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Preface

At present, we are living in an era of rapid development. Artificial intelligence (AI),
as a technology leading the trend of this era and subverting people’s traditional
lifestyle, is deeply integrated into production and life around the world. With its
rapid rise in the fields of smart factories, smart cities, smart homes, and smart
Internet of Things, it uses technology to achieve the interaction between humans
and machines. At present, AI has replaced human roles in many key areas of high
intensity, difficulty, and danger and even has surpassed human capabilities in some
areas. Therefore, AI has promoted the liberation of human freedom to a certain
extent by replacing labor and management of human beings.

However, the realization of AI requires large-scale data as support. It is based on
the training and learning of a large number of sample data that AI can perform nearly
or even surpass human performance. The current data in the network is showing an
exponential growth, which has created opportunities for the rise and development
of AI. However, the rapid increase in the size of network data is a great challenge
of current network architecture. In order to alleviate the pressure on the network
caused by the explosive growth of data scale, edge computing technology came into
being. Edge computing can reduce the pressure on the network and reduce the delay
in request response by setting distributed edge nodes at the edge of the network.

The explosive growth of data not only provides a prerequisite for the development
of AI but also creates opportunities for the rise of edge computing. However,
AI and edge computing, as two popular emerging technologies, are inextricably
linked to each other. On the one hand, the characteristics of edge computing that
can reduce latency and traffic load can provide basic guarantees for AI. On the
other hand, the learning and decision-making capabilities of AI are supporting the
efficient and stable operation of edge computing. The two technologies are not only
mutually supporting but also merging with each other, and they are inseparable.
Deep learning, as the most representative technology of AI in combination with edge
computing, has made remarkable progress in many fields through cooperation with
edge computing. In this background, the purpose of this monograph is to explore the

v



vi Preface

AI Applications on Edge

Real-time Video Analytic

Autonomous Internet of Vehicles

Smart Home and City
Intelligent Manufacturing

AI Inference in Edge
Optimization of AI Models

Segmentation of AI Models
Early Exit of Inference

AI Training at Edge
Distributed Training at Edge

Federated 
Learning 
at Edge

Vanilla Federated Learning
Communication-efficient FL

Resource-optimized FL

AI for Optimizing Edge
Adaptive Edge Caching

Optimizing Edge Task Offloading
Edge Management and Maintenance

Edge Computing for AI Services
Edge Hardware for AI

Communication and 
Computation Modes for Edge AI

Mobile CPUs and GPUs FPGA-based Solutions
Integral Offloading Partial Offloading

Vertical CollaborationHorizontal Collaboration

Enable 
intelligent 

edge
From 

training 
to

inference

Intelligence given by 
AI inference

Support 
intelligent 
services

Support 
intelligent 
services

Sharing of AI Computation

Security-enhanced FL

Tailoring Edge Frameworks for AI Performance Evaluation for Edge AI

Fig. 1 Conceptual relationships of edge intelligence and intelligent edge

relevant achievements around the relationship between edge computing and artificial
intelligence.

This monograph introduces and discusses the advanced technology of edge AI
in terms of fundamentals, concepts, frameworks, application cases, optimization
method, and future directions, so as to provide students, researchers, and prac-
titioners in related fields with a comprehensive reference. In detail, this book is
organized as follows (as abstracted in Fig. 1): In Chap. 1, we have introduced
the generation, development, trend, and industrial status of edge computing and
given the brief of intelligent edge and edge intelligence. Next, we provide some
fundamentals related to edge computing and AI in Chaps. 2 and 3, respectively. The
following sections introduce the five enabling technologies, i.e., AI applications
on edge (Chap. 4), AI inference in edge (Chap. 5), AI training at edge (Chap. 6),
edge computing for AI (Chap. 7), and AI for optimizing edge (Chap. 8). Finally, we
present lessons learned and discuss open challenges in Chap. 9 and conclude this
book in Chap. 10. Therefore, the intended audience includes scientific researchers
and industry professionals engaged in the field of edge computing and artificial
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intelligence. Hopefully, this monograph can fill in the gaps in the architecture of
edge AI and further expand the existing knowledge system in this field.
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