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Abstract

In recent years, lossy compression algorithms such as
H.264/AVC, H.265/HEVC, and H.266/VVC have been pro-
posed and widely applied in image and video encoding. How-
ever, these compression algorithms inevitably introduce var-
ious complex types of compression artifacts, which severely
degrade image quality. Although existing methods have at-
tempted to remove artifacts through filter design or proba-
bilistic prior modeling, they are often effective only for spe-
cific types of artifacts, lacking generalization and adaptabil-
ity. To address this, we propose a novel image compression
artifacts removal model: ARMoE, which combines multiple
frequency domain transformations with the Mixture of Ex-
perts (MoE). Considering the frequency distribution and en-
ergy distribution differences of images, we introduce various
frequency domain transformations as expert branches and use
the Sparse Activation Strategy to adaptively select the opti-
mal frequency domain expert to suppress compression arti-
facts, achieving an efficient artifacts removal method. Fur-
thermore, we reencode and decode multiple original uncom-
pressed high-quality datasets, including DF2K and Kodak?24,
using the VITM-20.0 codec under the H.266/VVC standard,
constructing a more challenging artifacts dataset. We con-
ducted rigorous comparative experiments with current state-
of-the-art image restoration methods and the results demon-
strate that ARMOE exhibits outstanding image restoration ca-
pability.

Code — https://github.com/Kang341281X/ARMoE

1 Introduction

With the rapid development of communication technology,
efficient communication compression technology is crucial
for transmitting large amounts of image data. To address
significant space overhead and limited bandwidth issues en-
countered during image data storage and transmission, lossy
compression algorithms such as H.264/AVC (Sullivan and
Wiegand 2005), H.265/HEVC (Sullivan et al. 2012), and
H.266/VVC (Bross et al. 2021) have been proposed and
widely adopted for image compression tasks. Lossy com-
pression algorithms achieve efficient feature compression
by quantizing redundant information in images. Although
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they help alleviate bandwidth constraints during data trans-
mission, they inevitably introduce various compression arti-
facts, such as blocking effects, ringing phenomena, and blur-
ring.

In recent years, deep learning-based network architec-
tures have been progressively applied to various computer
vision tasks, leading to the proliferation of numerous im-
age restoration methods based on Convolutional Neural Net-
works (CNNs) (Zhang et al. 2017b, 2018b). Although CNNs
have shown superior image restoration performance, their
primary drawbacks lie in their limited receptive field and
their predominant focus on modeling local patterns, making
it challenging to effectively capture long-range dependen-
cies and global contextual information. Although the Trans-
former was originally proposed in the field of Natural Lan-
guage Processing (NLP), it has garnered widespread atten-
tion in the field of computer vision and has demonstrated
excellent performance in various vision tasks (Chen et al.
2022; Liu et al. 2021). The Transformer can effectively cap-
ture long-range dependencies through self-attention, thereby
achieving more precise contextual modeling and feature rep-
resentation in image tasks.

Inspired by the superior performance of Transformers,
many researchers have combined CNNs with Transform-
ers to address the task of removing compression artifacts.
Despite achieving significant progress, the following chal-
lenges persist: 1) Multiple artifacts types generated during
the compression process, such as blocking artifacts, ring-
ing effects, and blurring, possess distinct spatial character-
istics. Existing methods often perform well only on a spe-
cific type of artifacts, making it difficult to achieve syner-
gistic and efficient removal of diverse artifacts types. 2) A
substantial portion of existing research primarily focuses on
artifacts linked with the JPEG compression standard (Foi,
Katkovnik, and Egiazarian 2007). There is a seriously in-
adequate in studies examining compression artifacts within
the H.266/VVC standard, resulting in a scarcity of compre-
hensive and effective cross-standard artifacts removal frame-
works and datasets. 3) The computational complexity of
Transformer-based models is O(NN?2-d) (where N represents
the input sequence length and d is the channel dimension).
Consequently, these models introduce substantial computa-
tional overhead when applied to high-resolution image in-
puts, posing a critical challenge to balancing computational



efficiency with desired performance.

With the exponential growth in model and dataset scale,
the Mixture of Experts (MoE) architecture (Jacobs et al.
1991; Yuksel, Wilson, and Gader 2012) has progressively
emerged as a crucial architectural evolution for large lan-
guage models and is now widely applied in foundation mod-
els (Lin et al. 2024; Dai et al. 2024). The core of MoE
lies in its Sparse Activation Strategy, where each token acti-
vates only a subset of expert sub-networks. This approach
significantly reduces computational overhead while main-
taining powerful expressive capabilities, thereby achieving
a more favorable balance between model performance and
inference efficiency compared to traditional dense models.
Furthermore, we observe that in the task of image compres-
sion artifacts removal, a single frequency domain transfor-
mation typically only addresses specific types of artifacts,
struggling to cope with the complex and diverse characteris-
tics of various artifacts. Consequently, inspired by the MoE
architecture and frequency domain transformations, we pro-
pose treating multiple frequency domain transformations as
distinct “experts . By leveraging MoE’s Sparse Activation
Strategy, these experts can be synergistically orchestrated
to achieve fine-grained modeling and effective removal of
complex types of compression artifacts.

While several public datasets for image compression ar-
tifacts removal exist, such as DIV2K (Timofte et al. 2017),
Flickr2K (Lim et al. 2017), BSD500 (Arbelaez et al. 2010),
and WED (Ma et al. 2016), these datasets are all based on
the JPEG encoding and decoding method. There’s still a sig-
nificant lack of image datasets specifically addressing ar-
tifacts generated by the H.266/VVC standards. To fill this
gap in current research, we reencode and decode five exist-
ing datasets: DIV2K, Flickr2K, Kodak24 (Franzen 1999),
CBSD68 (Martin et al. 2001) and McMaster (Zhang et al.
2011), using the H.266/VVC encoding and decoding stan-
dard. This process created a more representative compres-
sion artifacts dataset named VVC-CAR.

Overall, our work makes three key contributions:

¢ We designed Artifacts Removal Mixture of Experts (AR-
MoE), specifically for removing image compression ar-
tifacts under the H.266/VVC codec standard. ARMoE
integrates four distinct frequency domain transforms as
expert modules. Using a Sparse Activation Strategy, the
model adaptively activates the most suitable frequency
domain expert, thereby enabling more targeted and ef-
fective artifacts removal operations.

We construct the VVC-CAR dataset based on the
H.266/VVC standard by reencode and decode five com-
monly used image datasets. Each subset includes uncom-
pressed high-quality datasets and their compressed coun-
terparts at four different quantization parameters levels.

We systematically evaluated the ARMoE model for im-
age compression artifacts removal and conducted a fair-
ness study in lightweight image super-resolution. Exper-
imental results show ARMOE achieved state-of-the-art
performance in both tasks, demonstrating its superior im-
age restoration capabilities.
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2 Related Work
2.1 Filter-Based Methods

Early approaches focused on hand-crafted filter design to
suppress compression artifacts. Zhai et al. (Zhai et al. 2008)
combined DCT-domain regularization and spatial-domain
adaptive filtering to enhance local correlations. Yoo et al.
(Yoo, Choi, and Ra 2014) smoothed low-frequency DCT co-
efficients and applied group-based filtering to improve in-
terblock consistency. However, these manually designed fil-
ters offer limited representational capacity, making it diffi-
cult to achieve satisfactory restoration quality.

2.2 Probabilistic Prior-Based Methods

Many traditional methods treat artifacts removal as an in-
verse problem, leveraging probabilistic priors for distor-
tion correction. Sun et al. (Sun and Cham 2007) mod-
eled compression-induced distortions as spatially correlated
Gaussian noise and used a high-order Markov random field
to represent clean images. Zhang et al. (Zhang et al. 2012)
proposed a non-local artifacts removal method by exploiting
inter-block similarity and image statistics in the transform
domain. However, such prior-based methods often rely on
assumptions about natural image statistics, which may not
generalize well to complex or highly textured scenes, limit-
ing their effectiveness.

2.3 Deep Learning-Based Methods

Deep learning-based methods aim to learn the mapping
from compressed to original images, achieving remarkable
progress in artifacts removal. ARCNN (Dong et al. 2015) as
a pioneering work, employs a three-layer CNN to remove
blocking and ringing artifacts. REDNet (Mao, Shen, and
Yang 2016) introduces a deep encoder—decoder framework
with multiple convolutional and deconvolutional layers for
end-to-end restoration. DMCNN (Zhang et al. 2018a) lever-
ages redundant information from both pixel and DCT do-
mains to effectively eliminate banding artifacts.

Image compression artifacts are spatially diverse, lead-
ing to a complex array of artifact types where different re-
gions may exhibit distinct distortion characteristics. Conse-
quently, a single frequency domain transform often strug-
gles to comprehensively address the intricate task of remov-
ing compression artifacts. To overcome this, we introduce
multiple frequency domain transforms, each offering dis-
tinct advantages for specific artifacts types: Discrete Cosine
Transform (DCT) excels at energy compaction, effectively
managing block artifacts and boundary discontinuities. Fast
Fourier Transform (FFT) is proficient in global frequency
modeling, capturing interblock structural artifacts. Discrete
Wavelet Transform (DWT) offers spatial-frequency local-
ization, making it well-suited for removing edge blurring
and recovering local structural details. Stationary Wavelet
Transform (SWT) maintains spatial consistency by avoid-
ing downsampling, making it ideal for restoring fine textures
and preserving edge integrity.

Therefore, we use multiple frequency domain transforma-
tions and the Sparse Activation Strategy to eliminate com-
plex types of compression artifacts in images.
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Figure 1: The network architecture of the Artifacts Removal Mixture of Experts (ARMOoE) model is illustrated. In the Frequency
Domain Mixture of Experts (FMoE) module, selected experts are indicated by solid black lines, while unselected experts are

represented by dashed gray lines.

3 Methods
3.1 Architecture

The overall network of the proposed ARMOE consists of
three main parts: shallow feature extraction, deep feature ex-
traction, and image reconstruction, as illustrated in Fig. 1.
Initially, given a compressed low-quality (LQ) image as
input I, € R¥*W>3_irs processed by a convolutional
layer to generate the shallow features Fg € R7*WxC No-
tations H and W denote the height and width of the input
image, while C represents the number of feature channels.

Subsequently, the shallow features Fg are fed into the
deep feature extraction module to obtain deep features Fip €
RIXWXC This module comprises N1 Residual Groups
(RGs). Shifted Window Multi-head Self-Attention (SW-
MSA) is effective not only in modeling long-range depen-
dencies but also in perceiving structures across windows.
Consequently, we integrate SW-MSA with the Frequency
Domain Mixture of Experts (FMoE) to form the residual
unit module of ARMoE. Each residual group incorporates
N2 SW-MSA and FMoE blocks, processing data with an
alternating network architecture. To further enhance feature
representation capability, a convolutional layer is introduced
at the end of each RG to refine the output features. In addi-
tion, a residual connection structure is employed within each
RG to improve training stability.

Finally, the deep features are fed into the reconstruction
module, where a convolutional operation maps the features
to the output channels, generating the final reconstructed im-
age Fre, € REXWX3,
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3.2 Sparse Activation Strategy

The MoE (Jacobs et al. 1991; Yuksel, Wilson, and Gader
2012) is a deep learning architecture that processes input
data using multiple expert networks and a gating mecha-
nism. Its core lies in a Sparse Activation Strategy, which
divides complex tasks into several subtasks. The most suit-
able expert subnetwork then handles each subtask, thereby
significantly improving computational efficiency while en-
suring model performance.

In an MoE, each expert network is an independent neural
network with its own parameters. Let’s denote G(-) as the
output of the gating mechanism for input z, and F;(-) as the
output of the i-th expert for input x. The output Y of the
MOoE module can then be written as:

Y =) G(x)Ei(x), (1)
i=1

Sparsity is one of the key properties of the gating network
G(-). This design significantly reduces computational over-
head and helps improve inference efficiency. The mathemat-
ical definition of the gating function is given as follows:

G(z) = Softmax (TopK(H (x), k)),

Vg if v; € Topy (v),

2

—00, otherwise.

TopK (v, k); = {

The scoring function H (-) calculates the degree of matching
between the input token and each expert, providing a weight
vector of dimensions N. Each component of this vector rep-
resents the score for the corresponding expert. To achieve



a Sparse Activation Strategy, the TopK (H (), k) operation
is applied. This keeps only the top k£ experts with the high-
est scores, while assigning —oo to the remaining positions to
block Softmaz activation. Subsequently, the Softmax func-
tion is applied to obtain the normalized gating vector G(-),
which is then used to weight the outputs of the activated ex-
perts.

3.3 Frequency Domain Transform

Addressing the discontinuous spatial distribution of image
compression artifacts, and drawing inspiration from vHeat
(Wang et al. 2025) which employs 2D Discrete Fourier
Transform (DFT) and its inverse (IDFT) to simulate heat
conduction in the visual domain, we establish the transfor-
mation relationship between the spatial and frequency do-
mains:

3

Here, u(x,y,t) denotes the distribution intensity of image
features at position (z,y) at time ¢. F(-) and F~1(-) repre-
sent the 2D Fourier Transform and 2D Inverse Fourier Trans-
form, respectively. (2, z,) indicates the frequency compo-
nents of the image features at (x,y) in the frequency do-
main, and k is the thermal diffusivity.

Inspired by this, we view image compression as a process
of spatial information degradation and artifact generation,
which allows us to restore spatial coherence and effectively
remove compression artifacts.

u(,y,t) = FUF (20, 2) - e HEHDY

3.4 Frequency Domain Mixture of Experts

The overall architecture of FMOoE closely resembles that of
ViT. However, instead of applying the MoE to the feed for-
ward neural network layers as is typical, we replace ViT’s
self-attention mechanism with our proposed FMoE, while
keeping the rest of the framework intact. Existing research
has already validated this framework’s effectiveness in vi-
sion tasks. This alternative design not only boosts perfor-
mance but also significantly reduces the computational over-
head traditionally associated with attention mechanisms.

In this paper, we jointly train four pairs of frequency do-
main transforms as independent expert networks. These in-
clude: DCT-IDCT (Discrete Cosine Transform and its In-
verse), FFT-IFFT (Fast Fourier Transform and its Inverse),
DWT-IDWT (Discrete Wavelet Transform and its Inverse),
and SWT-ISWT (Stationary Wavelet Transform and its In-
verse). As illustrated in Fig. 1, we first use Depthwise Sep-
arable Convolutions (DW-Conv) to expand the image’s spa-
tial features along the channel dimension, resulting in a
multi-channel feature representation denoted as Uy. To dy-
namically select frequency domain transform experts, we in-
troduce a Gumbel Softmax-based strategy network. By in-
corporating Gumbel noise, we approximate the discrete se-
lection process as a continuous and differentiable operation.
This enables a differentiable expert selection mechanism,
allowing for end-to-end training of the entire model. In-
spired by position embeddings in ViT, we also introduce and
randomly initialize Frequency-Aware Factors (FAF), which
serve as a baseline decay map with the same shape as the
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input features. Additionally, FAF generates a learnable fre-
quency decay exponent k via a Linear layer, used to dy-
namically adjust FAF’s decay characteristics. Specifically,
by raising the FAF to the power determined by k, we gener-
ate the final FAF that accurately reflects the degree of arti-
fact interference experienced by different frequency compo-
nents of image features after compression. This factor is sub-
sequently multiplied by the transformed frequency domain
feature representation to yield the frequency domain mod-
ulated result. Through the corresponding inverse frequency
domain transform, the result is converted back to the spatial
domain, thereby achieving the goal of regulating frequency
domain decay and efficiently suppressing compression arti-
facts across different frequency bands.

The diverse and complex nature of compression artifacts
suggests that a single DCT-IDCT transform might not be op-
timal for effective modeling. Therefore, we explore the use
of multiple frequency domain transforms to perform adap-
tive frequency operations and artifact suppression. This ap-
proach allows us to account for varying artifact types and
regional frequency differences.

In physics, when partial differential equations describe
phenomena within a finite region, boundary conditions must
be explicitly defined for that region to ensure a unique and
physically reasonable solution. Similarly, in the visual do-
main, image data is inherently spatially constrained, and se-
mantic information doesn’t propagate infinitely beyond im-
age blocks. This naturally creates implicit boundaries. The
presence of these “implicit boundaries” makes frequency
domain modeling of features within an image block both
logical and physically interpretable. Therefore, the output
feature Uy, ultimately mapped back to the spatial domain,
can be expressed as:

U =T (T (Uo) 31, 4)
Here, T can be any one of the frequency domain transform
operations: DCT, FFT, DWT or SWT, while 7! denotes its
inverse transform operation.

Building on the theoretical foundation of frequency trans-
forms, FMoE can adaptively select the most suitable fre-
quency expert for processing based on the content charac-
teristics of the input region. In low-frequency regions with
sparse backgrounds, compression typically introduces mini-
mal noticeable artifacts, and images often exhibit large, uni-
form areas with consistent properties. When such an image
is divided into blocks, artifacts are frequently confined to in-
dividual local blocks. In these scenarios, the network’s focus
can be limited to a single block, allowing for effective fea-
ture restoration by applying local frequency transforms such
as DCT, DWT or SWT solely within that block. However,
in high-frequency regions with dense structures, compres-
sion more readily generates noticeable artifacts like block
effects, ringing artifacts or contour distortions, which typi-
cally span multiple blocks. Therefore, considering the con-
textual relationships between blocks is crucial for improving
restoration. FFT transforms can perform global frequency
domain modeling of the image, enabling cross-block struc-
tural awareness and globally consistent artifacts removal.



. Kodak24 McMaster CBSD68
Baseline  DCT  FFT ~ DWT  SWT | ponp ssiM | PSNR SSIM | PSNR  SSIM
v 3275 08630 | 3359 08976 | 3163 08585
v v 3277 08632 | 3363 08976 | 31.63 08585
v v v 3283 08639 | 3376 08987 | 31.66 08592
v v v v 3084 08641 | 3376 08987 | 31.67 08593
v v v v v 3287 08644 | 3381 08995 | 3169  0.8597

Table 1: Ablation study of frequency domain transform.

. Kodak24 McMaster
Charbonnier L1 ‘ PSNR  SSIM ‘ PSNR  SSIM
v 3283 08639 | 3377  0.8985
v | 3287 08644 | 3381 08995

Table 2: Ablation study of loss functions. Best results are
shown in bold. Quantization parameter (QP) = 37.

Model Kodak24 McMaster CBSD68
PSNR SSIM | PSNR SSIM | PSNR SSIM
FAF w/o | 32.67 0.8607 | 33.51 0.8949 | 31.53 0.8562
FAFw | 32.87 0.8644 | 33.81 0.8995 | 31.69 0.8597

Table 3: Ablation study of FAF. Best results are shown in
bold. Quantization parameter (QP) = 37.

4 Experiments
4.1 Experimental Settings

For the image compression artifacts removal task, we uti-
lize VVC-CAR as our dataset. Specifically, we processed the
original uncompressed high-quality datasets using the FFm-
peg decoder. The process involved converting the datasets
from RGB to YUV420P format. Subsequently, we reencode
and decode them using the latest VTM-20.0 codec under the
H.266/VVC standard, employing an All-Intra (AI) config-
uration with four different quantization parameters (QP=22,
27,32, 37). Finally, the data was converted back to RGB for-
mat. Within the VVC-CAR dataset, we utilized the DF2K
dataset for model training, and Kodak24, McMaster, and
CBSD68 for model testing. BD-rate reduction were calcu-
lated using the 16 common test sequences (Class B-E) rec-
ommended by JVET (Zhang et al. 2019). We employed
a consistent training strategy, training ARMoE alongside
current mainstream image restoration methods. For each
method, we obtained four models corresponding to differ-
ent quantization levels. The batch size was set to 2, and the
channel dimension was set to 180.

For the lightweight image super-resolution task, we used
DIV2K (comprising 900 images) as the training dataset, and
Set5 (Bevilacqua et al. 2012) and BSD100 (Martin et al.
2001) as the test datasets. Low-resolution images were gen-
erated from ground-truth images by “bicubic” downsam-
pling in MATLAB. We trained a lightweight version of AR-
MoE for a 2 scaling factor. To ensure fairness in our ex-
periments, given that the comparison methods in the image
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Best results are shown in bold. Quantization parameter (QP) = 37.

compression artifact removal task were re-trained by us, we
also re-trained these methods on the common lightweight
image super-resolution task. For this task, we adjusted the
batch size to 16 and set the channel dimension to 48.

The following general configurations were adopted dur-
ing the training process. Data augmentation was performed
by applying horizontal flips and random rotations of 90°,
180°, and 270°. Additionally, original images were cropped
into 64 x 64 patches for training. Adam (Diederik 2014) was
employed as the optimizer with 5; = 0.9 and 52 = 0.99.
The initial learning rate was set to 2 x 10~* for 500K train-
ing iterations, with the learning rate being halved at specific
training milestones. L1 loss was used as the loss function,
and the number of attention heads was set to 6. Our model
was trained and tested on a single NVIDIA RTX 3090 GPU.
Test results were evaluated using two metrics: Peak Sig-
nal to Noise Ratio (PSNR) and Structural Similarity (SSIM)
(Wang et al. 2004). In this work, PSNR and SSIM were cal-
culated on the Y channel of the YCbCr space and reported
as quantitative evaluation metrics.

4.2 Ablation Study

Frequency Domain Transform. To validate the effective-
ness of different frequency domain transform combinations
within the FMoE module, we conducted systematic ablation
experiments, with results presented in Table 1. The “base-
line” denotes the network configuration where the FMoE
architecture is removed, retaining only the SW-MSA mod-
ule. Experimental results indicate a consistent improvement
in both PSNR and SSIM with the increasing inclusion of fre-
quency domain transforms. Ultimately, optimal performance
across all three test datasets was achieved when all four fre-
quency domain transform experts were incorporated. These
findings demonstrate that different frequency domain trans-
form experts offer complementary advantages in handling
various artifact types, and their joint modeling enables more
precise frequency regulation and artifact removal.

Loss Function. In previous JPEG compression artifact re-
moval tasks, the Charbonnier loss function was widely
adopted due to its smoothness. However, its excessive
smoothness often leads to lower sensitivity in reconstruct-
ing fine image details, potentially resulting in insufficient
detail recovery. As shown in Table 2, employing the L1 loss
function yielded better performance in the Kodak24 and Mc-
Master datasets. This indicates that L1 loss offers a stronger
advantage in preserving and reconstructing image details.
Frequency-Aware Factors (FAF). FAF represent the de-
gree of artifact interference experienced by different fre-



Kodak24 McMaster CBSD68

QP | Method Publish Param | poNR© SSIM | PSNR - SSIM | PSNR  SSIM
SwinlR | ICCVW 2021 | 163M | 4297 09786 | 4346 09823 | 4315 09857
Restormer | CVPR2022 | 26IM | 4292 09784 | 4340 09821 | 4312 09856

DAT ICCV2023 | 145M | 4298 09787 | 4347 09823 | 4316 09857

” HAT CVPR2023 | 205M | 4298 09787 | 4348 09823 | 4316 09857
RGT ICLR2024 | 99M | 4299 09787 | 4350 09824 | 43.17  0.9858

DRCT CVPR2024 | 138M | 4295 09786 | 4344 09820 | 4315 09857
MambalR | ECCV2024 | 203M | 4296 09786 | 4345 09823 | 43.14 09857
ARMOE ; 256M | 43.06 09789 | 4354 09825 | 4320  0.9859

SwinlR | ICCVW 2021 | 163M | 3947 09597 | 4013 09675 | 3892 09654
Restormer | CVPR2022 | 261M | 3939 09593 | 4004 09671 | 3887 09651

DAT ICCV2023 | 145M | 3947 09598 | 4013 09675 | 3891 09654

. HAT CVPR2023 | 205M | 3946 09598 | 4011 09675 | 3891 09654
RGT ICLR2024 | 99M | 3947 09599 | 40.13 09676 | 3891  0.9655

DRCT CVPR2024 | 138M | 3940 09594 | 4005 09671 | 3887 09652
MambalR | ECCV2024 | 203M | 3943 09596 | 4009 09673 | 38890 09653
ARMOoE ; 256M | 3956 09603 | 4023  0.9680 | 3897  0.9657

SwinlR | ICCVW 2021 | 163M | 3601 09234 | 3687 09410 | 3510 09267
Restormer | CVPR2022 | 26M | 3596 09230 | 3683 09409 | 3508  0.9265

DAT ICCV2023 | 145M | 3603 09239 | 3691 09416 | 3512 09270

“ HAT CVPR2023 | 205M | 3603 09238 | 3689 09414 | 3511 09270
RGT ICLR2024 | 99M | 3605 09241 | 3693 09417 | 3513 09271

DRCT CVPR2024 | 138M | 3598 09231 | 3684 09408 | 3508 09266
MambalR | ECCV2024 | 203M | 3601 09236 | 3688 09414 | 3511 09271
ARMOoE - 256M | 3611 09246 | 3699 09423 | 3516  0.9276

SwinlR | ICCVW 2021 | 163M | 3274 08619 | 33.66 08967 | 3161 08575
Restormer | CVPR2022 | 26IM | 3275 08625 | 33.69 08976 | 31.63 08584

DAT ICCV2023 | 145M | 3282 08635 | 3377 08987 | 3167  0.8590

. HAT CVPR2023 | 205M | 3283 08636 | 3377 08986 | 31.66 08589
RGT ICLR2024 | 99M | 3284 08641 | 3378 08990 | 31.67 08594

DRCT CVPR2024 | 138M | 3278 08627 | 3370 08975 | 31.64 08582
MambalR | ECCV2024 | 203M | 3278 08633 | 3371 08982 | 3165 08590
ARMOoE - 256M | 32.87 08644 | 3381  0.8995 | 31.69  0.8597

Table 4: Quantitative comparison with state-of-the-art methods. Best results are shown in bold.
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Figure 2: Visual comparison results for challenging cases with a Quantization parameter (QP) =

quency components of image features after compression, we re-trained and tested it against current state-of-the-art
and they are a critical factor influencing the effectiveness image restoration methods (including SwinIR (Dosovitskiy
of frequency domain modeling. As presented in Table 3, in- et al. 2020), Restormer (Zamir et al. 2022), DAT (Chen et al.
troducing FAF into our frequency domain modeling consis- 2023b), HAT (Chen et al. 2023a), RGT (Chen et al. 2024),
tently improved performance metrics across all test datasets. DRCTP (Hsu, Lee, and Chou 2024), and MambalR (Guo
This indicates that FAF effectively suppresses compression et al. 2024)) on the VVC-CAR dataset. We also included
artifact interference, thereby enhancing the modeling capa- the number of parameters (Param) as an efficiency metric.
bility of various frequency components. Table 4 presents the results for the image compression arti-

fact removal task across four quantization levels. Our AR-
4.3 Comparison with State-of-the-Art Methods MoE consistently outperforms all compared methods on all
Quantitative Results. To comprehensively validate AR- datasets and at all four quantization parameters. Specifi-
MoFE’s effectiveness in image compression artifacts removal, cally, compared to the ViT-based SwinIR and Mamba-based
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ClassB ClassC ClassD ClassE

QP Methods Y(%) Y(%) Y(%) Y(%)
SwinlR -29.18 -25.39 -27.74 -32.29
Restormer | -28.57 -24.76 -27.46 -31.77

DAT -28.77 -25.50 -28.13 -32.74

2 HAT -28.69 -25.51 -28.23 -32.75
RGT -28.80 -25.76 -28.64 -32.00

DRCT -28.93 -24.88 -27.19 -32.51
MambalR -29.17 -25.32 -28.30 -32.80
ARMOE -29.48 -26.58 -29.83 -33.98
SwinIR -19.63 -15.15 -16.31 -24.26
Restormer -18.86 -14.76 -16.25 -22.68

DAT -19.84 -15.70 -17.21 -24.23

27 HAT -19.58 -15.60 -16.95 -24.45
RGT -16.87 -15.57 -16.91 -22.65

DRCT -18.78 -14.34 -15.24 -23.56
MambalR -19.05 -15.02 -17.02 -23.25
ARMOE -21.13 -17.47 -19.15 -26.89
SwinlR -15.43 -10.02 -10.81 -19.25
Restormer -13.75 -9.53 -10.94 -17.39

DAT -14.33 -10.68 -11.83 -19.31

3 HAT -15.03 -10.55 -11.42 -19.11
RGT -14.58 -11.03 -12.10 -18.76

DRCT -14.49 -9.29 -10.03 -18.17
MambalR -14.31 -10.40 -11.88 -18.67
ARMOE -17.06 -12.36 -13.31 -22.01
SwinlR -9.53 -5.60 -6.68 -12.56
Restormer -9.45 -6.31 -8.51 -12.15

DAT -9.81 -71.72 -9.28 -15.20

37 HAT -11.47 -7.85 -9.24 -15.81
RGT -10.34 -8.22 -9.74 -14.30

DRCT -10.47 -6.58 -7.83 -13.96
MambalR -9.43 -6.91 -9.25 -14.07
ARMOoE -12.55 -9.02 -10.25 -17.23

Table 5: Quantitative comparison on BD-rate reduction with
state-of-the-art methods. Best results are shown in bold.

MambalR, our ARMoE achieves significant gains on the
McMaster dataset (QP=37), yielding performance improve-
ments of 0.13 dB and 0.09 dB, respectively. Collectively,
these quantitative results demonstrate that comprehensively
utilizing multiple types of frequency domain transforms can
effectively enhance image reconstruction quality.
Qualitative Analysis. We present visual comparison results
for several challenging scenarios in Fig. 2. Previous methods
often suffer from pervasive blurring, distortion, or inaccurate
texture recovery. In contrast, our method effectively miti-
gates artifacts, preserving more structural integrity and finer
details. This superior performance is primarily attributed to
our approach’s enhanced representational power, achieved
by adaptively selecting the optimal frequency domain trans-
form for image detail reconstruction via the Sparse Activa-
tion Strategy.

4.4 Comparison on BD-Rate Reduction

To comprehensively evaluate the BD-rate reduction of AR-
MOoE against other methods across varying compression
strengths, we tested it on 16 classic video test sequences
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Sets BSD100
Method | Param | ponp ™ 'ssTM | PSNR - SSIM
CARN | 1.592K | 37.76 09590 | 32.09 0.8978
SwinlR | 910K | 38.14 09611 | 3231 09012
DIN | 726K | 38.06 09610 | 32.20 0.8998
MambalR | 905K | 38.13 09610 | 32.31 0.9013
ARMOE | 845K | 3823 0.9615 | 3235 0.9019

Table 6: Quantitative comparison of Lightweight Image
Super-Resolution with a scaling factor of 2x.

(Class B-E). We used the Y channel, which contains lumi-
nance information, as the evaluation metric, and the experi-
mental results are presented in Table 5. As the quantization
level progressively decreases, all methods show improved
bitrate savings, with ARMOoE consistently achieving the best
results across all quantization levels. This demonstrates AR-
MoE’s ability to fully leverage its multiple frequency do-
main modeling advantages, adapt to complex compression
artifact types, and achieve stable, efficient compression ar-
tifact removal and visual quality restoration in both high-
compression (QP=37) and low-compression (QP=22) sce-
narios.

4.5 Comparison on Lightweight Image
Super-Resolution

To evaluate the effectiveness of ARMOE in lightweight
image super-resolution tasks, we compare ARMoE with
CARN (Ahn, Kang, and Sohn 2018), DIIN (Jin et al. 2024),
SwinlR, and MambalR, using a scaling factor of 2. The re-
sults in Table 6 show that our ARMOoE outperforms the state-
of-the-art method MambalR while using fewer parameters.
For example, our ARMoE outperforms MambalR by 0.1 dB
on the Kodak24 dataset with 60K fewer parameters. This
experiment verifies the fairness and effectiveness of the pro-
posed method.

5 Conclusion

In this paper, we propose Artifacts Removal Mixture of Ex-
perts (ARMOE), a novel model that effectively addresses
the complex problem of diverse image compression arti-
facts by integrating four frequency domain transforms with
a Mixture of Experts (MoE). Specifically, ARMoE trans-
forms image features into the frequency domain and adap-
tively selects the optimal frequency domain expert for mod-
eling using MoE’s Sparse Activation Strategy. This selec-
tion is guided by factors such as the frequency distribution
characteristics of different image regions and whether image
blocks cross window boundaries, enabling precise artifact
removal. Furthermore, to create a more challenging scenario
for compression artifacts tasks, we developed the VVC-
CAR dataset. This dataset was generated by reencode and
decode several original uncompressed high-quality datasets,
including DF2K and Kodak24, using the VITM-20.0 codec
under the H.266/VVC standard. Extensive experiments in-
dicate that ARMOE outperforms previous methods, offering
a novel solution for image compression artifacts removal.
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