration model built on the novel concept of com-
plexity experts. By designing experts with varying computa-
tional complexity and receptive fields, the approach naturally
aligns different degradation tasks with appropriate resources
overcoming limitations of prior works. This inherent bias
toward simpler paths proves effective at task-discriminative
learning, enabling efficient inference by bypassing irrelevant
experts without compromising restoration quality. Extensive
experiments across diverse degradation settings, including
more demanding scenarios with multiple composited degra-
dations, demonstrate our computational efficiency through
selective expert utilization and consistent improvement over
state-of-the-art methods.

While MoCE-IR shows substantial improvements, oppor-
tunities remain. The current image-level routing imposes
scalability constraints. Future work could explore Soft-
MoE [37] architectures for fine-grained spatial routing or
early-exiting approaches [39] to further enhance processing
speeds and input adaptability. Extending to synthetic-to-real
adaptation, especially for video, represents a crucial next
step. Performance optimization through mixed-precision
computation across experts could further enhance speed and
efficiency for resource-limited deployments.
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