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Abstract: Visual Transformers (ViTs) have shown impressive performance due to their powerful
coding ability to catch spatial and channel information. MetaFormer gives us a general architecture
of transformers consisting of a token mixer and a channel mixer through which we can generally
understand how transformers work. It is proved that the general architecture of the ViTs is more
essential to the models’ performance than self-attention mechanism. Then, Depth-wise Convolution
layer (DwConv) is widely accepted to replace local self-attention in transformers. In this work, a
pure convolutional "transformer" is designed. We rethink the difference between the operation of self-
attention and DwConv. It is found that the self-attention layer, with an embedding layer, unavoidably
affects channel information, while DwConv only mixes the token information per channel. To address
the differences between DwConv and self-attention, we implement DwConv with an embedding
layer before as the token mixer to instantiate a MetaFormer block and a model named EmbedFormer
is introduced. Meanwhile, SEBlock is applied in the channel mixer part to improve performance.
On the ImageNet-1K classification task, EmbedFormer achieves top-1 accuracy of 81.7% without
additional training images, surpassing the Swin transformer by +0.4% in similar complexity. In
addition, EmbedFormer is evaluated in downstream tasks and the results are entirely above those of
PoolFormer, ResNet and DeiT. Compared with PoolFormer-S24, another instance of MetaFormer, our
EmbedFormer improves the score by +3.0% box AP/+2.3% mask AP on the COCO dataset and +1.3%
mIoU on the ADE20K.

Keywords: deep learning; computer vision; CNN; vision transformer

1. Introduction

Since AlexNet [1] showed extreme performance on the ImageNet image classification
challenge [2], Convolutional Neural Networks (CNNs) have long been the most dominant
method for modeling in computer vision because of their high efficiency in processing images.
For example, when it comes to the backbones of vision tasks, such as image classification,
object detection and tracing, ResNets [3] would always be the first thought because of its
outstanding contribution to deep neural networks and excellent performance. There is no
doubt that many novel model populations have been created to improve task performance
by a large margin. At the same time, traditional CNNs are still not out of fashion, showing
the strong ability of CNNs to learn sophisticated and complicated representations.

The transformer [4] was first designed for sequence modeling and transduction tasks
in natural language processing and was introduced to computer vision, bringing in a crazy
wave of Visual Transformers (ViTs) in recent years. Since then, transformer models have
been successfully used for all kinds of vision tasks, such as image classification [5–8], object
detection [9,10], semantic segmentation [11] and so on. The transformer has also been
introduced to practical applications such as the disparity prediction algorithm [12].

Initially, researchers thought highly of self-attention, a novel mechanism for processing
long-term semantic information in transformers. ViTs [5] treat pictures as 16× 16 words
and use a pure transformer to process them. It achieves good results while suffering
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from high computational costs. To deal with its substantial computational complexity,
researchers have introduced many kinds of local self-attention (LSA) [6,7]. They no longer
compute global attention but catch the neighboring relationships through ideas of small
windows. It is worth mentioning that ViTs, the outputs of which seem like a columnar
structure, were designed to deal with image classification tasks specifically. Since PVT [8],
transformer-based backbones have started producing hierarchical representations that
seem like a pyramid.

As time went by, it was proved that the general architecture of transformers is more
essential to the models’ performances. Yu et al. [13] abstracted the transformer and its
variants to a general architecture named MetaFormer, in which SA is merely regarded as
one kind of token mixer. Then, many simple operators, such as Depth-wise Convolution
(DwConv) [14], dynamic filter and even parameter-less pooling, are introduced for token
mixing [13,15], showing that DwConv can match the performance of LSA [15]. Liu et al. [16]
gradually modernized an original ResNet toward a transformer-like one named ConvNext,
which achieves competitive performance with transformer-based backbones. ConvNext
can be viewed as a simple visual transformer not using self-attention but DwConv to catch
spatial information. The appearance of ConvNeXt is powerful proof that well designed
CNNs are also competitive with visual transformers.

However, there are still several differences between transformer-based architectures
and ConvNeXt. On the one hand, in terms of the block structure, visual transformer
block has two shortcuts, while ConvNeXt block has only one. This means that visual
transformer block processes an input through two separate steps, but ConvNeXt treats
token mixing and channel mixing as one indispensable flow. On the other hand, DwConv
has different operating logic for processing feature maps with a self-attention mechanism.
The self-attention mechanism processes spatial and channel information, while DwConv
only operates on the spatial dimension.

We consider building a pure convolutional architecture more like a transformer-based
one in this work. To realize this idea, a convolutional token mixer which is efficient and
more similar to the self-attention mechanism is designed and applied into a MetaFormer
block to combine the advantages of both CNN and transformers. The proposed model is
named EmbedFormer. The basal block of the proposal is sliced into two parts, the token
mixing part and the channel mixing part, both with a shortcut beside them. Similar to
ConvNeXt, DwConv is used as the token mixer. Differently, an embedding layer (point-
wise convolution) is added to the head of the block to make the operation of DwConv more
like self-attention. The token mixer is designed to avoid the computational complexity of
self-attention and equalize the form with a transformer-based block. In the channel mixer,
SEBlock [17] is introduced to improve the performance of the channel mixing part. The
stage design of PoolFormmer-S24 is exploited, specifically stage depths of (4, 4, 12, 4) and
stage channels of (64, 128, 320, 512). EmbedFormer is of similar computational complexity
to ResNet-50 and surpasses its performance.

In this paper, firstly, the background and the motivation of EmbedFormer are shown
in Section 1. Then, in Section 2, the related works, including CNN-based architectures,
transformer-based architectures and attention modules, are introduced. In Section 3, the
proposed model named EmbedFormer is displayed in detail. In Section 4, we evaluate the
proposed EmbedFormer on several vision tasks, including ImageNet classification [2], ob-
ject detection and segmentation on COCO [18] and semantic segmentation on ADE20K [19].
In Section 5, the ablation experiments are shown. Finally, in Section 6, we summarize the
whole paper and put forward the future prospect.

2. Related Work
2.1. CNN-Based Architecture

CNN is one of the most significant networks in the deep learning field. It has been
several decades since CNN was invented. However, when AlexNet [1] was born, CNNs
became the soul of vision tasks because of their strong feature extraction ability. With the
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development of deep learning, CNNs became deeper and more effective. The one we are
most familiar with is ResNet [3]. It has been the most widely used CNN in many tasks.
Some variants of ResNet, such as ResNeXt [14] and RegNet [20], also achieve good results.
Another well known series is EfficientNet [21] and its variants. In mobile applications,
lightweight CNNs, such as MobileNet [22] and ShuffleNet [23], also take a place. CNNs
usually serve as the backbone of a model in vision tasks.

Except for the advances of architecture, several works are aiming to improve indi-
vidual convolution layers, such as DwConv [14]. DwConv is a particular case of grouped
convolution [1] with group number equaling channel number. In other words, the fil-
ters in DwConv are not shared between every two channels. In addition, deformable
convolution [24,25] and dilate convolution [26] are also notable improvements.

2.2. Transformer

In this section, we introduce the original transformer. Firstly, we introduce the self-
attention mechanism and the variants in Section 2.2.1. Then, the architecture of the original
transformer is shown in Section 2.2.2.

2.2.1. Self-Attention

The transformer attention mechanism normally maps input sequences X and Y into
three different sequential vectors (query Q, key K and value V) as follows:

Q = XWQ, K = YWK, V = YWV (1)

WQ, WK and WV denote linear matrices. In a self-attention mechanism, where the two
inputs are equivalent to each other, an embedding layer (often implemented with a point-
wise convolution layer or a linear layer) is used to generate Q, K and V.

Self-Attention As the global information catcher, the self-attention mechanism is an
integral component of the original transformer. The structure of self-attention is shown in
Figure 1. The following equations show the operation of self-attention:

Q, K, V = Embedding(Input) (2)

Attn(Q, K, V) = So f tmax(QKT)V (3)

The Attn() in Equation (3) denotes the output of the attention mechanism. The embed-
ding layer in Equation (2) might be convolution or linear layers in implementation. In the
self-attention mechanism, it is used to transfer the input sequence into query, key and value.

Figure 1. The computing operation of self-attention.



Sensors 2022, 22, 9854 4 of 14

Masked Self-Attention A self-attention layer updates the input sequence by comput-
ing the relationships between every two components. It is through this mechanism that
transformers have the capacity to aggregate the global information of the complete input.
However, in the decoder, which is used to predict sequence components one by one, the
following information of each component should be masked. Then, masked self-attention
is employed and the following equations show the its operation:

Q, K, V = Embedding(Input) (4)

Attn(Q, K, V) = So f tmax(QKT �M)V (5)

The mask M is an upper-triangular matrix and � denotes the Hadamard product.
When predicting an entity in the sequence, the future entities’ attention score is set to zero
in masked self-attention.

Multi-Head Self-Attention Self-attention can be improved by the idea of the multi-
head mechanism. The input sequence is divided into several slices by the domain of
channels and self-attention is computed during each slice. When h denotes the number of
heads and input′ denotes the set of {inputi}h

i=1 in which every inputi is a result of dividing
the input sequence into h equal parts along the channel dimension, the following equations
show the operation of multi-head self-attention:

Q′, K′, V′ = Embedding(input′) (6)

headi = So f tmax(QiKT
i )Vi (7)

MultiHeadAttn(Q′, K′, V′) = Concat(head1, . . . , headh)Wo (8)

In the equations, Q′ denotes the set of {Qi}h
i=1 (so does K′, V′). Concat is the operation

of concatenation. Wo is a linear projection matrix. It is said that every head aggregates
different information from the entire input sequence.

2.2.2. Original Transformer

The transformer [4] is a model firstly designed for Natural Language Processing (NLP)
tasks and has been one of the most widely-used models in machine translation [27], speech
question answering [28] and many other language tasks. The structure of the original
transformer is shown in Figure 2, in which a feed-forward network is a two-layer Multi-
Layer Perceptron (MLP). An original transformer has an encoder–decoder structure. An
encoder consists of six encoder layers in which multi-head self-attention and forward feed
network are employed with residual connections. Similar to the encoder, the decoder also
has six decoder layers. Each decoder layer has three sub-layers, one masked multi-head
self-attention and another two the same as the encoder layer. It is worth mentioning that the
attention mechanism has no sense of positional information, so cosine positional encoding
is implemented to add the positional vector into the input sequences.

2.3. Transformer-Based Architecture

Because of the success of transformers in NLP, researchers have attempted to use
transformers in CV tasks, including image classification [5–8], object detection [9,10] and
semantic segmentation [29].
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Figure 2. The structure of the original transformer.

ViT [5] firstly treats an image as 16× 16 patches and introduces an original transformer
model to process them. It attains state-of-art performance on image classification tasks
with a large dataset for pre-training. Since the successful attempt of ViT, transformer-based
backbone architectures have sprung up like mushrooms. Some of them take the original
self-attention layer as ViT does, such as PVT [8], despite its unsatisfactory computational
complexity. Many others use local self-attention mechanisms instead to speed up, like Swin
transformer[6] and CSwin transformer[7]. Nowadays, transformer-based backbones often
perform no worse than CNN-based ones. It is widely accepted that transformer-based
backbones would perform better than CNN-based ones if pre-trained with larger datasets.

Yu et al. [13] proved that the brilliant achievement of visual transformers is owed to
the well designed structure rather than the self-attention mechanism. They abstract the
blocks of transformer-based backbones to a general one named MetaFormer, which consists
of a token mixer and a channel mixer as shown in Figure 3a. It summarizes the workflow
of a transformer block. When inputting an image (or feature map), it would first deal with
the spacial information by every channel. Then, the channel information would be mixed
by the channel mixing part.
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Figure 3. (a) The structure of MetaFormer block. (b) The structure of ConvNeXt block.

2.4. Turning a CNN to a Transformer-like One

When the tricky structure of some local self-attention mechanisms was formed, such as
shift-window self-attention introduced by the Swin transformer, the cost of implementation
became expensive. In contrast, CNNs have been long known to be implementation-friendly.
ConvNeXt [16] is a pure convolution neural network that benefits a lot from transformer-
based backbones. By “modernizing” a ResNet-50 to a transformer-like one, it achieves
better results than Swin transformer. Figure 3b shows the structure of a ConvNeXt block. As
seen in this architecture, if we treat the 7× 7 DwConv as a token mixer and the following
layers as a channel mixer, a ConvNeXt can be regarded as a simple transformer with
only one shortcut. The success of ConvNeXt proves the excellent power of convolution
neural networks. When researching transformer-based architecture worldwide, the pure
convolution architecture inspires us a lot.

2.5. Attention Module

The attention mechanism in computer vision is introduced to help a model rank the
importance of information and naturally focuses on the more important sort. It can be
employed for various visual models to improve the performance on almost all tasks, for
example, the Single-Shot Object Detection (SSD) model on object detection [30]. Generally,
in image tasks, the domains of their concern can be classified into three types: spatial,
channel and mixed. Squeeze-and-Excitation Block (SEBlock) [17], whose structure is
shown in Figure 4, is a standard attention module on the channel domain. It can improve
the quality of representations produced by a network by explicitly modeling the inter-
relationships between the channels, raising the results only by adding a small amount of
computational cost. Following this work, many variants of channel attention modules
come up, such as Selective Kernel Block [31], Coordinate Attention [32] and Style-based
Recalibration Module [33].
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Figure 4. The structure of an SEBlock.

3. EmbedFormer

In this section, the proposed model is introduced in detail. Firstly, the overall architec-
ture is recommended in Section 3.1. Then, the structure of EmbedFormer block is shown in
Section 3.2.

3.1. Overall Architecture

Figure 5 shows the general structure of EmbedFormer. Like Swin transformers and
many other transformer-based networks, a patchify stem is introduced in EmbedFormer
to process input images. This means that an input RGB image would be split into non-
overlapping patches, which are treated as “tokens”. In the implementation, 4× 4 convolu-
tion with stride 4 is used to separate the images into patches.
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Figure 5. The overall architecture of an EmbedFormer.

Four stages would process the tokens consisting of several EmbedFomer blocks. Be-
tween stages, downsample layers are utilized to decrease the number of tokens and expand
the output dimension. 3× 3 convolution with stride 2 is simply used for downsampling.
As a result, a hierarchical representation would be produced and can be conveniently used
in downstream tasks such as object detection and semantic segmentation.
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3.2. EmbedFormer Block

Inspired by MetaFormer and ConvNeXt, the first designed block is shown in Figure 6a.
It follows MetaFormer to be composed of two parts: the token-mixer and the channel-mixer
parts. DwConv is used to play the role of token-mixer. Concerning the channel-mixer, it
follows ConvNeXt, implementing only one layer norm and one GELU as the activation
function.

Inputs

7×7 DwConv

LayerNorm

1×1 Conv

GELU

1×1 Conv

Inputs

7×7 DwConv

LayerNorm

1×1 Conv

GELU

1×1 Conv

GELU

LayerNorm

1×1 Conv

Inputs

7×7 DwConv

LayerNorm

1×1 Conv

GELU

1×1 Conv

GELU

LayerNorm

1×1 Conv

SEBlock

(a) (b) (c)

Figure 6. The order of designing the EmbedFormer block. (a) The structure of the first designed
block. (b) The structure of the second designed block. (c) The structure of EmbedFormer block.

Then, we reflect on the pattern of self-attention and DwConv. As is widely accepted,
DwConv performs as well as local self-attention and is thought to have the equivalent
operation of the latter. However, it is found that different from DwConv, the self-attention
mechanism has an embedding layer before computing the attention. It is unavoidable to
cause an effect on the channel information. To compensate for this, we add an embed-
ding layer before the DwConv layer. The following equations show the operation of our
token mixer:

X = Embedding(Input) (9)

Output = DwConv(X) (10)

To help stabilize training and enhance the nonlinearity of the model, we add one
layer-norm and one GELU in the token mixer. Until now, the structure of the block is
shown in Figure 6b.

In addition, channel-wise attention like SEBlock still contributes to helping the channel-
mixer catch information. The final structure of the block is shown in Figure 6c. It is worth
mentioning that removing the ReLU function between the two point-wise convolution
layer would make the model perform better. The modified SEBlock is shown in Figure 7.
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Figure 7. The modified SEBlock structure used in the proposed model.

4. Experiments and Results

In this section, the experiments and results are shown in tables. An EmbedFormer of
stage depths (4, 4, 12, 4) and channels (64, 128, 320, 512) is constructed to be of similar com-
plexity to ResNet-50. We firstly train and value our model on the ImageNet-1K data set [2].
Then, the models are fine-tuned with pre-trained EmbedFormer backbone on COCO [18]
and ADE20K [19] to test its applicability for downstream tasks, specifically object detection
and semantic segmentation.

4.1. Image Classification on ImageNet-1K

ImageNet-1K, one of the most widely used datasets in visual classification, contains
about 1.3 M training images and 50 K validation images, covering 1 K classes. The pro-
posed model is trained for 300 epochs using AdamW optimizer [34] with weight decay
0.05, batch size 128 and peak learning rate 5 × 10−4. The number of linear warmup
epochs is 20 with a cosine learning rate schedule. Meanwhile, typical schemes, including
Mixup [35], Cutmix [36], RandAugment [37] and Random Erasing [38] are adopted for
data augmentation as in [16]. The results are shown in Table 1.

Table 1. The results of EmbedFormer and different mainstream backbones of similar complexity on
ImageNet-1K.

Model Param. MACs Top-1 Acc.

RSB-ResNet-50 [39] 26 M 4.1 G 79.8
RegNetY-4G [20] 21M 4.0 G 80.0
ViT-B [5] 86 M 55.4 G 77.9
DeiT-S [40] 22 M 4.6 G 79.8
PVT-Small [8] 25 M 3.8 G 79.8
PoolFormer-S24 [13] 21 M 3.6 G 80.3
Swin-T [6] 29 M 4.5 G 81.3
ConvNeXt-T [16] 29 M 4.5 G 82.1
EmbedFormer 23 M 3.8 G 81.7

As shown in the table, the proposed EmbedFormer achieves 81.7 top-1 accuracy,
outperforming RSB-ResNet-50 [39], RegNetY-4G [20], DeiT-S [40] and some other models
of similar complexity. As another instance of MetaFormer, EmbedFormer obtains a higher
score (+1.4%) than PoolFormer-S24 on the ImageNet classification task. Compared with the
Swin transformer, EmbedFormer performs 0.4% better on top-1 accuracy with a smaller
model scale and less computational cost. However compared with ConvNeXt-T, the
proposed EmbedFormer achieves −0.4% top-1 accuracy owing to a 6 million gap in the
number of parameters.

We visualize the results of ResNet-50, DeiT-S, Swin-T and the proposed EmbedFormer
by Grad-CAM [41]. The figures are shown in Figure 8. As is shown, EmbedFormer
can accurately find the critical feature of an object. Besides the outstanding results on
classification task, EmbedFormer also offers excellent performance when applied to the
downstream vision tasks as a backbone.
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Input EmbedFormer ResNet-50 DeiT-S Swin-T

Figure 8. The Grad-CAM activation maps of the models trained on ImageNet-1K.

4.2. Object Detection on COCO

Containing 118 K training and 5 K validation images, COCO is one of the most com-
monly used data sets in the object detection field. With EmbedFormer backbone, we
fine-tune Mask R-CNN [42] and Cascade Mask R-CNN [43] on COCO. Mask R-CNN is
trained using 1× schedule with single-scale training and AdamW optimizer as with Pool-
Former [13]. Cascade Mask R-CNN is trained primarily following the Swin transformer [6].
In other words, multi-scale training, AdamW optimizer and 3× schedule are adopted. We
train and value our model on mmdetection [44]. The results are shown in Table 2.

We first compare EmbedFormer with CNN-based ResNet-50. Both as the backbone in
Mask R-CNN and Cascade R-CNN, EmbedFormer performs much better than ResNet-50
(+5% and +2.3 box AP). Both as instances of MetaFormer, the proposed EmbedFormer
brings 2.9% box AP and 2.3% mask AP gains over PoolFormer with slightly larger model
size and latency. Compared with mainstream transformer-based architecture DeiT-S, Em-
bedFormer achieves +0.6% box AP and +0.9% mask AP improvement at over twice the
efficiency. EmbedFormer can also surpass Swin-T by +0.3% box AP when trained with
1× schedule.
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Table 2. The object detection and segmentation results on COCO using Mask R-CNN and Cascade
Mask R-CNN. The results of FPS are tested on one piece of RTX-3090.

Mask R-CNN (1× Schedule)

backbone APbox APbox
50 APbox

75 APmask APmask
50 APmask

75 #param FPS

ResNet-50 [3] 38.0 58.6 41.4 34.4 55.1 36.7 44M 26.3
PoolFormer-S24 [13] 40.1 62.2 43.4 37.0 59.1 39.6 41M 28.0
Swin-T [6] 42.7 64.9 46.7 39.4 61.8 42.2 48M 22.9
EmbedFormer 43.0 64.3 47.0 39.3 61.6 42.0 43M 25.1

Cascade Mask R-CNN (3× Schedule)

backbone APbox APbox
50 APbox

75 APmask APmask
50 APmask

75 #param FPS

ResNet-50 [3] 46.3 64.3 50.5 40.1 61.7 43.4 82M 18.7
DeiT-S [40] 48.0 67.2 51.7 41.4 64.2 44.3 80M 8.0
Swin-T [6] 50.5 69.3 54.9 43.7 66.6 47.1 86M 11.7
EmbedFormer 48.6 66.9 52.7 42.3 64.6 45.8 81M 17.5

4.3. Semantic Segmentation on ADE20K

We also try the semantic segmentation task on the widely used dataset, ADE20K,
which covers a broad range of 150 semantic categories, with 20 K images for training and
2 K for validation. Semantic FPN [45] and UPerNet [46] are used as segmentors and mostly
follow the settings of Poolformer [13] and Swin transformer [6], respectively. We train and
evaluate the proposed model on mmsegmentation [47]. The results are shown in Table 3.

Table 3. The semantic segmentation results on ADE20K using Semantic FPN and UPerNet. The
results of FPS are tested on one piece of RTX-3090.

Semantic FPN (80 K Iterations)

backbone val mIoU #param FPS

ResNet-50 [3] 36.7 29 M 63.7
PVT-Small [8] 39.8 28 M 31.0
PoolFormer-S24 [13] 40.3 23 M 74.3
Swin-T [6] 41.6 32 M 40.8
EmbedFormer 41.6 27 M 49.9

UPerNet (160 K Iterations)

backbone val mIoU #param FPS

ResNet-50 [3] 42.8 67 M 32.6
DeiT-S [40] 44.0 52 M 18.0
Swin-T [6] 44.5 60 M 30.4
EmbedFormer 45.3 60 M 30.4

These results show that EmbedFormer is +4.9% (+2.5%) mIoU higher than ResNet-
50 as the backbone in Semantic FPN (UPerNet) of similar model size. It is also +1.8%
mIoU higher than PVT-Small and +1.3% mIoU higher than PoolFormer. Compared with
DeiT-S, EmbedFormer is +1.3% mIoU higher with almost twice the inference speed. The
proposed EmbedFormer achieves the same mIoU with Swin-T (41.6%) when trained with
80K iterations and surpasses it by +0.8% when trained with 160K iterations in UPerNet.

5. Ablation Experiments

To find a well designed architecture, we designed a set of blocks starting from a
MetaFormer block with a DwConvn layer as the token mixer. For fast experiments, the
designed models are trained with stage depths of (4, 4, 12, 4) and stage channels of (64, 128,
320, 512) on ImageNet dataset for only 30 epochs. Training on one piece of RTX3090, the
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batch size is set to 128 and the learning rate is set to 5 × 10−4. Cosine training schedule
and AdamW optimization are implemented. The results are shown in Table 4.

Table 4. The performance results of the designed models on ImageNet. The symbol! indicates that
this module is used in this design.

Embedding Layer GELU SEBlock Top-1 Acc. Top-5 Acc.

! ! in the second shortcut 76.13 92.91
! ! between shortcuts 75.68 92.79
! ! 76.04 92.90
! in the second shortcut 75.46 92.74

! 74.72 92.18
74.98 92.31

Firstly, 7× 7 DwConv is used as the token mixer, as in the structure shown in Figure 6a,
achieving 74.98 top-1 accuracy. After the DwConv layer, we add a GELU function, seeing a
temporary reduction in the accuracy. We find a fantastic enhancement when introducing
the embedding layer (with a layer norm behind) before the DwConv. After that, we try
adding SEBlock into the block. It performs better when placed in the second shortcut,
before the channel mixer, as shown in Figure 6c. It is interesting to note that if the GELU
function is removed behind the DwConv, the accuracy would drop dramatically.

6. Conclusions

In the past few years, transformer-based backbones, especially Swin transformer, have
shown strong power concerning vision tasks, gradually attracting more eyes than CNNs.
However, CNNs still hold an irreplaceable position in practical applications because of
their convenience of deployment. Inspired by MetaFormer and ConvNeXt, we introduce
EmbedFormer in this paper to explore the possibility of convolution layers taking the
place of the spatial mixer. As a result, EmbedFormer is evaluated on several shared vision
tasks such as ImageNet classification [2], object detection/segmentation on COCO [18]
and semantic segmentation on ADE20K [19]. In ImageNet classification, EmbedFormer
achieves 81.7 top-1 accuracy without extra training images, surpassing Swin transformer by
0.4%. Box AP/mask AP 48.6/42.3 on COCO and 44.3 of mIoU on ADE20K also significantly
adapt downstream vision tasks. EmbedFormer achieves better performance on almost all
vision tasks compared to Swin transformer. The proposed EmbedFormer proves that it is
possible to design a pure convolutional “transformer” on vision tasks. There might be space
for improvement for EmbedFormer. We believe more efficient convolutional “transformers”
will be proposed in the near future.

Author Contributions: Conceptualization, Z.W., X.H.; methodology, Z.W., X.H.; software, Z.W., X.H.;
validation, Z.W., X.H.; formal analysis, Z.W., X.H., Y.L.; investigation, Z.W., X.H., Y.L.; resources, Z.W.,
X.H.; data curation, Z.W., X.H.; writing—original draft preparation, Z.W., X.H.; writing—review and
editing, Z.W., X.H., Y.L., Q.C.; visualization, Z.W., X.H., Y.L. and Q.C.; supervision, X.H.; project
administration, X.H.; funding acquisition, X.H. All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by National Natural Science Foundation of China (NSFC)
(61572023, 62272419); Natural Science Foundation of Zhejiang Province (LZ22F020010).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Some or all data, models or code generated or used during the study
are available from the corresponding author by request.

Conflicts of Interest: The authors declare no conflict of interest.



Sensors 2022, 22, 9854 13 of 14

References
1. Krizhevsky, A.; Sutskever, I.; Hinton, G.E. Imagenet classification with deep Convolutional Neural Networks. Commun. ACM

2017, 60, 84–90. [CrossRef]
2. Deng, J.; Dong, W.; Socher, R.; Li, L.J.; Li, K.; Fei-Fei, L. Imagenet: A large-scale hierarchical image database. In Proceedings of

the 2009 IEEE Conference on Computer Vision and Pattern Recognition, Miami, FL, USA, 20–25 June 2009; pp. 248–255.
3. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep residual learning for image recognition. In Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.
4. Vaswani, A.; Shazeer, N.; Parmar, N.; Uszkoreit, J.; Jones, L.; Gomez, A.N.; Kaiser, Ł.; Polosukhin, I. Attention is all you need.

Adv. Neural Inf. Process. Syst. 2017, 30, 1–11.
5. Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;

Gelly, S.; et al. An image is worth 16 × 16 words: Transformers for image recognition at scale. arXiv 2020, arXiv:2010.11929.
6. Liu, Z.; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin transformer: Hierarchical vision transformer using shifted

windows. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Montreal, BC, Canada, 11 October
2021; pp. 10012–10022.

7. Dong, X.; Bao, J.; Chen, D.; Zhang, W.; Yu, N.; Yuan, L.; Chen, D.; Guo, B. Cswin transformer: A general vision transformer
backbone with cross-shaped windows. arXiv 2021, arXiv:2107.00652.

8. Wang, W.; Xie, E.; Li, X.; Fan, D.P.; Song, K.; Liang, D.; Lu, T.; Luo, P.; Shao, L. Pyramid vision transformer: A versatile backbone
for dense prediction without convolutions. In Proceedings of the IEEE/CVF International Conference on Computer Vision,
Montreal, BC, Canada, 11 October 2021; pp. 568–578.

9. Carion, N.; Massa, F.; Synnaeve, G.; Usunier, N.; Kirillov, A.; Zagoruyko, S. End-to-end object detection with transformers. In
European Conference on Computer Vision; Springer: Berlin, Germany, 2020; pp. 213–229.

10. Sun, P.; Zhang, R.; Jiang, Y.; Kong, T.; Xu, C.; Zhan, W.; Tomizuka, M.; Li, L.; Yuan, Z.; Wang, C.; et al. Sparse r-cnn: End-to-end
object detection with learnable proposals. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, Montreal, BC, Canada, 11 October 2021; pp. 14454–14463.

11. Ye, L.; Rochan, M.; Liu, Z.; Wang, Y. Cross-modal self-attention network for referring image segmentation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 10502–10511.

12. Liu, Y.; Xu, X.; Xiang, B.; Chen, G.; Gong, G.; Lu, H. Transformer Based Binocular Disparity Prediction with Occlusion Predict
and Novel Full Connection Layers. Sensors 2022, 22, 7577.. [CrossRef]

13. Yu, W.; Luo, M.; Zhou, P.; Si, C.; Zhou, Y.; Wang, X.; Feng, J.; Yan, S. Metaformer is actually what you need for vision. arXiv 2021,
arXiv:2111.11418.

14. Xie, S.; Girshick, R.; Dollár, P.; Tu, Z.; He, K. Aggregated residual transformations for deep neural networks. In Proceedings of
the IEEE Conference on Computer Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 1492–1500.

15. Zhou, J.; Wang, P.; Wang, F.; Liu, Q.; Li, H.; Jin, R. ELSA: Enhanced Local Self-Attention for Vision Transformer. arXiv 2021,
arXiv:2112.12786.

16. Liu, Z.; Mao, H.; Wu, C.Y.; Feichtenhofer, C.; Darrell, T.; Xie, S. A ConvNet for the 2020s. arXiv 2022, arXiv:2201.03545.
17. Hu, J.; Shen, L.; Sun, G. Squeeze-and-excitation networks. In Proceedings of the IEEE Conference on Computer Vision and

Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 7132–7141.
18. Lin, T.Y.; Maire, M.; Belongie, S.; Hays, J.; Perona, P.; Ramanan, D.; Dollár, P.; Zitnick, C.L. Microsoft coco: Common objects in

context. In European Conference on Computer Vision; Springer: Berlin, Germany, 2014; pp. 740–755.
19. Zhou, B.; Zhao, H.; Puig, X.; Xiao, T.; Fidler, S.; Barriuso, A.; Torralba, A. Semantic understanding of scenes through the ade20k

dataset. Int. J. Comput. Vis. 2019, 127, 302–321. [CrossRef]
20. Radosavovic, I.; Kosaraju, R.P.; Girshick, R.; He, K.; Dollár, P. Designing network design spaces. In Proceedings of the IEEE/CVF

Conference on Computer Vision and Pattern Recognition, Seattle, WA, USA, 3–19 June 2020; pp. 10428–10436.
21. Tan, M.; Le, Q. Efficientnet: Rethinking model scaling for convolutional neural networks. In Proceedings of the International

Conference on Machine Learning, Long Beach, CA, USA, 9–15 June 2019; pp. 6105–6114.
22. Howard, A.G.; Zhu, M.; Chen, B.; Kalenichenko, D.; Wang, W.; Weyand, T.; Andreetto, M.; Adam, H. Mobilenets: Efficient

Convolutional Neural Networks for mobile vision applications. arXiv 2017, arXiv:1704.04861.
23. Zhang, X.; Zhou, X.; Lin, M.; Sun, J. Shufflenet: An extremely efficient Convolutional Neural Network for mobile devices. In

Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018;
pp. 6848–6856.

24. Dai, J.; Qi, H.; Xiong, Y.; Li, Y.; Zhang, G.; Hu, H.; Wei, Y. Deformable convolutional networks. In Proceedings of the IEEE
International Conference on Computer Vision, Venice, Italy, 22–29 October 2017; pp. 764–773.

25. Zhu, X.; Hu, H.; Lin, S.; Dai, J. Deformable convnets v2: More deformable, better results. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA, 16–17 June 2019; pp. 9308–9316.

26. Yu, F.; Koltun, V. Multi-scale context aggregation by dilated convolutions. arXiv 2015, arXiv:1511.07122.
27. Devlin, J.; Chang, M.W.; Lee, K.; Toutanova, K. Bert: Pre-training of deep bidirectional transformers for language understanding.

arXiv 2018, arXiv:1810.04805.
28. Chuang, Y.S.; Liu, C.L.; Lee, H.Y.; Lee, L.s. Speechbert: An audio-and-text jointly learned language model for end-to-end spoken

question answering. arXiv 2019, arXiv:1910.11559.

http://doi.org/10.1145/3065386
http://dx.doi.org/10.3390/s22197577
http://dx.doi.org/10.1007/s11263-018-1140-0


Sensors 2022, 22, 9854 14 of 14

29. Zheng, S.; Lu, J.; Zhao, H.; Zhu, X.; Luo, Z.; Wang, Y.; Fu, Y.; Feng, J.; Xiang, T.; Torr, P.H.; et al. Rethinking semantic segmentation
from a sequence-to-sequence perspective with transformers. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, Nashville, TN, USA, 20–25 June 2021; pp. 6881–6890.

30. Li, Y.; Wang, L.; Wang, Z. Single-Shot Object Detection via Feature Enhancement and Channel Attention. Sensors 2022, 22, 6857..
[CrossRef] [PubMed]

31. Li, X.; Wang, W.; Hu, X.; Yang, J. Selective kernel networks. In Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 510–519.

32. Hou, Q.; Zhou, D.; Feng, J. Coordinate attention for efficient mobile network design. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, Nashville, TN, USA, 20–25 June 2021; pp. 13713–13722.

33. Lee, H.; Kim, H.E.; Nam, H. Srm: A style-based recalibration module for convolutional neural networks. In Proceedings of the
IEEE/CVF International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2 November 2019; pp. 1854–1862.

34. Loshchilov, I.; Hutter, F. Decoupled weight decay regularization. arXiv 2017, arXiv:1711.05101.
35. Zhang, H.; Cisse, M.; Dauphin, Y.N.; Lopez-Paz, D. mixup: Beyond empirical risk minimization. arXiv 2017, arXiv:1710.09412.
36. Yun, S.; Han, D.; Oh, S.J.; Chun, S.; Choe, J.; Yoo, Y. Cutmix: Regularization strategy to train strong classifiers with localizable

features. In Proceedings of the IEEE/CVF International Conference on Computer Vision, Seoul, Republic of Korea, 27 October–2
November 2019; pp. 6023–6032.

37. Cubuk, E.D.; Zoph, B.; Shlens, J.; Le, Q.V. Randaugment: Practical automated data augmentation with a reduced search space. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops, Seattle, WA, USA, 14–19
June 2020; pp. 702–703.

38. Zhong, Z.; Zheng, L.; Kang, G.; Li, S.; Yang, Y. Random erasing data augmentation. In Proceedings of the AAAI Conference on
Artificial Intelligence, New York, NY, USA, 7–12 February 2020; Volume 34, pp. 13001–13008.

39. Wightman, R.; Touvron, H.; Jégou, H. Resnet strikes back: An improved training procedure in timm. arXiv 2021, arXiv:2110.00476.
40. Touvron, H.; Cord, M.; Douze, M.; Massa, F.; Sablayrolles, A.; Jégou, H. Training data-efficient image transformers & distillation

through attention. In Proceedings of the International Conference on Machine Learning, PMLR, Virtual Event, 13–14 August
2021; pp. 10347–10357.

41. Selvaraju, R.R.; Cogswell, M.; Das, A.; Vedantam, R.; Parikh, D.; Batra, D. Grad-cam: Visual explanations from deep networks
via gradient-based localization. In Proceedings of the IEEE International Conference on Computer Vision, Venice, Italy, 22–29
October 2017; pp. 618–626.

42. He, K.; Gkioxari, G.; Dollár, P.; Girshick, R. Mask r-cnn. In Proceedings of the IEEE International Conference on Computer Vision,
Venice, Italy, 22–29 October 2017; pp. 2961–2969.

43. Cai, Z.; Vasconcelos, N. Cascade r-cnn: Delving into high quality object detection. In Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18–23 June 2018; pp. 6154–6162.

44. Chen, K.; Wang, J.; Pang, J.; Cao, Y.; Xiong, Y.; Li, X.; Sun, S.; Feng, W.; Liu, Z.; Xu, J.; et al. MMDetection: Open mmlab detection
toolbox and benchmark. arXiv 2019, arXiv:1906.07155.

45. Kirillov, A.; Girshick, R.; He, K.; Dollár, P. Panoptic feature pyramid networks. In Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, Long Beach, CA, USA, 15–20 June 2019; pp. 6399–6408.

46. Xiao, T.; Liu, Y.; Zhou, B.; Jiang, Y.; Sun, J. Unified perceptual parsing for scene understanding. In Proceedings of the European
Conference on Computer Vision (ECCV), Munich, Germany, 8–14 September 2018; pp. 418–434.

47. Contributors, M. MMSegmentation: OpenMMLab Semantic Segmentation Toolbox and Benchmark. 2020. Available online:
https://github.com/open-mmlab/mmsegmentation (accessed on 1 December 2022).

http://dx.doi.org/10.3390/s22186857
http://www.ncbi.nlm.nih.gov/pubmed/36146207
https://github.com/open-mmlab/mmsegmentation

	Introduction
	Related Work
	CNN-Based Architecture
	Transformer
	Self-Attention
	Original Transformer

	Transformer-Based Architecture
	Turning a CNN to a Transformer-like One
	Attention Module

	EmbedFormer
	Overall Architecture
	EmbedFormer Block

	Experiments and Results
	Image Classification on ImageNet-1K
	Object Detection on COCO
	Semantic Segmentation on ADE20K

	Ablation Experiments
	Conclusions
	References

