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Dual-Domain Modulation Network for Lightweight
Image Super-Resolution

Wenjie Li , Heng Guo , Yuefeng Hou , Member, IEEE, Guangwei Gao , Senior Member, IEEE,
and Zhanyu Ma , Senior Member, IEEE

Abstract—Lightweight image super-resolution (SR) aims to
reconstruct high-resolution images from low-resolution images
under limited computational costs. We find existing frequency-
based SR methods cannot balance the reconstruction of overall
structures and high-frequency parts. Meanwhile, these methods
are inefficient for handling frequency features and unsuitable for
lightweight SR. In this paper, we show introducing both wavelet
and Fourier information allows our model to consider both high-
frequency features and overall SR structure reconstruction while
reducing costs. Specifically, we propose a Dual-domain Modulation
Network that integrates both wavelet and Fourier information
for enhanced frequency modeling. Unlike existing methods that
rely on a single frequency representation, our design combines
wavelet-domain modulation via a Wavelet-domain Modulation
Transformer (WMT) with global Fourier supervision, enabling
complementary spectral learning well-suited for lightweight SR.
Experimental results show that our method achieves a comparable
PSNR of SRFormer (Zhou et al., 2023) and MambaIR (Guo et al.,
2024) while with less than 50% and 60% of their FLOPs and
achieving inference speeds 15.4× and 5.4× faster, respectively,
demonstrating the effectiveness of our method on SR quality and
lightweight.

Index Terms—Lightweight super-resolution (SR), dual-domain,
Fourier domain, wavelet domain, transformer.

I. INTRODUCTION

IMAGE super-resolution (SR) aims at reconstructing high-
resolution (HR) images from low-resolution (LR) images,

which has achieved impressive performance in medical imag-
ing [3], remote sensing [4], security surveillance [5], and text
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Fig. 1. Efficiency trade-offs between our method and existing methods. Our
method achieves a better balance in terms of PSNR, model size, and inference
speed than existing methods.

enhancement [6]. Most SR methods [7], [8] require high com-
putational costs, limiting their application in devices with limited
resources. As shown in Fig. 1, we focus on the lightweight SR
task, aiming to improve existing SR performance while reducing
model size and accelerating inference.

Existing lightweight SR methods [9], [10], [11] primarily op-
erate in the spatial domain, relying solely on spatial-domain re-
construction and supervision. This design inherently limits the
effective receptive field during inference, as illustrated in the
second column of Fig. 2. In contrast, LAM [12] suggests that
leveraging a broader contextual pixel range is beneficial for im-
proving SR, and diffusion index (DI) [12] serves as a quantitative
indicator of this effect. To compensate for the limited pixel uti-
lization, these methods often resort to stacking numerous blocks,
which leads to increased computational cost and inefficiency. For
example, SwinIR-light [9] and SRFormer-light [1] have nearly
900 K parameters and more than 1.3 seconds of inference speed
at the scale of ×2, respectively. Therefore, lightweight SR still
remains an open problem.

In this paper, we handle the lightweight SR with the spatial
and frequency domain reconstruction. Our insight comes from
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Fig. 2. By reconstructing features in the wavelet domain and supervising the process in the Fourier domain, our method recovers precise textures and achieves
the highest PSNR. Meanwhile, compared to existing methods [24], [25], [26]—all adapted to use the same spatial module as ours—our method achieves a higher
diffusion index (DI) [12] score, which quantifies the pixel contribution area, demonstrating its ability to capture a broader and more relevant pixel range for
reconstruction.

recent SR methods [24], [26], [27], [28] that expand the range of
pixel utilization with additional frequency information, typically
in the Fourier or wavelet domains, to improve SR performance.
However, as shown in the third to fifth columns of Fig. 2, com-
pared to spatial-based methods, though these methods expand
the range of pixel utilization with fewer params, we also obverse
these methods face challenges in balancing high-frequency tex-
tures and overall structures (PSNR/SSIM). Specifically, Fourier
domain-based methods [24], [25], [27], [29] help regulate the
global frequency distribution, optimizing the overall structure
and leading to high PSNR values. However, it fails to effectively
emphasize high-frequency features, which results in blurred
high-frequency textures. Wavelet domain-based methods [26],
[28] facilitate to emphasize on high-frequency features of im-
ages, resulting in clear high-frequency textures. However, the
inconsistency of different frequency subbands in the direction of
gradient descent is large and unfavorable for controlling losses,
thus limiting overall structures.

To leverage frequency analysis for lightweight SR and address
the challenge of balancing high-frequency textures and overall
structures, we reconstruct features in the wavelet domain and
apply supervision in the Fourier domain. Specifically, wavelet
transforms effectively decompose high- and low-frequency sub-
bands, facilitating the modeling of their relationships, while
Fourier supervision provides an efficient means to regulate the
global frequency distribution. As shown in the sixth column
of Fig. 2, compared to existing frequency-based methods, our
method expands the range of pixel utilization (see DI score)
while avoiding blurred high-frequency textures or inaccurate
overall structures with the least Params.

Based on the above observations, we propose a Dual-domain
Modulation Network (DMNet) for lightweight SR. Our DM-
Net contains two modules: Wavelet-domain Modulation Trans-
former (WMT) and Spatial-domain Modulation Transformer
(SMT), which modulate the wavelet and spatial domain infor-
mation separately, which utilize self-attention to separately cap-
ture the correlations among different wavelet frequency and
es spatial domain features. Meanwhile, we separately uti-
lize Fourier loss and image reconstruction loss to supervise
frequency and spatial domain reconstruction. Our design

ensures the overall similarity of SR images with ground truth
while highlighting high-frequency features absent in LR im-
ages. Additionally, WMT combines self-attention and dynamic
convolution to extract wavelet-domain features, capturing long-
range dependencies and adapting to various frequency compo-
nents, enabling efficient processing of frequency-domain fea-
tures. As depicted in Fig. 1(a), (b), (c), and (d) our method
achieves the highest PSNR with fewer Params and FLOPs com-
pared to existing methods, and our method delivers the highest
PSNR with minimal FLOPs and the fastest inference speed com-
pared to recent Transformer- and Mamba-based methods. For
example, on ×2 Manga109 [13] test set, our DMNet achieves
0.07 dB higher than Hit-SNG [22] while using only 56% of its
Parmas and 54% of its FLOPs—and surpasses MambaIR [2] by
0.08 dB with 35% fewer Parmas and 42% fewer FLOPs.

In summary, the contributions of this paper are as follows:
� We find hybrid frequency domain utilization, combining

wavelet features with Fourier supervision, effectively bal-
ances overall structure and high-frequency reconstruction.

� We propose a WMT based on wavelet transform, which can
highlight the relationship between high- and low-frequency
contents, further improving SR texture accuracy.

� Extensive experiments demonstrate that our DMNet can
outperform existing lightweight SR methods in synthetic
and real datasets with fewer Params and FLOPs.

II. RELATED WORK

A. Lightweight SR Methods

To promote realistic adoption [35], [36], lightweight SR [37]
has grown significantly. FSRCNN [38] enhances pre-sampling
to reduce computational costs. CARN [39] incorporates a recur-
sive mechanism to conserve module parameters. IMDN [17]
introduces multilevel feature distillation to enhance models.
HDN [40] facilitates feature representation while saving mem-
ory through hierarchical matrix structure design. DDistill-
SR [41] incorporates reparameterization on top of information
distillation to further improve efficiency. DRSAN [42] leverages
dynamic residual attention to limit complexity by adaptively
adjusting its structure based on input statistics. FDIWN [16]
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Fig. 3. Overview of our method, which utilizes dual modulation in spatial and frequency domains for lightweight SR. Our method comprises N1 Spatial-Wavelet
Groups (SWGroup), each SWGroup comprises N2 Spatial-Wavelet Blocks (SWBlock).

TABLE I
COMPARISON OF OUR METHOD WITH EXISTING FREQUENCY-BASED SR
METHODS, WHERE CNN OR TRANSFORMER STRUCTURE REFERS TO THE

STRUCTURE WHEN UTILIZING FREQUENCY DOMAIN INFORMATION. OUR

METHOD INCORPORATES THE ADVANTAGES OF HYBRID FREQUENCY DOMAIN

AND PRESENTS A NEW FREQUENCY-BASED TRANSFORMER MODULE THAT

SUITABLE FOR LIGHTWEIGHT SR.

and FIWHN [20] improve efficiency by mitigating the
activation function’s negative impact. To extract long-range
features, SwinIR [9] introduces window-based Transformers
to learn globally to address the demand for long-range mod-
eling features. ELAN [10] accelerates the model by sharing
weights across self-attention. LBNet [16] and CFIN [43] de-
sign efficient architectures to integrate Transformer with CNN.
NGswin [19] overcome the disadvantage of the limited receptive
field of window-based Transformer. CAMixSR [11] divides and
conquers different area features using CNN and Transformer.
Mamba-based methods [2], [44] reduce computational complex-
ity via linear scanning attention. However, the above methods do
not utilize frequency domain features. The difference between
ours and existing SR methods is shown in Table I.

B. Frequency-Based SR Methods

Due to their ability to effectively capture different details,
frequency-based SR methods have been developed. Specifically,
WDRN [45] achieves SR by learning different wavelet coef-
ficients. FADN [46] handles high and low-frequency features
separately by networks of different depths. DFSA [47] focuses
on utilizing high-frequency information to compensate for tex-
tures. JWSGN [26] enhances performance by separately pro-
cessing features in different wavelet domains. FSR [28] accel-
erates networks by considering data characteristics in different

wavelet domains. DDL [48] improves high-frequency parts by
integrating Bayesian methods and frequency inference.
FDSR [31] facilitates various features by constructing differ-
ent frequency networks. Shufflemixer [24], SAFMN [32], and
EFHSSR [49] additionally use Fourier supervision to improve
SR. FSAS [25] and DF-MSRN [50] integrate Fourier domain in-
formation to explore global features for restoration. FMSR [44]
enhances performance by integrating a frequency selection mod-
ule and spatial-frequency fusion. However, they do not combine
the respective strengths of wavelet and Fourier domains to facil-
itate SR. In contrast, our method combines the advantages of a
hybrid frequency domain and presents improved self-attention
to make it suitable for exploring various frequency features in
the wavelet domain.

III. PROPOSED METHOD

As shown in Fig. 3, an LR image is reconstructed into an ac-
curate SR image in the spatial and frequency domain under the
supervision of image reconstruction loss Lpixel and frequency
loss Lfre. Our DMNet mainly utilizes our proposed SMT and
WMT to modulate the spatial and frequency domain separately.
Specifically, for a LR input ILR ∈ RH×W×3, our method aims
to obtain a spatial domain SR output ISR ∈ RsH×sW×3 and
a frequency domain SR output IFre ∈ RsH×sW×3, where s
represents the SR scale factor. Specifically, we first extracts its
shallow feature F 0 ∈ RH×W×C . Next, F 0 is gradually con-
verted to the depth featureF d ∈RH×W×C throughN1 cascaded
SWGroups, where one SWGroup contains N2 SWBlocks. Fi-
nally, Pixel-Shuffle performs convolution, channel and spatial
dimension rearrangement operations on F d to output an SR im-
age ISR. Then we acquire the frequency domain SR output IFre

through Fourier transform. In the following, we introduce our
Wavelet-domain Modulation Transformer and Spatial-domain
Modulation Transformer in detail, respectively.

A. Wavelet-Domain Modulation Transformer

Recent works [51], [52], [53] show frequency priors with great
potential that integrate wavelet or frequency-aware designs to
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Fig. 4. An illustration of (a) our Spatial-domain Modulation Self-attention (SMA), (b) Discrete Wavelet Transform (DWT) and Inverse Discrete Wavelet Transform
(IDWT) over an image, (c) our Wavelet-domain Modulation Self-attention (WMA).

enhance structural representation. Inspired by this, we adopt
DWT to exploit hierarchical frequency cues in a lightweight
manner. Specifically, as shown in Fig. 3, we propose a WMT to
explore the potential relationship between features in different
frequency subbands. As shown in Fig. 4(c), the core of WMT
is to explore the potential relationship between high-frequency
and low-frequency features on channels obtained after discrete
wavelet transform through our wavelet-domain modulation self-
attention. Additionally, a feed-forward network [54] aggregates
the obtained frequency domain features. For an input feature
XW

in ∈ RH×W×C in Fig. 3, the process of obtaining output
XW

out ∈ RH×W×C can be described as:

X̂
W

= WMA
(
LN

(
XW

in

))
+XW

in , (1)

XW
out = FFN

(
LN

(
X̂

W ))
+ X̂

W
, (2)

where WMA is our wavelet-domain modulation self-attention
(WMA).LN andFFN have the same meaning as above. Next,
we will describe DWT and our WMA.

1) Discrete Wavelet Transform (DWT): As shown in
Fig. 4(b), DWT can losslessly convert input I ∈ RH×W×C

into one low-frequency subband ILL ∈ R
H
2 ×W

2 ×C and three
high-frequency subbands {ILH , IHL, IHH} ∈ R

H
2 ×W

2 ×C ,
where ILL reflect coarse-grained basic structure of I ,
and {ILH , IHL, IHH} reflect fine-grained texture details of
I . Specifically, DWT first encodes I into two subbands
{IL, IH} ∈ R

H
2 ×W×C using a high-pass filter FH = ( 1√

2
, −1√

2
)

and a low-pass filter FL = ( 1√
2
, 1√

2
) along rows. Then, FL and

FH are encoded along the columns for IL and IH to obtain four
wavelet subbands {ILL, ILH , IHL, IHH} ∈ R

H
2 ×W

2 ×C . This
process is:

IL, IH = FL (I) ,FH (I) , (3)

ILL, ILH , IHL, IHH =FL(IL, IH) ,FH(IL, IH) , (4)

as illustrated in the inverse wavelet transform (IDWT) shown in
Fig. 4(b), {ILL, ILH , IHL, IHH} can be losslessly restored to

I . In contrast to the Fourier domain, the wavelet domain empha-
sizes high-frequency features. Therefore, performing frequency
reconstruction of LR images lacking high-frequency features in
the wavelet domain is a better solution.

2) Wavelet-Domain Modulation Self-Attention (WMA): In
our WMA, we employ self-attention and dynamic convolution to
modulate different frequency subbands obtained through DWT.
Then, we utilize IDWT to restore reconstructed frequency-
domain subbands to output features. Therefore, the output will
exhibit more accurate frequency domain characteristics. Specifi-
cally, as shown in Fig. 4(c), for an input featureFW

in ∈RH×W×C ,
to reduce Params counts, we first reduce the channels of FW

in

from C to C/4 using a convolution layer. Then we utilize
DWT to decompose features and concatenate the resulting four
wavelet subbands along channels to form frequency feature
FDWT ∈ R

H
2 ×W

2 ×C :

FDWT =[F LL,F LH ,FHL,FHH ]=DWT
(
R
(
FW

in

))
, (5)

where R is channel reduction operator, DWT is discrete
wavelet transform. Next, we extend the frequency domain fea-
tures of the existing channels and transform to obtain vectors
{Q′,K ′,V ′}∈RC×HW

4 containing different frequency domain
components. As shown in Fig. 4(c), in channel components of
vectors Q′, K ′ and V ′, the first component is low-frequency
component FLL and other components is high-frequency com-
ponent {FLH ,FHL,FHH}.

{Q′,K ′,V ′} = RS (D (P (FDWT ))), (6)

where RS denotes a reshape operation, D refers to a 3× 3
depth-wise convolution, and P represents a 1× 1 point-wise
convolution. Then, we use self-attention to explore the frequency
domain. Specifically, we compute the similarity scores between
high- and low-frequency features within the Q′ and K ′ vectors,
and use these scores to adaptively extract information from the
V ′ vector, enabling the self-attention mechanism to complement
high- and low-frequency information from wavelet-transformed
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features.

Attention(Q′,K ′,V ′) = Softmax(Q′K ′T /α)V ′, (7)

since self-attention does not capture detailed features effectively,
we introduce dynamic convolution to adaptively aid our WMA
in refining frequency details. Initially, a large kernel group con-
volution G is applied to produce a set of dynamic weights W
from wavelet features FDWT . Then, W is used to adaptively
modulate features F Self obtained from self-attention, resulting
in refined features F SD ∈ R

H
2 ×W

2 ×C :

F SD = Attention (Q′,K ′,V ′)� G (FDWT ) , (8)

where � is the dynamic convolution. Finally, F SD is reduced to
a spatial domain feature after inverse discrete wavelet transform
IDWT . Since its channel count is only C/4, we need perform
a channel expansion E to obtain FW

out ∈ RH×W×C :

FW
out = E (IDWT (F SD)) , (9)

after the modulation process described above, our WMA can ac-
curately recover frequency-domain characteristics, particularly
high-frequency features crucial for reconstruction.

B. Spatial-Domain Modulation Transformer

To reconstruct features in the spatial domain, as shown in
Fig. 3, we propose an SMT. Specifically, we first utilize spa-
tial domain modulation self-attention to estimate spatial domain
features. Subsequently, a feed-forward network [54] based on
CNN is utilized to aggregate features to refine representation.
For an input XS

in ∈ RH×W×C in Fig. 3, the process of obtaining
output XS

out ∈ RH×W×C is:

X̂
S
= SMA

(
LN

(
XS

in

))
+XS

in, (10)

XS
out = FFN

(
LN

(
X̂

S))
+ X̂

S
, (11)

where LN is layer normalization, SMA is our spatial-domain
modulation self-attention, and FFN is feed-forward network,
respectively. The core part is spatial-domain modulation self-
attention, we will detail this component below.

1) Spatial-Domain Modulation Self-Attention (SMA): In our
SMA, to estimate spatial-domain features with less consump-
tion, our SMA condenses extracted spatial domain features in
channels and implicitly estimates global spatial domain features
by performing self-attention over channels.

As shown in Fig. 4(a), for an input F S
in ∈ RH×W×C , we first

utilize a 1× 1 point-wise convolution P and a 3× 3 depth-wise
convolution D to expand channels and extract features. Then,
queryQ∈RC×HW , keyK ∈RC×HW , and valueV ∈RC×HW

are obtained by performing a reshape operation RS on channel
space. This process is:

{Q,K,V } = RS
(
D
(
P
(
F S

in

)))
, (12)

next, normalization-operated vectorsQ,K,V explore potential
relationships of spatial domain features within channels through
self-attention, which in turn reconstruct spatial domain pixel
distribution. This process can be formulated as:

Attention(Q,K,V ) = Softmax(QKT /α)V , (13)

where α is a learnable factor, after several SMA and WMA
blocks, we get a depth feature F d. Finally, we can get an SR
image ISR from F d after a Pixel-Shuffle.

C. Loss Function

For image pairs {ISR, IHR} in training, a reconstruction loss
Lpixel is used for supervising spatial-domain SR:

Lpixel = ‖ISR − IHR‖1, (14)

where ISR is the SR result of our method, IHR is ground truth.
Further, we introduce the frequency loss Lfre in our frequency
domain output IFre of amplitudeASR and phaseP SR to ensure
the accuracy of the frequency domain SR:

Lfre = ‖[ASR,P SR]− [AHR,PHR]‖1, (15)

where AHR and PHR are the amplitude and phase of fre-
quency domain ground truth GFre. The Fourier loss promotes
model convergence more effectively than the potential con-
flicts between different wavelet subbands during gradient up-
dates, which require careful parameter tuning. Therefore, We
use Fourier loss. Finally, our total loss is:

Ltotal = Lpixel + λLfre, λ = 10−1. (16)

IV. EXPERIMENTS

A. Experimental Settings

1) Datasets: Our method is trained on the DIV2K [58]
dataset which contains 800 pairs of training images. To evaluate
our method, we test on Set5 [14], Set14 [15], BSDS100 [55], Ur-
ban100 [56], and Manga109 [13]. We also train and evaluate our
method on a real-world dataset RealSRv3 [59], which obtains
LR-HR image pairs on the same scene by adjusting the focal
length of a digital camera and alignment operations to images
to simulink blurred LR images.

2) Metrics and Implementation Details: We calculate PSNR
and SSIM [60] on the Y channel in the YCbCr color space.
We additionally employ LPIPS [61] for evaluating real-world
test sets. During training, we set the batch size to 64, the initial
learning rate to 5× 10−4 with a scheduler in 500K iterations,
and the patch size is set to 64× 64. We train our method us-
ing Adam optimizer with β1 = 0.9, β2 = 0.99. We implement
all experiments using the Pytorch framework with the NVIDIA
GeForce RTX 4090. In our DMNet, we set N1 to 3, N2 to 3, and
the number of feature channels to 48. Inference time is measured
at input resolution (1280/s, 720/s), where s is the upscaling fac-
tor. Results are averaged over 100 runs with batch size 1 for
consistency.

B. Comparisons With State-of-The-Art Methods

We compare our method with several state-of-the-art meth-
ods, including CNN-based methods CARN [39], IMDN [17],
GASSL-B [23] and Transformer-based methods SwinIR-
light [9], ELAN-light [10], NGswin [19], CAMixSR [11].

1) Comparison on Synthesized Datasets: Table II presents
quantitative comparisons among various lightweight SR meth-
ods at scale factors of ×2, ×3, and ×4 . With minimal costs,
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TABLE II
QUANTITATIVE EVALUATION OF OUR METHOD AND EXISTING LIGHTWEIGHT SR METHODS. FLOPS IS MEASURED ON UPSAMPLED IMAGES WITH A SPATIAL SIZE

OF 1280×720 PIXELS. THE BEST AND SECOND-BEST RESULTS ARE EMPHASIZED IN BOLD AND UNDERLINED.

TABLE III
QUANTITATIVE EVALUATION WITH TRANSFORMER/MAMBA-BASED LIGHTWEIGHT SR METHODS. FLOPS AND SPEED ARE MEASURED ON UPSAMPLED IMAGES

WITH A SPATIAL SIZE OF 1280× 720 PIXELS. MEMORY IS MEASURED WHEN BATCH SIZE IS 16 AND PATCH SIZE IS 64.

our DMNet outperforms state-of-the-art methods in terms of
PSNR and SSIM on all benchmark test datasets. Specifically,
compared to the latest CNN-based method GASSL-B [23],
we surpass its PSNR by 0.24 dB, 0.26 dB, and 0.19 dB at
three scale factors, respectively, while utilizing only 83% of
its number of parameters and 72% of its FLOPs. Compared
to the latest Transformer-based method NGswin [19], we sur-
pass its PSNR by 0.18 dB, 0.14 dB, and 0.16 dB at three
scale factors, respectively, while utilizing only 57% of its pa-
rameters and 82% of its FLOPs. In Fig. 5, we present a vi-
sual comparison of three scale factors. Our method accurately

reconstructs high-frequency boundaries of walls, eaves, and let-
ters, highlighting the texture of contours. In contrast, images
reconstructed by existing methods appear blurry or incorrect
textures.

Moreover, we contrast our method with existing methods us-
ing the interpretability analysis tool LAM [12] to examine the
pixel range utilized for SR reconstruction. LAM can illustrate
the correlation between each pixel and the patch outlined in red
during the inference process. The diffusion index (DI) and pixel
contribution regions are depicted in Fig. 7, where a higher DI
or more pixel contribution regions signify a broader range of
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Fig. 5. Qualitative comparisons with existing methods on the synthesized test set. Our method can reconstruct clearer edges.

Fig. 6. Qualitative comparisons with existing methods on the real-world test set RealSRv3 [59].

Fig. 7. Comparison with existing methods on LAM [12] results at the scale of ×4, which indicates the pixel range utilized by networks when inferring results
for the portion outlined with the red box. DI quantifies results of LAM [12], with our method achieving the highest DI score and the widest pixel contribution area,
indicating its ability to capture broader features.

pixels engaged in the model. Our method’s higher DI value and
broader pixel contribution area compared to existing methods
indicate that it captures more contextual information, show-
casing the effectiveness of utilizing wavelet information and
Fourier supervision simultaneously. In addition, Fig. 8 shows
corresponding visual comparisons. Our method not only has

higher LAM scores but also has clearer SR reconstructions in
corresponding image red patches than existing methods.

2) Comparison on Real-World Datasets: We conduct exper-
iments on RealSRv3 [59], which generates LR and HR im-
age pairs of real scenes by modulating camera focal lengths.
Table IV presents the results of quantitative comparisons with
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Fig. 8. Qualitative comparisons with existing Transformer-based methods at the scale of ×4.

TABLE IV
QUANTITATIVE EVALUATION OF OUR METHOD AND EXISTING LIGHTWEIGHT

SR METHODS ON A REAL-WORLD TEST SET

IMDN [17], SwinIR-light [9], ELAN-light [10], NGswin [19],
and MambaIR [2] at scale factors of ×4. Our method recon-
structs images with higher pixel similarity metrics, such as
PSNR and SSIM, as well as perceptual metrics, like LPIPS,
at lower computational costs compared to existing lightweight
methods. Additionally, including Nikon and Canon datasets,
Fig. 6 compares visual results in real-world datasets, where our
method reconstructs sharper image textures and closely resem-
bles the ground truth compared to existing methods.

3) Model Efficiency Tradeoffs: Table III shows a compre-
hensive comparison with existing lightweight Transformer- and
Mamba-based SR methods, including the number of Parmas,
number of FLOPs, inference time, GPU memory, and perfor-
mance at the scale of ×2. Our method boasts the smallest model
size and GPU memory, the fastest inference, and optimal PSNR
across various scenarios. Notably, our WMT enables interac-
tions between different frequency subbands within a sensory
field downsampled by a factor of 2, significantly accelerating
inference by 1.6× to 15.4× compared to existing Transformer-
and Mamba-based methods.

C. Ablation Studies

1) Ablation Study on WMA Configurations: In Table V, we
conduct an ablation study to investigate the effect of various
components in WMA, including the following variants:

Case 1:The selection of frequency domain includes the
wavelet domain after the wavelet transform and the Fourier
domain after the Fourier transform. Case 2:The selection
of frequency loss for supervising the frequency reconstruc-
tion includes Wavelet loss and Fourier loss as described in
subsection III-C. Case 3:The selection of internal module struc-
tures of WMA includes a dynamic branch responsible for en-
hancing frequency details. By combining Case1 and Case2, it
is evident that selecting the wavelet transform as the frequency

decomposition function, with Fourier loss supervision, is the
optimal choice for achieving accurate SR results at lower costs.
As shown in Fig 11, wavelet and Fourier information facilitate
the recovery of high-frequency features and overall structure,
respectively. Moreover, the dynamic weight within WMA aids
in SR, resulting in a PSNR gain of 0.06 dB with an increase in
the number of Parmas of less than 4 k.

2) Ablation Study on DMNet Configurations: To validate the
robustness of our DMNet configuration, we present a series of
ablations in Fig. 9, which includes the following variants:

Case 1:The benefits of focusing on both spatial and frequency
domain information. As depicted in Fig. 9(a), when supervised
by both spatial and frequency losses, concentrating on both spa-
tial and frequency domain feature reconstruction leads to faster
convergence and superior performance compared to focusing
solely on the spatial or frequency domain without incurring too
much computational consumption.

Case 2:The optimal ratio of modules that concentrate on the
spatial domain to those that focus on the frequency domain. In
our DMNet, employing SMA for the spatial domain and WMA
for the frequency domain, we aim to determine the optimal ra-
tio between the two modules. Fig. 9(b) demonstrates that the
one-to-one ratio currently employed in our method is optimal. It
is worth noting that the stacking order of spatial and frequency
blocks has limited impact on overall performance. However, par-
allel architectures demand carefully designed frequency–spatial
fusion mechanisms. For effectiveness and design simplicity, we
adopt a sequential structure where spatial processing precedes
frequency modeling.

Case 3:Ablation study on the hyperparameter λ of the fre-
quency loss. Fig. 9(c) shows that incorporating frequency loss
supervision enhances the model’s performance, with the opti-
mal performance achieved at λ = 0.1. Deviating too much or
too little from this value can negatively impact performance,
thus justifying our choice of λ = 0.1 for our DMNet.

Case 4:Impact of values of N1 and N2 on performance. In
our DMNet in Fig. 3, we partition the combined SMT and WMT
structure into distinct SWBlocks and SWGroups, which are then
interconnected using residual connections. Fig. 9(d) investigates
the optimal selection of the number of N1 and N2. As N1 and
N2 increase from 2 to 3, there is a rise in PSNR of nearly 0.1
dB, accompanied by a certain increase in computational con-
sumption. However, when N1 and N2 are increased from 3 to
4, the gain in PSNR is relatively smaller, even though the com-
putational consumption increases further. Consequently, in our
DMNet, we choose N1 = N2 = 3.
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TABLE V
ABLATION ON CONFIGURATIONS OF WAVELET-DOMAIN MODULATION SELF-ATTENTION (WMA) AT SCALE FACTORS OF ×4. “WAVELET DOMAIN” AND “FOURIER

DOMAIN” REFER TO THE CHOICE OF FREQUENCY DOMAIN CHOSE WITHIN WMA. “WAVELET LOSS” AND “FOURIER LOSS” REFER TO THE CHOICE OF FREQUENCY

LOSS. “DYNAMIC” REFERS TO THE DYNAMIC WEIGHT IN WMA.

Fig. 9. Ablation studies of our DMNet at scale factors of ×4 on Set5 [14] test set, where all methods in (a) use the loss of (16). N1 and N2 refer to the number
of SWBlock and SWGroup in Fig 3.

Fig. 10. Comparison of our proposed WMA and related self-attention modules
from Restormer [54] and Wave-Vit [63].

Fig. 11. Fourier and Wavelet domain information facilitate the reconstruction
of accurate overall structures (PSNR and SSIM) and sharp SR textures.

3) Comparison of WMA and Existing Self-Attentions: As
shown in Fig. 10, We give structural differences between ours
and relevant self-attentions. Compared to Restormer [54] and
Wave-Vit [63], which have a computational complexity of
O(C2N) and O(N2C/16), respectively, our computational
complexity is smaller, only O(C2N/4), where N = H ×W ,
H , W , C are the height, width, and number of channels of the
feature, respectively. Additionally, our WMA can achieve SR
more efficiently than these methods, including computational
costs, GPU memory in training, and performance on the Set5 test
set. Hence, our WMA is a better solution for frequency-based
SR than existing self-attentions.

TABLE VI
ABLATION STUDY ON EXISTING FREQUENCY-BASED MODULES, INCLUDING

WTM IN JWSGN [26], FSAS IN FFTFORMER [25], WAVEMIX IN

WAVEMIXSR [64], AND WAT IN SODA-SR [34], WITH OUR PROPOSED WMT,
ON THE ×4 SET5 [13] TEST SET

4) Effectiveness of WMT: We compare our WMT with ex-
isting frequency-based SR modules, including methods from
CNN-based and transformer-based methods for processing
wavelet and Fourier features. Notably, these frequency-domain
processing modules originate from general SR methods, as
lightweight SR currently lacks dedicated modules for frequency
exploration. As shown in Table VI, compared to these modules,
our WMT is more efficient, achieving higher PSNR/SSIM with
lower computational cost and faster inference.

Next, we present a feature map visualization of the self-
attention part (WMA) within the WMT interior to highlight
the role of wavelet transform combined with self-attention and
dynamic convolution. As shown in Fig. 12, for input features
with one low-frequency component and three high-frequency
components, self-attention improves global textures by captur-
ing long-range dependencies, leading to a more coherent overall
structure. However, it fails to fully capture subtle low-frequency
details. Dynamic convolution complements this by adaptively
refining these details, ensuring that both global structures and
fine-grained local features are accurately restored, thus enhanc-
ing the overall quality of feature maps.
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Fig. 12. Visualization of features within our WMA. First, self-attention learns relationships between high and low-frequency information in the wavelet domain,
enabling mutual enhancement to reconstruct global dependencies. Then, dynamic convolution adaptively captures the details of each frequency component to refine
local features.

V. LIMITATIONS AND FUTURE WORKS

While our proposed DMNet achieves competitive results in
lightweight SR, there are several areas for improvement. The
model could be further optimized for extremely LR images,
where the current SR performance may not be as robust. Ad-
ditionally, more advanced fusion techniques between frequency
and spatial domains could enhance the overall feature extrac-
tion and reconstruction process. The scalability of the model for
larger datasets and real-time applications also remains a chal-
lenge. In the future, we plan to explore techniques for gener-
ating real LR data [65], efficient state space models such as
Mamba [2], advanced architectures like Gaussian Splatting [66],
and adaptive frequency-spatial fusion strategies [44] to further
enhance model robustness and generalization in real-world SR
scenarios, including real degradations and arbitrary scale task.

VI. CONCLUSION

This paper presents a dual-domain modulation network for
lightweight SR. We introduce SMT and WMT to address recon-
struction in the spatial and frequency domains to enhance per-
formance while maintaining lightweight. Meanwhile, the above
process is supervised through image reconstruction and Fourier
loss. We show that by combining wavelet features with Fourier
supervision, our WMT can reconstruct high-frequency features
while maintaining overall quality. Further, WMT as a frequency
domain exploration module designed for lightweight SR, effec-
tively enhances SR with minimal overhead. Through extensive
experiments on both synthesized and real datasets, we show our
method achieves superior performance with lower complexity,
surpassing state-of-the-art lightweight SR methods.

As this work is mainly based on synthetic datasets and fixed
SR scales, we plan to explore advanced architectures such
as Mamba and 3D Gaussian Splatting, and design adaptive
frequency-spatial fusion and degradation-aware strategies to im-
prove robustness in real-world SR scenarios.
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