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ABSTRACT Recent studies on image super-resolution (SR) have focused on just expanding the receptive
field. However, the insight from local attribution maps has enlightened the need for an improved
exploitation of information within the receptive field. To address this, we propose a novel image super-
resolution model, named Uniwin, that balances local and global interactions through unifying two types of
window-based local attention mechanisms: shifted-window attention and sliding-window attention. Uniwin
combines swift global context access with comprehensive local context capture. Our approach involves
the initial sliding-window attention to collect comprehensive local pattern information, followed by the
non-overlapping shifted-window attention to expand the receptive field for global interactions. Empirical
evaluations demonstrate Uniwin’s superiority over state-of-the-art models across five benchmark datasets.
Specifically, in SR x2 task, our model achieved 0.25dB higher PSNR on the Set14 dataset, and 0.14dB higher
PSNR on the Urban100 dataset than existing state-of-the-art model using a similar number of parameters.
Additionally, our model achieved comparable performance to existing large-scale models with only 58%
of the parameters. Ablation studies on sliding-window and shifted-window attention mechanisms reveal
the critical importance of the context harmonization for image super-resolution. In conclusion, Uniwin
represents a reasonable solution that effectively integrates global and local attention mechanisms, enhancing
image super-resolution performance.

INDEX TERMS Image super-resolution, window-based local attention, shifted-window attention, sliding-
window attention.

I. INTRODUCTION

In recent years, the creation and sharing of digital images
have become increasingly common activities worldwide.
However, the resolution of the images often can be limited
due to various environmental factors, such as constraints
imposed by the capturing device or limitations in data
transmission. These low-resolution images lack fine visual
details and compromise the overall sharpness and fidelity
of the image. Image super-resolution (SR) aims to enhance
the visual quality of such low-resolution images by restoring
missing information to produce high-resolution images.
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Over the past few years, convolutional neural networks
(CNNs) have played a significant role in SR research,
leveraging their ability to capture local patterns such as
textures, borders, lines, and color variations in images [1],
[2], [31, [4]. Nevertheless, the scalability of CNN’s modeling
capabilities for long-range dependencies is limited due to
the inherent constraints of the parameter-dependent receptive
field scaling and the content-independent local interactions.
To address these limitations, the self-attention mechanism
of Transformers [5] has emerged as a promising alternative
to CNNs. Extensive studies have demonstrated the efficacy
of Transformers’ global interactions not only in the field of
natural language processing but also in the field of computer
vision [5], [6], [7], [8], [9], [10], [11], [12]. Within the
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FIGURE 1. SR (x4) results from SwinIR and local attribution maps.
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(b) Sliding-window attention

FIGURE 2. Comparison of attention span between shifted-window attention and sliding-window attention.

field of SR, several methods have successfully employed
self-attention mechanisms, yielding impressive results [13],
[14], [15], [16], [17], [18], [19], [20], [21], [22]. Notably,
SwinIR [18] has achieved remarkable advancements by
leveraging window-based local self-attention following Swin
transformer [7].

The window-based self-attention provides quick access
to a broad receptive field with modest computational costs.
However, we noticed a wide receptive field does not always
guarantee the improved SR performance by examining the
local attribution maps (LAM) of SR model. LAM in Figure 1
represents pixels that participated in the reconstruction of
the region marked with a small red box in high-resolution
(HR) image. As shown in Figure 1, even though a SR
model obtain information from a vast area to restore the
boxed region, the resulting SR images exhibit blurriness or
inaccurate textures. Based on these observations, we noticed
that merely expanding the receptive field yield limited
efficacy in learning features for SR.

These inaccurate restorations might be due to the
non-overlapping window partitioning method which prevents
pixels located at the edges of the window from gathering
comprehensive local context. Consider Figure 2, which
offers a simplified depiction of the non-overlapping window
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partitioning and the cyclic shifts of the shifted-window
attention. Four local attention windows with bold borders are
displayed in the left subplot, each containing 8 x 8 visual
patches. The subsequent right subplot illustrates nine local
attention windows resulting from the cyclic shifts. There are
two highlighted patches in yellow and red. In the left subplot,
the yellow patch contains a visual context of ‘building,
yet most other patches in the same window (shaded in
yellow) contain a visual context of ‘sky.” This prevalence
of ‘sky’ within the same window limits the yellow patch’s
ability to obtain an appropriate local context through self-
attention. Conversely, in the case of the red patch, self-
attention produces more comprehensive information than the
yellow one, as most patches in the same window (shaded
in red) share a visual context of ‘building.” Even with the
shift in attention windows, the bias towards the local context
within each attention window persists. The right subplot of
Figure 2 illustrates that while the yellow patch can efficiently
attend to a rich local context, the red patch can only access a
weaker local context. The above observation emphasizes that
SR model requires not only fast access to global information
but also accurate collection of local information.

To address this issue, we considered adopting the overlap-
ping window partitioning approach, in which the attention
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FIGURE 3. Comparison of parameters and PSNR scores of SR models.
Green bars represent for the parameter count of each model, while blue
dots indicate their corresponding PSNR of Urban100 (x4). Notably,
Uniwin model demonstrates an impressive PSNR performance
considering its number of parameters.

window is determined to include the nearest region of
each patch rather than rigidly adhering to a fixed grid
alignment. The attention method using the overlapping
window partitioning is called a sliding-window attention [8],
[10], [23]. It is illustrated in Figure 2b, where the placement
of attention windows enables both the yellow and red
patches to engage more effectively with their relevant local
visual contexts. Compared to the shifted-window attention,
the sliding-window attention is slower in accessing the
global context, but more suitable for learning local context.
Therefore, we combined these two types of window-based
attention to train SR model.

In this study, we introduce a novel image super-resolution
model named Uniwin, which effectively addresses the
balance between global context and local context by inte-
grating two distinct types of window-based local attention,
namely shifted-window attention and sliding-window atten-
tion mechanisms. This integration allows for swift access
to the broader context while ensuring the thorough capture
of accurate local patterns. To describe the methodology, our
Uniwin model is outlined as follows: Initially, all pixels
capture precise local pattern information by implementing
the sliding-window attention mechanism. Subsequently, the
receptive field is rapidly expanded via the non-overlapping
shifted-window attention strategy. This strategy empowers
Uniwin to discern analogous patterns over extended dis-
tances, thereby enhancing its performance in image super-
resolution tasks.

It is noteworthy that Uniwin incurs minimal additional
computational overhead compared to the state-of-the-art
models. Figure 3 presents a chart that displays the model
parameters against PSNR performance. Uniwin not only
achieves a superior Peak Signal-to-Noise Ratio (PSNR) with
a moderate number of parameters but also surpasses the
performance of models with a similar parameter count.
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Significantly, it approaches the performance of HAT [15],
which operates with a much larger set of parameters. This
remarkable efficiency is attributed to Uniwin’s capability to
capture both local and global contexts effectively.

The primary contributions of this work are summarized as
follows:

o We introduce Uniwin, a new SR model designed to
allow two types of window attention operations to work
complementary to each other.

o Through empirical evaluations, we validate Uniwin’s
superior performance over state-of-the-art models with
comparable parameters across five benchmark datasets.

« By conducting extensive ablation studies on sliding- and
shifted-window attention, we illuminated the influence
of each window attention mechanism on image super-
resolution process.

The subsequent sections are structured as follows: Sec-
tion II provides a concise overview of the related research.
In Section III, our proposed Uniwin method is described.
Section I'V shows the experimental results and corresponding
analyses. Conclusive insights are presented in Section V,
summarizing the essential findings and implications.

Il. RELATED WORK

A. CONVOLUTIONAL NEURAL NETWORKS

Convolutional Neural Networks (CNNSs) are the foundational
architecture for numerous image super-resolution (SR) mod-
els, capitalizing on their intrinsic ability to capture local
patterns. Notably, SRCNN [1] was one of the pioneering
works incorporating deep CNNs for image super-resolution.
Subsequently, CNN-based advancements, including notable
contributions such as VDSR [2], EDSR [3], RCAN [4],
NLRN [24], and NLSA [25], have sought to enhance model
representation. In models like VDSR and EDSR [2], [3],
the residual learning was integrated to foster deeper network
structures. Meanwhile, attention mechanisms within the
CNN paradigm, such as channel attention [4], [26] and non-
local attention [24], [25], have been improved in capturing
intricate patterns. Noteworthy is the proposal in RCAN
[4], introducing a deep network architecture by combining
residual-in-residual design with channel attention.

Despite these advancements, the scalability of CNNs
in modeling long-range dependencies remains limited by
the complication of parameter-dependent receptive field
expansion and contextually independent local interactions.
Recognizing these limitations of CNNs, the emergence
of Transformer-based self-attention mechanisms [5] has
provided a compelling alternative. This paradigm shift has led
to the integration of self-attention into the domain of image
SR [14], [15], [17], [18], [19], [20], [21], [22], [27].

B. VISION TRANSFORMERS

Approaches such as Uformer [20] and Restormer [21] have
proposed U-shaped transformer models infused with depth-
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wise convolutions. IPT [14] has proposed a visual backbone
model based on the standard Transformer [5], pre-trained
across various restoration tasks. SwinIR [18] has proposed
a deep feature extraction architecture through an iterative
assembly of residual Swin Transform blocks, which has
become a robust baseline for image restoration tasks. EDT
[17] has offered an exhaustive exploration of the effects of
pre-training across multi-related tasks. Recent contributions,
including ART [22] and DWT [19], have proposed rapid
receptive field expansion strategies by harnessing sparse
attention through dilation.

1) SWINIR

What makes SwinlR different from previous transformer-
based SR models is that it eliminates the downsampling
process and significantly reduces the patch size, allowing the
attention mechanism to effectively handle low-level vision
tasks such as SR. Although a smaller patch size allows
for more detailed local feature representation, it comes at
the cost of increased computational complexity. To mitigate
this, SwinlR partitions the input image into non-overlapping
local windows and independently applies self-attention
within these windows, following Swin Transformer’s shifted-
window attention mechanism [7]. Since the partitioned
windows do not overlap, after applying self-attention to each
window, SwinlR repeatedly performs cyclic shifts of the
windows and reapplies self-attention to enable cross-window
interactions. These shifted-window attentions are adequate
for modeling long-range dependencies, as the receptive field
grows each time the attention window shifts, allowing quick
access to global information.

Despite the benefits of shifted-window attention, SwinIR
frequently encounters challenges in accurately restoring
intricate local patterns, even those that reveal repetition,
as demonstrated in Figure 1. Prior research has asserted that
the primary factor contributing to this inaccurate restoration
of local patterns is the absence of comprehensive global
information [15], [19], [22]. Consequently, numerous inves-
tigations have concentrated on refining approaches to rapidly
expand the receptive field of SR models, aiming to enhance
access to global information. Nevertheless, the insight from
Local Attribution Maps (LAM) [28] suggests that the
receptive fields of existing SR models are already sufficiently
extensive. Hence, a mere expansion of the receptive field
and faster access to global information yield limited efficacy
in addressing the issue. Instead, the paramount importance
lies in effectively exploiting information residing within
the receptive field. To illustrate this point, we present a
visual representation of the pixels within the input image
contributing to the restoration of the red box in the high-
resolution (HR) image (as indicated by the LAM in Figure 1).
Notably, in the case of SwinlR, the interaction already
occupies an area wide enough to contain all essential
information necessary for the accurate restoration of local
patterns.
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Although these Transformer-based models have shown
noteworthy performance, it has become evident that rapid
access to the global context alone is not sufficient for
acquiring the intricate feature representations essential for SR
tasks. Notably, the adoption of non-overlapping partitioning
in contemporary models [15], [17], [18], [19], [22], [27]
that leverage window-based local attention mechanisms has
revealed a limitation—difficulties in gathering accurate local
contexts.

C. WINDOW-BASED LOCAL ATTENTION

Accordingly, we have investigated previous works to uncover
a more suitable paradigm for a window-based local attention
mechanism beneficial for super-resolution tasks. Approaches
such as SASA [8] and HaloNet [10] have proposed substi-
tuting conventional spatial convolutions with localized self-
attentions, mimicking the behavior of convolution kernels
with zero padding. VOLO [29] has introduced progres-
sive tokenization, enriching token representation with the
contextual information of surrounding tokens. NAT [23]
has restricted the scope of dot-product attention within
localized regions, thus constraining the receptive field of each
query token within a fixed-size neighborhood. This approach
ensures all pixels maintain a uniform attention span, thereby
mitigating the reduction in attention reach that corner pixels
often face in zero-padded alternatives like SASA [8]. These
previous studies have shown that sliding-window attention
with overlapping windows improves the local context rep-
resentation of vision models. Therefore, our Uniwin model
integrated two types of window-based attention: shifted-
window attention and sliding-window attention.

lll. METHOD

A. NETWORK ARCHITECTURE

As illustrated in Figure 4, the overall architecture of Uniwin
consists of three stages: shallow feature extraction, deep
feature extraction, and image upscale. The role of each stage
is as follows. The shallow feature extraction stage employs
simple operations to preserve the low-frequency components
inherent in the input image, which are essential for restoring
the rough contours of high-resolution images. The deep
feature extraction stage extracts features for the sophisticated
restoration of high-frequency components by deeply stacked
layers within a residual-in-residual framework. The image
upscale stage synthesizes a high-resolution image leveraging
the features extracted from the previous stages.

We will explain the specific operations within each stage
to provide a more comprehensive understanding. First, in the
shallow feature extraction stage, an input image is fed into
a single convolutional layer, which projects the input image
into a high-dimensional feature space. It can be described as
follows. For a given low-resolution input fj g € RH*W*Cin,
where H, W, and Cj, are the width, the height, and the
channel of an input image, respectively, the shallow feature
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FIGURE 4. An illustration of the overall architecture of Uniwin.

RHXWXC

Fy e , 1s obtained as,

Fo = Hsp(ILR), (1)

where C is the feature dimension and Hgp(-) is a single
3 x 3 convolution layer. A convolutional layer is a simple
operation yet excellent at capturing local information.
It contributes to preserving the low-frequency components of
an input image, which guides a model to stable optimization.

Next, the shallow feature Fy is then passed through the
deep feature extraction stage to uncover the richer feature
representation, obtaining the deep feature Fpg € RH*W*C
as,

Fpr = Hpr(F)p), @)

where Hpg(-) denotes the deep feature extraction process
consisting of N residual Uniwin attention blocks(RUAB),
which performs the unified window-based self-attention and
a convolution. It can be expressed as,

F; = Hrua;(Fi—1), i=1,2,...,N,
FDF = HConv(FN)’ (3)

where Hryas;(-) is the i-th RUAB and Hcony denotes a
single 3 x 3 convolution layer. For integrating the shallow
and deep features, inserting a convolutional layer at the
end of the feature extraction process proves beneficial [18].
This insertion introduces the inductive bias inherent in
convolutional operations to self-attention operation.
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Finally, in the image upscale stage, the deep feature Fpr
and the shallow feature Fy are fused by a global residual
connection to reconstruct the high-resolution image Isr as,

Isg = Hyy(Fo + Fpr), @)

where Hyy denotes the image upscale process by the sub-pixel
convolution layers [30].

The parameters of our Uniwin model are optimized
through the minimization of L; pixel loss. The loss function
L is defined as the sum of absolute differences between the
reconstructed image Isgr and the corresponding ground-truth
high-resolution image Iyr, which can be written as,

L =|lIsg — Inr|1, )

where || - || denotes the L norm.

B. RESIDUAL UNIWIN ATTENTION BLOCK

The residual Uniwin attention block (RUAB) consists of M
Uniwin attention layers (UAL) and a convolutional layer. The
operation of RUAB is formulated as follows. For a given
input feature F;_1 of the i-th RUAB, the intermediate features

Fi_1.0,Fi-1,1,..., Fi—1,u and the output feature F; can be
obtained as,
Fi-10="Fi-1,
Fi_1j = Huar;(Fi—1j-1), j=12,.... M,
Fi = Hcony;(Fi—1,m) + Fi-1,0 (6)
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FIGURE 5. Attention patterns of the sliding-window attention.

where F;_1 and F; denotes the input and the output feature of
the i-th RUAB, and Hyar,; j(~) indicates the j-th UAL in the
i-th RUAB.

Within the j-th UAL, the feature flows sequentially through
sliding-window attention (SWA), non-overlapping window
attention (WA), and corresponding shifted-window attention
((s)WA). Recognizing that using SWA with overlapping
windows enhances how vision models understand the local
context, the features first pass through the SWA layer to
capture local details effectively. After this initial step of
engaging with the local context, the features then move
through WA and (s)WA layers. This sequence helps to quickly
expand the area of attention, allowing the model to interact
with the global context. It can be written as,

Huyav,;;(Fi—1,j-1) = Hywa, ;(Hwa,; ;(Hswa, ;(Fi-1,j-1))),
@)

where H(S)WAW.C), Hwa, ;(-), and Hswa,;(-) denote (s)WA
layer, WA layer and SWA layer, respectively, in the j-th UAL
in the i-th RUAB. For the actual implementation, we made a
minor modification to Neighborhood Attention [23] for the
SWA in our Uniwin. For the design of WA and (s)WA pairs,
we followed the approach of SwinlR [18].

We will provide a more detailed description of the
three window-based attention operations that constitute
UAL. Initially, a sliding-window attention is employed
to collect sufficient local information. Subsequently, the
interaction with a broader context is facilitated by applying a
non-overlapping window attention layer and a corresponding
shifted-window attention layer inspired by Swin Transform-
ers [7]. These paired attention layers effectively model
long-range dependency by quickly enhancing the receptive
field.

In the sliding-window attention layer, for a given input
feature X € R™9 which represents n token vectors of
dimension d, the query, key, and value tokens are obtained
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through linear projections, which is denoted by Q, K, and
V, respectively. Regarding the sliding-window attention, the
window partitioning does not adhere to a rigid grid structure.
Instead, every query token is associated with a unique p x p
attention window, with the token positioned at the center
of the window. Inspired by the window partitioning method
introduced by NAT [23], the window placement strategy
is adopted. Precisely, when the query token resides at the
image’s border, the window is adjusted to contain as many
neighboring tokens as possible, as shown in Figure 5.

Once the attention window is decided, the attention
weights are calculated by the dot product similarities between
the query token and key tokens within the window. For a
formal description, given the k-th input query token Qy and
key tokens Kj.,x, that exists within a p x p window, the
attention weight A,f can be written as,

orkiT + B

Ok + By
AP =
k .

QkaxpT + Bpxp

where By.,x, indicates the relative position bias within the
p x p window. Then, the value, V/, can be defined as a matrix
whose rows are the k-th token’s p x p nearest neighboring
value:

T
VE=[ViT v v, ©)

Finally, the result of the sliding-window attention for the
k-th token with window size of p x p is formulated as,

P
SWA? = softmax(A—k)Vp (10)
k — d k>

Jd

where d indicates the scaling parameter.

Although the SWA layer is similar to Neighborhood
attention (NA) from NAT [23], there are important differences
in detailed design considerations. First of all, since NA
was designed with the intention of being a general visual
backbone, it performs hierarchical down-sampling through
convolutional layers during the feature extraction process to
reduce the spatial size. It is a reasonable design choice for
performing high-level vision tasks, but in low-level vision
tasks such as SR, it causes information loss and reduces
performance. Second, NAT uses 4 x 4 patch embedding, but
since SWA considers the SR task, the spatial size of a visual
patch is extremely reduced to 1 x 1 and the patch dimension
is increased.

We followed the pipeline of a standard transformer at each
layer of attention [5]. So, after the sliding-window attention
operation, the features pass through an MLP layer with GELU
activation. The residual connections are adopted, and the
LayerNorm (LN) layers are inserted before every SWA, WA,
(s)WA, and MLP layer.

30857



IEEE Access

G. Cho, Y. S. Choi: Image Super-Resolution With Unified-Window Attention

TABLE 1. Quantitative comparison with the state-of-the-art models with comparable parameters for image super-resolution on 5 benchmark datasets.

Best and Second-best results are in red and blue colors, respectively.

M Training Set5 Set14 BSD100 Urban100 Mangal09
ethod Scale Dataset

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
EDSR[3] X2 DIV2K 38.11 0.9602 33.92 0.9195 32.32 0.9013 32.93 0.9351 39.10 0.9773
RCANI4] X2 DIV2K 38.27 0.9614 34.12 0.9216 3241 0.9027 33.34 0.9384 39.44 0.9786
NLSA[25] X2 DIV2K 38.34 0.9618 34.08 0.9231 32.43 0.9027 33.42 0.9394 39.59 0.9789
SwinIR[18] X2 DF2K 38.42 0.9623 34.46 0.9250 32.53 0.9041 33.81 0.9427 39.92 0.9797
EDTI[17] X2 DF2K 38.45 0.9624 34.57 0.9258 32.52 0.9041 33.80 0.9425 39.93 0.9800
ART-S[22] X2 DF2K 38.48 0.9625 34.50 0.9258 32.53 0.9043 34.02 0.9437 40.11 0.9804
ART[22] X2 DF2K 38.56 0.9629 34.59 0.9267 32.58 0.9048 34.30 0.9452 40.24 0.9808
DWT-S[19] X2 DF2K 38.40 0.9628 34.44 0.9254 32.53 0.9048 33.77 0.9419 39.88 0.9798
DWT[19] X2 DF2K 38.49 0.9632 34.56 0.9265 32.56 0.9054 34.14 0.9444 40.01 0.9802
Uniwin X2 DF2K 38.57 0.9635 34.84 0.9274 32.63 0.9060 34.44 0.9469 40.28 0.9810
EDSR[3] x3 DIV2K 34.65 0.9280 30.52 0.8462 29.25 0.8093 28.80 0.8653 34.17 0.9476
RCAN[4] x3 DIV2K 34.74 0.9299 30.65 0.8482 29.32 0.8111 29.09 0.8702 34.44 0.9499
NLSA[25] %3 DIV2K 34.85 0.9306 30.70 0.8485 29.34 0.8117 29.25 0.8726 34.57 0.9508
SwinIR[18] %3 DF2K 34.97 0.9318 30.93 0.8534 29.46 0.8145 29.75 0.8826 35.12 0.9537
EDT[17] %3 DF2K 34.97 0.9316 30.89 0.8527 29.44 0.8142 29.72 0.8814 35.13 0.9534
ART-S[22] x3 DF2K 34.98 0.9318 30.94 0.8530 29.45 0.8146 29.86 0.8830 35.22 0.9539
ART[22] x3 DF2K 35.07 0.9325 30.99 0.8540 29.51 0.8159 30.10 0.8871 35.39 0.9548
DWT-S[19] %3 DF2K 34.94 0.9320 3091 0.8530 29.45 0.8159 29.73 0.8806 35.10 0.9533
DWT[19] %3 DF2K 35.00 0.9327 30.97 0.8541 29.49 0.8170 30.07 0.8860 35.27 0.9542
Uniwin %3 DF2K 35.01 0.9327 31.04 0.8555 29.51 0.8175 30.17 0.8891 35.31 0.9546
EDSR([3] x4 DIV2K 32.46 0.8968 28.80 0.7876 27.71 0.7420 26.64 0.8033 31.02 0.9148
RCANI4] x4 DIV2K 32.63 0.9002 28.87 0.7889 27.71 0.7436 26.82 0.8087 31.22 0.9173
NLSA[25] x4 DIV2K 32.59 0.9000 28.87 0.7891 27.78 0.7444 26.96 0.8109 31.27 0.9184
SwinIR[18] x4 DF2K 32.92 0.9044 29.09 0.7950 27.92 0.7489 27.45 0.8254 32.03 0.9260
EDTI[17] x4 DF2K 32.82 0.9031 29.09 0.7939 2791 0.7483 27.46 0.8246 32.05 0.9254
ART-S[22] x4 DF2K 32.86 0.9029 29.09 0.7942 2791 0.7489 27.54 0.8261 32.13 0.9263
ART[22] x4 DF2K 33.04 0.9051 29.16 0.7958 27.97 0.7510 27.71 0.8321 32.31 0.9283
DWT-S[19] x4 DF2K 32.88 0.9046 29.06 0.7947 2791 0.7507 27.50 0.8253 32.03 0.9253
DWT[19] x4 DF2K 32.92 0.9055 29.12 0.7961 27.94 0.7519 27.81 0.8324 32.20 0.9274
Uniwin x4 DF2K 32.76 0.9051 29.18 0.7973 27.94 0.7524 27.90 0.8362 32.22 0.9278

To summarize, the entire process of UAL can be written as,
Xswa = SWA(LN(Xin)) + Xin
XMLPsws = MLP(LN(Xswa) + Xswa

Xwa = WA(LN(XMLPgy» ) + XMLPgwa
XMLPy, = MLP(LN(Xwa) + Xwa

Xsywa = WA(LN(XMLPy, ) + XMLPwa
Xout = MLP(LN(X(5ywa) + X(sywa- (11)

We followed the implementation of SwinlR’s Swin
transformer layer (STL) [18] for the paired WA and (s)WA
layer. However, using only shifted-window types for feature
extraction limits its direct interaction with the local context,
despite the strengths of Swin transformer—structural robust-
ness and long-range dependency modeling. To address this
limitation, Uniwin first ensures the capture of sufficient local
information by integrating the SWA layer. Subsequently,
by introducing WA and (s)WA layer to facilitate the global
interaction, Uniwin harmonizes the advantages of both local
and global contexts.

IV. EXPERIMENTS

A. EXPERIMENTAL SETUP

We set our model parameters to change minimally to ensure
a fair comparison with other SR models. Following SwinIR,
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the number of RUAB, channels, and attention heads are 6,
180, and 6, respectively. The number of UAR is two, and the
window size of SWA and WA is 9 and 16, respectively.

1) DATASETS AND EVALUATION METRICS

Following previous works [15], [17], [18], [19], [22], we used
DF2K [3], [31] as training data and evaluated our model’s
performance on five benchmark datasets: SetS [32], Set14
[33], BSD100 [34], Urban100 [35], and Mangal09 [36]. For
each of the five datasets, we measured the average PSNR and
SSIM scores for the Y channel of the YCbCr space.

2) PREPROCESSING

To minimize the IO bottlenecks during training, we prepro-
cessed all the high-resolution (HR) images of the training
data by cropping them into 480 x 480-sized sub-images with
half-overlapping. Also, all low-resolution (LR) images were
cropped according to each scale factor (x 2, x3, x4) to match
the size of the HR sub-images.

3) TRAINING

During training, all images are randomly cropped into 64 x
64 sized patches, and then data augmentation is applied
through random rotation of 90°, 180°, and 270° and random
horizontal flip. Following SwinIR [18], the training batch is
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TABLE 2. Quantitative (PSNR(dB)/SSIM) comparison (x4 SR) with the state-of-the-art models with similar parameter counts. Best and Second-best
results are in red and blue colors, respectively.

Method #Params(M) Mult-Adds(G) Set5 Setl4 BSD100 Urban100 Mangal09
SwinIR[18] 11.90 316 32.92/0.9044 29.09/0.7950 27.92/0.7489 27.45/0.8254 32.03/0.9260
EDTI[17] 11.63 354 32.82/0.9031 29.09/0.7939 27.91/0.7483 27.46/0.8246 32.05/0.9254
ART-S[22] 11.87 319 32.86/0.9029 29.09/0.7942 27.91/0.7489 27.54/0.8261 32.13/0.9263
ART[22] 16.55 448 33.04/0.9051 29.16/0.7958 27.97/0.7510 27.77/0.8321 32.31/0.9283
DWT-S[19] 11.90 316 32.88/0.9046 29.06/0.7947 27.91/0.7507 27.50/0.8253 32.03/0.9253
DWT[19] 12.06 319 32.92/0.9055 29.12/0.7961 27.94/0.7519 27.81/0.8324 32.20/0.9274
Uniwin 12.02 381 32.76/0.9051 29.18/0.7973 27.94/0.7524 27.90/0.8362 32.22/0.9278
TABLE 3. PSNR(dB)/SSIM comparison with the large scale state-of-the-art method. Best results are in red color.

Method #Params(M) Scale Set5 Setl4 BSD100 Urban100 Mangal09
HAT[15] 20.62 X2 38.63/0.9630 34.86/0.9274 32.62/0.9053 34.45/0.9466 40.26/0.9809
Uniwin 11.87 X2 38.57/0.9635 34.84/0.9274 32.63/0.9060 34.44/0.9469 40.28/0.9810
HAT[15] 20.81 x3 35.07/0.9329 31.08/0.8555 29.54/0.8167 30.23/0.8896 35.53/0.9552
Uniwin 12.05 x3 35.01/0.9327 31.04/0.8555 29.51/0.8175 30.17/0.8891 35.31/0.9546
HAT[15] 20.77 x4 33.04/0.9056 29.23/0.7973 28.00/0.7517 27.97/0.8368 32.48/0.9292
Uniwin 12.02 x4 32.76/0.9051 29.18/0.7973 27.94/0.7524 27.90/0.8362 32.22/0.9278

Set14: barbara Uniwin (Ours)
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M osscor~ne
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Setl4: ppt3

Uniwin (Ours)

FIGURE 6. Visual comparison (x4) with state-of-the-art SR methods on Set14 datasets.

set to 32, and the total training iteration is set to 500k. Also,
the learning rate is initialized as 2 x 10~* and scheduled to
be halved when the training iteration reaches 250K, 400K,
450K, and 475K. For x3 and x4 SR, we initialize the
model with pre-trained x2 SR model weights and reduce
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both the iterations for each learning rate decay and total
iterations by half. We use ADAM [37] optimizer with
B1 = 09, B = 0.999 to optimize our model. Uniwin
is implemented on PyTorch and trained using 4 NVIDIA
RTX A5000 GPUs.

30859



IEEE Access

G. Cho, Y. S. Choi: Image Super-Resolution With Unified-Window Attention
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BSD100: 253027
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FIGURE 7. Visual comparison (x4) with state-of-the-art SR methods on BSD100 dataset.

B. RESULTS

1) QUANTITATIVE COMPARISON

Table 1 provides a comprehensive quantitative compari-
son between Uniwin and several state-of-the-art models,
including EDSR [3], RCAN [4], NLSA [25], SwinIR [18],
EDT [17], ART [22], and DWT [19]. We have marked the
best-performing models in red and the second-best in blue
for each dataset. Across the spectrum of benchmark datasets,
Uniwin consistently demonstrates superior performance,
as evident from the data in Table 1. This distinction is
particularly evident in the Urban100 dataset. The impressive
performance can be attributed to the inherent characteristics
of Urban100 dataset, which include numerous images with
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repetitive local patterns. Uniwin leverages the advantage to
capture local context effectively.

We further compared parameters and Mult-Adds for
transformer-based networks, as detailed in Table 2. The
Mult-Adds calculations assume a 3 x 160 x 160 input size
for x4 SR. As highlighted in Table 2, Uniwin exhibits
superior performance compared to models with similar
parameter counts. Remarkably, despite possessing 73% of the
parameters of ART, Uniwin delivers comparable or slightly
superior performance across multiple benchmarks.

Our performance evaluation also includes HAT [15],
a state-of-the-art model with considerably more parameters
than Uniwin. This information is summarized in Table 3,
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FIGURE 8. Visual comparison (x4) with state-of-the-art SR methods on Urban100 dataset.
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FIGURE 9. Visual comparison (x4) with state-of-the-art SR methods on Manga109 dataset.

where the parameters of Uniwin amount to just 58% of
that of HAT. Surprisingly, despite this substantial parameter
difference, the performance gap is not substantial. Uniwin
outperforms HAT in specific scenarios, such as the BSD100
and Mangal09 datasets at x2 SR. This outcome underscores
the remarkable efficiency of Uniwin with fewer parameters,
mainly when the scale factor is small, such as x2 SR.

2) QUALITATIVE COMPARISON

To facilitate a qualitative comparison between Uniwin
and other state-of-the-art models, we present challenging
examples of x4 scale models in Figures 6, 7, 8, and 9. These
figures respectively showcase the SR results from various
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models on the Setl4 dataset [33], BSD100 dataset [34],
Urban100 dataset [35], and Mangal09 dataset [36].

In Figure 6, we analyze ‘barbara’ for texture restoration
precision and ‘ppt3’ for edge information restoration accu-
racy. The results demonstrate that Uniwin excels in restoring
textures and edges with higher clarity than its counterparts.
In Figure 7, the restoration of ‘86016 relies significantly
on the use of global information, such as the repeated
textures found throughout the image, whereas the restoration
of the other two images primarily depends on precise local
information. This illustrates that our model is capable of
utilizing both global and local information for image super-
resolution. The images in Figure 8 have repetitive patterns
at varying scales, illuminating how each SR model interacts
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TABLE 4. PSNR(dB) results of x2 SR with the addition of a SWA layer to the front and back of SwinIR residual blocks. Best results are in red color.

Method #Params(M) Set5 Setl4 BSD100 Urban100 Mangal09

SwinIR 11.75 38.42/0.9623 34.46/0.9250 32.53/0.9041 33.81/0.9427 39.92/0.9797
SwinIR + SWA (front) 13.49 38.51/0.9631 34.67/0.9264 32.59/0.9056 34.29/0.9457 40.02/0.9802
SwinlR + SWA (back) 13.49 38.48/0.9631 34.47/0.9245 32.57/0.9055 34.04/0.9443 39.93/0.9801

TABLE 5. PSNR(dB)/SSIM results of x2 SR with gradual replacement the two shifted-window attention layers with two sliding-window attention layers.

Best and Second-best results are in red and blue colors, respectively.

Method #Params(M) Set5 Setl4 BSD100 Urban100 Mangal09

WA X6 (SwinIR) 11.75 38.42/0.9623 34.46/0.9250 32.53/0.9041 33.81/0.9427 39.92/0.9797
SWA X 2+WA x4 11.87 38.49/0.9630 34.59/0.9259 32.57/0.9054 34.16/0.9450 39.93/0.9800
SWA X 4+WA X 2 11.82 38.46/0.9629 34.58/0.9262 32.55/0.9052 34.02/0.9442 39.90/0.9799
SWA %6 11.78 38.30/0.9622 34.22/0.9242 32.47/0.9041 33.45/0.9398 39.68/0.9794
(SWA X 1+WA x2)x2 (Uniwin) 11.87 38.57/0.9635 34.84/0.9274 32.63/0.9060 34.44/0.9469 40.28/0.9810

B W/o SWA +0.10
40 —+0.01
[ W/ SWA (front)
+0.09 1 W/ SWA (back)
~"+0.06
38 1
e 36
&
+0.21
o £0.01 +0.48
0.23
344
+0.085 04
324
30- T T T T T
Set> Setld BSD100 Urban100 Mangal09
Dataset

FIGURE 10. Chart of PSNR improvement for x2 SR when integrating
Sliding Window Attention (SWA) layer. The value above each bar
represents the performance gain compared to the model without SWA
layer. It shows better improvement when the SWA layer is positioned in
the front of the model.

within the global region. Finally, Figure 9 displays images
containing small letters, highlighting SR models’ capability
to preserve fine-grained details. Collectively, these examples
illustrate Uniwin’s remarkable performance across diverse
scenarios, underscoring its superior SR capabilities.

C. ABLATION STUDY

To examine the distinct contributions of two types
of window-based attention layers, we manipulated the
number and the order of sliding- and shifted-window
attention layers integrated in RUAB and observed their
effects.

Starting with SwinIR as the baseline, we evaluated the
benchmark performance for x2 SR after adding a single SWA
layer to both the front and back of SwinlIR’s residual attention
blocks. The results are detailed in Table 4, while Figure 10
visually represents this data through a bar chart, providing
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a clear visual representation of SWA layer’s contribution to
performance gain. Analysis of both Table 4 and Figure 10
clearly reveals that the incorporation of the SWA layer at the
front of the model brings a more significant improvement.
However, this causes a non-negligible parameter increase,
so we replaced two shifted-window attention layers with two
sliding-window attention layers to minimize the increase in
model parameters.

Previous experiments have shown that applying SWA to
the front side of the residual blocks is more effective than the
back side, so we gradually replaced the front two WA layers
with two SWA layers. The reason for replacing the two WA
layers as a unit is that WA requires two attention operations
to be performed in pairs due to the window shift. The results
are shown in Table 5. Replacing some layers with SWA
layers increases performance, but replacing all layers with
SWA degrades performance. It means that not only SWA’s
local pattern interaction but also WA’s fast access to global
information has a significant impact on SR performance.
Therefore, we have considered using only two SWA layers
in Uniwin’s design. We also measured the performance of
model designs with different orders of SWA and WA layers.
Instead of replacing the first two WA layers with SWA,
we designed SWA and WA to be used repeatedly by replacing
the first and fourth layers with SWA. This result is shown in
the last row of Table 5, and we finally adopted it as the design
of our model.

We measured the mean attention distance across various
model variants to investigate whether SWA interacts more
effectively with the local context than WA. Inspired by [38],
we computed the mean attention distances using 1000 ran-
domly selected images from the ImageNet [39] dataset, and
the results are presented in Figure 11. In Figure 11, each plot
corresponds to different models: SwinlR (WA x6), a model
with SWAX24+WAx4, a model with SWAx4+WAx2,
a model with SWA x 6, and Uniwin, respectively from left to
right. The x-axis in each plot represents the attention layers
of each model, while the y-axis represents the mean attention
distance.
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FIGURE 12. LAM results of the model variants. DI refers to Diffusion Index, and the larger the value, the more distributed it is.

In the case of SwinIR, shown in the leftmost plot, the mean than SwinlIR, which seems to be influenced by the increased
attention distance remains around 4. A clear distinction can window size of the WA layer in our models.
be observed in the mean attention distance between SWA The fourth plot illustrates the mean attention distances
layers and WA layers in the second, third, and fifth plots. of the model where all layers are SWA. It shows that the
Notably, SWA layers exhibit mean attention distances of mean attention distance eventually converges to less than 4,
less than 4, indicating their effectiveness in collecting local which means the limited access to the global context of this
context by interacting with a smaller area than SwinIR’s WA. model. The relatively poorer performance of this model can
On the other hand, the WA layers interact with a larger area be attributed to its limited interaction with the global context.
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We also generated visualizations of the Local Attribution
Maps (LAM) [28] for these model variants, presented in
Figure 12. Each LAM image illustrates the pixels con-
tributing to the reconstruction of the red-boxed area within
the leftmost high-resolution (HR) image. Additionally, the
Diffusion Index (DI) is provided below each LAM image,
where a higher DI value indicates a broader scattering of
pixels involved in the reconstruction process. As we can see,
it becomes evident that the extent of an interacting region
narrows as the proportion of SWA layers increases within a
model.

In conclusion, these findings emphasize the importance of
achieving a balanced integration between collecting accurate
local context and interacting with global regions in SR.
We believe that the performance of our model, Uniwin,
results from a harmonious balance between local and global
interactions achieved by applying alternating SWA and WA
layers.

V. CONCLUSION

In this study, we introduced an innovative unified-window
attention-based image super-resolution (SR) model named
Uniwin. Uniwin capitalizes on the strengths of both
sliding-window attention and shifted-window attention. Due
to its overlapping window partition approach, sliding-
window attention excels in capturing local context. Mean-
while, shifted-window attention, utilizing a non-overlapping
window partition, swiftly accesses global information.
By alternately applying these two window-based attentions
in the Uniwin Attention Layer (UAL), we construct a potent
feature extractor tailored for SR tasks.

Our experiments, including benchmark evaluations, show-
cased the efficacy of the Uniwin model. Furthermore, the
conducted ablation studies, focusing on sliding window
attention and shifted window attention, yielded crucial
insights that it is importance to balance between gathering
local context and engaging with the global region—an
essential aspect for achieving successful SR outcomes.

In summary, our work presents Uniwin as a robust and
effective solution that harmonizes local and global attention
mechanisms to enhance image super-resolution performance.
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