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ABSTRACT

In this paper, we present a hybrid X-shaped vision Transformer, named Xformer,
which performs notably on image denoising tasks. We explore strengthening
the global representation of tokens from different scopes. In detail, we adopt
two types of Transformer blocks. The spatial-wise Transformer block performs
fine-grained local patches interactions across tokens defined by spatial dimen-
sion. The channel-wise Transformer block performs direct global context in-
teractions across tokens defined by channel dimension. Based on the concur-
rent network structure, we design two branches to conduct these two interac-
tion fashions. Within each branch, we employ an encoder-decoder architecture
to capture multi-scale features. Besides, we propose the Bidirectional Connection
Unit (BCU) to couple the learned representations from these two branches while
providing enhanced information fusion. The joint designs make our Xformer
powerful to conduct global information modeling in both spatial and channel
dimensions. Extensive experiments show that Xformer, under the comparable
model complexity, achieves state-of-the-art performance on the synthetic and real-
world image denoising tasks. We also provide code and models at https:
//github.com/gladzhang/Xformer.

1 INTRODUCTION

As a fundamental vision task, image denoising aims to recover the high-quality image from its noisy
counterpart. It has been a very challenging problem as the denoising process is hard to distinguish
the tiny textures and details from the noise. Recently, deep convolutional neural networks (CNNs)
have shown great power to solve this inverse problem (Zhang et al., 2017a; 2020; Tian et al., 2020;
Zhang et al., 2021a; Hu et al., 2021). With the help of convolution operations, deep features can be
extracted to provide powerful image representations. However, the disadvantages of convolution are
also obvious. Due to the poor receptive field scaling, CNN has limited ability to capture long-range
dependencies among visual elements. Moreover, the convolution filters are parameter-dependent
and content-independent and thus experience difficulty to show flexibility for the dynamic inputs. To
address the above shortcomings, several recent works investigate the self-attention (SA) mechanism
to replace the convolution and build the Transformer-based networks (Liang et al., 2021; Chen et al.,
2021; Zamir et al., 2022; Wang et al., 2022; Lee et al., 2022).

Transformer has shown state-of-the-art performance on high-level vision tasks (Xu et al., 2021;
Ali et al., 2021; Zhang & Yang, 2021; Liu et al., 2021; Chu et al., 2021; Wang et al., 2021;
Xie et al., 2021). The SA mechanism has great power to capture content-dependent global rep-
resentations while modeling long-distance relationships. Despite of the growing computational
cost, researchers are investigating the employment of Transformer in solving low-level vision
problems (Liang et al., 2021; Chen et al., 2021). Liang et al. (2021) proposed SwinIR based
on Swin Transformer (Liu et al., 2021) to utilize spatial-wise window-based SA blocks. The
tokens are extracted from a square location. Zamir et al. (2022) proposed Restormer to ap-
ply SA across channel dimension rather than the spatial dimension. It is demonstrated that the
channel-wise SA is able to model global connectivity. For further analysis, these two types of
SA mechanisms are considered to focus on different respects of global information modeling.
In detail, the spatial-wise SA is good at capturing local patch-level information and modeling
fine-detailed spatial features. On the other hand, the channel-wise SA is capable of capturing
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Figure 1: Architecture of our proposed Xformer. The modules include spatial-wise Transformer
block (STB), channel-wise Transformer block (CTB), and bidirectional connection unit (BCU).

global channel-level information and modeling speci�c channel features. Especially, both types
of information modeling are important for enhancing representation learning in Transformer.
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Figure 2: Visual examples for Gaussian color im-
age denoising with noise level� =50 on Urban100.

Therefore, we explore adopting spatial-wise SA
and channel-wise SA together in this paper.
It remains challenging as there are gaps be-
tween these two types of SA mechanisms. We
consider designing a concurrent network with
dual branches. Similar parallel ideas have also
been investigated for other visual tasks in recent
years (Chen et al., 2022; Pan et al., 2022; Peng
et al., 2021). In special, the concurrent structure is bene�cial for the network to build direct in-
teractions between different branches. Furthermore, we apply spatial-wise Transformer block and
channel-wise Transformer block in respective branch. Following previous works (Yue et al., 2020;
Cheng et al., 2021; Zamir et al., 2021; 2022), we employ an encoder-decoder structure within each
branch to obtain multi-scale features. In short, the spatial-wise branch can perform �ne-grained
local patches interactions across spatial-dimension tokens. The channel-wise branch can perform
direct global context interactions across channel-dimension tokens.

For further investigation, the concurrent network enables dual branches to model patch-level and
channel-level information respectively. However, there are still some limitations. The direct con-
catenating operation in the end fails to effectively use these two types of features. In this way, each
branch cannot capture information from different levels. Therefore, we propose the Bidirectional
Connection Unit (BCU) as the bridge between two branches, which provides information fusion in
an interactive manner. With BCU, the network can couple two styles of deep features. In detail,
we utilize convolution layers with a3� 3 kernel to re�ne the learned deep features in corresponding
branches. Then, we add the re�ned features to respective branches. Such a fusion operation can
greatly enhance the global representation of tokens from different dimensions.

Based on the designs above, we present a hybrid X-shaped Transformer for image denoising, named
Xformer, as shown in Fig. 1. We design a concurrent network with two branches. Speci�cally, we
separately utilize spatial-wise SA blocks and channel-wise SA blocks in respective branch. Besides,
we employ the proposed BCU to bridge these two branches for information fusion. The joint designs
enable our network to obtain stronger global representations in Transformer. More details can be
found in Sec. 3. Our Xformer can achieve superior results against recent leading image denoising
methods. As shown in Fig. 2, our proposed method obtains visually pleasing results while others
suffer from the loss of details. Overall, we summarize our main contributions as follows:

• We propose Xformer, an X-shaped Transformer with hybrid implementations of spatial-
wise and channel-wise Transformer blocks, thereby exploiting the stronger global repre-
sentation of tokens in Transformer-based neural network.

• We propose the Bidirectional Connection Unit (BCU) that is able to effectively couple the
learned representations from two branches of Xformer. This simple design signi�cantly
enhances the global information modeling of our method.

• We employ Xformer to train an ef�cient and effective Transformer-based network for im-
age denoising. We conduct extensive experiments on the synthetic and real-world noise
removal tasks. Our method can achieve state-of-the-art performance.
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2 RELATED WORK

Image Denoising.Due to the powerful generalizing ability from large-scale data, CNN-based meth-
ods (Zhang et al., 2020; Tian et al., 2020; Zhang et al., 2021a; Hu et al., 2021) have achieved superior
performance over the traditional denoising algorithms (Perona & Malik, 1990; Mairal et al., 2009;
Elad & Aharon, 2006). Zhang et al. (2017a) proposed DnCNN as a representative image denoising
method, which trained mappings from noisy images to noises. For further improvements, many sub-
sequent works used more elaborate network architecture designs, including encoder-decoder struc-
ture (Yue et al., 2020; Cheng et al., 2021; Zamir et al., 2021), non-local modules (Liu et al., 2018a;
Zhang et al., 2019), attention mechanism (Zhang et al., 2021b), and dynamic convolution (Jiang
et al., 2022). Unfortunately, most CNNs suffer from the limited ability to model long-range de-
pendencies, which is crucial for recovering clean images. Very recently, researchers have started to
utilize self-attention strategy to replace the single convolution operation. (Liang et al., 2021; Chen
et al., 2021; Zamir et al., 2022; Wang et al., 2022; Lee et al., 2022).

Vision Transformer. In recent years, Transformer has achieved impressive success in machine
translation tasks (Vaswani et al., 2017). It also performs outstandingly to solve numerous high-
level vision problems (Zhang & Yang, 2021; Chu et al., 2021; Wang et al., 2021; Xie et al., 2021)
due to the content-dependent global receptive �eld of the network. Dosovitskiy et al. (2021) �rstly
proposed ViT to introduce Transformer into image recognition. Inspired by these, more and more
works started to apply Transformer to solve low-level vision tasks (Liang et al., 2021; Chen et al.,
2021; Wang et al., 2022; Zamir et al., 2022). Wang et al. (2022) proposed a general U-shaped
Transformer named Uformer based on U-Net (Ronneberger et al., 2015) for image restoration. Za-
mir et al. (2022) proposed a strong baseline model named Restormer and achieved state-of-the-art
performance in several image restoration tasks. Chen et al. (2021) proposed IPT to apply standard
Transformer blocks while using pre-training on additional datasets. To sum up, these works have
not explored enhancing the global representation of tokens from different dimensions. In contrast,
we design a general X-shaped Transformer to bridge this gap.

Concurrent Network. Compared to the commonly-used serial network, the concurrent network
has parallel branches in the whole network architecture. Therefore, it has the natural advantage of
simultaneously conducting different types of representation learning and building direct interactions
between dual branches. Recently, few efforts have been made to explore this �eld. Some works
only focused on parallel blocks such as Chen et al. (2022) and Pan et al. (2022). Peng et al. (2021)
de�ned a representative concurrent network named Conformer to solve some high-level vision prob-
lems. They designed two branches to respectively leverage convolution operators and self-attention
mechanisms. Speci�cally, the CNN branch preserves �ne-detailed local features. The Transformer
branch captures long-range dependencies. In this paper, we also design a concurrent network. Dif-
ferent from it, our proposed Xformer applies different Transformer blocks in two branches and we
focus on low-level vision tasks. Besides, we propose the Bidirectional Connection Unit (BCU) to
greatly enhance the information fusion within two branches.

3 METHOD

3.1 OVERALL PIPELINE

As shown in Fig. 1, our Xformer is a hybrid X-shaped Transformer-based network with two
branches. Following the design of U-Net structures (Cheng et al., 2021; Zamir et al., 2022; Wang
et al., 2022), each branch is treated as a separate U-shaped network with skip connections between
encoders and decoders. We utilize the spatial-wise window-based Transformer blocks (STBs) to
construct the spatial-wise branch. The channel-wise cross-covariance Transformer blocks (CTBs)
are used to construct the channel-wise branch. Then, we design the Bidirectional Connection Unit
(BCU) to bridge the dual branches for feature complementarity. It can bring information fusion for
different branches. Besides, we provide two additional designs. Firstly, we make the last encoder
involving STBs of two branches share parameters for the purpose of computational ef�ciency. Sec-
ondly, we concatenate the output features from two branches and send them to a new re�nement
module involving CTBs. The overall pipeline is as follows.

Given a degraded imageI 2 RH � W � C in whereH , W , andCin are the height, width, and input
channels, our proposed Xformer �rst uses a 3� 3 convolutional layer (Conv) to obtain the shallow
featureF0 2 RH � W � C , whereC is the size of new feature dimension. Next, the featureF0 is
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Figure 3: Module architectures of spatial-wise and channel-wise Transformer blocks (STB| CTB).
concurrently sent to two 4-level symmetric encoder-decoder branches. Through these two branches,
it is transformed into two new deep featuresFs, Fc 2 RH � W � C . In detail, each encoder or decoder
contains cascaded Transformer blocks. Encoders takeF0 as input and reduce half of the spatial
resolution while doubling the number of feature channels as the stage grows. Decoders take the
low-resolution features as input and reduce half of the feature channels while doubling the size of
feature maps. By counting, input features experience three times of downsampling and upsampling.
Besides, the up-sampled features are concatenated with the corresponding features from encoders
via skip connections for the recovery improvement. The concatenated features further pass through
a 1� 1 Conv to reduce channels by half. For information fusion, the down-sampled features after the
�rst and second encoders pass through the BCU and then integrate to the opposite branch through
element-wise add. Similarly, the reduced features after the �rst and second decoders pass through the
BCU and are added to the opposite branch. In the end, the new featuresFs andFc are concatenated
and then �ow to the re�nement module. The output is further transmitted into a 3� 3 Conv to obtain
a residual imageI r 2 RH � W � C in . Finally, the restored image is generated byÎ = I + I r .

3.2 DUAL BRANCHES

Spatial-wise Branch. As shown in the upper part of Fig. 1, the spatial-wise branch adopts the
encoder-decoder structure with skip connections. The components of encoders and decoders are
cascaded spatial-wise window-based Transformer blocks (STBs). We provide the details of STB in
Fig. 3(a). We makexl as the output at thel th block. We formulate the calculation process of STB as

x0
l = W-MSA(LN( xl � 1)) + xl � 1;

xl = FFN(LN( x0
l )) + x0

l ;
(1)

where W-MSA means the window-based multi-head self-attention. Here we assume that the number
of heads is1 to transfer MSA to singe-head mode. Given the featureX 2 RH � W � C generated
by layer normalization (LN) (Ba et al., 2016), W-MSA �rst split it into non-overlappingG� G
windows to get featuresX i 2 RG2 � C for i th window. Next, it performs linear projecting to generate
query (Qi ), key (K i ), and value (V i ), yielding Q i =X i W Q , K i =X i W K , andV i =X i W V , where
W Q ,W K ,W V 2 RC � C are learnable parameters. We formulate the calculation ini th window as

X̂
i

= Softmax(
Qi K i T

p
C

+ B)V i ; (2)

where X̂
i

is the output feature map ini th window and B is the relative position encoding
(RPE) (Shaw et al., 2018; Raffel et al., 2020). Furthermore, the features from all windows are
projected together and reshaped to the new feature map of sizeRH � W � C , as the last output of W-
SMA. For the Feed-forward network (FFN), we use the basic multi-layer perception (MLP) used
in recent works (Liu et al., 2021; Liang et al., 2021) to deal with the input features. In short, the
STB utilizes non-overlapping windows to generate shorter token sequences for the self-attention
computation, which can enable the network to obtain �ne-grained local patches interactions.

Channel-wise Branch. Similarly, this channel-wise branch contains a 4-level encoder-decoder
structure. In special, the encoders and decoders are constructed by cascaded channel-wise Trans-
former blocks (CTBs). The details of CTB are shown in Fig. 3(b). Assuming thatxk is the output at
thekth block, the calculation process can be formulated as

x0
k = C-MSA(LN( xk � 1)) + xk � 1;

xk = FFN(LN( x0
k )) + x0

k ;
(3)
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where C-MSA means the channel-wise multi-head self-attention. We also assume that the number of
heads is1 and transfer MSA to a singe-head fashion. Given the normalized featureX 2 RH � W � C ,
C-MSA �rst utilizes the projecting module to get prepared query, key and value. In order to intro-
duce contextualized information into self-attention computation, we choose to use 3� 3 depth-wise
convolution (Conv) following 1� 1 Conv to generate query (Q), key (K), and value (V). We make
Q=W Q

d W Q
p X , K =W K

d W K
p X , andV =W V

d W V
p X , whereW ( �)

p means parameters of 1� 1 point-

wise Conv andW ( �)
d means parameters of 3� 3 depth-wise Conv. Then, the obtainedQ, K, V are

reshaped into new feature maps of sizeRC � N , whereN =H � W . The query and key are further nor-
malized to prepare for cross-covariance attention. The new transposed attention map is calculated
by Q andKT with size ofRC � C . The calculation process of the C-MSA is formulated as

X̂ = Softmax( QKT =� )V; (4)

where� is a learnable temperature parameter andX̂ 2 RC � N is the output. Then̂X is reshaped to
the original feature size ofRH � W � C . The output further passes through a linear projecting layer.
Added by the shortcutxk � 1, new featuresx0

k is transmitted to the following part. For the FFN, we
introduce the gating mechanism and depth-wise convolutions proposed in the recent work (Zamir
et al., 2022) to enrich the feature transferring, which is validated to be effective. Equipped with the
used C-MSA and FFN, the CTB enjoys strong ability to capture direct global context interactions.

3.3 BIDIRECTIONAL CONNECTION UNIT

Motivation. As the dual branches enable the network to capture both patch-level and channel-level
information, the information fusion is treated as an important step to enhance global information
modeling. Simple concatenating operation is not able to effectively utilize information from differ-
ent branches. The direct connection of dual branches is not the best choice. Therefore, we propose
the Bidirectional Connection Unit (BCU) to couple the deep features from their respective feed-
forward processes for feature complementarity. We demonstrate that the proposed BCU plays an
important role to provide enhanced information fusion.

Speci�c Design. We design the BCU to bridge the two branches in an interactive manner. We
carry out the speci�c feature complementarity like the form of absolute position encoding (Vaswani
et al., 2017). On one hand, we add the global context information brought by channel-wise self-
attention to the feature maps of the spatial-wise branch. On the other hand, we add the �ne-grained
patch-level information brought by local patches interactions to the feature maps of the channel-
wise branch. In detail, the BCU contains two simple convolution layers. Speci�cally, we use a
3� 3 depth-wise convolution layer to re�ne the deep features from the spatial-wise branch for the
purpose of saving computational consumption. We use a common 3� 3 convolution layer to re�ne
features from the channel-wise branch to provide more channel-dimension interactions. With the
3� 3 kernel size, the feature re�nement process can provide extra contextualized information. The
speci�c implementation is shown in Fig. 1.

3.4 IMPLEMENTATION DETAILS

Speci�c Settings. Firstly, we set the layer numbers of both branches the same, which are [2, 4,
4, 6, 4, 4, 2]. The number of CTBs in the re�nement stage is set to 4. Secondly, we set the
number of heads in corresponding layers to [1, 2, 4, 8, 4, 2, 1]. The head number of CTBs in the
re�nement stage is set to 1. Meanwhile, the channels number of shallow features generated by the
�rst convolution layer is set to 48. The expansion size of hidden layers in FFN is set to 2.66. Thirdly,
the window size in spatial-wise Transformer blocks is set to 16. Note that we also utilize the shifted-
window strategy (Liu et al., 2021). Besides, we use pixel-unshuf�e and pixel-shuf�e operations (Shi
et al., 2016) for downsampling and upsampling. Lastly, following the recent work (Zamir et al.,
2022), we use the progressive training strategy for fair comparisons.

Loss Function. Following most recent works (Lai et al., 2017; Zhang et al., 2020; Zamir et al.,
2022), we useL 1 loss function to optimize our proposed Xformer. For image denoising, the goal of
training Xformer is to minimize theL 1 loss, which is formulated as

L = kÎ HQ � I HQ k1; (5)

whereÎ HQ is the output of our Xformer andI HQ is the corresponding ground-truth image.
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