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Abstract. With the advent of the 5G era, the development of IoT technology has
been accelerated. Due to the continuous increase in the amount of data waiting to
be processed from the edge, edge nodes may struggle to handle such a vast amount
of data. Therefore, the technology of cloud-edge collaboration has emerged, and
how to achieve cloud-edge collaborative task scheduling has become a current
research hotspot. This article provides a detailed exposition of the relevant work
on task scheduling in the cloud-edge environment, and outlines the common opti-
mization objectives in the cloud-edge collaboration scenario. The methods used to
solve task scheduling problems are classified and summarized, including heuristic,
heuristic algorithm based on linear programming, and meta-heuristic algorithms.
The advantages and disadvantages of each algorithm are analyzed. Finally, the
development trends of large-scale task scheduling in the cloud-edge environment
are discussed, providing valuable insights for achieving real-time performance,
efficiency, and energy conservation in the Internet of Things.
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1 Introduction

The global number of mobile devices has increased from 8.8 billion in 2018 to 13.1
billion in 2023 [1]. With the rapid development of mobile networks and 5G technol-
ogy [2], an increasing number of mobile devices are joining the Internet, forming a
network space of interconnected mobile devices. However, relying solely on the com-
puting resources of mobile devices cannot meet the fast-paced demands of the Internet of
Things, leading to a decline in user experience [3, 4]. Eric Schmidt proposed the concept
of cloud computing [5], which involves receiving, aggregating, and processing tasks in
a centralized data center with powerful computing and storage capabilities. Users can
obtain resources without space and time limitations. However, cloud computing faces
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challenges in responding quickly and effectively to requests from the network edge.
Edge computing [6] has emerged to address the long response latency problem of cloud
computing by placing computing resources at the network edge to reduce network trans-
mission delay and congestion [1, 7]. Cloud-edge collaboration refers to the cooperation
between cloud computing and edge computing, which leverages the advantages of both
to distribute computing resources between the cloud and the edge, thereby improving
computing efficiency and enhancing user experience. Task scheduling, as a crucial link
in current cloud-edge collaborative computing models, has become a major research
focus and challenge. This article elaborates on the architecture of cloud-edge collab-
orative systems and, based on optimization objectives, outlines the research status of
task scheduling algorithms and summarizes the development trends of task scheduling
problems in cloud-edge environments.

2 Cloud Edge Collaboration System

Before the concept of cloud-edge collaboration [8, 9] was introduced, the computing
problem of terminal devices mainly relied on its own computing power. However, with
the explosive growth of massive data, the computing power of mobile devices is obvi-
ously insufficient. In the 1990s, Akamai proposed the Content Delivery Network (CDN)
[10], which designed network nodes that can store static content near the terminal loca-
tions to place content closer to users and also act as a load balancer (see Fig. 1).
This reduces the load on the source station and shortens the distance between users
and services at the network level, thus enabling high-speed transmission of interactive
information such as text, images, and audio [11].
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Fig. 1. CDN Structure

In 2006, Eric Schmidt, the CEO of Google, first introduced and elaborated on the
concept of “cloud computing” at the Search Engine Conference. Since then, related
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products and services have continuously emerged, and the business model of cloud
computing has gradually taken shape, marking the nascent stage of cloud computing.
In 2009, the research team at Carnegie Mellon University proposed the concept of
Cloudlet [12], which combines cloud computing and Internet of Things devices. Cloudlet
can serve as a data center located at the network edge, providing sufficient computing
resources for mobile devices. In 2013, LaMothes [13] first proposed the concept of
edge computing, where users offload computing tasks to edge nodes for processing in
edge networks, resulting in low-latency and low-energy consumption service experience.
With the explosive growth of mobile data, edge computing has rapidly developed, with
computing gradually shifting from the cloud to the edge, and the concept of cloud-edge
collaboration [14] being widely discussed.

In cloud-edge collaboration, cloud computing and edge computing have a mutually
beneficial relationship [15]. Edge nodes collect data from user ends and perform small-
scale processing and analysis using their own computing power. Data is offloaded to
the edge for computing, greatly reducing the workload of the cloud and ensuring the
privacy of user data. Cloud computing manages edge nodes and analyzes the edge envi-
ronment after receiving data processed by the edge. It utilizes its powerful computing
power to assist the edge in processing large-scale data. Therefore, cloud-edge collabora-
tion can achieve collaborative resource management, resource scheduling, information
collection, and service updates. The architecture of a cloud-edge collaborative system
is shown (see Fig. 2).
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Fig. 2. System framework

3 Optimization Objective

With the development and popularization of cloud computing and edge computing,
cloud-edge collaboration has become an important computing paradigm. However, due
to the diversification of application scenarios and the continuous increase of computing
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workloads, task scheduling in cloud-edge collaboration faces numerous challenges. By
implementing rational task allocation and scheduling strategies, optimizing objectives
such as low latency, low energy consumption and low latency and low energy consump-
tion, and meeting the requirements of different application scenarios, the performance
and sustainability of cloud-edge collaboration can be enhanced.

3.1 Low Latency

It is common to improve the efficiency of cloud-edge collaborative task scheduling by
reducing the running time. Miao et al. [16] adopted the LSTM algorithm to predict com-
puting tasks, and proposed a task prediction-based mobile terminal computing offloading
strategy and a task migration-based edge-cloud scheduling scheme to assist in optimiz-
ing the edge computing offloading model. With the increase of data and sub-tasks, this
algorithm can effectively reduce the total delay of tasks. Lin et al. [17] considered the
data distribution characteristics of edge computing and cloud computing, as well as
the influencing factors such as data bandwidth between cloud and edge, the number
of edge data centers, and the storage capacity of edge data centers. They proposed an
adaptive particle swarm optimization algorithm with a hybrid genetic operator, which
uses genetic algorithm’s crossover and mutation operators to avoid the premature conver-
gence of traditional particle swarm optimization algorithm, and enhances the diversity of
population evolution, effectively reducing the data transmission delay between the cloud
and edge in the workflow scheduling. Zhan et al. [18] proposed a distributed offloading
algorithm based on deep reinforcement learning (DRL-DU). This method describes the
task scheduling process as a Markov decision process, uses sequence-to-sequence deep
neural networks to represent scheduling policies, and trains them with proximal policy
optimization (PPO) to learn the optimal actions to be taken in different states, so as to
maximize the rewards obtained. This method can effectively optimize task scheduling
in edge computing, thereby reducing application execution time and minimizing delay.

3.2 Low Energy Consumption

Gai et al. [19] constructed an energy-aware heterogeneous cloud management (EA-
HCM) model to address the energy waste caused by task allocation to remote cloud
servers and edge nodes. The core algorithm of this model is the heterogeneous task
allocation algorithm (HTA2), which dynamically assigns tasks to various edge nodes
and remote clouds, thus reducing the total energy consumption of the system. Wu et al.
[20] proposed a green energy-saving scheduling algorithm for cloud data centers based
on dynamic voltage and frequency scaling (DVES) technology. This algorithm controls
the power supply voltage and frequency of servers in cloud computing, and can reduce
the energy consumption of servers in idle mode or light load, thus achieving the goal of
energy saving.

3.3 Low Latency and Low Energy Consumption

The multi-objective optimization of reducing latency and energy consumption has been
receiving widespread attention from both academia and industry [21]. Ma et al. [22]
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balanced both objectives by optimizing the weighted system cost and latency in cloud-
assisted mobile edge computing (CAME) systems, using Karush-Kuhn-Tucker condi-
tions to minimize both delay and cost and obtain a policy for task allocation to mobile
devices, edge nodes, or clouds. Shi et al. [23] proposed a cloud computing task schedul-
ing model that optimized time, cost, and workload as objectives, and used an improved
whale algorithm for task scheduling. The initialization of the population was performed
using an improved Bernouilli Shift chaotic mapping to increase diversity, while adap-
tive factors were used to balance local and global search capabilities. Individual updates
were performed using the differential algorithm to alleviate the drawbacks of long task
scheduling time and high cost. Hu et al. [24] proposed a cloud-edge collaborative task
scheduling algorithm based on simulated annealing algorithm for multi-objective opti-
mization of time and energy consumption. This algorithm optimized both completion
time and energy consumption while satisfying the completion time constraints, using
continuous dynamic voltage regulation technology to reduce the energy consumption of
mobile devices and improve the execution speed of workflows.

4 Task Scheduling

Task scheduling algorithms for cloud-edge collaboration is an algorithm that allocates
cloud and edge computing resources in a rational way, aiming to optimize the per-
formance and efficiency of the entire system. It is mainly applied in scenarios that
require data processing and large-scale computation, such as intelligent manufacturing,
industrial Internet, smart cities, and other fields.

4.1 Heuristic Algorithm

Heuristic algorithm is a class of non-strict mathematical methods based on experience
and heuristic rules to solve optimization problems, mainly used to solve complex opti-
mizations such as NP-hard problems. The advantage of heuristic algorithms lies in their
flexibility and adaptability, allowing them to handle various problem types and sizes,
but they do not guarantee finding the optimal solution.

Lin et al. [25] proposed a heuristic task scheduling algorithm based on fruit fly
optimization, which redefines the computing requests and uses multi-objective functions
to search for the optimal strategy in the cloud, optimizing power consumption and
operation speed by transferring tasks from intelligent devices to cloud computing. Huang
et al. [26] proposed a simulated annealing algorithm with a rearrangement strategy task
scheduling algorithm, which rearranges tasks by using the rearrangement strategy of
simulated annealing algorithm when the terminal device sends the relevant task to the
cloud. This rearrangement process lasts for a certain number of rounds, and each task
has the opportunity to be reassigned to one of the edge servers. If this task is rearranged
to another edge server to obtain a smaller global makespan (the maximum transmission
time of the edge server), it is considered as a better state movement and is accepted;
otherwise, it is reassigned.

Yu et al. [27] used genetic algorithms to optimize task allocation in cloud computing,
considering the load of CPU and memory and formulating an allocation strategy to
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maintain load balance among physical machines in cloud computing. The optimal task
allocation strategy was obtained by selecting, crossing, and mutating steps, but the
algorithm took a long time to converge to the optimal solution. Juan et al. [28] proposed
a Pareto-based list scheduling heuristic algorithm, which extends the Heterogeneous
Earliest Finish Time (HEFT) algorithm for optimizing workflow completion time to
achieve multi-objective workflow scheduling. In each iteration, the algorithm maps the
tasks to be executed to all possible resources and adds the new schedule to a new
temporary collection. Only the best solution is saved at the end of the iteration. Su et al.
[29] designed a cost-aware dual-task heuristic scheduling algorithm to balance efficiency
and cost. The concept of Pareto dominance was used to generate a cost-effective task
schedule based on the execution time of key tasks and the cost of Virtual Machine (VM).
Non-critical tasks were minimized in cost by extending their execution time to achieve
the goal of reducing cost.

4.2 Heuristic Algorithm Based on Linear Programming

Heuristic algorithm based on linear programming is an algorithm used to solve opti-
mization problems. Its core idea is to solve the model based on linear programming and
improve the model in a heuristic way to find the optimal solution of the problem faster.
However, it cannot handle problems with nonlinear constraint conditions or objective
functions very well.

Lietal. [30] abstracted the problem of minimizing task scheduling execution time in
cloud-edge environment as a mixed-integer linear programming (MILP) model, consid-
ering the heterogeneity of transmission rate and processing capability. They proposed an
optimization method combining the logic-based Benders decomposition (LBBD) prin-
ciple with the MILP model. This method can quickly obtain a scheduling scheme and
realize the task offloading of intelligent toys in edge cloud computing. Bahreini et al.
[31] described the offline problem as a MILP and designed an efficient heuristic online
algorithm. They also proposed a mixed-integer linear programming model considering
the dynamic nature of user location and network capacity for multi-component applica-
tion layout problems. The algorithm is based on an iterative matching process, followed
by alocal search stage, which has a small execution time and can obtain an approximate
optimal solution. Wang et al. [32] proposed a dynamic task scheduling algorithm based
on a weighted bipartite graph model. This algorithm considers the dynamic nature of
tasks, converts the scheduling problem into a maximum weighted bipartite matching
problem, and establishing an integer programming model to achieve the best scheduling
of dynamic tasks.

4.3 Metaheuristic Algorithm

Metaheuristic algorithms are a class of approaches that combine multiple heuristic algo-
rithms. By integrating and adjusting different heuristic algorithms, this method enables
the comprehensive utilization of their respective advantages, thereby enhancing the
efficiency and quality of problem-solving.

Shen et al. [33] proposed a genetic algorithm called Energy-Performance Genetic
Algorithm (E-PAGA), which first models virtual machine energy from the perspective
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of cloud task scheduling. Then, two fitness functions are designed to adaptively adjust
the energy and performance objectives before task allocation in the cloud by adjusting
weights, to meet the scheduling requirements of different users. Wang [34] proposed an
improved fireworks algorithm, which quantifies tasks and resources into computational,
storage, and bandwidth-sensitive types. The load balancing of devices within the cloud-
edge system is used as the optimization objective. By introducing a fireworks explosion
radius detection mechanism and setting a minimum threshold for the explosion radius
and adaptively adjusting the radius parameter, the algorithm’s local search capability is
improved, and the overall effect is improved. However, the algorithm uses Euclidean dis-
tance as the fireworks distance, ignoring the differences between task-node pairs, which
affects the scheduling effect. Rodriguez et al. [35] proposed a scheduling strategy based
on a metaheuristic particle swarm optimization (PSO) algorithm. The PSO algorithm is
used to search for the optimal solution. Each particle represents a potential scheduling
scheme, where each element in its position vector corresponds to a task in the work-
flow, and its value indicates the task should be assigned to the corresponding edge. In
each iteration calculation, the fitness value is calculated based on the particle’s position,
and the scheduling scheme is optimized through reward and punishment mechanism,
dynamically configuring and scheduling computing resources at the cloud and edge. Xu
etal. [36] proposed a multi-priority queue genetic algorithm (MPQGA) and treated cloud
and edge nodes as processing units in a heterogeneous computing system. The MPQGA
algorithm is used to assign priorities to each subtask, and the earliest finish time (EFT)
method is used to search for the solution of task-to-processor mapping. This method can
effectively coordinate the task scheduling between the cloud and edge nodes, improve
computing efficiency, and reducing latency.

5 Conclusion

This paper provides an overview of the development of cloud-edge collaboration, out-
lines the optimization objectives in cloud-edge environments, and classifies task schedul-
ing algorithms into heuristic algorithms, heuristic algorithm based on linear program-
ming and metaheuristic algorithms. The research status of the above algorithms is
described in detail, and the advantages and limitations of various algorithms are com-
pared and analyzed. For future multi-objective and large-scale task scheduling problems
in cloud-edge environments, the following work will be carried out:

e Task scheduling in large-scale cloud-edge collaborative computing systems is
extremely complex and requires consideration of more factors, such as time response,
energy consumption, resource constraints and load balancing, etc. Therefore, further
exploration and improvement of scheduling algorithms will be necessary to meet the
needs of large-scale systems.

e In practical applications, cloud-edge collaborative systems need to be adjusted and
optimized according to different application scenarios and requirements. Therefore,
adaptive algorithms and mechanisms will need to be explored in order to enable the
system to better adapt to different environments.
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