
1880 IEEE SIGNAL PROCESSING LETTERS, VOL. 31, 2024

Multi-Swin Transformer Based Spatio-Temporal
Information Exploration for Compressed Video

Quality Enhancement
Li Yu , Shiyu Wu , and Moncef Gabbouj , Fellow, IEEE

Abstract—Spatio-temporal information plays an important role
in compressed video quality enhancement. Most advanced stud-
ies use deformable convolution or Swin transformer to explore
spatio-temporal information. However, deformable convolution
based methods may incur inaccurate motion compensation due to
the compression artifacts and limited receptive fields. The Swin
transformer based approaches are unable to fully explore the
spatio-temporal information, limited by its rigid window-based
mechanism. To solve the above problems, we propose a novel multi-
Swin transformer-based network for compressed video quality
enhancement to better explore spatio-temporal information. The
whole workflow consists of the Local Alignment (LA) Module,
the Global Refinement Fusion (GRF) Module, and the Quality
Enhancement (QE) Module. The LA module roughly perceives the
local motion through the deformable fusion. Subsequently, the GRF
module employs the proposed multi-Swin transformer to enhance
the spatio-temporal perception. Finally, the QE module effectively
restores the texture details across various scales. Extensive experi-
mental results prove the effectiveness of the proposed method.

Index Terms—Compressed video quality enhancement, spatio-
temporal information, swin transformer.

I. INTRODUCTION

W ITH the development of digital video display technol-
ogy, people have increasingly high requirements for

video resolution and quality. Videos transmitting over the In-
ternet inevitably undergo lossy compression [1], [2], [3], which
causes different degrees of artifacts [4], [5], [6]. Thus, Com-
pressed Video Quality Enhancement (CVQE) is of vital impor-
tance.

In recent years, many deep learning based methods have
been proposed for CVQE, primarily focusing on maximizing
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Fig. 1. The illustration of spatio-tempral information exploration by the
standard Swin transformer and the proposed multi-Swin transformer. The Swin
transformer includes two types of window shifts: no shift and oblique shift, while
the multi-Swin transformer contains two more shifts: vertical shift and horizontal
shift. The boxes with different colors represent the different movements that can
be captured by each window shift. It and It+r represent the current frame
and the r-th succeeding frame. The Swin transformer is limited to identifying
movements in the basketball’s upper-left (yellow box) and lower-right (red box)
segments. While the multi-Swin transformer is able to capture the motion across
all areas of the basketball (red, yellow, blue and orange boxes).

the utilization of spatio-temporal information across the video.
These methods can be mainly classified into two categories:
global context based methods and motion compensation based
methods [7]. Global context based methods are mainly com-
posed of non-local convolution [8], [9], [10], [11] and vi-
sion self-attention [12] to exploit global similarity information.
The latest global context based approach [12] utilizes Swin
transformer [13] which leverages global texture information
to capture long-range dependencies. However, as shown in
Fig. 1, the Swin Transformer employs a single oblique win-
dow shift operation to establish connections between features
across different regions, consequently resulting in diminished
spatio-temporal information perception. Motion compensation
based methods [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23] use optical flow or deformable offset for feature alignment.
Deformable convolution outperforms motion compensation due
to its ability to adaptively learn feature offsets, facilitating coarse
alignment. However, deformable convolution is constrained by
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Fig. 2. The target frame along with its six adjacent frames are sequentially input to enable the LA module and the GRF module to learn the spatio-temporal
feature residuals. Subsequently, the QE module learns the residuals specific to the target frame, which are then added back to enhance the quality of the target frame.
The GRF module comprises N AMST blocks. The AMST block undergoes convolution, and includes four transformers with varying window shifts to calculate
the adaptive residuals. The QE module contains M MSFS blocks. The MSFS block handles three types of features at different expansion rates, employing pooling
and convolution to selectively enhance useful channels within each feature.

the loss of details in compressed video, making fine alignment
challenging. Moreover, the convolution kernel inherently suffers
from a limited receptive field, making it difficult to model
long-range correlations.

To address the above problem, we introduce an effec-
tive spatio-temporal information exploration network based on
multi-Swin transformer for CVQE. Our three-stage network
consists of a local alignment (LA) module, a global refinement
fusion (GRF) module, and a quality enhancement (QE) module.
The LA module, which has the same structure as STDF [17], is
employed to initially align the input frames for the extraction of
spatio-temporal correlation features. The GRF module refines
shallow features from the LA module. It consists of a stack
of adaptive multi-Swin transformer (AMST) blocks. As shown
in Fig. 1, the AMST block, compared to the standard Swin
transformer, adds two more window shift operations: horizontal
shift and vertical shift. Thus, the multi-Swin transformer can
identify more instance information corresponding to the target
frame from neighboring frames. The corresponding instance
information is used to compute self-attention within the same
window. The QE module is dedicated to exploiting multi-scale
spatial information of the target frame. It comprises multi-scale
feature selection (MSFS) blocks. specifically, the MSFS block
utilizes dilated convolutions with different dilation factors. After
a simple feature selection process, it effectively integrates useful
information from different scales through feature addition.

To sum up, our main contributions are as follows: 1) We
design a novel multi-Swin transformer that effectively identifies
corresponding instance information from neighboring frames
for spatio-temporal information exploration. 2) We propose the
MSFS block which can exploit multi-scale spatial information.
3) Extensive experiments verify that our network achieves su-
perior performance.

II. METHOD

A. Problem Formulation

Given a compressed low-quality (LQ) video V LQ =
{ILQ

1 , ILQ
2 , · · · ILQ

t , . . . , ILQ
T } which composed of T frames,

where ILQ
t represents the target frame for enhancement. Since

using multi-frame quality enhancement method, we select ILQ
t

and its adjacent frames ILQ = {ILQ
t−R, . . . , I

LQ
t , . . . , ILQ

t+R} as
input, where R is the number of neighboring frames. To get
high-quality (HQ) frame Y HQ

t , LQ frames are forwarded to the
residual learnable network which can be represented as:

Y HQ
t = N

(
ILQ

)
+ ILQ

t , (1)

where N(·) denotes the whole network.
As shown in Fig. 2, the proposed method contains three

components: the LA module, the GRF module, and the QE
module. The consecutive steps can be formulated as:

N(·) = NQE (NGRF (NLA(·))) , (2)

where different right subscripts ofN are corresponding modules.
The structure of the LA module [17] resembles that of the
STDF module. In this framework, the coordinate offsets of the
frames designated for convolution are derived through U-Net.
Following this, the rough local features undergo alignment via
deformable convolution.

B. GRF Module

The GRF module realizes the refined fusion of spatio-
temporal information through our improved multi-Swin trans-
former mechanism. Utilizing aligned coarse features obtained
from the LA module, the GRF module is employed to learn
their residuals. Firstly, inverse pixel shuffle and convolution
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TABLE I
OVERALL COMPARISON ON MFQEV2 DATASET OVER 18 TEST SEQUENCES AT FIVE QPS

operations are applied to resample the feature. Secondly, stacked
AMST blocks utilize self-attention to enhance global spatio-
temporal correlation.As shown in Fig. 1, four types of window
partition methods, including no shift, horizontal shift, verti-
cal shift, and oblique shift, are provided to explore motion
spatio-temporal information. The oblique shift encompasses
both horizontal and vertical shifts. Each shift is half the size
of the window. The windows obtained from each type of shift
independently compute the self-attention parameters. Moreover,
we design two adaptive parametersα and β which are set to 1 for
better performance. The process of shift window computation
can be formulated as:

fo
AMST = α×NM−Swin

(
Conv

(
f i
AMST

))
+ β × f i

AMST ,
(3)

where fo
AMST and f i

AMST denote input and output features of
AMST block; NM−Swin(·) represents multi-Swin transformer
network. Finally, the pixel shuffle operation, which corresponds
to the initial process of the module, reconstructs the feature
resolution.

C. QE Module

The task of the QE module is to recover details of different
scale features of the frame. Inspired by the letter [24], we
designed the MSFS block as the fundamental unit of the QE
module. The MSFS block effectively balances computation cost
and performance. Specifically, three different dilation convolu-
tions are adopted to effectively select frequency information at
different scales. The steps of dilation convolution are 1, 2, and
4. Then the feature values from the three scales are summed to
cover frequency information. Global average pooling and 1 × 1
convolution are utilized to generate the channel weights. Finally,
three different 1 × 1 convolutions compute the effective channel
weights. The weights are multiplied with the corresponding
scale frequency information. The results of multiplication are
summed to get the reconstructed feature. The mathematical

equation is

fo
MSFS =

∑
fd
W × fd

D, d ∈ {1, 2, 4} (4)

where fo
MSFS denotes the input feature of MSFS block; fd

W

and fd
D represent channel weights and convolution features

corresponding to dilation rate d.

III. EXPERIMENT

A. Implementation Details

The MFQEv2 dataset [15] is used for training and testing.
Following [18], Charbonnier loss [25] and Adam optimizer [26]
are used in the training phase.

In our model, the number of deformable convolution output
channels is set to 48. The number of MSFS blocks in the QE
module, M, is set to 3. In the transformer block, the token
dimension for the self-attention calculation is set to 48 and the
window size is set to 8. Two variants are set up for multi-Swin
transformer: 1) M-Swin-T with N = 4, and 2) M-Swin-B with
N = 10 (N denotes the number of AMST blocks in the GRF
module.).

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

In order to verify the superior performance of the pro-
posed model, we select the SOTA global context based method
TVQE [12] and motion compensation based methods, including
MFQE2.0 [15], STDF-R3L [17], RFDA [18], CF-STIF [20],
STIB [21] and STDR [22] for comparison.

Quantitative Comparison on HEVC: As shown in Table I,
M-Swin-B achieves the best �PSNR and �SSIM for 12 and 14
out of 18 test videos at QP= 37. In particular, M-Swin-B obtains
the best results for most videos in classes A, B, C, and D, which
contain complex spatio-temporal information. While for videos
with less spatio-temporal information in Class E, the proposed
method remains effective, only second to TVQE. Averagely,
the proposed method obtains the best performance over all QPs
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TABLE II
OVERALL COMPARISON ON MFQEV2 DATASET OVER 18 TEST SEQUENCES AT

QP = 37

Fig. 3. Detailed visualization on three videos BasketballPass (416×240),
BQMall (832×480) and RaceHorses (416×240).

except QP = 42. Compared to TVQE, M-Swin-B achieves a
maximum improvement of 16% in �PSNR and 9% in �SSIM.

Quantitative Comparison on VVC: VVC has been extensively
utilized as the most advanced compression standard in recent
years. As can be seen from Table II, M-Swin-B achieves the
best �PSNR and �SSIM for 17 out of 18 test videos at QP
= 37. For BasketballDrive, M-Swin-B substantially enhances
performance over TVQE, achieving increases of 40% in�PSNR
and 26% in �SSIM. Furthermore, our model surpasses both
RFDA and TVQE in overall average performance.

Qualitative Comparison: The visualization results are shown
in Fig. 3. In the first row, all competing methods display muscle
lines with noticeable bulges due to HEVC compression artifacts.
In contrast, our method fits a more realistic leg contour. In the
second row, both RFDA and TVQE excessively smooth the plaid
texture into a striped texture. M-Swin-B accurately restores the
original texture. In the last row, our method restores a clearer
curvilinear line of the horse’s nose.

Efficiency Comparison: Table III presents the results of the
efficiency comparison. In terms of parameter size, M-Swin-T
has 0.12 million fewer parameters compared to the smallest
models STDF-R3L and RFDA, which each have 1.27 million

TABLE III
MODEL SIZE, INFERENCE SPEED AND PERFORMANCE WITH HEVC

TABLE IV
ABLATION STUDY ON AMST AND MSFS BLOCKS AT QP = 37 OVER

M-SWIN-T

parameters. Furthermore, M-Swin-T achieves an 11% improve-
ment in �PSNR and a 23% reduction in BD-BR compared to
STDF-R3L. Our models demonstrate a reduced GPU memory
footprint, surpassed only by STDF-R3L. Regarding inference
speed, our models deliver moderate FPS among all. As the results
above show, our method strikes a balance among model size,
inference speed and performance efficiency.

C. Ablation Study

As indicated in Table IV, ablation experiments validate the
effectiveness of the proposed AMST and MSFS blocks. In the
GRF module, the multi-Swin transformer in the AMST block is
replaced with a single Swin transformer. To maintain scale con-
sistency, eight adaptive Swin transformer blocks are employed.
The results from the second and fourth rows demonstrate the
significant advantage of our multi-Swin transformer over the
vanilla Swin transformer. In QE module, three MSFS blocks
are replaced with five 3 × 3 convolutions. The results from the
third and fourth rows indicate that, compared to convolutions,
the MSFS blocks led to further performance improvements with
only a 13% increase in model parameters. Ultimately, when
incorporating both AMST and MSFS blocks, compared to com-
bining the Swin transformer and convolution, the model achieves
peak performance with only a 13% increase in parameters.

IV. CONCLUSION

In this letter, we propose a novel network for CVQE task,
which exploits spatio-temporal information in a coarse-to-fine
manner. In refinement stage, we propose the multi-Swin trans-
former to fully exploit spatio-temporal information. Besides, we
design a multi-scale feature selection block to effectively fuse
features at the end. Extensive experiments verify the efficiency
of our approach. Meanwhile, our proposed blocks are plug-
and-play and can be easily integrated into diverse vision-related
tasks.
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