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The goal of this thesis is to develop methods that enable servers to cooperatively allocate tasks
in an edge cloud computing environment where server status and arriving tasks dynamically
change. We consider three typical types of tasks in such a dynamic environment: high-
workload tasks, tasks with dependency, and tasks distributed over decentralized servers. These
different types of tasks bring different issues for edge and cloud servers to perform the task
allocation. First, high-workload tasks continuously occupy server resources and hinder the
efficient execution of tasks, which might result in increasing various costs including user fees.
Second, tasks with dependency are liable to cause a substantial delay when many tasks have to
wait for the accomplishment of their dependent tasks. Third, tasks distributed over
decentralized servers are observed and managed locally, which might lead to an undesirable
global solution for the overall allocation. In this thesis, we employ reinforcement learning
methods to address the dynamic features of the edge cloud computing environment, and
incorporate several multi-agent cooperation mechanisms to guide servers to effectively
allocate the above types of tasks. This thesis consists of six chapters.

Chapter 1 outlines the thesis, including the research objective, approaches and issues.

Chapter 2 describes the background of this thesis and provides a literature review of task
allocation methods in the area of edge cloud computing. There are two major limitations in the
existing methods. First, most previous studies focus on a self-interested setting where each
server tries to optimize its own interest, without cooperating with other servers. Second, these
studies usually pursue an optimal solution for a static task allocation problem, which is
difficult to be applied in a dynamic environment. The above limitations motivate us to propose
new methods based on multi-agent reinforcement learning by considering the cooperation
mechanisms among servers and the dynamic features of the environment.

Chapter 3 proposes coalitional Q-learning (CQL), a reinforcement learning method based on
dynamic coalition formation for allocating high-workload tasks. To address the issues brought
from the features of high-workload tasks in a dynamic environment, CQL incorporates a
coalition formation mechanism into the reinforcement learning method; it guides edge and
cloud servers to dynamically form coalitions to alleviate various costs for performing high-
workload tasks. Specifically, CQL consists of two phases. First, several coalitions of edge and
cloud servers are formed according to the current environment state. Then, each high-workload
task is allocated to a certain coalition and is divided into several sub-tasks among the coalition
members. Moreover, we extend the proposed CQL by using a deep neural network, which can
handle the large state spaces in the edge cloud computing environment. An experiment of
high-workload task allocation shows that our proposed method can make the servers
dynamically form coalitions and significantly decrease the user fees compared with a baseline
method of reinforcement learning. This result indicates that CQL can cope with the issue of
high-workload tasks in a dynamic edge cloud computing environment.

Chapter 4 proposes graph convolutional reinforcement learning (GCRL), a reinforcement




learning method based on graph convolutional networks for allocating tasks with dependency.
The proposed GCRL addresses the issues brought from the features of tasks with dependency
in a dynamic environment by incorporating a graph convolutional network module into a
reinforcement learning module; it utilizes task dependency information to dynamically allocate
arriving tasks to the most appropriate servers and alleviate substantial delay costs in edge
cloud systems. First, the graph convolutional network module embeds the dependency
information of arriving tasks and outputs the embedding results. Then, the reinforcement
learning module inputs the embedding results of dependency information and current server
status, and outputs the proper servers for allocating the arriving tasks. An experiment of
dependent task allocation shows that the proposed GCRL significantly decreases the delay
costs compared with several baseline methods of reinforcement learning and static dependent
task allocation. This result indicates that GCRL can cope with the issue of tasks with
dependency in a dynamic edge cloud computing environment.

Chapter 5 proposes a reinforcement learning method based on the value decomposition
network (VDN) architecture for allocating tasks distributed over decentralized servers. To
address the issues brought from the features of tasks distributed over decentralized servers in a
dynamic environment, the VDN-based task allocation method decomposes the overall team
goal (e.g., minimizing the overall system delay and energy costs) into individual goals for
decentralized servers; it uses a centralized critic to guide the decentralized servers towards
cooperating with each other to achieve the team goal. Moreover, we apply the proposed VDN-
based method to two scenarios: task offloading and decentralized federated learning.
Experiments of distributed task allocation in both scenarios show that our proposed method
significantly decreases both the delay and energy costs compared with several fully
decentralized baseline methods. This result indicates that the VDN-based method can make
servers cooperate well to perform tasks under a distributed setting in a dynamic edge cloud
computing environment.

Chapter 6 concludes the thesis by summarizing the contributions and suggesting possible
future directions.
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