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Figure 2 Multihead attention structure
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A Review of Vision Transformer for Image Classification

ZHI Min, LU Jingfang

(School of Computer Science and Technology, Inner Mongolia Normal University, Hohhot 010022, China)

Abstract: ViT as a model based on the Transformer architecture has shown good results in image classification
tasks. In this study, the application of ViT on image classification tasks was systematically summarized. Firstly, the
functional characteristics of the ViT framework and its four modules ( patch module, position encoding, multihead
attention mechanism and feed-forward neural network ) were briefly introduced. Secondly, the application of ViT in
image classification tasks was summarized with the improvement measures of the four modules. Due to the fact that
different model structures and improvement measures could have a significant impact on the final classification per-
formance, a side-by-side comparison of various types of ViTs was made in this paper. Finally, the advantages and
limitations of ViT in image classification were pointed out, and possible future research directions were proposed to
break the limitations, and further to extend the application of ViT in other computer vision tasks. The extension of
ViT to a wider range of computer vision fields, such as video understanding, was explored.

Keywords: Vil model; image classification; multihead attention; feed-forward network layer; position encoding
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Research of Mobile Edge Computing for Future Mobile Communications: A Review

YANG Shouyi', CHEN Yihang', ZHANG Shuangling’, HAN Haojin', LI Guangyuan’, HAO Wanming'

(1. School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China; 2. Department of Mechanical
and Electrical Engineering, Henan Light Industry Vocational College, Zhengzhou 450002, China; 3. Department of Engineering,

Huanghe University of Science and Technology, Zhengzhou 450061, China)

Abstract; Mobile edge computing (MEC) has become one of the key technologies for future-oriented communica-
tions by offloading the computing and storage tasks of mobile terminals from centralized data centers to edge grids to
satisfy the diverse device service demands in complex communication scenarios. The basic concept and basic frame-
work of MEC technology were introduced by describing the development history from cloud computing, fog compu-
ting to mobile edge computing. On this basis, the research progress of MEC was discussed in four aspects, namely,
computation offloading, resource allocation, cache management, and security protection. A detailed overview of the
relevant research results was provided. Then, studies on several typical application scenarios of edge computing
such as IoT, MEC combined with blockchain, Al-assisted MEC systems, integrated sensing and communication,
and cloud-edge collaboration were summarized. It demonstrated the potential benefits of MEC in 6G in terms of con-
stituting an intelligent, efficient and secure communication network. Finally, the challenges faced by MEC research
in convergence innovation from the aspects of interoperability, security risk, mobility management and scalability
were pointed out, as well as the advantages and development trends in the directions of ultra-reliable low-latency
communications, communication-sensing-computing integration and satellite-ground fusion mobile communication.
The development trend of it in the future mobile communication was also summarized and outlooked.

Keywords: mobile communication; mobile edge computing; computation offloading; resource allocation; informa-

tion security



