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Abstract—Recently, Mamba-based super-resolution (SR) meth-
ods have demonstrated the ability to capture global receptive
fields with linear complexity, addressing the quadratic compu-
tational cost of Transformer-based SR approaches. However,
existing Mamba-based methods lack fine-grained transitions
across different modeling scales, which limits the efficiency of
feature representation. In this paper, we propose T-PMambaSR,
a lightweight SR framework that integrates window-based
self-attention with Progressive Mamba. By enabling interac-
tions among receptive fields of different scales, our method
establishes a fine-grained modeling paradigm that progres-
sively enhances feature representation without introducing
additional computational cost. Furthermore, we introduce an
Adaptive High-Frequency Refinement Module (AHFRM) to
recover high-frequency details lost during Transformer and
Mamba processing. Extensive experiments demonstrate that
T-PMambaSR progressively enhances the model’s receptive field
and expressiveness, achieving competitive performance with
recent Transformer- or Mamba-based methods while incurring
lower computational cost. The code is available at https://
github.com/IVIPLab/T-PMambaSR.

Index Terms—Lightweight super-resolution, Mamba-based,
receptive field.
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I. INTRODUCTION

L IGHTWEIGHT image super-resolution (SR) [1] aims
to reconstruct a high-resolution (HR) image from a

low-resolution (LR) input with limited computational cost,
and has broad applications in image processing [2], video
enhancement [3], and security surveillance [4]. Early CNN-
based methods [5], [6] are constrained by their inherently local
receptive fields. Even with increased depth, CNNs still struggle
to capture long-range dependencies, which are critical for
accurately restoring global structures and fine textures. With
the development of Vision Transformers [7], Transformer-
based SR methods [8], [9], [10], [11], [12] have addressed
this limitation by leveraging self-attention to model long-range
dependencies. However, the quadratic computational complex-
ity of the above Transformer-based SR methods makes them
prohibitively expensive for lightweight SR scenarios.

Mamba-based lightweight SR methods [15], [16] have
shown that state space models (SSMs) [17] can effectively
capture global context with a complexity linear to the spatial
resolution, surpassing Transformer-based baselines [8], [10],
[12]. However, existing Mamba-based approaches [15], [16]
often integrated components with different receptive fields
in a coarse-grained manner. For instance, MambaIRv2 [16]
employed window attention and SSM modules as separate
stages, resulting in hierarchical discontinuity: the model tran-
sitions abruptly from the fine-grained local details captured
by window attention to the broad global context modeled by
Mamba. This lacks a progressive mechanism for cross-scale
feature fusion, limiting the ability to synergize local precision
with global scope and ultimately leading to additional compu-
tational overhead.

To address this challenge, we introduce Transformer-
Progressive Mamba (T-PMambaSR), a lightweight SR archi-
tecture that effectively combines multi-level feature modeling.
As illustrated at the top of Fig. 1, the design integrates standard
Window Multi-Head Self-Attention (W-MHSA) with two spe-
cialized state-space modules. First, the Window Scan Mamba
Layer (WSML) enables both intra-window modeling and long-
range inter-window interactions through multi-scale window
scanning, progressively expanding the modeling windows and
enriching the feature representation with multi-scale informa-
tion. Subsequently, the Global Scan Mamba Layer (GSML)
captures global image features from multiple directions via a
computationally efficient multi-head mechanism, maintaining
high performance without degradation. The MHSA→WSML
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Fig. 1. (Top): Our design rationale is based on progressively exploiting
internal interactions within Window Multi-Head Self-Attention (W-MHSA),
combined with a Window Scan Mamba (WSM) and a Global Scan Mamba
(GSM) operation. This hierarchical structure facilitates the gradual expansion
of receptive fields, ensuring comprehensive information exchange both within
and across windows. (Bottom): Leveraging our design, our method strikes
an optimal balance across Params, FLOPs, and PSNR, surpassing existing
Transformer- and Mamba-based methods.

→ GSML framework forms a hierarchical network that incre-
mentally expands the receptive field, effectively overcoming
the locality constraints of window attention and ensuring
smooth information flow across local, regional, and global
scales.

Moreover, to mitigate the loss of high-frequency details in
SR, we introduce an Adaptive High-Frequency Refinement
Module (AHFRM). Prior studies [18], [19] have demonstrated
that although Transformer- and Mamba-based architectures
excel at capturing low-frequency information, they are inher-
ently limited in modeling high-frequency representations. As
features propagate through these low-pass-filter-like modules,
high-frequency information is gradually attenuated. To address
this issue, AHFRM employs a high-frequency filter to extract
high-frequency features from both the input and output of
the Transformer–Mamba block. The preserved pre-processed
features are then used to guide the recovery of degraded post-
processed content. By embedding high-frequency recovery
into the network, our T-PMambaSR enhances the sharpness
of SR images without compromising efficiency. Based on
the above model architectures, as illustrated at the bottom of
Fig. 1, our T-PMambaSR achieves highly efficient SR, offering
favorable trade-offs among model size and reconstruction
quality.

In summary, the contributions of this paper are as follows:

• Our T-PMambaSR gradually expands the receptive field,
enabling hierarchical feature modeling to transition from
local to global in a fine-grained manner, thereby improv-
ing the efficiency in capturing features at different levels.

• Our AHFRM counteracts the low-pass filtering tenden-
cies inherent in both Transformer and Mamba modules,
specifically recovering high-frequency contexts and edges
that are lost to low-pass filtering.

• Extensive experiments show that our T-PMambaSR
achieves competitive performance compared with most
existing lightweight Transformer- and Mamba-based SR
methods, both qualitatively and quantitatively, with less
computational cost.

II. RELATED WORK

A. Lightweight SR Methods

The development of lightweight SR [20] has evolved
through several architectural paradigms. Early efforts were
dominated by Convolutional Neural Networks (CNNs), where
foundational works established key principles for efficiency.
For instance, FSRCNN [21] pioneered processing features in
the LR space to reduce computational cost, while FDIWN
[5] further refined network design with sophisticated block-
level techniques such as information distillation. These models
excelled at local feature representation but were inherently
limited by their local receptive fields. To capture long-
range dependencies, Vision Transformers were adapted for
SR. For example, SwinIR [8] introduced a highly effective
window-based approach to manage the quadratic complexity
of self-attention. To overcome the limited receptive field
of fixed windows in window-based SR methods [22], [23],
SRFormer [10] introduced permuted self-attention to enable
larger window sizes without prohibitive cost, while HiT-
SIR [11] employed a hierarchical design with progressively
expanding windows to capture multi-scale context. However,
to mitigate the quadratic computational complexity associ-
ated with increasing window sizes, these approaches often
compromise spatial structural information: HiT-SIR relies on
lossy spatial downsampling, while SRFormer alters spatial
structures via its permuted mechanism. Furthermore, these
Transformer-based methods generally lack effective long-
range inter-window interactions.

More recently, works based on State Space Models (SSMs)
[15] have emerged as a powerful alternative for SR, offering
global receptive fields with linear complexity. Recent works
like MambaIRv2 [16] demonstrated the powerful performance
of the hybrid Transformer-Mamba architecture. Similarly,
SRMamba-T [24] explored Mamba-Transformer hybridiza-
tion, while HiMamba [25] introduced hierarchical state-space
modeling. However, these architectures typically stack mod-
ules in a coarse-grained manner and lack mechanisms to
smoothly bridge discrete features at different scales, which
can lead to abrupt receptive field transitions.

In contrast, our T-PMambaSR addresses the limitations
of both paradigms by establishing a strictly fine-grained
transition that progresses smoothly from local to global scales
without any spatial downsampling. By altering window-based
selective scan paths via our WSML and GSML modules
rather than enlarging attention windows, we achieve efficient
inter-window communication and progressive receptive field
expansion without incurring additional computational over-
head.
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B. Frequency-Based Restoration Methods

Another line of research explicitly targets high-frequency
restoration for fine textures that are often lost in spatial back-
bones. For instance, CRAFT [18] enhanced high-frequency
features to compensate for the Transformer model’s bias
toward low-frequency components. ESRT [26] incorporated
high-frequency filtering to preserve texture details, while
WFEN [27] reduced texture loss during downsampling by
separating high-frequency features. AFFNet [28] used adaptive
frequency filters to dynamically mix tokens in the frequency
domain, improving long-range context recovery. FourierSR
[29] modulated the frequency space using the Fourier fre-
quency domain theorem to expand the receptive field of
super-resolution. FDSR [30] reconstructed images step-by-
step using Fourier-based frequency band separation to restore
high-frequency details. DMNet [12] utilized the wavelet
transform to explore the relationship between high-frequency
and other frequency domain features in the SR process.
CFSR [31] improved image reconstruction by integrating
gradient-based edge priors into its feed-forward network to
preserve and strengthen high-frequency information. PoolNet
[32] employed average and max pooling to implicitly sep-
arate and modulate low- and high-frequency features, using
the enhanced high-frequency cues to refine spatial details.
CAN [33] strengthened robustness through frequency-domain
augmentation that adjusts high-frequency components while
preserving key frequency details. Furthermore, while existing
approaches often rely on complex frequency-domain transfor-
mations or implicit feature separation, it is crucial to recognize
that the successive processing in modern Transformer and
Mamba modules inherently causes high-frequency degradation
due to their low-pass filtering tendencies.

To explicitly counteract this issue, rather than implicitly esti-
mating lost details, our proposed AHFRM introduces a direct
reference-guided restoration mechanism. It leverages pristine
high-frequency information extracted from an unprocessed
feature map to explicitly guide the restoration of attenuated
high-frequency content in deeply processed features, thereby
ensuring robust and sharp texture reconstruction.

III. PROPOSED METHOD

In this section, we start by introducing the preliminaries of
state space models before presenting a general architecture of
our T-PMambaSR. Then, we examine the architectural details
of its core components: the Window Interaction State Space
Module (WISSM) and the Multi-head Global State Space
Module (MGSSM). Finally, we discuss the design of our
Adaptive High-Frequency Refinement Module (AHFRM).

A. Preliminaries

State Space Models (SSMs) [17] are a class of models that
map a 1-D input sequence x(t) ∈ R to an N-D latent state h(t) ∈
RN before projecting it to a 1-D output y(t) ∈ R. Originating
from classical control theory, they are particularly adept at
modeling long-range dependencies. Specifically, a continuous-

time SSM can be formulated as a linear Ordinary Differential
Equation (ODE):

dh(t)
dt

= Ah(t) + Bx(t),

y(t) = Ch(t) + Dx(t), (1)

where A ∈ RN×N is the state transition matrix, which describes
how the internal state evolves, and B ∈ RN×1, C ∈ R1×N ,
D ∈ R are projection matrices that map the input to state, the
state to output, and the input to output, respectively.

To be applied to discrete sequential data, such as text
or flattened image patches, this continuous system must be
discretized. A common method is the zero-order hold (ZOH),
which transforms the continuous parameters (A,B) into dis-
crete counterparts (Ā, B̄) using a timescale parameter ∆. The
discretized SSM is then formulated as

hk = Āhk−1 + B̄xk,

yk = Chk + Dxk, (2)

where Ā = exp(∆A) and B̄ = (exp(∆A) − I)A−1B. This
discrete formulation can be unrolled and computed efficiently
as a global convolution, allowing it to be integrated into deep
neural networks.

While the Structured State Space Sequence Model (S4)
made SSMs computationally efficient by structuring the
A matrix, its parameters remain static and input-invariant.
Mamba [17] enhances this by introducing a selection mecha-
nism that renders key parameters (B, C, ∆) input-dependent.
This enables Mamba to selectively modulate information flow
based on content, achieving state-of-the-art performance with
linear complexity. Overall, our work aims to leverage this
efficient and content-aware modeling for SR.

B. General Architecture

As shown in Fig. 2, given a low-resolution (LR) input
image ILR ∈ R

H×W×3, an initial 3 × 3 convolutional layer
first maps the input into a shallow feature FS ∈ R

H×W×C ,
where H, W, and C represent the height, width, and chan-
nel dimensions of the input image. This shallow feature
FS is then fed into several Transformer-Progressive Mamba
(T-PM) Groups to extract deep features FD ∈ R

H×W×C . Each
T-PM Group consists of N stacked Transformer-Window Scan
Mamba (T-WSM) Blocks that progressively refine the features.
A Global Scan Mamba Layer (GSML) is then applied to
expand the receptive field for global modeling, followed by
an Adaptive High-Frequency Refinement Module (AHFRM)
to restore high-frequency details. An additional convolutional
layer is applied at the end of each group for further fea-
ture enhancement. Finally, a long skip connection combines
the shallow and deep features through element-wise addition
FR = FD + FS , and the resulting fused feature map FR is
upsampled to generate the HR output IHR.

C. Window Interaction State Space Module

As a core component of our Window Scan Mamba Layer
(WSML) designed to facilitate long-range communication
across windows and progressively expand the receptive field,
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Fig. 2. The network architecture of our T-PMambaSR, as well as the framework of the (a) Window Scan Mamba Layer (WSML), (b) Transformer Layer
(TL), and (c) Global Scan Mamba Layer (GSML).

Fig. 3. The illustration of our (a) Window Interaction State Space Module (WISSM) with its two flatten mechanisms, Window Interaction / Fusion Flatten
(WIF and WFF), and (b) Multi-head Global State Space Module (MGSSM).

we introduce the Window Interaction State Space Module
(WISSM). As shown in Fig. 3 (a), WISSM first projects the
input feature XW

in ∈ R
H×W×C with a linear layer. The projected

feature is then divided into two parallel streams. The first
stream acts directly as the content feature, while the second
is passed through a gating mechanism to generate a spatial
gate. This gate weight is then multiplied element-wise with
the content feature to adaptively select and enhance important
information while suppressing noise:

XW
p = Linear(XW

in ),

XW
m = XW

p � σ(DWConv(XW
p )), (3)

where � denotes element-wise multiplication and σ is the sig-
moid function. Subsequently, the feature XW

m is processed by
our Multi-scale Window Selective Scan (MWSS) to establish
multi-scale and long-range window-based dependencies. The
process can be described as:

XW
out = Linear(LN(MWSS(XW

m ))). (4)

Multi-scale Window Selective Scan (MWSS). Prior works
based on SSM [15], [34], [35] typically employ the 2D
Selective Scan for global modeling. However, in hybrid
Transformer-Mamba architectures, this creates an abrupt leap
from the local receptive field of window attention to the
global scan, hindering a smooth multi-scale feature transition.
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Fig. 4. The architecture of our (a) Adaptive High-Frequency Refinement Module (AHFRM), (b) Multi-Scale Gating Module (MSGM), (c) High-frequency
Filtering Module (HFM), and (d) High-Frequency Channel Alignment (HFCA).

Moreover, both window attention and the standard 2D selective
scan are ill-suited for long-range interactions between discrete,
window-shaped feature regions of specific size, which is
vital for maintaining coherence in the restoration of global
features. To this end, we propose MWSS to address these
challenges.

Differing from the traditional 2D selective scan paradigm of
feature replication, multi-directional scanning, and summation,
our MWSS operation enhances efficiency by splitting the
feature tensor into two halves along the channel dimension.
These two parts are first flattened separately by a Win-
dow Interaction Flatten (WIF) and a Window Fusion Flatten
(WFF) operation. As depicted in Fig. 3, WIF flattens the
input feature with its scanning window size Lwi set to 16,
consistent with the window self-attention, to facilitate long-
range interactions between windows. Meanwhile, WFF sets
Lw f to 32 to serve as a smooth transition from local to
global receptive fields. Within each MWSS, WIF and WFF
flatten feature maps on the same axis (e.g., both horizontal
or vertical) but in opposite directions, while the flattening
axes and directions alternate across different MWSS to ensure
comprehensive coverage of all four raster-scan orders (i.e.,
top-left to bottom-right, bottom-right to top-left, top-right to
bottom-left, and bottom-left to top-right). Subsequently, these
two flattened feature sets are processed independently by the
Selective Scan Module, after which their resulting outputs are
concatenated:

Xi, X f = Split(XW
m ),

Xw = Concat

 
SSM(WIF(Xi)),
SSM(WFF(X f ))

!
.

(5)

This parallel design achieves efficient long-range window
interaction while establishing a smooth multi-scale receptive
field transition.

D. Multi-Head Global State Space Module

After a sequence of window self-attention and WISSM
dedicated to fine-grained, multi-scale local modeling, as shown
in Fig. 2, we introduce the Multi-head Global State Space
Module (MGSSM) within our GSML, where our purpose is
to further expand the receptive field to a global scale, ensuring
that our feature representation captures both fine local details
and long-range structural coherence.

As depicted in Fig. 3 (b), our MGSSM is structurally
analogous to WISSM, differing only in its utilization of the
Multi-head Global Selective Scan (MGSS). The process is:

XG
p = Linear(XG

in),

XG
m = XG

p � σ(DWConv(XG
p )),

XG
out = Linear(LN(MGSS(XG

m))), (6)

where � denotes the element-wise multiplication.
Multi-head Global Selective Scan (MGSS). Adopting a

paradigm similar to MWSS, we process the input tensor by
first splitting it into four parts along the channel dimension,
each with C/4 channels. Each part is then flattened and scanned
in parallel along one of the four raster-scan orders (i.e., top-left
to bottom-right, bottom-right to top-left, top-right to bottom-
left, and bottom-left to top-right). The four resulting output
features are subsequently concatenated. This design reduces
computational complexity while achieving performance that
is nearly identical to that of a version using the traditional 2D
selective scan, as validated in Table IV.

E. Adaptive High-Frequency Refinement Module

We propose an Adaptive High-Frequency Refinement
Module (AHFRM) that extracts pristine high-frequency infor-
mation from an initial, unprocessed feature as a reference. This
reference guides the adaptive restoration of high-frequency
information that has been attenuated within the feature after
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undergoing low-frequency-biased modeling by a series of
Transformer and Mamba operations.

Inspired by the design of extracting and enhancing high-
frequency features in ESRT [26], as shown in Fig. 4 (c),
for a given input F ∈ RC×H×W , we first apply a pool-
ing layer to reduce its spatial resolution by half, utilizing
the low-frequency extraction properties of pooling to obtain
its low-frequency components, FL ∈ R

C× H
2 ×

W
2 . This low-

frequency feature is then upsampled back to the original
resolution using bilinear interpolation. Finally, the upsampled
low-frequency feature is subtracted from the original feature
F, and the resulting difference constitutes the desired high-
frequency feature FH ∈ RC×H×W . This process can be
formulated as:

FL = Pooling(F),
FH = F − Upsample(FL). (7)

As depicted in Fig. 4 (a), each Adaptive High-Frequency
Refinement Module (AHFRM) receives two inputs: the
pristine, unprocessed feature Xori ∈ RC×H×W with its
high-frequency information intact, and the deeply processed,
low-frequency-biased feature Xl f ∈ R

C×H×W . To obtain the
reference high-frequency information Xre f

h f ∈ R
C×H×W , Xori

is first processed by our Multi-Scale Gating Module (MSGM)
for selective multi-scale extraction, followed by an HFM and a
3×3 depth-wise convolutional layer. In parallel, Xl f is passed
through a 1×1 convolutional layer and an HFM to extract the
degraded high-frequency information Xdeg

h f ∈ R
C×H×W targeted

for adaptive restoration:

Xre f
h f = DWConv3×3(HFM(MSGM(Xori))),

Xdeg
h f = HFM(Conv1×1(Xl f )). (8)

Then, the two extracted high-frequency features are concate-
nated and fused by a 1 × 1 convolution, which projects
them back to the original channel dimension to form a
refined high-frequency feature Xh f ∈ R

C×H×W . In parallel,
we introduce a High-Frequency Channel Alignment (HFCA).
As shown in Fig. 4 (d), HFCA generates a channel attention
map M ∈ RC×1×1 from the high-frequency degraded feature
Xl f ∈ R

C×H×W and uses it to apply channel-wise weights to
the refined high-frequency feature. Subsequently, this weighted
high-frequency feature is fused with the low-frequency-biased
feature via a residual connection and a 1 × 1 convolution to
generate the refined feature XR. This process is:

Xh f = Conv1×1(Concat(Xre f
h f , X

deg
h f )),

XR = Conv1×1(Xh f � HFCA(Xl f ) + Xl f ). (9)

Based on these designs, our AHFRM supplements the high-
frequency information weakened by the Transformer or
Mamba.

F. Computational Complexity Analysis

For an input feature map of size H × W × C, standard
Window-MHSA (W-MHSA) with a window size of M × M
exhibits a computational complexity of O(HWC2+HWM2C).
Although this scales linearly with the overall spatial resolution

H ×W, it remains quadratic with respect to the window size.
In contrast, the selective scan component in our proposed
Mamba-based modules (WISSM and MGSSM) processes fea-
tures with a complexity of O(HWCN), where N denotes the
dimension of the SSM state. By adopting different scanning
paths alone, MWSS and MGSS achieve efficient receptive
field expansion and long-range inter-window interactions with-
out increasing the computational cost. This design preserves
strict linearity and avoids the quadratic bottleneck caused by
enlarging window sizes, thereby significantly reducing the
computational burden.

IV. EXPERIMENTS

A. Experimental Settings

1) Datasets and Metrics: Following prior works [10], [11],
[12], we train our model on the DIV2K [44] dataset, which
contains 800 pairs of images, and evaluate it on five benchmark
datasets: Set5 [36], Set14 [13], BSDS100 [37], Urban100 [14],
and Manga109 [38]. The LR images are obtained from their
corresponding HR counterparts using bicubic degradation. We
conduct experiments under three upscaling factors: ×2, ×3,
and ×4. To further validate our method, we train and test our
model on the RealSRv3 [43] dataset. It contains real-world
LR-HR image pairs obtained by adjusting the focal length of
a camera on the same scene and subsequently aligning the
images. To evaluate performance, we use PSNR and SSIM
[45], both calculated on the Y channel in the YCbCr space.
For real-world SR tasks, we also utilize the LPIPS [46] metric,
as it aligns better with human subjective visual perception
compared to traditional pixel-wise metrics.

2) Implementation Details: Consistent with previous meth-
ods, we perform data augmentation with random horizontal
flips and rotations of 90◦, 180◦, and 270◦. Our proposed model
is constructed with 4 Transformer-Progressive Mamba Groups,
and within each group, we set the number of Transformer-
Window Scan Mamba Blocks to N = 4 and the channel width
to 48. During training, we use a batch size of 32, and the
patch size is set to 64 × 64. The model is trained for a total
of 600K iterations using the Adam optimizer with β1 = 0.9
and β2 = 0.99. We optimize the network using L1 loss with
a weight of 1. The initial learning rate is set to 2 × 10−4

and is halved at [300K, 450K, 525K, 575K] iterations. All
experiments are implemented using the PyTorch framework
and conducted on two NVIDIA GeForce RTX 4090 GPUs.

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

To evaluate the performance of our model, we compare
it with several state-of-the-art lightweight SR approaches,
including Transformer-based methods: SwinIR-light [8],
ELAN-light [9], SRFormer-light [10], Omni-SR [39], HiT-
SIR [11], and ESC-lt [40]; Mamba-based methods: CNMC
[41], MambaIR-light [15] and MaIR-Small [42]; as well as the
hybrid Transformer-Mamba approach MambaIRv2-light [16].

1) Quantitative Comparisons: Table I presents the quantita-
tive comparison of our T-PMambaSR with existing methods at
scale factors of ×2, ×3, and ×4. Our model outperforms exist-
ing methods with architectures based solely on Transformer
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TABLE I
QUANTITATIVE EVALUATION OF LIGHTWEIGHT SR METHODS, INCLUDING TRANSFORMER-BASED AND MAMBA-BASED METHODS. FLOPS ARE

MEASURED ON UPSAMPLED IMAGES OF SIZE 1280 × 720. THE BEST AND SECOND-BEST ARE BOLD AND UNDERLINED

or Mamba in terms of both PSNR and SSIM across most
benchmarks. Compared to MambaIRv2-light [16], a power-
ful hybrid Transformer-Mamba model, our method achieves
comparable performance on the ×2 task and surpasses it on
the ×3 and ×4 tasks while utilizing fewer parameters and
FLOPs. Specifically, our model outperforms SRFormer-light
[10] on Urban100 [14] by 0.26 dB, 0.25 dB, and 0.20 dB in
PSNR at three scale factors, respectively, while saving 20% of
the parameters. Compared to the latest Mamba-based method,
MaIR-Small [42], our method achieves an average PSNR
gain of 0.10dB on the ×2 task and demonstrates consistent
performance advantages across all benchmarks on the scale
of ×3 and ×4, while using only approximately 51% of its
parameters and 45% of its FLOPs, showing the lightweight
nature of ours.

For the real-world scenario, we conduct experiments
on RealSRv3 [43], which provides authentic LR-HR pairs
captured by modulating camera focal lengths. We com-
pare our T-PMambaSR with several lightweight models:
SRFormer-light [10], HiT-SIR [11], MambaIR-light [15], and
MambaIRv2-light [16]. For a fair comparison, all models are

TABLE II
QUANTITATIVE EVALUATIONS OF OUR METHOD AND EXISTING

LIGHTWEIGHT SR METHODS ON A REAL-WORLD TEST SET

initialized with their pre-trained ×4 weights and subsequently
fine-tuned for 200K iterations on the RealSRv3 training set.
Evaluation is then performed on the official RealSRv3 test
set. As presented in Table II, our model achieves the highest
PSNR, ties for the best SSIM, and obtains the lowest LPIPS
among the listed methods, while using the fewest parameters.

2) Qualitative Comparisons: Fig. 5 presents the visual
comparisons on synthesized datasets for the ×2, ×3, and
×4 tasks, while Fig. 6 shows the ×4 qualitative results on
the real-world test set, including Nikon and Canon datasets.
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Fig. 5. Qualitative comparisons with existing methods in different scenes. Our method can restore clearer edges and structures.

Fig. 6. Qualitative comparisons of our T-PMambaSR with existing methods on the real-world test set RealSRv3 [43].

Fig. 7. Qualitative comparisons of our T-PMambaSR with existing methods
on 208001 from the BSDS100 dataset (×2). Our method achieves sharper
and more accurate restoration on natural textures.

Across all scales, our method demonstrates superior restoration
clarity and accuracy. While other Transformer and Mamba-
based models tend to blur or misalign high-frequency details,

our adaptive refinement strategy excels at restoring these
challenging textures, such as small letters in ppt3 and fine
textures in img024 and Canon045. Moreover, other models
lacking a fine-grained receptive field transition exhibit sig-
nificant distortions or indistinctions on long-range structural
details (e.g., img011, img004, and Nikon042). In contrast,
our progressive receptive field expansion enables a more
accurate reconstruction of these structures, yielding results
closest to the ground truth. Furthermore, to demonstrate the
generality of our model beyond highly structured scenes,
Fig. 7 visualizes its performance on natural textures using an
image from the BSDS100 dataset (image 208001). Compared
with existing models, our T-PMambaSR achieves sharper
and more accurate restoration of complex natural patterns,
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TABLE III
EFFICIENCY COMPARISON WITH EXISTING TRANSFORMER/MAMBA-BASED LIGHTWEIGHT SR METHODS [8], [10], [16], [42] ON THE ×4 SCALE,

INCLUDING THE NUMBER OF PARAMETERS AND FLOPS, INFERENCE SPEED, AND AVERAGE PSNR/SSIM ON FIVE BENCHMARKS. FLOPS AND
SPEED ARE MEASURED ON UPSAMPLED IMAGES WITH A SPATIAL SIZE OF 1280 × 720 USING A SINGLE NVIDIA RTX 4090 GPU

TABLE IV

ABLATION STUDIES OF OUR CORE MODEL COMPONENTS. WE VALIDATE THE EFFECTIVENESS OF OUR MWSS AT THE WINDOW SCAN STAGE
(REPLACED IN MODEL2 & 3), MGSS AT THE GLOBAL SCAN STAGE (REPLACED IN MODEL1 & 3), AND HFM AT THE HIGH-FREQUENCY

REFINEMENT STAGE (REMOVED IN MODEL4). OUR FULL MODEL ACHIEVES THE BEST PERFORMANCE AND EFFICIENCY

confirming its robust generalization capability across diverse
image types.

3) Efficiency: As shown in Table III, we evaluate the effi-
ciency of our approach in comparison to existing Transformer-
and Mamba-based methods, including SwinIR-light [8],
SRFormer-light [10], MaIR-Tiny [42], MaIR-Small [42], and
MambaIRv2-light [16]. Using ×4 scale as an example, we
report the model’s parameter count, FLOPs, inference speed,
and average PSNR/SSIM across five benchmarks reported
in Table I. These results demonstrate that with the fewest
parameters, our model achieves the fastest inference speed
among Mamba-based methods, reducing inference latency by
49% and 71% compared to MaIR-Tiny and MaIR-Small,
respectively, while remaining competitive with Transformer-
based models.

C. Ablation Studies

For ablation studies, all models are trained on the DIV2K
dataset with 300K iterations and tested on the Manga109 (×2)
test set. Our ablation studies focus on analyzing the impact
of our proposed module components, the choice of scanning
window size, and the strategy for receptive field transition.

1) Module Components: Table IV presents our ablation
study validating that our proposed MWSS, MGSS, and HFM
operations each contribute positively to performance. To verify
the efficacy of our scan operations, we create three variants:
Model1 replaces MGSS (in GSML) with the widely used
2D-selective scan (2D-SS) [15], [34], [47]; Model2 replaces
MWSS (in WSML) with 2D-SS; and Model3 replaces all
of our scan operations (MWSS and MGSS) with 2D-SS.
Concurrently, to validate the HFM’s role, Model4 removes
it from the AHFRM. The results demonstrate that our model,
with all components, achieves the best restoration metrics with
the lowest parameter count and computational cost. Notably,
replacing all our custom scans (Model3) increases parame-
ters by approximately 100K and degrades PSNR by 0.08dB.

TABLE V

ABLATION STUDIES OF OUR MULTI-SCALE WINDOW SELECTIVE SCAN
(MWSS) STRATEGY AND OUR CHOICE OF WINDOW SIZES IN WIF

AND WFF, RESPECTIVELY. DISABLING MWSS (CASE1-3) OR
USING WINDOW PAIRS WITH A LARGE SIZE DISPARITY

(CASE4) LEADS TO PERFORMANCE DEGRADATION. THIS
CONFIRMS THAT A SMOOTH MULTI-SCALE TRANSITION

(OURS) IS CRUCIAL

Furthermore, removing the parameter-free and computation-
ally negligible HFM (Model4) causes a 0.11dB PSNR drop,
demonstrating its significant advantage for SR reconstruction.

2) Scanning Window Size: To validate the contribution
of our Multi-scale Window Selective Scan (MWSS) strategy
and demonstrate the optimality of the selected 16 × 16 and
32×32 scanning window sizes, we conduct a series of ablation
experiments, with results presented in Table V. In Case1,
Case2, and Case3, we deactivate the MWSS strategy and
instead use two parallel scans with identical window sizes but
different directions. In Case4 and Case5, the MWSS strategy
is employed with different combinations of window sizes for
the parallel scans. The results show that our proposed MWSS
strategy and window size selection yield the best performance.
Notably, simply adopting the MWSS strategy is insufficient if
the disparity between window sizes is too large, as seen in
the performance drop in Case4. We observe that a smooth
receptive field transition (as in Ours) is essential for achieving
optimal modeling performance.

3) Receptive Field Transition: Inspired by prior works [11],
[16], we design a progressive modeling strategy that expands
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Fig. 8. Visual comparisons of different SR methods on multi-scale targets. The target in Patch 1 represents local information, while the targets in Patch 2
and Patch 3 extend beyond a 16 × 16 W-MHSA window. Competing Transformer and Mamba architectures exhibit mixed performance across these varying
scales. In contrast, our method’s hybrid architecture and progressive receptive field expansion strategy consistently yields the best visual quality across all
targets.

TABLE VI

ABLATION STUDIES OF THE RECEPTIVE FIELD TRANSITION SEQUENCE.
OUR PROGRESSIVE SMALL-TO-LARGE STRATEGY YIELDS THE

BEST PERFORMANCE. ANY DEVIATION FROM THIS DESIGNED
SEQUENCE RESULTS IN PERFORMANCE DEGRADATION,

CONFIRMING THE OPTIMALITY OF OUR APPROACH

the receptive field from small to large. We conduct an ablation
study to validate the effectiveness of this sequence, with
results presented in Table VI. Our modules—TL, WSML,
and GSML—are designed to model features at local, regional,
and global scales, respectively. The results confirm that our
proposed small-to-large (local→ regional→ global) sequence
achieves optimal performance. As shown, any deviation from
this progressive order leads to degradation in performance.

V. FURTHER ANALYSIS

A. Progressive Expansion of Receptive Field

Our method proposes a progressive receptive field expansion
strategy based on a hybrid Transformer-Mamba architecture.
To demonstrate the superiority of this paradigm, we conduct
a qualitative comparison on the Urban100 img073, which is
rich in multi-scale features. As shown in Fig. 8, our model
achieves the best visual results and the highest PSNR/SSIM
(as shown in Table VII) on objects at various scales.

Transformer-based methods [10], [11], [40], leveraging
window-based multi-head self-attention (with a standard win-
dow size of 16×16 or smaller; here, we adopt 16×16 for our
W-MHSA), excel at restoring regional features within small

TABLE VII

QUANTITATIVE COMPARISON OF PERFORMANCE ON MULTI-SCALE
PATCHES. “ARCH” DENOTES THE ARCHITECTURE (“T”: TRANS-

FORMER, “M”: MAMBA, “T-M”: HYBRID), AND “RFT” INDICATES
WHETHER A RECEPTIVE FIELD TRANSITION STRATEGY IS

EMPLOYED. OUR HYBRID MODEL WITH A PROGRES-
SIVE RFT STRATEGY OBTAINS THE HIGHEST METRICS

ACROSS ALL THREE PATCH SCALES

window sizes (e.g., Patch 1), where Mamba-based methods
[15] struggle. However, when the target object’s size exceeds
the size of windows (e.g., Patch 2 and Patch 3), these
Transformer-based models show their limitations. Their fixed,
small windows cannot capture the complete object, and they
suffer from a lack of inter-window interaction. Meanwhile,
Mamba-based models like MambaIR [15] and MambaIRv2
[16] also fail to achieve optimal results, as their scanning
mechanisms (e.g., 2D selective scan and semantic guided
neighboring scan) disrupt the original spatial relationships of
neighboring pixels and lack a smooth receptive field transition.

In contrast, our method performs well in these scenarios.
For larger structures (e.g., Patch 2 and Patch 3), after the
initial MHSA modeling, it employs the WSML as a transition.
The WSML refines the preceding MHSA features via inter-
window interaction and captures the complete object using
larger-window modeling, before the GSML embeds the target
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Fig. 9. Visualization of features from three stages. We show the outputs from our TL and WSML (from the final T-WSM Block of the last two T-PM Groups)
and the subsequent GSML. The indistinct long-range features from the TL stage are progressively detailed by the subsequent WSML (regional) and GSML
(global) stages.

Fig. 10. LAM [48] comparison between our model and existing methods [10], [15], [16] on the ×4 scale. Our method leads to the maximum pixel contribution
areas, confirming its superior capacity for capturing broad contextual information.

Fig. 11. LAM [48] comparisons at the ×4 scale between our progressive sequence (TL → WSML → GSML) and its variants: (1) shuffled variants (Sequence
1: WSML → TL → GSML, Sequence 2: GSML → TL → WSML), and (2) a pure Mamba variant, which replaces all W-MHSA modules with MWSS. The
proposed progressive sequence yields the highest DI value and the largest pixel contribution area, confirming that our local-to-global transition architecture
more effectively enables broad contextual engagement than both the pure Mamba variant and the shuffled sequences.

in a global context for final refinement. This rich, progressive
modeling process fully leverages the respective advantages
of the hybrid Transformer-Mamba architecture. Notably, HiT-
SIR [11] similarly recognizes the importance of progressive
expansion, yet their gradually enlarging attention window
only achieved suboptimal results. This is because HiT-SIR
[11] is confined to information exchange within different
windows, whereas our approach utilizes a scanning mechanism
to concatenate information across different windows, thereby
achieving superior reconstruction.

Fig. 9 visualizes the intermediate feature maps from our
three modeling stages. Details that remain indistinct within
the smaller receptive field of an earlier stage are progressively
refined as they pass through subsequent stages with larger
contextual windows, ultimately leading to a result that is clear
at all scales. Furthermore, we employ Local Attribution Maps
(LAM) [48] in Fig. 10 to analyze the contextual range of

different architectures. LAM illustrates the model’s contextual
engagement by correlating all pixels with a target patch (red),
where a higher Diffusion Index (DI) or larger contribution
area signifies a broader receptive field. Our method achieves
the highest DI value and the largest pixel contribution area,
demonstrating its ability to leverage a wider context. Although
MambaIR-light [15] shows a comparable contribution area, its
lack of a fine-grained receptive field transition and rich mod-
eling strategies results in significantly inferior performance.
This stark contrast highlights the conceptual advancement
of our architecture, which achieves a strictly fine-grained,
progressive receptive field transition (local → regional →
global) together with effective inter-window communication.
To further validate the necessity of this design, we compare our
modeling sequence (TL → WSML → GSML) with shuffled
variants. As shown in Fig. 11, our proposed configuration
achieves the highest DI value and the largest pixel contribution
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TABLE VIII

ABLATION STUDIES OF OUR AHFRM COMPARED WITH EXISTING
MODULES FROM ESRT [26] AND CRAFT [18]

area, significantly outperforming both the shuffled variants
(Sequence 1: WSML → TL → GSML, and Sequence 2:
GSML → TL → WSML) and the Pure Mamba variant,
which replaces all W-MHSA modules with MWSS. Notably,
the clear superiority over the Pure Mamba variant further
confirms that the observed gains do not stem merely from
Mamba’s inherent long-range modeling capability, but from
the architectural synergy brought by our local-to-global tran-
sition design. These results demonstrate that our designed
sequence effectively maximizes contextual engagement and
validates the structural rationale behind our progressive archi-
tectural design.

B. High-Frequency Restoration

Our AHFRM aims to refine the high-frequency information
that is often lost after being processed by the Transformer
and Mamba blocks. While existing frequency-aware methods
like ESRT [26] and CRAFT [18] attempt to enhance high-
frequency details either prior to deep spatial modeling or
directly from features that have already been degraded by low-
pass-like spatial blocks, our AHFRM overcomes this limitation
by employing a reference-guided restoration mechanism.
Specifically, its dual-branch design extracts pristine, unde-
cayed high-frequency priors from early shallow features to
serve as explicit guidance. This enables highly targeted recov-
ery by using pristine priors to adaptively restore damaged
high-frequency features, rather than merely refining already
degraded information. To empirically validate the effectiveness
of this design, we replace our AHFRM with equivalent base-
line modules—namely, the HPB from ESRT and the HFERB
from CRAFT (denoted as ESRT-variant and CRAFT-variant
in Table VIII, respectively). As shown, our AHFRM consis-
tently outperforms both variants. These results provide strong
empirical evidence that using pristine high-frequency priors to
explicitly guide the restoration process is fundamentally more
effective for accurate texture recovery than simply refining
already degraded features.

Fig. 12 visualizes the effectiveness of our AHFRM using
its intermediate features. Fig. 12 (a) shows the features before
and after the AHFRM module; the attenuated high-frequency
textures become significantly clearer after modeling because
we use undecayed high-frequency information as a supple-
ment to guide the restoration of the degraded HF content.
Fig. 12 (b) further demonstrates the superiority of this method.
The restored high-frequency feature Xh f in Fig. 4 possesses
visibly clearer textures than the degraded feature Xl f . After an
adaptive and weighted fusion, the resulting feature Xsum has
shown superior, clearer edges prior to further convolutional

Fig. 12. Visualization of our AHFRM’s high-frequency refinement
mechanism. (a) Demonstrates the effectiveness of AHFRM in enhancing high-
frequency features. (b) It details the internal mechanism: input features are
enriched by the fusion of supplementary high-frequency features, effectively
restoring details missing from the input.

TABLE IX
ABLATION STUDIES COMPARING OUR HYBRID ARCHITECTURE WITH

PURE-TRANSFORMER AND PURE-MAMBA VARIANTS

processing, which confirms that our high-frequency targeted
refinement is significantly effective.

C. Superiority of the Hybrid Architecture

Our T-PMambaSR deliberately integrates Transformer and
Mamba modules to leverage their complementary strengths.
While W-MHSA excels at extracting precise local features,
expanding its receptive field (window size) incurs quadratic
complexity, forcing pure-attention methods to rely on lossy
operations that compromise spatial integrity. In contrast, purely
Mamba-based models efficiently capture global contexts but
often struggle to accurately reconstruct fine-grained local
structures. Our hybrid architecture addresses these limita-
tions. By transitioning from W-MHSA to our Mamba-based
modules (MWSS and MGSS), we expand the receptive field
and achieve effective inter-window communication solely by
altering the selective scan paths. This ensures a smooth, fine-
grained scale transition without additional costs or spatial
feature loss.

To quantitatively validate our hybrid design, we construct
two single-architecture baselines under a controlled parameter
count: a Pure Transformer variant (using only hierarchical
transformer blocks from HiT-SIR [11]) and a Pure Mamba
variant (replacing all W-MHSA with MWSS). In these com-
parisons, AHFRM is kept unchanged to strictly isolate the
effect of the spatial backbone. As shown in Table IX, our
hybrid architecture significantly outperforms both variants.
These results demonstrate that integrating Transformer and
Mamba modules achieves a superior receptive field transition
and better overall performance than either single paradigm.

VI. LIMITATIONS AND FUTURE WORKS

While our T-PMambaSR achieves competitive performance
with high efficiency, we acknowledge several limitations that
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offer avenues for future research. First, although our hybrid
design is lightweight, the Window-MHSA component still
accounts for a notable portion of the model’s parameters
and computational load. Exploring lighter-weight attention
variants or dynamic attention mechanisms could further reduce
the computational overhead without compromising their local
modeling capabilities. Second, our progressive scanning strat-
egy relies on pre-defined, fixed window sizes (e.g., 16 × 16
and 32× 32) for the WSML. While effective, this fixed-scale
approach may not be optimal for all image content. A future
direction would be to develop a more flexible or content-
adaptive scanning mechanism, where the window sizes and
scanning paths are dynamically determined based on the input
image’s structural properties. Finally, our model is specifically
designed and optimized for the task of single-image SR. Its
effectiveness and generalizability to other low-level vision
tasks [49], such as image denoising and deblurring, have not
yet been validated. Adapting and evaluating our progressive
hybrid modeling paradigm for these related tasks remains a
promising area for future investigation.

VII. CONCLUSION

In this paper, we proposed the T-PMambaSR, an efficient
hybrid Transformer-Mamba architecture for lightweight SR.
Our core contribution is a progressive receptive field expansion
strategy that synergizes the local modeling strength of Trans-
formers with Mamba’s long-range dependency capabilities.
This is achieved through two novel modules: the WSML
for regional modeling and the GSML for global context.
Furthermore, we design an AHFRM to effectively restore
high-frequency texture details that may be lost during global
interaction. Experiments demonstrate that our T-PMambaSR
achieves competitive performance compared with existing
lightweight Transformer- and Mamba-based SR methods on
both synthetic and real-world benchmarks, while incurring
lower computational cost and faster inference speed. Overall,
we can conclude that our work validates the superiority of a
smooth, progressive local-to-global paradigm for hybrid SR
models.
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