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Abstract

Existing ultra-high-definition (UHD) image restoration meth-
ods often struggle with consistency due to downsampling.
We aim to address these challenges by leveraging the pow-
erful latent space representation and reconstruction capabil-
ities of Variational Autoencoders (VAE). However, applying
VAE to UHD image restoration presents challenges: 1) High-
performing VAEs have large parameter sizes, leading to sig-
nificant carbon footprints; 2) The self-reconstruction prop-
erty of VAE hinders bridging the domain gap between clean
and degraded images; 3) Latent encoding in VAE can lose
high-frequency information, compromising image detail. To
overcome these challenges, we propose a frequency enhanced
VAE UHD image restoration framework by integrating fre-
quency priors. First, we design the Fourier-based lightweight
frequency learning within the VAE to improve parameter ef-
ficiency. Then, we introduce a wavelet-based adapter that ex-
tracts multi-scale image information and employs frequency-
aware adaptive modulation to bridge the domain gap by inte-
grating degraded image data into the pre-trained VAE. Addi-
tionally, the adapter injects high-frequency information into
the VAE decoder, enhancing detail in the restored images. In
this way, our method effectively combines the powerful latent
space representation with frequency priors to enhance UHD
image restoration. Extensive experiments on various UHD
image restoration tasks show that our method surpasses state-
of-the-art methods both qualitatively and quantitatively.

Code — https://github.com/lyd-2022/dreamUHD

Introduction

In recent years, ultra-high-definition (UHD) imaging tech-
nology has made significant strides, driven by advancements
in imaging sensors and displays. However, UHD images
captured under challenging conditions, such as fast motion,
haze, or low light, often suffer from quality degradation,
severely impacting their visual quality and limiting their ap-
plicability in advanced visual tasks. Current learning-based
image restoration algorithms struggle to handle UHD im-
ages effectively, and the increased number of pixels in these
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Figure 1: The impact of different resampling methods on
UHD image restoration. We present the restoration results
using Lanczos interpolation, PixelShuffle, learnable resam-
pling operators (Yu et al. 2024), and our VAE-based re-
sampling, along with the residuals between the results and
ground truth in the Fourier amplitude spectrum. It is indi-
cated that previous resampling methods not only lead to in-
consistencies in the final restoration but also result in signif-
icant loss of high-frequency information.

images challenges the efficiency of existing image process-
ing methods. Therefore, the development of UHD-specific
image restoration methods is crucial and has garnered sig-
nificant attention.

Most existing UHD image restoration methods at-
tempt to reduce computational costs by reducing resolu-
tion, typically following a “downsampling-enhancement-
upsampling” paradigm (Zheng et al. 2021b,a). With the
progress in deep learning, some works have replaced tra-
ditional interpolation-based upsampling and downsampling
with learnable resampling operators, achieving remarkable
results (Recasens et al. 2018; Sun and Chen 2020). However,
this paradigm inevitably loses information during downsam-
pling, and upsampling struggles to recover the details, lead-
ing to inconsistent restoration results, as illustrated in Fig-
ure 1. To compensate for the loss of details, some methods
retain a full-resolution branch outside the resampling branch
to supplement information (Wang et al. 2024b,a). However,
these methods do not fundamentally address the limitations
imposed by resampling, and the high computational bur-
den of the full-resolution branch makes full-resolution infer-
ence on consumer-grade GPUs challenging. Therefore, how
to ensure consistency as much as possible while reducing
computational cost becomes the core problem of UHD im-



age restoration. We believe that processing image features
in an information-rich yet compact space offers a promis-
ing solution to this problem. Recent research in the gen-
erative domain has demonstrated the powerful latent space
representation capabilities of the Variational Autoencoder
(VAE), which also exhibits excellent image reconstruction
abilities (Rombach et al. 2021). The VAE regularizes the
output of the encoder by introducing a probabilistic distri-
bution in the latent space. This regularization gives the la-
tent representation strong structural integrity and continu-
ity, enabling the VAE to generate robust compressed repre-
sentations while capturing the underlying data distribution,
thereby enhancing reconstruction consistency (Zhou et al.
2018; Yu 2020). These qualities make the VAE a promising
approach for improving UHD image restoration. Therefore,
we would like to leverage the pre-trained VAE as a resam-
pler for UHD images, transferring image restoration to the
latent space, which is much more compact than the pixel
space, thereby improving consistency while reducing com-
putational costs.

However, applying VAEs to UHD image restoration
presents significant challenges: 1) High-performing VAEs
have large parameter sizes, which would result in a substan-
tial carbon footprint when applied to UHD image restora-
tion. For example, in the latent diffusion model (Rombach
et al. 2021), the parameter count and computational cost of
the VAE are 83.6M and 445.3 GFlops, respectively, making
full-resolution inference on consumer-grade GPUs imprac-
tical. 2) VAEs trained on clean images may encounter a do-
main gap when encoding degraded images, leading to map-
pings into an abnormal distribution that deviates from the
clean image distribution. This issue arises primarily because
the self-reconstruction property of VAEs tends to reconstruct
the distribution of the input images. 3) The latent encoding
in VAEs may lose high-frequency information, compromis-
ing the fidelity of image restoration and resulting in the loss
of fine details in UHD images.

In this work, we propose a frequency enhanced VAE UHD
image restoration framework (FEVAE-UHD), leveraging
frequency-domain priors to address the challenges while
harnessing the potential of the VAE. Specifically, to mitigate
the computational cost of VAEs, we design the Fourier-
prior lightweight frequency learning approach to improve
VAE, thus proposing frequency enhanced VAE (FE-VAE).
The FE-VAE enhances parameter efficiency by integrating
the Fourier domain’s global perceptual capability and the
ability of the Fourier spectrum to decompose image degra-
dation, significantly reducing the parameter count while
maintaining comparable performance. To address the do-
main gap and high-frequency information loss, we design
a wavelet-based adapter that performs multiple functions
through a carefully designed mechanism. This adapter ex-
tracts multi-scale image information via progressive wavelet
transforms and integrates degraded features into the VAE en-
coder at corresponding scales. During this process, to elim-
inate the domain gap between the degraded images and
the VAE trained on clean images, the adapter includes a
frequency-aware adaptive modulation module that performs
weighted modulation in both spatial and frequency domains,
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adaptively injecting degraded information into the VAE. Fi-
nally, the adapter selectively injects high-frequency infor-
mation from the wavelet transform into the VAE decoder to
enhance the high-frequency details in the restored images. In
this way, our method overcomes the primary challenges of
applying VAEs to UHD image restoration, including param-
eter efficiency, domain gap, and high-frequency information
loss, thereby effectively combining the powerful latent space
representation of VAEs with the enhancement provided by
frequency priors.
In summary, our contributions are as follows:

* We propose a VAE-based UHD image restoration frame-
work, FEVAE-UHD, which integrates frequency priors
to utilize the powerful latent space representation of the
VAE to improve consistency. To the best of our knowl-
edge, this is the first work to introduce VAE into UHD
image restoration.

* We design a Fourier-based frequency-enhanced VAE,
FE-VAE, which significantly reduces computational and
parameter costs while maintaining comparable represen-
tation capability.

* We develop a wavelet-based adapter to supplement the
high-frequency details required for image restoration,
while combining spatial and frequency information to
establish a bridge between the frozen VAE and the de-
graded information, thereby mitigating the domain gap.

Extensive experiments demonstrate the effectiveness of
our method, achieving state-of-the-art results in various
tasks: UHD low-light image enhancement, UHD image de-
blurring, UHD image dehazing, UHD low-light image en-
hancement, and UHD moiré pattern removal.

Related Works

Variational Autoencoder. Recent progress in deep learn-
ing (Rombach et al. 2021; Li et al. 2023b; Duan et al. 2024;
Zhu et al. 2024a; Li et al. 2025) include the Variational Au-
toencoder (VAE) (Kingma 2013), a generative model that
learns a low-dimensional data representation in latent space.
Unlike traditional AE with fixed latent variables, the VAE
models them as probability distributions, enabling diverse
data generation. It compresses input data into the mean and
variance of the latent distribution via an encoder and recon-
structs it by sampling from this distribution through a de-
coder. VAEs are widely used in tasks such as image genera-
tion (Rombach et al. 2021), compression (Duan et al. 2024),
and anomaly detection (Chen et al. 2019).

Ultra-High-Definition Restoration. Image restoration
tasks have received significant attention in recent years (Za-
mir et al. 2022; Chen et al. 2022; Kong et al. 2023a; Chen
et al. 2023; Li et al. 2023c; Zhu et al. 2024b; Ge et al. 2024;
Peng et al. 2024; Xiao et al. 2024).As the demand for UHD
image processing grows, several approaches have emerged
to recover clear UHD images through various network ar-
chitectures. These include bilateral learning for image de-
hazing (Zheng et al. 2021a), multi-scale separable-patch net-
works for video deblurring (Deng et al. 2021), and Fourier
embedding networks for low-light image enhancement (Li
et al. 2023a). Recently, generalized architectures for UHD
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Figure 2: An overview of the proposed framework FEVAE-UHD. It consists of three main components: the frozen FE-VAE, the
Wavelet Transform-based Adapter, and the arbitrary restoration network IRNet. In this stage, FEVAE-UHD training is based

on the image restoration task.

restoration have rapidly developed, targeting multiple prob-
lems through unified structures. For example, (Wang et al.
2024a) introduces a correlation matching mechanism be-
tween high- and low-resolution branches, while (Wang et al.
2024c) incorporates gradient and normal priors. However,
the resampling operations in these methods do not optimally
balance computational efficiency and information retention.

Methodology

The framework of our FEVAE-UHD is illustrated in Fig.2.
Our approach follows a two-stage process: in the first stage,
we train the FE-VAE using an image reconstruction task,
as illustrated in Fig.3. In the second stage, we freeze the
VAE’s weights and then perform image restoration based
on the VAE’s latent code. For the input degraded image
I € RHXWX3 the VAE transforms it into a latent rep-
resentation Ly, € RE X% %0, performs restoration in the
latent space, and decodes the restored latent representation
Loy € REX5%C o generate the final image. To alleviate
the loss of high-frequency components and the domain gap
issues in the pre-trained VAE, we introduce a wavelet-based
adapter (WTA) branch in parallel with the VAE backbone.

Frequency Enhanced VAE

Architecture The architecture of the Frequency Enhanced
VAE (FE-VAE) is illustrated in Fig.3. To enhance efficiency
while preserving representational capability, we integrate
Fourier learning into FE-VAE. The FE-VAE framework
comprises two key components: 1) Space-Frequency Adap-
tive Decomposition (SFAD), which employs channel-wise
Fourier sensing to decompose input features into spatial and
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frequency branches, and 2) Frequency-Aware Feature Ex-
traction (FAFE), which incorporates frequency learning for
feature extraction.

We aim to leverage the efficient computation in the fre-
quency space to lightweight the feature extraction process,
while minimizing the sacrifice of the model’s spatial percep-
tion ability. One straightforward approach is to directly split
the input features along the channel dimension, with one part
performing traditional spatial-domain computation and the
other part performing efficient frequency-domain computa-
tion. However, this direct division is simplistic and lacks
global channel awareness as well as an adaptive selection
process.

To refine the channel split and adaptively select features
for frequency or spatial domain processing, we propose a
more nuanced approach. For an input feature F' € RI*wxe,
instead of directly dividing the channels, we first apply a
channel-wise Fourier transform to establish global channel
perception, extracting the amplitude A, and phase P,. Since
the Fourier spectrum captures global spatial information, a
pointwise convolution effectively aggregates this informa-
tion. Noticing that degradation primarily affects the magni-
tude, we apply convolution only to the magnitude, leaving
the phase unchanged. This reduces computational complex-
ity. The process is formulated as follows:

Acapc:Fc(F)a

1
F' = o (W(Al). P, M

where 1V, denotes the point-wise convolution, F(-) and

FY(-) denote the channel dimensional Fourier transform
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Figure 3: Frequency-Enhanced VAE. In the first stage,
we train it using a reconstruction task. It consists of
a stack of FE-blocks, each containing two key compo-
nents: Space-Frequency Adaptive Decomposition (SFAD)
and Frequency-Aware Feature Extraction (FAFE).

and the corresponding inverse transform, respectively.

This adaptivé sphittifle enables the model to efficiently al-
locate features .to:the @ most)appropriate processing domain
and allows us to capture global information across channels.
Following this, we use two point-wise convolutions to gen-
erate Frq € R"WX% and Fy, € RPXwx5

Froqg = Wp, (F/)§ Fop = Wp, (F/) 2

In frequency domain learning, we first apply a Fourier

transform to F}., along the spatial dimensions, resulting in
h+1 w+1
Fiowr € R72 X, As before, we perform pointwise

convolution only on the transformed amplitude spectrum.
For spatial learning, we utilize a standard ResNet block but
replace the conventional convolution with depth-separable
convolution, which helps reduce both the number of param-
eters and computational costs. The process is formulated as
follows:

Av P = fhw(Ffrq)a
Ff/rq = f}?vxll(WP(A)JP%
F., = Resblock(Fyp),

3

where Fiw(-) and F;_!(-) denote the spatial dimensional
Fourier transform and the corresponding inverse transform.

After obtaining the features from both branches, we pro-
pose a Space-Frequency Interaction Module (SFIM) to en-
sure effective spatial-frequency interaction between the two
branches. This module facilitates the effective exchange of
information between the spatial and frequency domains, ul-
timately producing the final output. The process can be for-
mulated as follows:

frq_S(F/ )®Ff/rq
F%/; = S(Ffrq) © Fglp7

F" =Wy (cat[Fyyy, FL)),

“

where S denotes the sigmoid activation function, and cat[']
denotes channel concatenation.
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Optimization In the first phase, FEL-VAE is trained to
perform the image reconstruction task using clean images.
The clean input image is denoted as Iy, and the reconstruc-
tion result is denoted as I,.1.

The loss function of a vanilla VAE includes two main
components: reconstruction loss and KL divergence loss.
The reconstruction loss measures the difference between the
decoder’s output and the original input, encouraging con-
sistency with the input (Yu 2020). The KL divergence loss
regularizes the latent space, ensuring representations con-
form to the prior distribution. This regularization enhances
structural coherence and continuity, resulting in consistent
reconstructions for similar inputs (Zhou et al. 2018).

We follow this design and the reconstruction loss and KL
divergence loss can be expressed as follows:

Lrec NZ”I( _I( ||17

Ly = Dxr(q(z|I)||p(2)),

where ¢(z|I;,) is the approximate posterior distribution of
the latent variable z given the input image [}, and p(z) is the
prior distribution, typically chosen as a standard Gaussian
distribution A/ (0, I). The KL divergence Dk measures how
much the distributiong(z|I},) diverges from the prior p(z).

In addition, we further maintain the frequency domain
consistency of the reconstruction results using the FFT loss,
which can be denoted as:

1 & :
< > IFFT( )
i=1

Frequency Enhanced VAE UHD Image Restoration

Wavelet Transform-based Adapter After the compre-
hensive lightweighting of the VAE, we need to address the
remaining two issues: reducing high-frequency loss during
the encoding process and mitigating the domain gap of the
Encoder for degraded domains. Therefore, we propose a
Wavelet Transform-based Adapter(WTA).

This adapter allows efficient fine-tuning, keeping the pre-
trained VAEs frozen during restoration. By updating only
the adapter’s parameters, VAEs adapt to unknown degraded
domains without altering the original VAE.

To preserve high-frequency details, we implement
frequency-domain replay encoding and high-frequency
complementary decoding. The encoding process mitigates
high-frequency loss, while the decoding phase restores and
enhances high-frequency details using the subbands gener-
ated by the adapter. The process is defined as follows:

Frequency Replay Encoding. The spatial scale of the
features decreases progressively during the Encoder’s en-
coding process. For the i-th Encoder layer, the input is
E;_1 € RMwXer and the output is F; € R3*%%c2 The
corresponding adapter uses the output of the previous scale

€ RM*wX3 The wavelet
1)

&)

— FFT(1’

s (6)

Lepr =

as the prior, denoted as PSL_U

transform is then applied to PSL_ as follows:

% i—1
Py = WT(P ),

P(Z) P(l) P(Z)

LL>~ LH>~ HL>

)



where P() € R%*%*3 represents low-frequency compo-
nent of PSL_U, while Pé%,PI(;)L,PI(;}{ € REX%x3 rep-
resent its horizontal, vertical, and diagonal high-frequency
components. And ng:)
age.

To fuse FE; with the four subbands obtained from
the wavelet transform P() € Rz*%X3X4 we design
a frequency-aware adaptive modulation module(FAAM)
This module first learns four filter kernels, each correspond-
ing to one of the four subbands in P(*), to modulate the spec-
trum of E;. This modulation captures the multi-frequency
representation by incorporating information from the re-
spective subband. After modulation, we apply a pointwise
convolution to the modulated outputs to obtain the fused rep-
resentation, denoted as . The process can be formulated as
follows:

Filter, = cat|W.(S(P™))],
E! =W, (F, L (Filtery ® Fiw(

hw

i.e., the original resolution input im-

8
Ei)); ®

For the subbands P(Y), we use weights generated from
channel pooling of E; to modulate P, facilitating the in-
teraction between features from different frequency bands
and resulting in the modulated subbands P®’_We then con-
catenate F/ and P®" and apply three independent point-
wise convolutions. This process yields the refined encoding

representation E!’, the low-frequency components PL(ZL) ,

and the high-frequency components PHmh€ (LH.HLHH}

respectively. The process can be formulated as follows:
PO = S(Apoa(E) © PO + PO,

LL s Priigh = Womeqi,2 3}(cat[ i ]),
where APOOI denotes average pooling, E/’ serves as the out-
put passed from the adapter to the Encoder and is com-
bined with the original output E; through summation after

applying a zero convolution. The component sz is used
as the low-frequency downsampling result of the adapter
branch, acting as the prior input for the next-level adapter.
Meanwhile, Pj(fz on Tepresents the high-frequency compo-
nents, which are utilized as upsampled high-frequency sup-
plementary information for the corresponding adapter in the
decoder.

In this process, each downsampled output is fully fused
with frequency information from the previous scale, in-
troducing an effective frequency replay mechanism. This
mechanism is crucial in mitigating the loss of frequency
components during encoding.

High-frequency Injection Decoding. In contrast to the
encoding process, the decoder progressively enlarges the
spatial scale of the features during decoding. For the i-th
Decoder layer, the input is D;_; € R3*% *c2 and the out-
put is D; € RFXwXe1 The corresponding adapter at this
level receives the output from the previous level’s adapter,

PiY e X

nents from the Encoder adapter,

%3 along with the high- frequency compo-

P(N+1 i)’

hyw
FXFX3%x3
High € Rz2%2 ’
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where N denotes the number of encoders or decoders stages.
The adapter first performs a wavelet inverse transform on

these inputs to reconstruct Péi) € RM™>wx3 | reintroducing

high-frequency details into the spatial domain. This recon-

structed output Py) is then combined with the Decoder’s
output D; through a zero convolution layer, which is initial-
ized with zeros to ensure the dimensions and characteristics
of the features are preserved. This combination allows for
a smooth integration of the high-frequency details from the
adapter and the structural features from the Decoder, the pro-
cess can be formulated as follows:

(z 1) P(N+1 i)’

D! = Wero TWT(P} i

) +Di,  (10)

where W, ero 1S the zero convolution and IW'T is the inverse
wavelet transform.

Image Restoration Network in Latent Space When the
UHD input image is mapped from pixel space to latent
space, its spatial size is reduced, and the feature distances
between clean and degraded images become closer. This fa-
cilitates the use of a simple image restoration network in the
latent space. Since our VAE already provides an informative
representation, no additional complex designs are necessary
to achieve high-quality results. As a result, our latent space
restoration network(IRNet) utilizes only a few layers of the
efficient Cubic-Mixer block (Zheng and Jia 2022). Further
experiments with different latent space restoration networks
are discussed in the ablation experiments section.

Optimization In the second phase, the parameters of
FEL-VAE are frozen, and FEVAE-UHD takes over the
image restoration task. In this phase, the input degraded
image is denoted as Iz, which corresponds to the clean
image I,;. The output of this restoration process is the
restored image, denoted as I,o.

We apply both the L1 loss and FFT loss between the re-
stored image I,.» and the ground truth clean image I, sim-

ilarly to the first stage. The expressions for these losses re-
main the same, as follows:

Z 2% — 1811,
=1

N
Lerr = — Z|FFT (11) = FFT(I))]1.

rec =

(1)

Experiments
We evaluate FEVAE-UHD on benchmarks for 4 UHD im-
age restoration tasks: (a) low-light image enhancement,
(b) image dehazing, (c¢) image deblurring, and (d) Image
Demoiréing.

Main Results

Image Dehazing Results Tab.1 presents the quantitative
dehazing results on UHD-Haze. Our FEVAE-UHD outper-
forms MB-TaylorFormer(Qiu et al. 2023) by over 3 dB in



Method Venue |[PSNR1 SSIM 1 Param | FS
UHD ICCV’21 | 18.043 08113 345M ¢
Restormer CVPR’22| 12.718 0.6930 26.1M X
Uformer CVPR’22| 19.828 0.7374 20.6M X
DehazeFormer TIP23 | 15372 07245 25M X
MB-TaylorFormer | ICCV’23 | 20.994 09194 27M X
UHDformer AAAD24| 22.586 0.9427 0.3393M ¢/
UHDDIP arxiv’24 | 22.147 09418 0.8IM ¢
Ours - 24357 09454 1215M ¢/

Table 1: Quantitative results of image dehazing.

Method Venue |[PSNR{ SSIM 1 Param | FS
MIMO-Unet++| ICCV’21 | 25.025 07517 16.1IM ¢
Restormer CVPR’22| 25210 07522 261M X
Uformer CVPR’22| 25267 0.7515 20.6M X
Stripformer ECCV’22| 25.052 0.7501 197M X
FFTformer CVPR'23| 25.409 07571 16.6M X
UHDformer | AAAT'24 | 28.821 0.8440 0.3393M ¢/
UHDDIP arxiv'24 | 28.283 0.8452 0.81IM ¢
Ours - 29.338 0.8523 1.456M ¢

Table 2: Quantitative results of image deblurring.

PSNR while significantly reducing parameters. Compared
to UHDformer and UHDDIP, FEVAE-UHD also shows no-
table gains in both PSNR and SSIM metrics. Fig. 4 illus-
trates that FEVAE-UHD produces clearer results, whereas
other methods leave significant haze.

Image Deblurring Results We evaluate UHD image de-
blurring on the UHD-Blur dataset. Tab. 2 shows that
FEVAE-UHD outperforms state-of-the-art methods, includ-
ing a nearly 4dB gain over FFTformer (Kong et al. 2023b).
Significant improvements are also noted over UHDformer
and UHDDIP. Figure 5 visually demonstrates our method’s
superior ability to restore details like wall text and license
plate numbers.

Low-Light Image Enhancement Results We evaluate
low-light enhancement on the UHD-LL dataset. Tab.3 shows
that FEVAE-UHD outperforms state-of-the-art methods, in-
cluding Wavemamba (Zou et al. 2024), with fewer param-
eters. Fig.6 visually demonstrates that FEVAE-UHD pro-
duces more natural colors than other methods.

Image Demoiréing Results We conduct image
demoiréing experiments on the UHDM dataset, as shown in
Tab. 4. Our method outperforms the state-of-the-art ESDNet
and its larger version, ESDNet-L, in objective metrics, while
using fewer parameters. UHDformer and UHDDIP exhibit
poor performance, highlighting the strong generalization
capability of our approach.

Ablation Study

We use the UHD-Bulr dataset to conduct the ablation study
on the main designs of FEVAE-UHD.
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Method Venue |[PSNR1 SSIM 1 Param | FS
Restormer CVPR’22| 21536 08437 26.1M X
Uformer CVPR’22| 21.303 0.8233 20.6M X
LLformer |AAAI'23| 24.065 08580 132M X
UHDFour | ICLR’23 | 26.226 0.9000 17.5M ¢/
UHDformer | AAAI'24| 27.113  0.9271 0.3393M ¢/
LMAR CVPR’24| 26270 09196 1.965M ¢
UHDIP arxiv'24 | 26.749 0.9281 0.8IM ¢
WaveMamba| MM’24 | 27.350 0.9130 1.258M ¢
Ours - 27729 09287 1215M ¢/

Table 3: Quantitative results of low-light image enhance-
ment.

Method Venue |[PSNR{ SSIM T Param | FS
FHDe2Net |ECCV'20| 20.338  0.7496 13.571M X
ESDNet |ECCV’22|22.119 0.7956 5.93M ¢
ESDNet-L |ECCV’22| 22.422 0.7985 10.62M ¢
UHDformer| AAAT'24 | 21.968 0.8334 0.3393M ¢/
UHDDIP | arxiv'24 | 22.068 0.8029 0.81M ¢
Ours - 23242 08427 1.456M ¢

Table 4: Quantitative results of image demoiréing.

One Stage Two Stage

Method | )3 Bicubic PS AE LMAR Ours
PSNR 24.983 25.672 27.345 26.833 27.819 29.338
SSIM  0.747 0.7932 0.8409 0.8312 0.8341 0.8523

Table 5: Ablation on resampling methods.

Method |[PSNRgtagc1 T PSNRgage2 T Param | FLOPs | FS
VAE 35.313 30.014 83.614M 445307G X
VAE; 31.234 25.613 5243M 27.927G ¢V
Ours 34.529 29.338 1.061M 3.437G Vv

Table 6: Ablation on FE-block. FLOPs are computed based
on an input size of 256 x 256.

Method w/o FE-block w/o FAFE w/o SFAD w/o SFIM Ours
PSNR 24.548 25.142 28.217 29.143  29.338
SSIM 0.758 0.763 0.843 0.849  0.8523

Table 7: Ablation on FE-block.

Method w/o adapter w/o DWT w/o FAAM Ours
PSNR 23.674 28.242 29.124  29.338
SSIM 0.742 0.8416 0.8473  0.8523

Table 8: Ablation on Wavelet Transform-based Adapter.

Comparison With Other Resamplers First, we compare
our proposed FE-VAE with other resampling methods in
Tab. 5. Here, Laz3 stands for Lanczos3, PS for pixel shuf-
fle (Shi et al. 2016), and AE for autoencoder. One-stage
refers to end-to-end training, while two-stage involves pre-



Input

DehazeFormer ~MB-Taylorformer

Z]

= Ra
D.

EE |

UHDformer

Figure 4: Image dehazing on UHD-Haze. FEVAE-UHD generates results with minimal haze residue.
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Figure 5: Image deblurring on UHD-Blur. FEVAE-UHD generates results with the sharpest details.
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Figure 6: Low-light image enhancement on UHD-LL. FEVAE-UHD generates results with the most natural color fidelity.

training the resampler and freezing it during enhancer train-
ing. We ensure that all resampler + enhancer” combinations
have consistent parameters. The results show that FE-VAE
significantly outperforms other resamplers, proving that its
encoded latent space is both compact and informative, re-
ducing computational costs while maintaining excellent per-
formance.

Effect on FE-VAE We validate FE-VAE’s efficiency and
effectiveness by comparing it with the vanilla VAE and its
lightweight version, VAEs, as shown in Tab. 6. While the
vanilla VAE achieves the highest PSNR, it requires exces-
sive parameters and FLOPs, making full-size inference im-
practical. The lightweight VAEs reduces parameters by sim-
ply lowering the number of channels and blocks, but suf-
fers significant PSNR loss. In contrast, FE-VAE matches
the vanilla VAE’s performance while being more efficient,
demonstrating the FE-block’s effectiveness in enhancing pa-
rameter representation with frequency awareness.

Effect on FE-block We provide detailed ablation experi-
ments of the FE-block in Tab. 7. The results demonstrate that
introducing Frequency-aware Feature Extraction (FAFE)
significantly enhances parameter representation capability.
Additionally, the Space-frequency Adaptive Decomposition
(SAFD) improves global channel awareness and filters fea-
tures suited for FAFE processing. Finally, the fusion module
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effectively enhances interaction between the spatial and fre-
quency branches, further boosting the performance.

Effect on Wavelet Transform-based Adapter Abla-
tion experiments on the Wavelet Transform-based Adapter
(WTA) are shown in Tab. 8. Without the adapter, the VAE
struggles to bridge the domain gap, causing a significant per-
formance drop. Replacing the wavelet transform with a con-
volutional layer and residual connection results in substan-
tial high-frequency loss during encoding, leading to poor
texture in the reconstruction. Additionally, the absence of
the FAAM weakens spatial-frequency interaction between
the WTA and FE-VAE branches, negatively affecting the fi-
nal restoration.

Conclusion

We propose FEVAE-UHD, a universal UHD image restora-
tion framework that combines frequency priors with VAE
latent space representation for improved consistency and
lower computational cost. To enable full-resolution infer-
ence on consumer-grade GPUs, we design a frequency-
enhanced VAE with Fourier priors to boost parameter rep-
resentation. Additionally, we introduce a wavelet-based
adapter to restore high-frequency details and address domain
gaps. Experiments on various UHD restoration tasks show
that our approach outperforms state-of-the-art methods.
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