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Abstract—Deploying high-performance vision transformer (ViT) models on ubiquitous Internet of Things (loT) devices to provide
high-quality vision services will revolutionize the way we live, work, and interact with the world. Due to the contradiction between the
limited resources of 10T devices and resource-intensive ViT models, the use of cloud servers to assist ViT model training has become
mainstream. However, due to the larger number of parameters and floating-point operations (FLOPs) of the existing ViT models, the
model parameters transmitted by cloud servers are large and difficult to run on resource-constrained loT devices. To this end, this
paper proposes a transmission-friendly ViT model, TFormer, for deployment on resource-constrained loT devices with the assistance
of a cloud server. The high performance and small number of model parameters and FLOPs of TFormer are attributed to the proposed
hybrid layer and the proposed partially connected feed-forward network (PCS-FFN). The hybrid layer consists of nonlearnable modules
and a pointwise convolution, which can obtain multitype and multiscale features with only a few parameters and FLOPs to improve the
TFormer performance. The PCS-FFN adopts group convolution to reduce the number of parameters. The key idea of this paper is to
propose TFormer with few model parameters and FLOPs to facilitate applications running on resource-constrained loT devices to
benefit from the high performance of the ViT models. Experimental results on the ImageNet-1K, MS COCO, and ADE20K datasets for

image classification, object detection, and semantic segmentation tasks demonstrate that the proposed model outperforms other
state-of-the-art models. Specifically, TFormer-S achieves 5% higher accuracy on ImageNet-1K than ResNet18 with 1.4 x fewer

parameters and FLOPs.

Index Terms—Internet of Things, cloud computing, cloud-assisted, vision transformer.

1 INTRODUCTION

The International Data Corporation predicts that by 2025,
there will be 41.6 billion connected Internet of Things (IoT)
devices [1]]. Additionally, the recently proposed vision trans-
former (ViT) models, with the support of large datasets,
have crushed the convolutional neural network models
that have dominated for many years in multifarious vision
tasks, such as image classification [2], [3[], object detec-
tion [4], [5], and semantic segmentation [6]-[8]. Deploying
high-performance ViT models on ubiquitous IoT devices
to provide high-quality vision services has attracted great
attention from both industry and academia.

However, since IoT devices are resource-constrained
(e.g., limited storage and computing resources), it is dif-
ficult to provide sufficient resources for training resource-
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Fig. 1: Overview of system architecture.

intensive ViT models. Therefore, it has become mainstream
to assist model training with the help of cloud/edge
servers [9]-[14]. In general, the cloud server first trains
the ViT model and then sends it to the IoT device for
deployment and updating, as illustrated in Fig. [I| The ViT
model contains a large number of parameters (e.g., ViT [4]
contains 41 million parameters), which leads to transmitting
a large number of model parameters when the cloud server
assists in deploying and updating the model. In particular,
in the construction of the smart city, when a cloud server
assists thousands of IoT devices, the transmission of a large
number of model parameters will lead to heavy network
load and difficulty in online deployment and updating of
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ViT models. In addition, existing ViT models contain a large
number of floating-point operations (FLOPs), making them
difficult to deploy on resource-constrained IoT devices.
Therefore, to facilitate the cloud server to assist IoT devices
in deploying and updating the model, it is necessary to
reduce the number of model parameters and FLOPs, espe-
cially in today’s Internet of Everything era. To this end, this
paper aims to implement a transmission-friendly ViT model
for IoT devices to reduce the number of model parameters
and FLOPs while improving model performance.

First, this paper proposes a hybrid layer consisting of
nonlearnable (NL) modules and a pointwise convolution
to replace the multihead attention (MHA) of the standard
ViT. The NL module consists of maximum (max) pooling
and average (avg) pooling. Additionally, the NL module
can easily and parallelly extract multitype and multiscale
features to improve the transformer performance, e.g., using
3 3,5 5 or7 7 max/avg-pooling. The pointwise
convolution consists of 1 1 convolutions with only a few
learnable parameters. Therefore, replacing the MHA with
the proposed hybrid layer can greatly reduce the number of
model parameters and FLOPs.

Then, this paper introduces the group convolution for
channel sparse connection to reduce the number of param-
eters in the feedforward network of the ViT. Group convo-
lution can significantly reduce the number of parameters
by ensuring that each convolution operates only on the
corresponding group of input channels. Motivated by [15],
we introduce the channel shuffle operation to allow group
convolution to obtain input data from different groups;
that is, the input and output channels can be fully related.
We also present a tradeoff between the number of model
parameters and model performance analyzed from the ex-
perimental results.

By introducing the hybrid layer and group convolution
into the existing ViT, we propose a Transmission-Friendly
vision Transformer (TFormer), which has fewer parameters
and FLOPs while also achieving higher performance. It can
be deployed on a large scale on IoT devices with cloud-
assisted training. Since our TFormer is similar in structure
to the existing ViT, we call TFormer a kind of ViT.

Finally, this paper conducts extensive experiments on
the ImageNet-1K, MS COCO, and ADE20K datasets, and
the experimental results show that our proposed TFormer
achieves strong performance on the recognition tasks of
image classification, object detection, and semantic segmen-
tation. For example, when the number of model parameters
is similar, our proposed TFormer achieves 41.2 average pre-
cision (AP) on the MS COCO dataset, which surpasses the
previous state-of-the-art result by +2.3 AP. ADE20K seman-
tic segmentation obtains 41.8 mean intersection over union
(mIoU), an improvement of +2.3 mloU over the previous
state-of-the-art results. In addition, we also demonstrate the
advantages of TFormer in the number of model parameters
and FLOPs, making it more suitable for deployment on
resource-constrained IoT devices.

In summary, our main contributions are as follows:

— This paper presents a new pathway towards efficient ViT
models for IoT devices, comprising a novel hybrid layer and
a novel feedforward network with group-wise connections.
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— The key component of the proposed hybrid layer is the
nonlearnable module with multiple non-parametric opera-
tions (i.e., pooling operators with various kernel sizes) in
parallel to extract multitype and multiscale features, while
at the same time reducing the model parameters and FLOPs
substantially.

— Extensive experiments conducted on the ImageNet, MS
COCO, and ADE20K datasets verify the effectiveness of the
proposed method over classification, object detection, and
semantic segmentation tasks.

The remainder of the paper is organized as follows.
Section [2| reviews the related work on cloud-assisted ap-
proaches and ViT models. Section [3| describes the proposed
TFormer model in detail. Section 4| presents our evaluation
results, and Section 5| concludes the paper.

2 RELATED WORK

In this section, we introduce the cloud-assisted approach
and the ViT models that are most relevant to this paper.

2.1 Cloud-assisted Approach

Due to the limited resources of IoT devices, it is difficult
to provide sufficient computing and storage resources for
training high-performance deep neural network models
(e.g., deep convolutional neural networks and transform-
ers). To this end, it has become the mainstream to first
use well-resourced cloud/edge servers to assist in training
high-performance models [16]-[24]. For example, inspired
by [25], Ding et al. [17], [26] proposed training a complex
neural network model on a cloud server and a simple
neural network model on an edge server and improving the
performance of the latter by sharing some layer parameters
of the complex neural network model with the simple
neural network model. Teerapittayanon et al. [18] proposed
a distributed deep neural network architecture consisting of
cloud servers, edge servers and IoT devices. Similarly, Kang
et al. [27] proposed dividing the neural network model into
two parts, which are run on cloud servers and IoT devices.

Many studies have also made innovative contributions
to adapting IoT devices. For example, to adapt to the
dynamically changing available resources of IoT devices,
Han et al. [28] proposed deploying multiple model variants
on IoT devices. Fang et al. [29] proposed making multiple
model variants share parameters to save the limited storage
resources of the IoT device. Additionally, to reduce the
number of model parameters when the cloud server assists
in training the IoT neural network model, many researchers
proposed using model compression [30] or knowledge dis-
tillation [31] to reduce the amount of model parameter
transmission. For example, Laskaridis et al. [32] proposed
using a model compression technique to reduce the number
of model parameters during the interaction between the
cloud server and the IoT device.

Different from the above methods, our method focuses
on reducing the number of model parameters and floating-
point operations by analyzing the components of the model
in detail and introduces pooling techniques and group
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convolutions to achieve this goal. Model compression tech-
niques can further reduce the number of model param-
eters based on our method. The study of adapting IoT
devices [28], [29] can also be built on our method.

2.2 Vision Transformers

Considering the great success of the transformer [33] in
the natural language processing field, the application of the
transformer architecture to the vision field has attracted the
attention of a large number of scholars and achieved attrac-
tive results [2]], [3]], [5], [34]-[36]. For example, Dosovitskiy et
al. [2]] pioneered the standard transformer to process images
directly. They split the image into patches and provide a
sequence of linear embeddings of these patches as input
to the transformer. Liu et al. [5] proposed a hierarchi-
cal transformer (swin transformer) to support large-scale
variations of visual entities and high-resolution pixels in
images. To improve the convergence rate of the transformer,
Touvron et al. [3] proposed a teacher-student strategy for
the transformer. Wu et al. [34] introduced convolution in
the standard transformer to improve the performance of
the transformer so that the transformer containing the con-
volution affords both the advantages of the convolution
and the standard transformer. Similarly, Yuan et al. [35]
also introduced convolution in the standard transformer to
improve the transformer’s performance in vision tasks.

Accordingly, existing vision transformers achieve high
performance by leveraging the multihead attention module
to capture the global information of data. However, due to
the quadratic complexity of the multihead attention module,
it is difficult for existing ViT models to be widely deployed
in resource-constrained IoT devices. In addition, the feedfor-
ward network module included in the existing ViT model
contains a large number of parameters, which makes it
necessary to transmit a large number of model parameters
during cloud-assisted deployment and updating. This will
hinder the wide deployment of the ViT model in IoT devices
in the era of the Internet of Everything, where bandwidth
resources are tight. To this end, we analyze the components
of the ViT model in detail from the perspective of cloud-
assisted deployment to reduce the number of model param-
eters and floating-point operations, as well as maintain the
performance of the model.

Existing efforts toward improving the efficiency of ViT
models can be broadly classified into three categories. The
first group of methods focuses on reducing the complexity
of the attention module by imposing the locality of input im-
ages adaptively [37], [38]. The second group applies pruning
methods to remove unimportant components (e.g., partial
channels) [39] or inputs (i.e., patches) [40] to a ViT model.
The third group of methods uses neural architecture search
(NAS) techniques to design efficient ViT models by opti-
mizing architectural hyperparameters, such as channels and
depth [41], [42]. On one hand, the improvements in model
efficiency provided by adaptive attention mechanisms are
still insufficient for tasks with high-resolution imagery (e.g.,
object detection, segmentation, etc.). On the other hand,
despite the promising results, both pruning and NAS-based
approaches are computationally expensive, requiring days
to weeks on a cluster of GPUs to execute the methods.

3 DESIGN OF THE PROPOSED APPROACH

In this section, we first introduce the overview of the
proposed framework and motivation. We then provide the
detailed design of our proposed hybrid layer and partially
connected and shuffled feedforward network (PCS-FEN).

3.1 Overview

TABLE 1: Specific design details of three TFormer variants.

Stage  #Tokens  Specifications TFormer
S| M| L
Patch size 7x7, stride 4
1 H_ w  Embed. dim. 64
Eaary -
FFN ratio 4, groups 2
#Layers 2 | 4] 6
Patch size 3% 3, stride 2
5 H W Embed. dim. 128
8 "8
FFN ratio 4, groups 2
#Layers 2 | 4] 6
Patch size 3% 3, stride 2
3 H W  Embed. dim. 320
6~ 16 ;
FFN ratio 4, groups 2
#Layers 6 | 12 | 18
Patch size 3x3, stride 2
4 H _ w  Embed. dim. 512
2 X3 ;
FFN ratio 4, groups 2
#Layers 2 | 4] 6
Parameters (M) 8 | 14 | 20
Multi-Adds (G) 12 | 22| 32

The overall framework first trains a vision transformer
(ViT) model on the cloud server. Then, the cloud server
sends the trained model to IoT devices to provide a variety
of convenient services, such as object detection and segmen-
tation services. See Fig. 2| for a pictorial overview.

The goal of this paper is to develop a transmission-
friendly ViT model while ensuring its performance. To fulfill
this goal, we first propose a compact yet effective ViT
model, dubbed TFormer, tailored for IoT applications. As
depicted in Fig. [2| (top-right), the main computational block
of TFormer comprises a hybrid layer and a partially connected
and shuffled feedforward network (PCS-FEN), replacing the
multihead attention (MHA) layer and the standard FEN in
existing ViTs, respectively. The design principles of the hy-
brid layer and PCS-FFN are carefully explained and empir-
ically validated in Section [3.3| and Section respectively.
Subsequently, we develop three variants of TFormer with an
increasing model capacity, i.e., TFormer-S, TFormer-M, and
TFormer-L. The specific configuration details of the three
variants are provided in Table

3.2 Motivation

Generally, there are two aspects to measure whether a model
is suitable for running on resource-constrained IoT devices,
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Fig. 2: Overview of the proposed framework.

namely, the number of model parameters and the number
of oating-point operations (FLOPS) required to run the
model. To be consistent with prior work, we consider the
number of oating-point operations for multiplication and
addition together as one FLOP [43].

On the one hand, the number of model parameters
affects the deployment of the model in two ways: (i) the
guantity of data required to be transmitted between cloud
and loT devices and (ii) the size of the model. First, we aim
to train a ViT on the cloud server, which is then sent to loT
devices for deployment. In the Internet of Everything era,
considering the online deployment and updating of models
on hundreds of millions of IoT devices, it is necessary
to reduce the quantity of data sent by the cloud server
to loT devices. Second, the number of model parameters
determines both the storage space and memory resources of
the 10T device that will be occupied by the model.

On the other hand, the number of FLOPs signi es the
computational complexity of a ViT model, where a higher
value of FLOPs typically results in higher power consump-
tion and longer inference latency [44]-[46]. Particularly, loT
devices are mostly constrained by resources, such that the
level of computational complexity (FLOPs) of a ViT model
is especially important.

Therefore, to facilitate cloud-assisted deployment and
updating of models on loT devices, it is necessary to reduce
the number of parameters and the number of FLOPs of the
ViT model simultaneously

3.3 Design of Hybrid Layer

Preliminaries. The multihead attention (MHA) is one of
the cornerstones in existing ViT models [2], [5], [33], [36],
[47]. Undoubtedly, MHA is important for model perfor-
mance owing to its ability to extract nonlocal dependencies.
Nevertheless, the steep computational overhead has greatly
restricted its application to resource-constrained hardware,
such as IoT devices.

Speci cally, let us consider an input X 2 RN P where
N is the size of the input (i.e., number of pixels) and D is the
embedding dimension (i.e., number of channels). Assuming
the number of attention heads is h, then for each headi, the
input X is embedded into a query(Q;), key(K ), and value
V), as follows:

Qi = XW 2; K; @)

where W 2, WK andW Y 2 RP D=" are learnable param-

= XW K;

Vi= XW Y;

computed as follows:

K|
Attention (Q;i; Ki; V) = softmax 39% Vi: (2
h
Then, the outputs from all heads are concatenated along the
channel dimension:

Attention (Qn;Khn;Vh)
(3)
Finally, the concatenated outputs are projected via another
learnable parameter W 2 RP P yielding the nal outputs
of the MHA as follows:

MHA (X) = [heads, :::, head,]W 4)

Accordingly, the number of parameters of MHA can be
derived as:

M4

Pen =3 D " g
| —{z—} W
W QW K WV

— 2.
[ =4D% -

which is quadraticto the embedding dimension D. Con-
sidering typical embedding dimension values (i.e., D 2
f128 320, 5129) used in existing ViTs [2], [3], the resulting
number of parameters can be prohibitive to transmit be-
tween cloud and loT devices. Similarly, we can derive the
number of FLOPs of MHA as follows:
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